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Learning analytics evolved from

the increased opportunities to
collect and make use of data ‘ ;
about learning and learning

\ contexts

Gasevi¢, D., Jovanovic¢, 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. Cham: Springer.
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Whatare =7 Learning analytics

v AP conceptual frameworks
ot A How do
SR LAimpact |
Research “.\ practice? J
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What issues should by learning analytics / \
researchers, /| Howare Orchestrating
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" classroom? ./ Orchestration-related

S frameworks

Prieto, L. P., Rodriguez-Triana, M. J., Martinez-Maldonado, R., Dimitriadis, Y., & GaSevi¢, D. (2019). Orchestrating learning analytics (OrLA): Supporting inter-stakeholder
communication about adoption of learning analytics at the classroom level. Australasian Journal of Educational Technology, 35(4), 14-33. doi:10.14742/ajet.4314
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AA

LA

l Educational Data Mining.

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

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

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)

Campbell, J. P., DeBlois, P. B., & Oblinger, D.
(2010). Academic analytics: a new tool for a
new era. EDUCAUSE Review, 42(4), 40-57.
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Learning Analytics. 1

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
OoCCurs

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.




Analytics for learning 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. (2017). Learning analytics. In K. Peppler (Ed.), The SAGE encyclopedia of out-of-school learning (pp. 417-420). Thousand Oaks, CA: SAGE Publications.
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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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Real-time/ Predictive/

Summative Formative | Prescriptive

® Compare learning designs
Analyse pedagogical models P ) & g. ® |dentify learning preferences
. ; ® Evaluate learning materials ) )
- - ® Measure impact of ' . o ® Plan for future interventions
Learn|ng des|gn _ ; i e Adjust difficulty levels .
interventions ) . : ® Model difficulty levels
, . ; ® Provide resources required by :
® Increase quality of curriculum : ; ® Model pathways
: learners
® Monitor learning progression !
® Compare learners, cohorts ® (Create meaningful ® |dentify learners at risk
T h and courses interventions ® Forecast learning progression
eachner ® Analyse teaching practises ® Increase interaction ® Plan interventions
® Increase quality of teaching | ® Modify content to meet ®  Model success rates
: cohorts’ needs
® Understand learning habits ® Receive automated : ® Optimise learning paths
St d t ® Compare learning paths interventions and scaffolds | ® Adapt to recommendations
uden ® Analyse learning outcomes ! ® Take assessments including ! ® Increase engagement
® Track progress towards goals ! just-in-time feedback ' ® |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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There is a lack of
rigorous empirical
research findings
demonstrating the
effectiveness of
learning analytics
to support study
success
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FIGURE10.2 Students’ frequency of use of the different resources in the learning manage-
ment system for each week of the semester

Schumacher, C., Klasen, D., & Ifenthaler, D. (2019). Implementation of a learning analytics system in a productive higher education environment In M. S. Khine
(Ed.), Emerging trends in learning analytics (pp. 177-199). Leiden, NL: Brill.
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Table 1 Model descriptions for student profile

Model 1 Student background and demographic data

Model 2 Student background and demographic data
Student’s and parent’s historical education background

If Eng|ish is the first |anguage B Model 3 Student background and demographic data
1 Student’s and parent’s historical education background

Native Australian status - Study unit related information

Time since last time studying i Model 4 Student background and demographic data
a Student’s and parent’s historical education background
Socioeconomic status - | Study unit related information
. . . . Historical education record with institution
Historical cumulative Withdrawals - .
Model 5 Student background and demographic data
If Secondary school completed - Student’s and parent’s historical education background
Percentage Influence Study unit related information
Age i i43'70% Historical education record with institution
18.00% . . e e e
i Average historical grade within institution
Source of student enrolment b seon e g thin i .
. Model 6 Most important parameters identified from previous models
Number of concurrent subject - 20
[ 4.10%
Gender- = 3.70% Table 2 Student profile model performance comparison
3.00%
Degree level of the unit taken- I B 270% R Adjusted R R*-SVR Predictive accuracy (SVM) (%)
Field of study - I = :;gi Model 1 057 057%%% 059 58.63
Student tut " I . 1'300/0 Model 2 128 128k .130 63.80
ucdent tutor suppor 050 Model 3 187 187%%% 192 67.50
Historical cumulative credit passes - I 0.70% Model 4 -361 61exs 424 79.52
o ] I 060% Model 5 441 446K+ 438 79.69
Institution of the unit - l 0.40% Model 6 444 435k 451 80.03
Historical cumulative higher distinctions - . *#* p < 001; SVR support vector regression, SVM support vector machines
Method of payment- .
. . . e . Table 3 Student profile model performance comparison for higher education institutions
Historical cumulative distinctions -
) ) ) Higher Education Institution R? Adjusted R? R%-SVR Predictive accuracy (SVM)
Highest level of prior education - -
] ) ) ) UniC 464 A463%* 489 81.69 %
Historical cumulative fails - _ UniG 453 453%%% 460 79.65 %
Average Historical Grade - U“fs 431 431 460 79.64 %
| | , , | UniA 372 372%H% 381 76.57 %
0.0 0.1 | 0f-|2 0.3 04 UniM 438 A3THEH 443 80.71 %
nfluence UniR 364 364rer 353 76.31 %
1 ek
N = 1,030,778 enrolments Unio A3 43 460 80.28 %
UniU 372 371HE* .356 78.25 %
SD .096 .096 126 024

