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PEDAGOGICAL VISUALIZATIONS OF LONGER WRITTEN ASSIGNMENTS:
EPISTEMIC NETWORK ANALYSIS AS A FORMATIVE EVALUATION TOOL?

Simon Skov Fougt, University College Copenhagen, Denmark; Amanda Siebert-Evenstone, Sara Tabatabai and Brendan Eagan, University of Wisconsin-Madison,

LIGA

USA

RESEARCH QUESTION

Can epistemic network analysis (ENA) be used as a tool
for the professor to support the understanding of subject
learning and assessment when network visuals are
compared to given grades (low (F), middle (C-D), high
(A-B))?

THEORY: EPISTEMIC FRAMES

Several learning theories describe complex thinking as
understanding connections among domain elements
(Chi, Feltovich & Glaser, 1981; Bransford, Brown &
Cocking, 1999). Shaffer (2017) builds on these ideas
characterizing learning as developing an epistemic
frame, which is made up of the “collections of skills,
knowledge, identities, values, and epistemology that
professionals use to think” (Shaffer, 2006, p.12).

EMPIRICAL DATA:
WRITTEN ASSIGNMENTS

16 Danish L1 student teachers wrote a five-page literary
analysis of a short story to pass the fictional-text module
of the L1 specialization (one semester), see fig. 1.

Figure 1. Examples of the written assignments

METHOD: ENA

Epistemic Network Analysis (ENA) is a tool for
measuring and visualizing relationships between
concepts in students’ discourse (Shaffer, 2017). ENA
analyzes the structure of connections by looking at the
co-occurrence of concepts (codes) (see fig. 2) within a
defined stanza (see fig. 3) and creates a discourse
network model hereof (see fig. 4-5) (Shaffer, 2017).

stativet. Ifoelge receptionsaestetikken bestaar alle tekster af flere eller faerre

"blanks™ — eller "tomme pladser”. Laeseren udfylder de tomme pladser, for at

. ®iCtningen og teksten giver altsaa foerst mening, efter laeseren har

skabt en meningsfuld sammenhaeng, paa baggrund af sine forventninger og

Figure 2. Co-occurrence of concepts within a defined stanza

ENA enables the comparison of networks in terms of (a)
complexity, or the number of types of connections, as
well as strengths of the individual connections; and (b)
statistics summarizing the weighted structure of network

Figure 3. Stanzas

The 16 assignments were initially traditionally assessed
by their lecturer by giving them a grade A-F.

Subsequently, these assignments were analyzed with
ENA, using two sets of eight deductive codes to
investigate whether ENA could indicate the quality of the
assignment based on visuals of the network and as
compared to grades.

ot therve moit thema Mot thame

RESULTS: AN INDICATION

ENA can visualize and confirm the quality of the assignments compared to given
grades (see fig. 4-5). The high performing students (grades A-B) make more
connections between subject terms (thickness of the line) as well as an increased
number of types of connections (more codes), as compared to middle (C-D) and low
(F) performers. The density of the structure of connections between codes matches
with the grades given by the instructor
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Figure 4. The epistemic networks of one low performing student (green, ID:16 ), one middle (blue,
ID:4) and one high (red, 1D:2), using 8 general literary analysis
terms

banks |
mﬂnm 5 s 1 close.reading

rgatimnes
. ose sesi analysis . == anatyss
o auersmp P &
authorship,
undordtarminad Inerpretation

iMerpretation - ol
narrator

narraton narrator #

/ descrption
descigtion '

Figure 5. The epistemic networks of one low performing student (green, ID: 6), one middle

(blue, 1D:10) and one high (red, ID:8), using 8 general literary analysis terms and 8 specific
literary terms

PERSPERCTIVES AND DISCUSSIONS

Using ENA as a tool to support formative evaluation - a tool for whom?
2. Using ENA as a tool to support understanding of subject learning (‘proofing’ the

3. Choysmgthivekiighakpyeanids?a tool for whom?

4. Choosing the right number of keywords?
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ALIGNING LEARNING ANALYTICS & LEARNING DESIGN
Rogers Kaliisa, Anders Kluge & Anders Mgrch

University of Oslo, Department of Education (IPED) (rogers.kaliisa@iped.uio.no)

ABSTRAC METHODS & MATERIALS EXPECTED CONTRIBUTION

Learning design (LD) in virtual and blended learning
environments can be supported by learning analytics (LA) through
providing explicit feedback to teachers about learning and
teaching processes. However, to-date, this area has received little
attention. This doctoral project intends to explore the potential for
leveraging LA in support of and for evaluation of LDs, by
exploring how different LD choices made by teachers impact

students’ learning experiences and performance.

