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CENTRE FOR THE SCIENCE OF LEARNING & TECHNOLOGY

SLATE.UIB.NO @SLATERESEARCH

Established in 2016 by the Norwegian Ministry of Education &
University of Bergen

A national research and competence centre

SLATE carries out research that will clarify and explore concepts such
as learning analytics, big and small data in education, assessment for
learning, and learning & technology, in all facets of human learning

Multidisciplinary

Conduct integrated research that will advance the frontiers of the
sciences of learning, as well as inform education practice and policy
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LEARNING ANALYTICS
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“LEARNING ANALYTICS IS THE MEASUREMENT,
COLLECTION, ANALYSIS AND REPORTING OF DATA
ABOUT LEARNERS AND THEIR CONTEXTS, FOR
PURPOSES OF UNDERSTANDING AND OPTIMIZING
LEARNING AND THE ENVIRONMENTS IN WHICH IT
0CCURS

1st International Conference on Learning Analytics & Knowledge
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Feedback
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» Analyzing >

Visualization

ISO/IEC JTC1/5C36 LA

Hoel, T., Chen, W., & Cho, Y-S (2016)




Analytics Model

Intervention
Optimization
Alerts and warning
Guiding/nudging
Systemic

(design, teaching) i
Action
7
/
/

f
|

Representation &

Visualization
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Tools & Techniques Anawsis =
of Analysis -

- SNA Py
- NLP

- Concepl Development

- Prediction

- Risk Determination

- Course Sequencing

- Help seeking

Collection &
improvemenls = e 22 ACQUiSitiOﬂ

Data loop

e
Multiple datasets/formats

Depends on purpose:
- Marketing
~a AdViSing
- Faculty Impact
- Learning
—— - Administration

NG - Institutional Research
e
Storage
‘\\ ‘
\ Data Sources
\ Structured and - Datamarts
\ unsiructured data -LMS
> MS
‘ y - SIS
v - - Sensors
Cle?mng - Manual entry
/” o Data Team:
i "~ Sponsor/Stakeholder
Integrati‘on - Data scientist
. - Programmer

- Statistician
- End user experience
(visuatlization, reporting)

Siemens (2013)



Macro:
region/state/national/international

/\ Meso:

institution-wide

Micro:

individual user actions
\— (and hence cohort)

enriches meso + macro analytics + meso levels add power to

Aggregation of user traces Breadth + depth from macro
with finer-grained process data micro analytics

 —

Buckingham Shum, S. (2012)
UNESCO Policy Brief, November 2012



EDM/LA Enables Adaptive
Learning Systems

_______ Learning System

{

Bienkowski (2012)



Presentation ((((‘)))) ‘. +—] g < > O 3?

and Action Alert and Intervention SRR AN Student App

Sys{e”] &d o / /
\ —

—>
Data
Storage —

and AnalySiS Learning records

Learning analytics

warehouse
processor
//'V A \
Data

et g > 0\ < 3? 3?

Self-declared Student information Library
data system

Jisc Learning Analytics Architecture

https://analytics.jiscinvolve.org/wp/2016/06/28/a-technical-look-into-learning-analytics-data-and-visualisations/




WHAT DATA?

Miside
Fronter
Canvas

SENSOR DATA

_ Kark
Learning Simulation tools
Tools Digital lab

Digital Tools

Assessment | Project
Tools

CLASSROOM AIR
QUALITY

Admission
Registration

Other
Admin tools

WHERE ON CAMPUS RESEARCHERS
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*in cooperation with Kunnskapssenter for utdanning
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Diagram 1: Mapping Learning and Academic Analytics in the Context of Big Data
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TEACHERS - Prinsloo et al. (2015)
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SOCIETY for LEARNING
ANALYTICS RESEARCH

FOUNDATION OF THE SOCIETY FOR LEARNING ANALYTICS RESEARCH

FIRST INTERNATIONAL CONFERENCE ON LEARNING ANALYTICS AND KNOWLEDGE } 2011

e o - 2012 | FIRST FLARE EVENT
ncosmet s rlerge s USA (PURDUE), UK (OU), AUSTRALIA (UTS)

i

FIRST LAK DATASET & CHALLENGE

FIRST LEARNING ANALYTICS SUMMER INSTITUTE | 2013

T e : Journal of Learning Analytics
e OCLAR

Learning Analytics

Summer Institute (LASI)
Stanford University, July 1-5 2013

85 SOCIETY for LEARNING SLRESS

ANALYTICS RESEARCH HOME ABOUT LOGIN REGISTER SEARCH CURRENT ARCHIVES ~ANNOUNCEMENTS

FIRST ISSUE OF JOURNAL OF LEARNING ANALYTICS

2014 |START OF LEARNING ANALYTICS COMMUNITY EXCHANGE PROJECT

7 LACE

Misiejuk (2017)
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2011 LASINORDIC -

