
@ifenthaler

https://towardsdatascience.com/10-machine-learning-algorithms-
you-need-to-know-77fb0055fe0

Learning Analytics  
Potentiale und Herausforderungen in der digital 

unterstützten Lehre
Dirk Ifenthaler 

Chair of Learning, Design and Technology 
UNESCO Deputy Chair of Data Science in 
Higher Education Learning and Teaching 

www.ifenthaler.info • dirk@ifenthaler.info



>< �2DIRK IFENTHALER • WWW.IFENTHALER.INFO @ifenthaler



><

Status Quo 
Learning Analytics

Unterstützung von  
Lehr-Lern-Prozessen

Umgang mit Learning 
Analytics Daten Ausblick

01 02 03 04

�3DIRK IFENTHALER • WWW.IFENTHALER.INFO @ifenthaler



><

Status Quo 
Learning Analytics

Unterstützung von  
Lehr-Lern-Prozessen

Umgang mit Learning 
Analytics Daten Ausblick

01 02 03 04

�4DIRK IFENTHALER • WWW.IFENTHALER.INFO @ifenthaler



>< �5

Learning analytics 
in 2003?

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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Promising learning analytics 
applications are being developed 

which use learner generated data and 
other relevant information in order to 
personalise and continuously adapt 

the learning environment 

Long, P. D., & Siemens, G. (2011). Penetrating the fog: Analytics in learning and education. EDUCAUSE Review, 46(5), 31–40. 
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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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Educational Data Mining.

Educational data mining 
(EDM) refers to the process of 
extracting useful information 
out of a large collection of 
complex educational datasets    

Academic Analytics.

Academic analytics (AA) is the 
identification of meaningful 
patterns in educational data in 
order to inform academic 
issues (e.g., retention, 
success rates) and produce 
actionable strategies (e.g., 
budgeting, human resources)                    

Learning Analytics.

Learning analytics (LA) are 
the measurement, collection, 
analysis and reporting of data 
about learners and their 
contexts, for purposes of 
understanding and optimising 
learning and the 
environments in which it 
occurs

EDM AA LA
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Romero, C., Ventura, S., Pechenizkiy, M., & 
Baker, R. S. (Eds.). (2011). Handbook of 
educational data mining. Boca Raton, FL: CRC 
Press.

Campbell, J. P., DeBlois, P. B., & Oblinger, D. 
(2010). Academic analytics: a new tool for a 
new era. EDUCAUSE Review, 42(4), 40-57. Siemens, G., & Baker, R. S. (2012). Learning 

analytics and educational data mining: Towards 
communication and collaboration. Paper 
presented at the 2nd International Conference 
on Learning Analytics and Knowledge, New 
York, NY. 
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Learning Analytics verwenden 
statische Daten von Lernenden und 
dynamische, in Lernumgebungen 

gesammelte, Daten über Aktivitäten 
(und den Kontext) des Lernenden, um 
diese in nahezu Echtzeit zu analysieren 
und zu visualisieren, mit dem Ziel der 

Modellierung, Unterstützung und 
Optimierung von Lehr-Lernprozessen 

und Lernumgebungen

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., & Drachsler, H. (2018). Learning Analytics. In H. M. Niegemann & A. Weinberger (Eds.), Lernen mit Bildungstechnologien (pp. 1–20). Heidelberg: Springer.
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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

DIGITAL BADGE
Image
Earner
Issuer
Description
Criteria
Evidence
Date

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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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



>< �15DIRK IFENTHALER • WWW.IFENTHALER.INFO @ifenthaler

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.
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Va
lu
e

Difficulty

Descriptive	
Analytics

Diagnostic	Analytics

Predictive	Analytics

Prescriptive	
Analytics

What	happened?

Why	did	it	happen?

What	will	happen?

What	should	
I	do?