*** p < .001; SVR support vector regression, SVM support vector machines

[fenthaler, 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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Purdue University,
Indiana, United States
Identifies potential problems as

Users seek help earlier and more
frequently.

Led to 12% more B and C grades.
14% fewer D and F grades.

early as the second week of term.

California State
University,

Chico, United States
Found that use of virtual
learning environment
can be used as a proxy
for student effort.

VLE use explained 25%
of the variation in final
grade - and was four
times as strongly
related to achievement
as demographic factors.

University of Maryland,

United States

Students who obtain low grades use the
VLE 40% less than those with C grades
or higher.

Used to identify effective teaching
strategies which could be deployed on
other modules.

Marist College,

New York, United States
Predictive model provides
students with earlier
feedback - allowing them to
address any issues before it
is too late.

6% improvement in final
grade by at-risk students
who received a

learning intervention.

Nottingham Trent University, UK
Strong link with retention- less than a quarter of students with a low average engagement progressed
to the second year, whereas over 90% of students with good or high average engagement did so.

Strong link with achievement - 81% of students with a high average engagement graduated with a 21
or first class degree, compared to only 42% of students with low average engagement.

27% of students reported changing their behaviour after using the system.
Received a positive reception among students and staff.

One third of tutors contacted students as a result of viewing their engagement data in
the Dashboard.

New York Institute of
Technology,

New York, United States

74% of students who dropped
out had been predicted as
at-risk by the data model.

The Open Universities Australia
Analytics used to:

Open University, UK
Analytics used to:

» inform strategic priorities to continually » drive personalisation and adaptation
enhance the student experience, of content recommended to
retention and progression individual students

» drive interventions at student, module » provide input and evidence for
and qualification levels curriculum redesign

Edith Cowan University,

Perth, Western Australia

Created probability of retention scores for each
undergraduate student - used to identify
students most likely to need support.

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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1) What study success measures have been operationalized in relation to learning analytics?
Research . . .
. » 2) What factors from learning analytics systems contribute toward study success?
questions e . L . .
3) Are there specific learning analytics interventions for supporting study success?
A
Research protocol and
training Inclusion criteria
a) higher education context
¥ b) published between 2013 and 2018
Practical screening |« c) published in English language
Databases d) abstract available
Google Scholar, ACM Digital Library, e) qualitative or quantitative findings
Web of Science, Science Direct, > Literature search f)  peer-reviewed
ERIC, DBLP
Specific journals
Title search (N =6,220)
J y v - )
Include Unsure Exclude |- Publications discarded
N = 3,057
L
A
| Abstract search (N =3,163) |
v - ' Publications discarded
Include Unsure | Exclude }—» N=2,789
L
A4
| Full text search (N =374) |
|
I I+ q U x | e I+ q l_’ Publications discarded
nclude nsure xclude N =328
Key publications retained
(N = 46)
| Information extraction
Synthesis of key
ffenthaler, D., & Yau, J. Y.-K. (under review). Utlising Leaming publications
Analytics for Study Success: A Systematic Review. Educational l
Technology Research and Development. Dissemination
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Table 1. Summary of key publications focusing on learning analytics for supporting study success