Learhmg Analytlcs (Late) Summer Instltute
September 28 29 2017

http://www.slate.uib.no/lasi-nordic2017
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LEARNING ANALYSIS AS A RESEARCH FIELD

3 distinct, but overlapping fields

» Educational data mining (EDM)
» Learning analytics and knowledge (LAK)

» Big Data

olAL




EDUCATIONAL DATA MINING (EDM)

» intelligent data mining

» roots in Artificial Intelligence in Education & Intelligent
Tutoring Systems research, as far back as the 1970s

» applies computational approaches such as data mining,
machine learning classification, clustering, Bayesian
modelling, relationship mining, discovery with models,
statistics, and visualisation to information generated in
educational settings to better understand students and
the settings in which they learn

olAL




LEARNING ANALYTICS AND KNOWLEDGE (LAK)

» Emerging research field and design discipline

» LA is a set of data generation and analysis techniques
and tools that may be utilised to gain a deep
understanding of profound questions for research, policy
and practice, generated by 21st Century learning and
skills development

» LAK facilitates a clear theoretical understanding of what
is learning, how we assess it, how we foster it, and how
we operationalise it in productive educational practices,
teaching and learning environments S‘ AT




BIG DATA IN EDUCATION

» Generally refers to large amounts of data produced by a
high number of diverse sources — but also means
complex data

» Data generated by people in action (e.g., computer logs,
an essay) or generated by technology (e.g., sensor
readings, photos, videos, GPS signals, etc.)

» The analysis of "big"” data sets generated in educational
context could identify and validate patterns cross
institutions, regions and countries, but also can benefit
the school, the classroom teacher, and individual learners

OIATE




LEARNER-CENTRIC

VS

LEARNING-CENTRIC
ANALYTICS




LEARNER-CENTRIC VS LEARNING-CENTRIC ANALYTICS

(Stein 2012)

Learner-centric analytics measures student behaviour in
technological environments

» Learner engagement measured through the number of
times a student visits learning materials, logs on an LMS,
how long they view a flipped classroom video

» Give input on design of learning environments, learning
material, etc.

—— | earner engagement # Learning
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LEARNER-CENTRIC VS LEARNING-CENTRIC ANALYTICS

(Stein 2012)

Learning-centric analytics has to do with conceptual growth
and requires examining student artefacts to detect
conceptual acquisition

» focus is on "learning", "learning outcomes"

» have to examine artefacts that students develop to
identify if learning has taken place.

» one's understanding of learning, impacts the analytics
design

olAL




KINDS OF ANALYTICS

CONTENT ANALYTICS

TEXT ANALYTICS VISUAL ANALYTICS

L lnpiitintg Nsgess N \ () the science of | TEACHING ANALYTICS
amount of content that is : “(...) the application of text : . : -

: e : . analytical reasoning
being created, the nature : mining techniques to solve :

of that content and how itis: business problems” [14] : su!)portfed by lnte”rachve
" : . visual interfaces” [15]
used” [13] : :

1 “(...) focuses on the design,

development, evaluation,

. and education of visual

 analytics methods and tools

+ for teachers in primary,
secondary, and tertiary

: educational settings.” [16]

MICROGENETIC :
. LEARNING ANALYTICS

MULTIMODAL LEARN|NGE “(...) microgenetic techniques E LEARNING-RESOURCE
ANALYTICS [17] derived from the field of human ANALYTICS [19]
' development with computational !
methods derived from the
emerging field of learning
analytics” [18]

SOCIAL LEARNING

DISPOSITION ANALYTICSE DISCOURSE ANALYTICS CONTEXT ANALYTICS ANALYTICS

“(...) builds on extensive “(...) the cumulative history

“(...) aims to capture “(...) aims to capture

it e attnee work. in the filscurswe ot that is d.erlved from d(:ﬂ'.CI : meaningful data regarding the
S danils disabsiiio e s s nproperties of higher quality : observations about entities :  role of social interaction in

T |ec:'nin " [20] + discourse for learning :  (people, places, and ! learning, including discourse
g + related to learners” [20] : things)” [21] :  and the structure of social

networks” [20]
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EXAMPLE: CORRELATION BETWEEN USER ACTIONS & FINAL GRADE

Construction of the Analytic Data Set (ADS)

Data sourced

. StudentOne
- Blackboard

- surveys

Online Library

Additional data

External Data Sets
* Census

« SES indexes

* Geocoding

Private vs.
Public schools
listing

Current analysis focuses on

exploring in a Self Organising Map

(SOM), but the Modelling file can
be used for other purposes:

Analytic “big-data” set (ADS)

Single “source of truth” data
asset to feed analysis.