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.
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Mehrwerte durch Learning 
Analytics können aus summativer, 

formativer (Echtzeit) und 
prädikativer Perspektive erzielt 

werden

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-institutional 

comparisons
• Develop benchmarks
• Inform policy making
• Inform quality assurance 

processes

• Increase productivity
• Apply rapid response to 

critical incidents
• Analyse performance

• Model impact of 
organisational decision-
making

• Plan for change 
management

Organisation
• Analyse processes
• Optimise resource 

allocation
• Meet institutional standards
• Compare units across 

programs and faculties

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

• Forecast processes
• Project attrition
• Model retention rates
• Identify gaps

Learning design
• Analyse pedagogical 

models
• Measure impact of 

interventions
• Increase quality of 

curriculum

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

by learners

• Identify learning 
preferences

• Plan for future interventions
• Model difficulty levels
• Model pathways

Teacher
• Compare learners, cohorts 

and courses
• Analyse teaching practises
• Increase quality of teaching

• Monitor learning 
progression

• Create meaningful 
interventions

• Increase interaction
• Modify content to meet 

cohorts’ needs

• Identify learners at risk
• Forecast learning 

progression
• Plan interventions
• Model success rates

Student
• Understand learning habits
• Compare learning paths
• Analyse learning outcomes
• Track progress towards 

goals

• Receive automated 
interventions and 
scaffolds

• Take assessments 
including just-in-time 
feedback

• Optimise learning paths
• Adapt to recommendations
• 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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Bis heute existiert keine 
organisationsweite 

Implementation von Learning 
Analytics

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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Basic	
reporting

Reporting	
dashboard

Cross-
system	data	
integration

Predicitve
capabilities

Adaptive	
and	
personalised
learning

Sharing	of	
data

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.



�21

Die Implementation von Learning 
Analytics Systemen erfordert eine 

Weiterentwicklung von 
universitären Systemen, 
Prozessen und Personal

d’Aquin, M., Dietze, S., Herder, E., Drachsler, H., & Taibi, D. (2014). Using linked data in learning analytics. eLearning Papers, 36, 1–9. 
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CD
Capabilities deficit.

�22

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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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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⌘ Student One
⌘ Alesco
⌘ Blackboard
⌘ OASIS
⌘ Cass Survey
⌘ CEQ Survey
⌘ eVALUate Survey
⌘ Library Web Access
⌘ Properties
⌘ Student Wellbeing
⌘ START
⌘ Right Now
⌘ CareerHub
⌘ Student OASIS
⌘ Echo 360
⌘ Others...

⌘ TISC
⌘ Geocoding
⌘ Australian Bureau of Statistics

⌘ Flat files/XML
⌘ Spreadsheets
⌘ Smaller systems
⌘ Experiment data
⌘ Other

Operational Systems

External Sources

Ad-hoc Sources

Discovery Environments

Interactive 
Retention 
Dashboard

Interactive TL 
Quality 

Dashboard
Enterprise Data Warehouse

Standard 
Reporting

Student 
Discovery Model

Student Attrition 
Predictive Model

Ad-hoc 
Reporting

Data is cleansed, packaged 
and structured for BI reporting 

Data is in a semi-structured state 
drawn from DW and other sources. 

It is used for one-off exploratory 
initiatives Ready for 

production

Analytic
Sandboxes

Data Scientists, 
Data Analysts

Gibson, D. C., Huband, S., Ifenthaler, D., & Parkin, E. (2018). Return on investment in higher education retention: Systematic focus on actionable information 
from data analytics. Paper presented at the ascilite Conference, Geelong, VIC, Australia, 25-11-2018. 
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Schön, D., & Ifenthaler, D. (2018). Prompting in pseudonymised learning analytics - implementing learner centric prompts in legacy systems with high privacy 
requirements. Paper presented at the International Conference on Computer Supported Education, Funchal, Madeira, Portugal, 15-03-2018. 
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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. New York, NY: Springer.
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Challenges for establishing 
learning analytics systems are the 
interaction and fragmentation of 

information as well as their 
contextual idiosyncrasies

Gašević, D., Dawson, S., Rogers, T., & Gašević, D. (2016). Learning analytics should not promote one size fits all: The effects of instructional conditions in 
predicting academic success. Internet and Higher Education, 28, 68–84. 
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Table	1.	Student profile	– comparison	of	institutions	 predicting	pass/fail	rates

Institution N R2 Adjusted	R2 R2-SVR Predictive	
accuracy	(SVM)

UNI1 244494 0.4635 0.4633*** 0.4889 0.817

UNI2 217039 0.4528 0.4526*** 0.4603 0.796

UNI3 127218 0.431 0.4306*** 0.4595 0.796

UNI4 114432 0.372 0.3716*** 0.3807 0.766

UNI5 88026 0.4379 0.4374*** 0.4430 0.807

UNI6 84510 0.3641 0.3635*** 0.3530 0.763

UNI7 76278 0.434 0.4334*** 0.4604 0.803

UNI8 73043 0.3718 0.3711*** 0.3562 0.783

SD 0.096 0.097 0.126 0.024

Note.	*	p <	.05,	**	p <	.01,	***	p <	.001

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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Table	2.	Student	profile – comparison	of	areas	of	study	predicting	pass/fail	rates