BACKGROUND/PROBLEM

% LD can be supported by LA through providing explicit
feedback to teachers [2]

% Thus, there is an increasing interest to explore the dynamics of
LA & LD [2,3,4]

% However, empirical studies on the subject is limited

K3

% Issues of how different LD decisions/patterns affect students’
learning experiences & performance have received little
attention

£

%+ The combination of LA outcomes & students’ voice to redesign

courses is also missing [4]

PURPOSE & QUESTIONS

The aim of the study is to explore how different learning design
choices/patterns made by teachers impact students’ learning
experiences and performance, using LA and disposition data
obtained by self-reports as points of reference.

Questions

RQ1: To what extent are the teachers’ learning design decisions
associated with students’ learning experiences and performance?
RQ2: How do LA outcomes contribute to improvements in
learning design experiences?

RQ3: How does the involvement of students’ voice impact
teachers’ learning design decisions?

+* Design: Educational design research

“ Approach: Explanatory sequential mixed methods

% Data sources: Web-analytics (i.e. system logs from the Learning
Management System (LMS) ‘Canvas’), self-reported surveys, in-class
observations and interviews

 Data types: Students’ performance/participation data, access to course
material, online engagement (e.g. online discussions), average time on
task, and student feedback

“ Empirical Context: Three blended undergraduate courses @ University
of Oslo

% Sample: Teachers (6) 2 from @ course scenario, and students (300)
Approx. 100 from @ course

+* Sampling procedure: Theoretical/purposive sampling

% Analysis techniques: Descriptive & inferential statistics, social

network analysis, interaction analysis & thematic analysis

LD & LA FRAMEWORK

Learning and Teaching Context

Types of
AY'ng?ytm
- Intervention
Support Tools

444

— L =

Figure 1. Conceptual framework linking LD with
LA [1]

=xDe <«

Teacher

* Empirical discussion for the potential of LA towards LD

+ Exploring the impact of students’” involvement in LD decisions

« Formal validation/revision of LA tools and frameworks (i.e. the
conceptual framework linking LD with LA) in natural learning
environments

CHALLENGES/ADVICE SOUGHT

0

+ Finding appropriate external analytics tools to plug-into the LMS
(Canvas)
% Harvesting & Analysis of data from the LMS (Canvas)

RS

% Developing appropriate measures of LA & LD data

2

* Gaining informed consent from students/access to relevant data from
the University LMS
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Learning Analytics
in Digital Mathematics Textbooks

Marie Utterberg
Department of Applied IT, University of Gothenburg

roduction and purpose

i i igi i i loped using students as sources for data tracing of
As students increasingly use digital technologies, new kinds of soﬁwarq are devel ped >Nt (
their activities on digital platforms. Furthermore, teachers in mathematics are begmmng to use dlg!tal textbooks, whlcr} often have
embedded functionalities allowing for continuous real-time measurement of students’ activities including the use of learning analytics
dashboards.

i y d assign tasks and activities, did
However, mathematics teachers that could follow students' progress on a dashboard, asses students an | t
not use the feedback extensively (Faber, Luyten and Visscher, 2017). Data vlsuallsaﬂ9ns are‘not actlpnable if they do not disclose
necessary information for teachers, and it seems to be a limited joint agreement on what information that is relevant for dashboard users
in a learning context (Verbert et al., 2014). Furthermore, there is a lack of research examining how exactly teachers respond to and

make use of learning analytics (van Leeuwen et al., 2017) and of the relationship between the information visualised on a dashboard
related to users' reactions (Park & Jo, 2015).

Dashboards, three examples

1)

One DT has tasks that ai

each stude

Dashboard shows

increased ( -

(red-bar) dge progr
various topics

Methods

Three designer/developer, one from each DT, have been individually interviewed to give an understanding of ideas behind the DTs, their
functionalities generally and of learning analytics dashboards specifically.

We have conducted interviews with nine teachers that are users of one of the DTs.

We have log data from teachers in Sweden using one of the DTs. This raw data, not yet analysed, includes students' interactions with
different kinds of mathematics activities and tasks, assigned by their teachers.

"All information given by the dashboard is

i ly developed from Y
requests. Hence, | have no general picture of
how they could make use of it."” Designer

Preliminary results

“Sometimes I show the “‘Because all the answers will be "

/ tantl
dashboard on the projector entered, the system can compile O"Acf':’z’;%,t,?cg;zmﬁpme};"
for the students. - Look what and give statistics to the teacher d’gi‘l,algaxrbooks will adapt and
I can see, here you can not in real time. | knew that we must ,ghan with new functions.
avoid working.” Teacher make use of that, to give the Hengcee the teacher must

teacher better control.” Designer continual;y take time to learmn.”
Designer

Teachers used real-time data in the classroom to ensure that no students will be left behind. Previously, with printed textbooks, students
could pretend Wol:klng or correct tasks by just re-write with help of the answer key. However, digital dashboards allow teachers to take
Notice of students' performance during lessons. Teachers said that their control of students’ work effort increases.