Data preparation scripts

MSSAQL code to prepare Curtin
data from raw to modelling files.

’;

7]

_>‘ H —-

Data validation analysis

Data used in the ADS is
processed through Deloitte’s
proprietary data validation tools.

Regression models

Other statistical
Modelling data file models
(Anonymised) behavioural Theme-specific
attributes for all students. reportin g
Other data mining
analysis
The modelling dataset represents the
product of all the analysed syé;ems,
datasets and aggregation logic. Can easily
be distribu?ed and used by many.

. Curtin University

Fig. 4 Data sources, analytic data set (ADS) and self-organizing map

Gibson et al. (2016)
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EXAMPLE: MEASURING STUDENT PERFORMANCE

Figure 2: The simulation environment showing the drill and a partially dissected temporal bone

Kennedy et al. (2013) 8‘ AT:




EXAMPLE: DROPOUT PREDICTOR, INTERVENTION

3033, 25%

I

Female, over 25 years and
married; male and employed;
Mathematics,age over 25
years

894,
46.51%

9115, 75%

Remaining
students

1028,

53.49%

Total number of students

Total number of drop out students

Figure 1. Graphical representation of synthesis of observations.

Yasmin (2013)
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EXAMPLE: DATA VISUALISATION, ACTIVITY ENGAGEMENT

.....

| ]
FAYAT LY Ji iy g

Day Day3 Day

r u-s-mt-u-u',» 6 actiors n 22 mrtes (2 8) 5 actors i 65 serutes (1 &) 43 actone I T medes ¢

M7 Short day

: = e /
aiJI | !.” i

Fig. 6. Time series analysis: A comparison of an engaged student (F1) with a disengaged student (M7). The results conform to our

classroom observations.
Xie et al., 2014 S‘ AT—

.........




EXAMPLE: MODELS OF EMOTION CE

during last hour,
S8=0
Obtain kst of Yes
exercises done
dunng last hour.
SF=0 Fetch one exercise
() from the list
L 2
there
P exercises in the 0 Measure duration
st? of current try (ED)
Yes
Calculate mean and
Fetch one exercrse
{E) from the lst standard deviation
of the duration of
exercise tries
Yes
@ | less t
N mean minus
one standard
Yes Yes
a a
No SetEB=0 SetiB=1
4
Measure time unce Measure time since
last fadled try. first try.
Get E frustration Get £ frustration
F h K
(EF) with Ec. 1 (EF) with Ec. 2. — Calculate
4 | weight during last
Y : hour (EW) with Ec. 3
Calculate exercise
Update SF with Ec. 4 werght during Last
hour (EW) with £c. 3

Figure 4: Flow of rules for the detection of boredom

Figure 2: Flow chart of process used to detect frustration /A\T :
Leony et al. (2015)
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Fig. 5. Topic network deployed from the Student forum (course 2011-2012).

Figure 1: Evolution of the social network in the subject of «Educational Technology» in (A)
the first week, (B) the third week, and (C) the tenth week of the course.

Tobarra et al. (2014); Gewerc-Barujel et al. (2014) AT—




EXAMPLE: DASHBOARDS FOR INSTRUCTORS

Advisor

Jonagold, Julia B
Cohort

CSP Summer Bridge :
Term

Summer 2013 H
Student

Mclntosh II, Barton H

Display Alerts. ¥

Robert Braeburn (2)

Susan Cameo (1)

Michael Fuji (1)

Helen Honeycrisp (2)
i Barton McIntosh IT (1)

Samuel Winesap (1)

Summary for McIntosh II, Barton

100 %

N Student Py

Class Py

[
80% -
60 % -
40% E—
20% - S
0%

Display Full Summary.