Author Country Sample (N) Demographic Key purpose of the = Variables Operationalized study Interventions Research rigor
background study success measure
Aguiar, et al. (2014) USA 29 First-year Identification of ePortfolio logins; hits; Engagement from students’ N/A weak
Engineering retained and submissions electronic portfolios
students dropout students
Andersson, et al. (2016) Sweden 66 Online 3d-graphics = Prediction of course = Number and frequency of Mention of predicting course | N/A weak
students completion posts; lengths of posts performance via activities
posted on online forum
Aulck, et al. (2017) USA 24,341 First-year STEM Prediction of course =~ Demographics; pre-college ~ No mention of measuring N/A weak
students completion entry information study success, only the
(standardized test scores, prediction of dropout
high school grades, parents’
educational attainment, and
application zip code);
complete transcript records
Bukralia, et al. (2014) USA 1,376 First-year students Prediction of Academic ability; financial No operationalisation of study | N/A weak
student dropout support; academic goals; success measure
technology preparedness;
demographics; course
engagement and motivation;
course characteristics
Bydzovska, & Popelinsky Czech Republic 7457 Informatics students = Prediction of pass/ Study-related data; social No operationalisation of study = N/A weak
(2014) fail in courses in behaviour data; data about success measure
relation to social previously passed courses
behaviour
Cambruzzi, et al. (2015) Brazil 2491 Online Mathematics | Prediction of Interactions between Adequate pedagogical actions | Set of pedagogical moderate
students student dropout students in forum that need to be taken if at-risk | actions which are
students are located individualised
depending on each
of the students’
weekly reports
Carroll & White (2017) Ireland 524 First-year students Prediction of Lecture, tutorial, online No operationalisation of study = Rigorous attendance = weak
learning behaviour scheduled attendance; print, = success measure requirements,
online access to learning assessment
materials prompted
engagement
Carter, et al. (2017) USA 140 Informatics students | Prediction of Programming activities; Programming behaviour N/A moderate
student performance | students’ grades on
individual assignments;
students’ overall assignment
average; students’ final
grades
Casey & Azcona (2017) Ireland 111 Computer science Prediction of low No. of successful or failed No operationalisation of study = Structure students moderate

students

performing students

DIRK IFENTHALER « WWW.IFENTHALER.INFO 3 @ifenthaler

compilations; no. of
connections; time spent;
slides coverage

success measure

learning so that
students can front-
load their online
work

lfenthaler, D., & Yau, J. Y.-K. (under review). Utilising Learning Analytics for Study Success: A Systematic Review. Educational Technology Research and Development.




INstitutional recommendations

01
02
05

Education leadership.

Develop, support and sustain models of
education leadership that embrace the
interdisciplinary nature of learning analytics
requiring a combination of teams with skills from
computer science, psychology, cognitive science,
education, etc.

Idiosyncrasies.

Develop practices that are appropriate and fitting
to the needs of an individual institution (with
different sizes of student groups, courses, staff
numbers, etc.). Support educators and staff to
enhance learning and teaching using learning
analytics.

Assessment.

Develop assessment practices, which are aligned
with learning analytics in the institution including
perspectives of assessment for learning as well as
feedback for learning.

0
05

06

Organisational structure.

Develop organisational structures to support the
use of learning analytics and help educational
leaders (stakeholders in general) to implement
these changes including capacity building
(professional learning), support, credentials, etc.

Quality assurance.

Develop a robust quality assurance process to
ensure the validity and reliability of learning
analytics tools as well as evaluation checklists.
Creating an accreditation body for learning
analytics.

Data protection.

Continuation in the monitoring and adherence to
ethics, data protection and privacy, which may
infringe on individuals as well as the institution(s)
involved.

[fenthaler, D., Mah, D.-K., & Yau, J. Y.-K. (2019). Utilising learning analytics for study success. Reflections on current empirical findings. In D. Ifenthaler, J. VY.-K. Yau, & D.-
K. Mah (Eds.), Utilizing learning analytics to support study success (pp. 27-36). New York, NY: Springer.
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Cross-institutional recommendations

Exchange.

Enable institutional, cross institution and government discussions of

S o learning analytics and its capacity to inform arising challenges from different

o faptt, perspectives: educational, administrative, financial, staff and technological
o constraints etc.

o 2 National board.
7 Sl Develop a national learning analytics (ethical) board to stipulate that the
@ o J ethics of each individual institution is met.