Areas	of	study N R2 Adjusted	R2 R2-SVR Predictive	
accuracy	(SVM)

Arts	&	
Humanities	 													 386059 0.4299 0.4297 0.45039 0.799

Business											 269410 0.4054 0.4053 0.4360 0.780

Education	 157693 0.4887 0.4885 0.5049 0.824

Law	&	Justice 84663 0.4900 0.4896 0.5166 0.827

IT 57371 0.3732 0.3726 0.3586 0.776

Science	&	
Engineering	 57234 0.4228 0.422 0.4234 0.800

SD 0.107 0.107 0.129 0.027

Note.	*	p <	.05,	**	p <	.01,	***	p <	.001	

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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Table	3.	Learning	profile	 - change	of	predictors	(pass/fail)	over	the	semester	(16	weeks)

Week	1-4 Week	5-8 Week	9-12 Week	13-16

Adjusted	R2

Course	A 0.4673 0.7613 0.8366 0.8592

Course	B 0.4971 0.7572 0.8206 0.8359

Combined 0.4880*** 0.7593*** 0.8273*** 0.8439***

R2-SVR

Course	A 0.4972 0.7571 0.8403 0.8563

Course	B 0.5423 0.7856 0.8449 0.869

Combined 0.5284 0.7841 0.8602 0.8777

Predictive	accuracy (SVM)

Course	A 0.7498 0.8754 0.9326 0.9467

Course	B 0.7694 0.8807 0.9351 0.9433

Combined 0.7644 0.8879 0.9383 0.9463

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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Aggregation of student produced 
information, uncontrolled 

relations to existing educational 
data, and simplistic algorithms 
increase the chance of critical 

biases 

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.



><

Status Quo 
Learning Analytics

Unterstützung von  
Lehr-Lern-Prozessen

Umgang mit Learning 
Analytics Daten Ausblick

01 02 03 04

�32DIRK IFENTHALER • WWW.IFENTHALER.INFO @ifenthaler



�33

Learning analytics show promise 
to enhance study success in 

higher education

Pistilli, M. D., & Arnold, K. E. (2010). Purdue Signals: Mining real-time academic data to enhance student success. About campus: Enriching the student learning 
experience, 15(3), 22–24.
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There exists the difficulty to 
isolate the influence of the use of 
learning analytics, as often they 

are used in addition to wider 
initiatives to improve student 

retention and academic 
achievement

Sclater, N., & Mullan, J. (2017). Learning analytics and student success – assessing the evidence. Bristol: JISC.
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• N = 6,220 
publications

Total search results

• N = 3,163 
publications

Removal of 
duplicates • N = 3,163 

publications

Publications 
screened

• N = 374 
publications

Full-text 
publications 

assessed • N = 41 
publications

Final sample

Systematic Review Process

Ifenthaler, D., Mah, D.-K., & Yau, J. Y.-K. (2019). Utilising learning analytics for study success. Reflections on current empirical findings. In D. Ifenthaler, J. Y.-K. Yau, & D.-
K. Mah (Eds.), Utilizing learning analytics to support study success. New York, NY: Springer.
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Ifenthaler, D., Mah, D.-K., & Yau, J. Y.-K. (2019). Utilising learning analytics for study success. Reflections on current empirical findings. In D. Ifenthaler, J. Y.-K. Yau, & D.-
K. Mah (Eds.), Utilizing learning analytics to support study success. New York, NY: Springer.
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01
02
03

Interventions.
Study success can be 
achieved by students 
who util ised learning 
analytics interventions. 

Engagement.
Engagement of students 
is a predictor of study 
success.

Recommender system.
Recommender systems 
produce positive effects 
toward study success.

04
05

06

Data quality.
Prediction accuracy for 
study success increases 
over time (80% from 
week 12 of a semester)

Dropouts.
Reduction of dropout 
rates and prognosis of 
dropouts can be based 
on the specific courses 
attended.

Indexing.
Indexing methods can 
b e u t i l i s e d w h i c h 
p r o d u c e a c c u r a t e 
predictions of dropout 
and study success.