Students' data aimed for teachers to understand individual kn
of main interest. Rather, teachers wanted to use their own ass

Additionally, teachers expressed that it would be a chall i ) , . g oaed 1006
digitally assessed allenge if students’ comprehensive mathematics understanding is supp

owledge or to address misconceptions in learning, does not appear to be
essment competency.

Faber, et al (2017) The effe

N ) The effects of a digital formative assessment tool on mathematics achiever
e H (2015) lopment of the learning analyti

Van Leeuwen, A, van Wer \

Verben et al (2014) Learning







Exploring Physics Education in the Classroom and the
Laboratory wi

Jesper Bruun

University ofCopenhangen
jbruun@ind.ku.dk

Multimodal Learning Analytics

Daniel Spikol
Malmé University

Linda Udby
University of Copenhagen

Introduction

There is a good amount of evidence set out in recent reports that
show the rising importance of working with other agents, both

people and machines, to solve complex problems across sub-
jects.

In the case of physics education with the focus on neutron
sciences in preparation for the European Spallation Source
(ESS), many teaching/learning initiatives have been launched

that allow for collaborative problem-solving in authentic con-
texts, the laboratories.

Our research aim is to examine how the students’ actions change
from the classroom to the laboratory to understand how the

coursework can further support the laboratory work in real
scientific experiments.

daniel.spikol@mah.se

udby@nbi.dk

Approach

We are investigating student behaviour in a neutron scattering science
course using a combination of server logs, MMLA and observations of
learners in the classroom and authentic experimental environments.

We expect some students to display behaviour which can be identified
as in-depth learning strategies, while other students display behav-
iours more associated with surface learning. However, a given student
may display in-depth learning strategies at one point in time, and sur-
face learning strategies at other points in time.

Concurrent with logging and analysing online behaviour, we will use
video and audio recording student interactions with online course ma-
terial during class and during group work that will be analysed by
human and machine with ongoing MMLA work that explores group col-
laboration

Data Collection

=

Data Analysis Human

Data Analysis Machine
sy i tEEEE a
tEEEE £ .
fEEEE G o A t};‘il'il- wwuls
tEEEE ® tEEEF =
Results Ideas

Time: Classroon to the Lab
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Learning Analytics from a Student Perspective

Student preferences regarding use of data to support academic goals and ambitions

«

AALBORG UNIVERSITY
DENMARK

A survey conducted among first year Danish
high school students (n=339) asked students
about different data preferences, to under-
stand what kind of data that supports students
at their individual levels in terms of academic
ambitions. This rich dataset tells us that stu-
dents want informative data, that helps them

filling out their knowledge gaps and perform
better. They are less interested in comparati-
ve data, like clickstream data and time spent
in digital systems, which is what is often being
used in student dashboards as an indicator of

engagement. NIELS BROCK

EDUCATION SINCE 1881

Survey about data preferences

Questions about data preferences: Cr
How miuch woukd you expect to benefit from o

Qt _being your

Data from digital e
. . bl N Y

learning systems

o g o Nl s 05 54
2 3 - About students willingness to provide
Q4: _soeing your y tu- i -M‘I.&"‘" data about their learning process to the

teacher.
. . — Q5 _havi your . et = |
Data on academic e ‘ gy e o MR i ot eace?
goals and feedback < dORE - T o
Q7 _having the possibility 1o set your own grade goals? } I 2 i *:“ Nover o
I S s m—
i 1 = Q8: _getting = s o .
s i —
,,, N e e
Student self- i - s e |
reported data - 40 33 mate
"""" —d QT _having the possibility to your p- S o I,“L‘.'
- PR

The students asked for a simple interface, The teacher can easily see which students need

T'hese students keep on struggling to under-

1. If th t th nt back from the subject explained once more, and who ne-
stand. If they get their assignment back fro

eds more feedback on the assesignment. The

teacher dashboard informs the teacher conti

that let them communicate in an easy way
With a few clicks they can ask for extra feed-

back or indicate that they are struggling with

the teacher with insufficient feedback or no

formative feedback at all, their knowledge

nously about every students needs.

B i ilum content
gap will increase furthermore pecific curricu

NORDIC LASI 2018: 29-30 AUGUST 2018

Measuring academic ambition

The survey ined 2 set of

(same set of questions for a subject that the
student found hard and easy) about use of:
« goal-setting

« grade-level

« useof feedback
« help-secking behaviour

« level of sati: ion with k

grade and the ambition-score

Avarag grade o e st

A quantitative method to calculate a score
defining the level of academic ambition
based on these questions was developed.
This ambition-score can ultimately be used
to ensure development of data interfaces
that support different student profiles in
terms of their academic ambitions.