Oro

00.°08 AD8 @0,

o 2
O
e

Framework solution.
Provide a learning analytics solution which can be adaptive to the needs of
%, ° individual institutions but is also transferrable for increased ease of use state
or nationwide. Develop technologies to enable learning analytics
3 deployment.

o
fele]
<

o

Collaboration.

Support collaboration among higher education institutions, government and
with other types of organisation such as commercial/industrial partners.

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. V.-K. Yau, & D.-
K. Mah (Eds.), Utilizing learning analytics to support study success (pp. 27-36). New York, NY: Springer.
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(So far) no wide-
scale
organisational
implementation of
learning analytics
exist




N\

Challenges for establishing
learning analytics systems are the
interaction and fragmentation of ‘ 18
information as well as their
contextual idiosyncrasies

Gasevi¢, D., Dawson, S., Rogers, T., & Gasevi¢, 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.



A0\9
a“d\“\lx\ﬁs
00 | 02
If you collect enough data, one can probably \) a(‘\‘\“

observe patterns of some things that can \€
be improved. |t is a type of data analysis,

where one can see some practices, which

relate to better results of the students in the

end or some practices, which may lead to

poorer results.

The more data one collects, the better it
would be for the learning analytics. However, it
might imply possible administering several
surveys and questionnaires during the
course and may conflict with the dynamics

N = 34 participants agreed
and emphasised that the

of the course and some teaching staff may not first, large obstacle to

be willing to do so easily. learning analytics
implementation was data
protection

lfenthaler, D., & Yau, J. (2019). Higher education stakeholders’
views on learing analytics policy recommendations for supporting
——— study success. Interational Journal of Learning Analytics and
*l?d{mmh‘g” OSTELA Avrtificial Intelligence for Education, 1(1), 28-42. doi:10.3991/
jjai.v1i1.10978
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There are currently staff and technological
resources required by the institution before

they can go ahead and adopt learning analytics.

The institution is mentally ready to adopt
learning analytics as the benefits for study
success outweigh the costs.

There is a lack of learner’s personal data
relating to their learning processes, exam
grades and so on, which makes valid
predictions for study success very difficult.

lfenthaler, D., & Yau, J. (2019). Higher education stakeholders’ views on
learning analytics policy recommendations for supporting study success.
International Journal of Leaming Analytics and Artificial Intelligence for
Education, 1(1), 28-42. doi:10.3991/jjai.v1i1.10978

N = 30 participants
mentioned that there were
not any learning analytics
projects currently operating
at their institution

nnnnnnnnnnnn




Current challenges in
successful learning analytics
implementation are widely
known within the higher
education community

lfenthaler, D., & Yau, J. (2019). Higher education stakeholders’
views on learning analytics policy recommendations for supporting
study success. Intermational Journal of Learning Analytics and
Artificial Intelligence for Education, 1(1), 28—42. doi:10.3991/
jai.v1i1.10978

Experimental ‘playgrounds’ are required to
understand, discuss, debate, test out all
learning analytics ideas and put them into
practice and learn from these good/bad
experiences and studies.

It is also very important that learning analytics
stakeholders understand fully what learning
analytics adaptive teaching entails and how
personalised learning works.

Professional learning and guidelines for the
implementation of learning analytics and
policy standards linked to EU-GDPR are
needed.




Create

Readiness implementation
assessment strategy
Organisational Technical Staff
readiness readiness readiness

Ifenthaler, D. (2020). Change management for learning analytics. In N. Pinkwart & S. Liu (Eds.), Artificial intelligence supported educational technologies. Cham: Springer.
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Vice-Chancellor

Vice-Chancellor / President

DVC/VP
DVC/VP DVC/VP
P Corporate DvVC /VP
Research Education Serelices Information Technology

Faculty Dean

School Head of School

Research Lab:
Learning Analytics

Centre

Vice-Chancellor / President

DVC / VP
Information Technology

Business Intelligence Online Learning

Academic Analytics Learning Analytics

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

DIRK IFENTHALER « WWW.IFENTHALER.INFO ¥ @ifenthaler e 23 e



® Reinforcing process . Stock -O) Flow % Causal link

Strategic
Capability

educator
Interested Implementing v pta ke

Implementation Tool/Data Research /
Capability Quality Learning

Colvin, C., Rodgers, T., Wade, A., Dawson, S., Gasevic, D., Buckingham Shum, S., . . . Fisher, J. (2015). Student retention and learning analytics: A snapshot of
Australian practices and a framework for advancement. Canberra, ACT: Australian Government Office for Learning and Teaching.
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Organisational guidelines

01

02
05
04

Developing flexible learning analytics systems
which cater for the needs of individual institutions,
i.e., their learning culture, requirements of specific
study programmes, students and lecturers
dispositions, technical and administrative

specifications as well as the broader context of

the institution.