Positive evidence

�38

https://www.iadlearning.com/wp-content/uploads/2016/11/blog_e-
Learning-analytics.jpg
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Ifenthaler, D., Mah, D.-K., & Yau, J. Y.-K. (2019). Utilising learning analytics for study success. Reflections on current empirical findings. In D. Ifenthaler, J. Y.-K. Yau, & D.-
K. Mah (Eds.), Utilizing learning analytics to support study success. New York, NY: Springer.
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01

02

03Early stage adoption.
Most LA studies are in 
early stage and lack 
deep concrete empirical 
evidence 

Geographical spread.

Use of LA concentrated 
in US, Australia and UK 
a s w e l l a s l a c k o f 
attention to LA cycle.

National policies.
National policies of LA 
e x i s t i n D e n m a r k , 
Netherlands, Norway 
a n d s o m e U K 
universities 

04
Concerns.
Temporary character of 
data, incompleteness of 
d a t a , e t h i c s , d a t a 
privacy. 

Insufficient evidence

�39

http://www.unglobalpulse.org/sites/default/files/UNGP_Privacy.jpg

DIRK IFENTHALER • WWW.IFENTHALER.INFO @ifenthaler

Ifenthaler, D., Mah, D.-K., & Yau, J. Y.-K. (2019). Utilising learning analytics for study success. Reflections on current empirical findings. In D. Ifenthaler, J. Y.-K. Yau, & D.-
K. Mah (Eds.), Utilizing learning analytics to support study success. New York, NY: Springer.
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1. Study success can be achieved by students who utilised learning analytics interventions.   
2. Engagement of students is a predictor of study success. 
3. Recommender systems produce positive effects toward study success. 
4. GPA and financial status characterise study success. 
5. Predictive power / prediction accuracy can be manifested and increased through data on 

course completion, dropouts, achievement level, study achievement, total study time, interaction 
with colleagues, frequency of regular learning intervals, and number of downloads from the 
learning environment. 

6. Prediction accuracy for study success increases over time (80% from week 12 of a semester). 
7. Reduction of dropout rates and prognosis of dropouts can be based on the specific courses 

attended. 
8. Strong correlation between CGPA and pre-set grades. CGPA serves as a study success 

indicator. 
9. Small positive relationship between student satisfaction with the use of the learning analytics 

dashboard and their study success. 
10. Students who completed a course expected better performance feedback. 
11. Various online learning systems are reliable and can produce solid predictions for study 

success. 
12. Indexing methods can be utilised which produce accurate predictions of dropout and study 

success.

Evidence of learning analytics for 
supporting study success 
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Learning analytics dashboards 
with features for students are still 

on an initial level and therewith 
the research on learning analytics 

features and students’ 
expectations 

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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https://www.fsu.edu
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https://www.ucsb.edu
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https://www.csu.edu.au
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Learning Analytics Funktionen 
sollen Studierende während 

deren Lernprozessen 
unterstützen und Hilfestellungen 
zur Planung von Lernaktivitäten 

bieten

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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“That the system considers my personal schedule. I wouldn’t mind if the system knows 
‘watching soccer with friends at 9 p.m.’ and advices me to work for another 
hour.” (interviewee 4) 

“… connected to my smartphone 
for receiving prompts ‘you haven’t 
done anything the last three days, 
how about starting now?’ Might 
be problematic for persons who 
are not able to learn under 
pressure, for me it would be 
great.” (interviewee 6) 

“If the system would recognise other 
students dealing with the same content 
and suggests to connect to each other 
for exchanging ideas and for testing or 
even meeting in person.” (interviewee 
20) 

“that exercises are offered for self-monitoring and 

that I am learning during the semester instead of 

delaying it to the end of the semester.” (interviewee 14) “… that the dashboard contains all 
programs available and everyone 
can arrange his own dashboard 
functions and structure… and that I 
can choose a 
wallpaper.” (interviewee 6) 

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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01
02
03

Learning history.

04

07
08

�47

Activity time.

Recommendation.

Goal setting.

09
10

Content rating.

Visual signals.

Newsfeed.

Study planer.

DIRK IFENTHALER • WWW.IFENTHALER.INFO @ifenthaler

05
06

Study buddy.

Self assessment.

11
…

Feedback.