Q10 How much do you think you would benefit from being able to.

‘The ambition-score is a better
indicator than grade-average,
when predicting which students
would benefit from a specific
data preferencc.

- : "i: ':7: '7
?"3'|§}I :

|
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Qualitative Learner Analytics:
Screen Recordings and Learning Feedback

Introduction &

Problem

This poster calls for an increased student
and learning transfer-oriented approach in
learning analytics.

The technology perspective prevails, and the
focus in learning analytics has so far been
primarily on"what", ie. quantitative

of the of students.

This poster suggests an alternative and
more learning transfer-centered approach, which
focuses on "how", i.e. qualitative recordings of the
actions of the student.

The objective of this poster is to discuss a
student and learning transfer-oriented model on
qualitative learner analytics and to discuss the
advantages and disadvantages of using screen
vecovdlngs feedback rubrics, self-evaluations and

Methodology  and
Basis

A total of 75 students from different
classes studying different programmes at
Copenhagen Business School and
SmartLearning

participated in five controlled studies.

Empirical

The test persons followed this
Prmved the test

. Made tRemsived written

instasetions

+ Uploaded case

- t&Switched on their integrated screen
recorder

. Uploaded  screen
recording
+ 75 case

. XS self.assessed  their

pe?év'ﬁﬁﬁt&.ﬁk

sheets
The five controlled studies resulted in a total
of

L gsisumprodeinesburas

data about learners and their contexts, for
purposes 75 self-

geyFenmEnts in which it occurs”, cf.
(Siemens

which uses a big data approach and this

RAF is the empirical basis of this
Egg(ér a bit more comprehensive definition.

Theory

measurement, collection, analysis and reporting
of of understanding and optimizing learning and
the

2011). But that is conventional learning
analytics, uses a different approach, cf. (Duval
2012), who

defines learning analytics as “about
collecting traces that learners leave behind and
using those traces to improve learning”.

And this is in fact what this poster is based on.

To use “traces that learners leave behind” to
improve learning. Learning and learning transfer

Henrik Kghler Simonsen
k

Model on Learner

Analytics

Qualitative

Mentor Learner
o~ o

™

Semester Process

Medial
Rubric (Rubic
- Sereen recording - screen recording
axt - et
- Seif assessment
- Faedback session

- St assessment

- Scroen recording
Fast Sutiasas
- Foedback session

- Seif assessment

 Focdback session
Initial Final

The teacher uses three case-based
assignments. One assignment at the start of the
semester, one mid-semester assignment and one
end of semester assignment based. The
process

is based on the same rubric, self-assessment
and feedback rubric, which enables the
teacher to follow learning performance and
progress.

RUBRIC
ot X1 1

Rubric

e e e s e

T T SR R T e

2 ot st e comtmy e
BT IR

Rusaic rEEosAcK
Rubric Feed’b"éck'“

S N —

s et g st
T I T e

= ..........."'".':.'.""' -

s it =

Feedback Sﬁee'i' TSR °-‘~-"—"-'—-'-

Screen Recording

Analysis and Discussion

Learning analytics as a field has to some extent
been hijacked by technologists, cf. also
(Bernhardt & Simonsen 2017), who refer to this
€OE8HOS0PS Yksus Bad Cop perspective” The

approach presented in this poster attempts to get
the discussion on the right track again,
because our efforts must focus on the student
and the learning process. The model on
qualitative learner analytics and the semester
process outlined above, offer an alternative
approach and is called learner analytics.

The use of rubrics, self-assessments and
screen recordings are particularly powerful,
because they enable the teacher and the student
to focus on the “how” and the “why”. It is also
argued that the model and process suggested
also enable the teacher to design for learning, cf.
also (Nortvig 2016). Finally, it is argued that
learning also takes place as a social process
between peers and between the student and the
teacher, and it is argued that rubrics, screen
recordings and feedback sheets support that
social learning process.

Conclusion

The objectives of this poster was to discuss a
student and learning transfer-oriented model on
qualitative learner analytics and to discuss the
advantages and disadvantages of this method. On
the basis of data from five controlled experiments
with different classes at CBS a model on
qualitative learner analytics was developed. It was
found that the model in fact works in practice and
that the students seem to like the personal
feedback sessions based on screen
recordings and feedback rubrics. Admittedly,
the process is quite time-consuming, because the
teacher needs to process a lot of data and
spend time on personal F2F feedback sessions
with

the student.
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