Defining requirements for data and algorithms
of learning analytics systems.

Involving all higher education stakeholders in
the development of a learning analytics system.

Establishing organisational, technological and
pedagogical structures and process for the
application of learning analytics systems as well
as providing support for all involved stakeholders
for a sustainable operation.

05

06

0/
03

Informing all stakeholders with regard to ethical
issues and data privacy regulations including
professional learning opportunities.

Building a robust quality assurance process
focussing on the validity and veracity of learning
analytics systems, data, algorithms and
interventions.

Funding of research regarding questions on
learning analytics within single institutions,
research associations and national schemes.

Constituting local, regional and national learning
analytics committees including stakeholders
from science, economy and politics with a focus
on adequate development and implementation
(and accreditation) of learning analytics systems.

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. V.-K. Yau, & D.-
K. Mah (Eds.), Utilizing learning analytics to support study success. New York, NY: Springer.
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.
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: 2 Student Unit Program Provider slu:enl base & Interventli)gns : Learning/ - 27
2 '
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: e H Design
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: © : '
: : A 4 y 4 '
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H .
H H Facilitator Unit Program Provider OUA 1 Program J
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: ; 7 % L) A z :
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. . '
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: : ! Student
.
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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




Techno

remmder for deadlines 3 2 3 3
A prompts for self-assessments 3 3 2 2 36
timeline showing current status 2 3 2 2 24
and goal
feedback for assignments 3 2 1 3 18
newsfged with releyant news 5 ] 5 3 12
matching the learning content
time spent online 1 2 8 2 12
learning recommendations 3 3 1 1 9
ratlng_scales for provided learning ’ ’ 3 3 9
material
P revision of former learning content 3 3 1 1 9
time needed to complete a task or ’ ’ 3 5 6
read a text
“ comparison with fellow students 1 1 2 2 4
n suggestion of learning partners 1 2 1 1 2
term scheduler, recommending
2 1 1 1 2
relevant courses

weight(n) = [[5=, value,(n)

Schumacher, C., Schon, 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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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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Lernziele Persdnliche Kursziele
Organisatorische Struktur (1. VL) Materialien benutzt: 0% Startdatum EndDatum Betreff Fortschritt
Die Studierenden kennen die organisatorische Struktur der 18.09.2018 25.09.2018 Zeitmanagement _
Veranstaltung
Wunsch nach Feedback: % % % Schwierigkeit der Inhalte: 18.09.2018 25.09.2018 S EE UL -
P fﬂ 01_VFD-Organisation.pdf 18.09.2018 25.09.2018 Informationstechnologische Fahigkeiten _
Qualitative und quantitative Forschungszugange (2. Materialien benutzt: 0% 18.09.2018 25.09.2018 Selbstreflexion |
VL)
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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.
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Wie gut empfinden Sie den Zugang zu den Lernmaterialien? (1=
schlecht, 5=sehr gut)

1 2 3 - 5

Ok

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.
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Inhalt Lernziele Einstellungen Mitglieder Rechte Zum Portal? Portal?-Funktionen Info Voransicht als Mitglied aktivieren ¥

Dashboard Settings

Nutzung und Einschatzung der Lerninhalte

Organisatorische Struktur (1. VL) Die Studierenden kennen die organisatorische Struktur der Veranstaltung
[ﬂ 01_VFD-Organisation.pdf 0% Need for feedback: Rating of difficulty:
1.0 r 1.0
0.5 0.5
0 0
few medium high low medium high
Qualitative und quantitative Forschungszugange (2. VL) Die Studierenden kénnen qualitative und quantitative Forschungszugange unterscheiden.
Deduktion und Induktion 0% Need for feedback: Rating of difficulty:
1.0 2.0
Empirische Forschungsmethoden - Ein 0% 15
Leitfaden L 1.0
0.5
Wissenschaftliche Erkenntnis Teil 1 0% 0 0
. . . . 3 few medium high low medium high
Wissenschaftliche Erkenntnis Teil 2 0%

Klasen, D., & Ifenthaler, D. (2019). Implementing learning analytics into existing higher education legacy systems. In D. Ifenthaler, J. V.-K. Yau, & D.-K. Mah (Eds.),
Utilizing learning analytics to support study success (pp. 61-72). New York, NY: Springer.
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ata
rotection
egulation

To provide you with transparent feedback about your learning progress, information about the used objects can be tracked within this course. The information is only used to improve the learning
and teaching processes and is not distributed to third parties.
If you have any questions, please do not hesitate to contact the teacher.