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

Feature Willingness to use Evaluation in terms of learning

rank MD SD rank MD SD
1) time spent online 13 3.125 1.192 10 2.989 .80
2) suggestion of learning partners 12 3.301 1.127 8 3.127 754
3) learning recommendations for successful course completion 5 3.981 1.011 2 3.696 .67
4) rating scales for provided learning material 11 3.306 1.346 12 2.797 906
5) timeline showing current status and goal 6 3.778 1.179 3 3.638 759
6) time needed to complete a task or read a text 15 2.324 1.359 15 2.4 944
7) prompts for self-assessments 3 4.074 999 1 3.728 696
8) further learning recommendations 7 3.685 999 5 3.484 737
9) comparison with fellow students 14 2.491 1.318 14 2.604 893
10) considering students’ personal calendar for appropriate 
learning recommendations 9 3.5 1.301 7 3.227 846
11) newsfeed with relevant news matching the learning content 10 3.421 1.392 11 2.797 901
12) revision of former learning content 2 4.12 937 4 3.573 705
13) feedback for assignments 4 4.069 1.178 6 3.391 875
14) reminder for deadlines 1 4.199 1.066 9 3.088 .88
15) term scheduler, recommending relevant courses 8 3.667 1.339 13 2.788 927
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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

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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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. New York, NY: Springer.
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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. New York, NY: Springer.
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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. New York, NY: Springer.
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# Feature Willingness Learning Techno 
Cost Orga Cost Priority

14 reminder for deadlines 3 2 3 3 54
7 prompts for self-assessments 3 3 2 2 36

5 timeline showing current status 
and goal 2 3 2 2 24

13 feedback for assignments 3 2 1 3 18

11 newsfeed with relevant news 
matching the learning content 2 1 2 3 12

1 time spent online 1 2 3 2 12
3/8 learning recommendations 3 3 1 1 9

4 rating scales for provided learning 
material 1 1 3 3 9

12 revision of former learning content 3 3 1 1 9

6 time needed to complete a task or 
read a text 1 1 3 2 6

9 comparison with fellow students 1 1 2 2 4
2 suggestion of learning partners 1 2 1 1 2

15 term scheduler, recommending 
relevant courses 2 1 1 1 2

Schumacher, C., Schön, D., & Ifenthaler, D. (2017). implementing learning analytics features: At the intersection of pedagogical and information technological 
perspectives. Paper presented at the AECT International Convention, Jacksonville, FL, USA, 2017-11-06. 
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The network graph analysis 
identifies user paths within the 

learning environment and 
visualises them as a graph on-

the-fly

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. doi:10.14742/ajet.3767



>< �55DIRK IFENTHALER • WWW.IFENTHALER.INFO @ifenthaler

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. doi:10.14742/ajet.3767



>< �56DIRK IFENTHALER • WWW.IFENTHALER.INFO @ifenthaler

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. doi:10.14742/ajet.3767



>< �57DIRK IFENTHALER • WWW.IFENTHALER.INFO @ifenthaler



>< �58DIRK IFENTHALER • WWW.IFENTHALER.INFO @ifenthaler

More than 1.000 students More than 300 students More than 100 students

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. doi:10.14742/ajet.3767
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General 
Data 
Protection 
Regulation

• Recht auf Information über Daten 
• Recht auf Zugang zu Daten 
• Recht auf Berichtigung von Daten 
• Recht auf Löschung von Daten 
• Recht auf Beschränkung von Datenverarbeitung 
• Recht auf Übertragung von Daten 
• Recht auf Widerspruch bei automatisierten 

Entscheidungssystemen
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Sollten für Learning Analytics 
und deren Algorithmen keine 
zureichenden Informationen 
verfügbar gemacht werden, 

können auch keine Mehrwerte 
für Lernen und Lehren erzeugt 

werden

Ifenthaler, D., & Tracey, M. W. (2016). Exploring the relationship of ethics and privacy in learning analytics and design: 
implications for the field of educational technology. Educational Technology Research and Development, 64(5), 877–880. doi:
10.1007/s11423-016-9480-3
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Studierende sind die 
Produzenten von umfangreichen 

Daten, welche für Learning 
Analytics verwendet werden - 

jedoch passive Rezipienten von 
Informationen aus 

simplifizierten Systemen

Pardo, A., & Siemens, G. (2014). Ethical and privacy principles for learning analytics. British Journal of Educational 
Technology, 45(3), 438–450. doi:10.1111/bjet.12152
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SD
Sharing of data.