Class

© CSP 100 Su13

© ENGLISH 125 Su13
© MATH 103 Su13

CSP 100213 Su13 ENGLISH 125210 Su13

Week

© 7/20/2013
) 7/27/2013

© 8/24/2013

Student Percentage
89 %
72%
55 %

MATH 103212 Su13

Class Percentage
93 %
77 %
85 %

Student Class Details by Term - MATH 103 Sul3
Student and Class Performance
Caudent Nercentage Class Percertage
100% I
0%
0% \\
0% \
0%
%
oM 842013 3
17202013 o 829201%
Assignment Points
Assignment  Week |5 e/Submit Date Carned
Quaz #1 7/13/2013 | 7/3/2013 5.00
Interaction
eak 1 7/13/2013|7/7/2013 3.00
Quaz #2 7/13/2013|7/11/2013 7.00
Interaction |5/132013 | 7/14/2013 2,00
Action e 2
Quz #3 7/20/2013|7/16/2013 3.00
[__Encourage | sy
ok’ 7/27/2013|7/21/2013 4.00
Micterm 7/27/2013 7/23/2013 34.00
Interaction
| ook 4 7/27/2013 | 7/28/2013 3.00
B - Quiz 14 8/3/2013 7/31/2013 12.00
Quiz #5 8/3/2013 |8/1/2013 3.00
Interaction " "
Wesk § 8/3/2013  8/4/2013 2.00

Points

20.00
4.00
40.00
4.00
30.00
4.00
100.00
4.00

30.00
20.00

4.00

LMS Login History
Sudert Weakly LMS
- (Porcontie Rank) e

ROV TR12013 842013 8182013

Student Class Include In Class
Average  Average  Grade
|25% 66% ¥

75% 7% Y
[10% 74% v

50% 92% Y
[10% 9% v
100% 92% v
|34% 78% [v

75% 20% v
[40% 51% v
[15% 51% v

50% 82% N

Fig. 1. Example dashboard displays from Student Explorer early warning system. Summary (left) dashboard presents most recent formative data across courses. Course detail
(right) dashboard presents all assignment details, a historical performance graph, and LMS login history about a specific course in which the selected student is enrolled.

Lonn et al. (2015)
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EXAMPLE: OU ANALYSE DASHBOARD FOR INSTRUCTORS

https://analyse.kmi.open.ac.uk

AAA 2015J - Week 20

Time machine (choose week):

20

| [l AAA/2015) average TMA score Bl AAA/2014) average TMA score [l AAA/2015) average CMA score [l AAA/2014) average CMA score [l AAA/2015) average prediction score - AAA/2015) -+ AAA/2014) |

300 120

100

2 200 80
P

v 150 60
)

Z 100 - 40
o AAA[2015): 51 click/student

= AAA[2014): 51 click/student

50 “ )
0

4 -3 -2 -1 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39
o o o o 1 2 3 4 s 6 7 8 9 10 1 - - 12 13 14 15 16 17 18 19 20 21 22 23 - 24 25 26 27 28 29 30 31 32 33 34 35 36

oz 910 - 635 307 63 0

(]
[ ) _—
aEEESS————— L R «
19 WRT Previous week 1121 WRT Previous week 1116 WRT Previous week 2.4 WRT Previous presentation 1586 WRT Previous week
25 v Export Select columns ~
Student Risk of non- Next TMA Next TMA grade . . Final result .
4| Name TMA o . L 9 Risk of Failure L Final result
Pl submission prediction prediction prediction
A0000194  Flores Joseph . @ @ . B ot subnit Not Submit ] Fail Fail: no resit
A0000251  Taylor Raymond . . . . - Submit Fail - At risk Pass
A0000305 Thomas George ‘ ‘ ‘ . s Not submit Not Submit [ ] tri Pass
A0000511  Allen Patrick . . . . [ Submit Fail [ | Pass Distinction
A0000653  Jones Robert ©) @) 8 O [ ] Submit Fail [ Pass Pass
A0000658 @ James Catherine . . . . _ Submit Fail - Pass Distinction
A0000742  Turner Timothy [ Submit Fail [ At risk Pass

afiriaaw
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EXAMPLE: VISUALISATIONS

Leadership

Water tank Ship rescue

Competence needs
—Emergency Manager

_ Driver
Pollution Traffi { _
rescue ratric events —Smoke Diver
—=8moke Diver2
Heathland fire Building fire

Wasson & Hansen
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EXAMPLE: ETHICS & PRIVACY

——

Code of practice for learning
analytics

ARterature review of the ethical and legal issues

Nl Schater

___respect
Clarity == cawn —.

e user-control
CONSENt Sroursy wm=—in /vty
accountability —

transparency

S —- (MO

¥
© |
The DELICATE Checklist s IW I. A( E
toimplement trusted i S

Learning Analytics

ariTy wczuEnGe

(DEI'ERMINATION —Why you want to apply Learning Analytics?
P What is the added value (Organisational and data subjects)
P What arethe rights of the data subjects (e.g., EU Directive

95/46/EC)

rE)(PLAIN — Be open about your intentions and objectives
P What data will be collected for which purpose?