Data Protection.

LA-Profile Settings: @ LeAP aktive

O LeAP not active
[ save ] cancel | e %8 e

With an acivte LA-Profile, the following data is being stored when a user interacts with a resource in this course: pseudomized user id, resource id, timestamp

Export all personal Data stored by LeAP

Please contact the course lecturer to request deletion of all your tracked data within this course.

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.




Information required

for learning analytics |-
/

Concern
over
privacy

Maximizing factors p===== ====== Minimizing factors

Expected benefits

Sharing of information
—

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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1 GETERMINATION — Begriindung

D P Wasist der Mehrwert (Organisatorisch und fir das Individuum)?

P Welche Datenschutzrechte hat das Individuum? (e.g., EU Direktive
95/46/€C, General Data Processing Regulation ab 2018)

1 (EXPLAIN — Erkl3rung

E P Welche Daten werden zu welchem Zweck gesammelt?
P Wie lange werden diese Daten bewahrt?
P Wer hat Zugang zu diesen Daten?

i (I‘EGITIMATE - Legimitation

L P Welche Daten bestehen schon und sind diese nicht ausreichend?
P Warum sind Sie legimitiert die Daten zu sammeln?

4 (INVOLVE -~ Einbeziehung

I P Seien Sie offen bezgl. Datenschutzbedenken
P Bieten Sie persdnlichen Zugang zu den gesammelten Daten
P Trainieren Sie Beteiligte und Mitarbeiter

i (CONSENT- Einverstdndnis

Acce ptan Ce - c P Fragen Sie nach dem Einverstindnis des Individuums (Ja / Nein Antworten)

P Bieten Sie die Mdglichkeit jederzeit aus der Datensammlung auszusteigen

und dennoch dem Bildungsangebot zu folgen
Q=60 —0
ANONYMISE - Anonymisierung

A P Anonymisieren Sie die Daten so weit wie mdglich
P Aggregieren Sie die Daten, um ein abstraktes Datenmodel zu generieren (Ein

) solches Model féllt nicht mehr unter Datenschutzrecht) )

1 (l’ECHNICAL - Technisch und Organisatorisch

I P Analysieren Sie regelmaRig, wer Zugang zu den Daten hat
P BeiVerinderungen der Analytics, fragen Sie erneut nach Einverstindnis
P Daten miissen nach geltenden Sicherheitsstandards gespeichert werden

J
( (= - : T
EXTERNAL - Externe Mitarbeiter oder Organisationen
E P Vergewissern Sie sich, dass Externe sich ebenfalls an lokale Gesetze halten
P Regeln Sie vertraglich, wer fiir die Datensicherheit verantwortlich ist
P Stellen Sie sicher, dass die Daten nur fir bestimmte Zwecke genutzt werden
—

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




Educational Data Literacy
(EDL) is the ethically
responsible collection,
management, analysis, Educational Data
comprehension, interpretation, MR
and application of data from

\educational contexts
=

gln

Learn2Analyze

Q=©

RSl Frasmus+

Ifenthaler, D. (2020). Change management for learning analytics. In N. Pinkwart & S. Liu (Eds.), Artificial
intelligence supported educational technologies. Cham: Springer.



Access & Gather Organize, Clean,

Appropriate Curate & Preserve
Educational Data Educational Data

DATA ANALYSIS

DATA Apply Educational
ANALYSIS Data Modelllng &
Presentation

DATA ETHICS

Ensure Clear Ethical
Policies & Codes of
Practices that

DATA ETHICS

Govern the Use of ez
Educational Data
) COMPREHENSION
Use Educational APPLICATION & INTERPRETATION Understand what the
Data Analysis Educational Data

Results to Make
Decisions to Revise
Instruction

Represent & Mean

Sampson, D. G., Papamitsiou, Z., Ifenthaler, D., & Giannakos, M. (in press). Educational data analytics literacy. Cham: Springer. Erasmus+
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