�63

Ifenthaler, D., & Schumacher, C. (2016). Student perceptions of 
privacy principles for learning analytics. Educational Technology 
Research and Development, 64(5), 923–938. doi:10.1007/
s11423-016-9477-y



>< �64DIRK IFENTHALER • WWW.IFENTHALER.INFO @ifenthaler

Ifenthaler, D., & Schumacher, C. (2016). Student perceptions of privacy principles for learning analytics. Educational Technology 
Research and Development, 64(5), 923–938. doi:10.1007/s11423-016-9477-y
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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. New York, NY: Springer.
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Schön, D., & Ifenthaler, D. (2018). Prompting in pseudonymised learning analytics - implementing learner centric prompts in 
legacy systems with high privacy requirements. Paper presented at the International Conference on Computer Supported 
Education, Funchal, Madeira, Portugal, 15-03-2018. 

• 2-fach Pseudonymisierung

• MD5-Hash
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Readiness	
assessment

Organisational	
readiness

Technical	readiness Staff	readiness

Create	
implementation	

strategy

Sustainable	
solutons

System	
integration

Data	
warehouse

Poilcies

Practice

Procedures

Learning	
design

Analytics

Data	
management

Roll, M., & Ifenthaler, D. (2017). Leading change towards implementation of learning analytics. Paper presented at the AECT International Convention, Jacksonville, 
FL, USA, 2017-11-06. 
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Ifenthaler, D., & Drachsler, H. (2018). Learning Analytics. In H. M. Niegemann 
& A. Weinberger (Eds.), Lernen mit Bildungstechnologien (pp. 1–20). 
Heidelberg: Springer.
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Educational Data Literacy 
(EDL) is the ethically 

responsible collection, 
management, analysis, 

comprehension, interpretation, 
and application of data from 

educational contexts

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.
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1. Data Collection 1.1 Know where to find the right data/data sources

1.2 Know how to obtain/access data

1.3 Understand data quality and limitations – accuracy, completeness

2. Data Management 2.1 Identify the technologies to preserve data

2.2 Know and apply data manipulation methods

2.3 Know and apply data curation and data re-use methods

2.4 Understand Data Description(Metadata)

3. Data Analysis 3.1 Know and apply the basic data analysis methods

3.2 Understand and apply the basic data analysis actions

3.3 Understand and apply the basic data presentation methods
4. Data Comprehension 
& Interpretation 4.1 Understand data

4.2 Understand statistics

4.3 Know how to interpret data

4.4 Generate potential connections to instruction

4.5 Make decisions based on data

5. Data Application 5.1 Use data to inform instruction

5.2 Know how to share and cite data

5.3 Evaluate the data-driven intervension

6. Data Ethics 6.1 Explain the use of informed consent

6.2 Know how to protect individuals' data privacy, confidentiality, integrity and security
6.3 Understand authorship, ownership, data access (governance), re-negotiation and data-
sharing
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01
Unverzerrt.

Learning Analytics 
sowie deren verwendete 
Daten und Algorithmen 
müssen unverzerrt und 
fehlerfrei in jeglichen 

Anwendungsszenarien 
sein

�72
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02
Transparent.

Learning Analytics 
müssen Transparent 

hinsichtlich der 
Sammlung, Verwendung 
und Weiterverarbeitung 

von Daten sowie der 
Zugriffsberechtigungen 

sein

�73
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03
Akzeptanz.

Learning Analytics 
bedürfen einer breiten 

Akzeptanz aller 
Stakeholder hinsichtlich 

deren Potentiale für 
Lernen und Lehren an 

der Hochschule

�74
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04
Evidenz.

Learning Analytics 
bedürfen einer präzisen 

theoretischen Fundierung 
und umfassender 

empirischer Forschung 
(experimentell, 
Längsschnitt) 
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People cannot learn from 
technology, rather, technology 

is a vehicle to support the 
processes of learning 

Clark, R. E. (1994). Media will never influence learning. Educational Technology  Research and Development, 42(2), 21-29. 



>< �77DIRK IFENTHALER • WWW.IFENTHALER.INFO @ifenthaler

• Theoretical perspectives linking learning analytics and 
study success. 

• Technological innovations for supporting student 
learning. 

• Issues and challenges for implementing learning 
analytics at higher education institutions. 

• Case studies showcasing successfully implemented 
learning analytics strategies at higher education 
institutions. 
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• www.springer.com/10758

• Digital learning
• Gamification
• Learning analytics
• Automated assessment

• Submission types
• Original research
• Work-in-progress
• Integrative review
• Emerging technology 

report
• Book review

Submit your manuscripts to TKNL!

Become reviewer for TKNL!
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