P How long will this data be stored?

P Who has access to the data?

rl.EGl'I1MATE — Why you are allowed to have the data?

P Which data sources you have already (aren’t they enough)
P Whyare you allowed to collect additional data?

(INVOI.VE —Involve all stakeholders and the data subjects
P Be open about privacy concems (of data subjects)
P Provide access to the personal data collected (about the data subjects)

rCONSENT —Make a contract with the data subjects

P Ask for a consent from the data subjects before the data collection

P Define clear and understandable consent questions (Yes / No options)

P Offer the possibility to opt-out of the data collection without consequences

(ANONYMISE —Make the individual not retrievable

P Anonymise the data as far as possible

P Agzregate data to generate abstract metadata models (Those do not fall
under EU Directive 95/46/EC)

G’ECHNICAL — Procedures to guarantee privacy

P Monitor regularly who has access to the data

P Make sure the data storage fulfills international security standards

P Iftheanalytics change, update the privacy regulations (new consent needed)

J

E

J

(EXTERNAL - If youwork with external providers
P Make sure they also fulfil the national and organisational rules
P Sign acontract that clearly states responsibilities for data security

P Data should only be used for the intended services and no other purposes

Drachsler, H. & Greller, W. (2016). Privacy and Analytics — it's a DELICATE issue. A Checklist
to establish trusted Learning Analytics. 6th Learning Analytics and Knowledge Conference

LACE Project is supported by the European Commission
Seventh Framework Programme under grant 619424 .

2016, April 25-29, 2016, Edinburgh, UK.
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LEARNING ANALYSIS RESEARCH OBJECTIVES

» Student/student behaviour modelling

» Prediction of performance

» Increase (self-) reflection & (self-) awareness
» Prediction of dropout & retention

» Improve assessment & feedback services

» Recommendation of resources

Papamitsiou & Economides (2014)
40 papers 2008-2013
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SOME IMPRESSIONS

» wide range of research topics

» few impact studies (“very little credible research has
demonstrated any large-scale benefits to learners or
institutions” (see also Ferguson et al. 2016))

» the definition of “learning analytics” is still under discussion

» often lack of theoretical, historical or pedagogical
perspective “data rich — theory poor”

» predominance of studies in higher education, informal
learning, and distance education settings; few studies
concerned about “schools”

» privacy & ethics issues rarely addressed S‘ Al




Analytics Model

Depends on purpose:
- Marketing
~a= Advising
- Faculty Impact
Collection & - Learning

Intervention
Optimization - seneirsaianions 220
Alerts and warning
Guiding/nudging

Systemic SN T —_— - Administration
I(:jgg:zf':f‘;;f:mqb 3 /”,_/" cquisition "‘\\\‘ - Inslitutional Research
' . Agtion Stora\\ge :
','/ \"\ Structured and Pgtﬁls”?:l,::es
'l e \ unstructured data S U:,qé ;
| ata loop > 3
R.epre.sen.tation & g Clea'nihg NO LEARNING SCIENTIST
Visualization NO PEDAGOGICAL EXPERTISE

4
\ / Data Team:

P 5 "~ Sponsor/Stakeholder .
Tools & Techniques A nalysis as oot Integrati‘on - Data scientist KIrSChner (201 6)
of Analysis i - - Programmer
- SNA e - Statistician
- NLP o - End user experience
~Goncept Development Multiple datasets/formats (visuatlization, reporting)

- Prediclion

- Risk Determination
- Course Sequencing
- Help seeking

Siemens (2013)
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MAIN FINDINGS

JRC SCIENCE FOR POLICY REPORT

Research Evidence on
the Use of Learning Analytics

wide gap between the potentials
identified in research & implementation

tools focussed on visualising engagement
and activity for early alerts & targets intervention

evidence of formal validation is lacking
» lack of evidence of more effective learning
» evidence of successful implementation is scarce

need for careful build-up of research and experimentation
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KEY QUESTIONS







KEY QUESTIONS = LACE

Do we see real improvements in learning outcomes for learners?

We may be able to see patterns in learners’ data, but can we take action based on those
patterns that improves their learning?

We may be able to personalise learning based on learners’ data, but does that make any
difference to how much they learn?

Do learning analytics optimise the learning process?

Does that lead to more efficient processes, allow resources to be better targeted, and
save money and time?

Do learning analytics lead to improvements in retention, completion and progression?

If a system is deployed across an organisation, do the teachers and learners actually
use it?

Can the many ethical issues around privacy, transparency, surveillance, data
ownership and control, and data protection be addressed effectively, or will they

prove to be barriers? S‘ AT:
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