
   

  

   

   
 

   

   

 

   

   Int. J. Technology Enhanced Learning, Vol. 5, No. 2, 2013 97    
  

   Copyright © 2013 Inderscience Enterprises Ltd. 
 
 

   

   
 

   

   

 

   

       
 

Editorial 

Verónica Rivera-Pelayo* 
FZI Research Center for Information Technology, 
Haid-und-Neu-Str. 10-14, 
76131 Karlsruhe, Germany 
Email: rivera@fzi.de 
*Corresponding author 

María Jesús Rodríguez-Triana 
School of Telecommunications Engineering, 
Universidad de Valladolid, 
Paseo de Belén, 15 
47011, Valladolid, Spain 
Email: chus@gsic.uva.es 

Zinayida Petrushyna 
RWTH Aachen University,  
ACIS group, Databases and Information Systems Chair, 
Ahornstrasse 55, Aachen 52074, Germany 
Email: petrushyna@dbis.rwth-aachen.de 

Simone Braun 
CAS Software AG,  
CAS-Weg 1-5, 76131 Karlsruhe, Germany 
Email: simone.braun@cas.de 

Ana Loureiro 
Polytechnic Institute of Santarém,  
Complexo Andaluz, Apartado 131, 
2001-902 Santarém, Portugal 
Email: ana.loureiro@ese.ipsantarem.pt 

Ricardo Kawase 
L3S Research Center & Leibniz University, 
Appelstrasse 4, 30167 Hannover, Germany 
Email: kawase@L3S.de 

 



   

 

   

   
 

   

   

 

   

   98 V. Rivera-Pelayo et al.    
 

    
 
 

   

   
 

   

   

 

   

       
 

Biographical notes: Verónica Rivera-Pelayo received a MSc degree in 
Informatics Engineering from the Universitat Politècnica de Catalunya (UPC). 
Currently she is a research scientist at FZI Research Center for Information 
Technology, working within the competence areas Knowledge & Learning and 
Semantic Technologies. She is further a PhD student of Prof. Rudi Studer at 
Karlsruhe Institute of Technology (KIT). She is involved in the EU Project 
MIRROR and her research is focused on the use of self-tracking tools to 
support reflective learning on the job. Her main interests include technology 
enhanced learning, learning analytics, human computer interaction and mobile 
technologies. 

María Jesús Rodríguez-Triana is currently working towards her PhD 
dissertation at the GSIC-EMIC interdisciplinary research group, which 
specialises in computer-supported collaborative learning (CSCL). She holds an 
MSc in Computer Science at the University of Valladolid. Her main research 
interests include developing technological and conceptual tools to support  
the management of learning situations, especially collaborative learning in 
authentic higher education contexts. 

Zinayida Petrushyna received her BSc in Computer Science from Odessa’s 
State Polytechnic University in Ukraine and MSc in Software Systems 
Engineering from RWTH Aachen University in Germany. Now she is a PhD 
candidate at the Advanced Community Information Systems Group at RWTH 
Aachen University, Germany. Besides her work in research projects, such as 
TEMPUS CUELC, EU IP ROLE and TellNet, her research interests lie in self-
regulated learning and its support by information systems. In particular, she 
focuses on monitoring and modeling learning communities as well as 
supporting communities in their reflection. 

Simone Braun is manager for innovation and business design at CAS Software 
AG in Karlsruhe, Germany, working in several national and European research 
projects. Before, she was researcher and team manager for “Knowledge & 
Learning” at FZI Research Center for Information Technology. In 2011, she 
received her PhD from Karlsruhe Institute of Technology. In her PhD she 
focused on social semantic technologies for supporting knowledge workers. 
She also worked on agile methods for workplace learning and competence 
management. Her main research interests include technology-enhanced 
learning, knowledge and innovation management, social semantic 
technologies, CRM/xRM and cloud computing. 

Ana Loureiro is an Assistant Professor at Polytechnic Institute of Santarém 
(Portugal) and a researcher at Research Centre Didactics and Technology in 
Education of Trainers (CIDTFF/University of Aveiro) in the field of 
Communication, Media and Digital and Virtual Environments in Education. 
She holds a PhD in Multimedia in Education in the Scientific Areas of 
Didactic, Communication Sciences and Technologies. Her research interests 
are digital and information literacy, e-learning and TEL – more specifically with 
the use of 3D virtual worlds and web 2.0 tools for collaborative, cooperative 
and social learning (with an impact in lifelong learning and adults learners). 

Ricardo Kawase is a researcher and PhD candidate at L3S Research Center & 
Leibniz University Hannover. He holds a master and a computer engineering 
degrees from Pontifícia Universidade Católica do Rio de Janeiro (PUC-Rio, 
Brazil). He has been actively involved in various technology-enhanced learning 
projects, holding a vast list of publications on the field. His research interests 
focus on human-computer interaction, user behaviour, social media and the 
semantic web. 

 



   

 

   

   
 

   

   

 

   

    Editorial 99    
 

    
 
 

   

   
 

   

   

 

   

       
 

1 Introduction 

With the general technological advances of the recent years, current learning 
environments amass an abundance of data. Albeit such data offer the chance of better 
understand the learning process, stakeholders – learners, teachers and institutions – often 
need additional support to make sense of it (Dyckhoff et al., 2013; Macfadyen and 
Dawson, 2012). The acknowledgement of these needs is at the heart of the recent 
emergence of Learning Analytics (LA), a research area that draws from multiple 
disciplines such as educational science, information and computer science, sociology, 
psychology, statistics and educational data mining (Buckingham Shum and Ferguson, 
2012). This multidisciplinarity in LA has motivated the work done by Ferguson (2012), 
which provides a first review of the drivers, development and challenges of this novel 
and young research area. 

Our understanding of learning analytics is based on the definition from the Society 
for Learning Analytics (SoLAR – Society for Learning Analytics1) which specifies that 
“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 occurs”. 

Since 2011, the Horizon reports list Learning Analytics as a hot topic in higher 
education and indicate the importance of data for this field (Johnson et al., 2011). 
Learning analytics are able to provide a fresh view on understanding of teaching and 
learning by observing patterns of complex data (Johnson et al., 2012). Furthermore, it 
will influence the evolution of higher education in a great measure. Nowadays, learners 
have access to a huge amount of online information having themselves the possibility of 
being content creators and information sharers. Therefore the quantity of available 
information grows in an exponential way, once that each and every citizen can access and 
produce information. For these purposes, learners have at their disposal many online 
resources, including LMSs, VLEs, MOOCs and many other online tools that facilitate  
the learning process and the development of competences. Taking into account these 
online learning facilities and therefore the learners’ acquisition of knowledge, it is also 
easier to measure and analyse their experiences by using learning analytics tools. 
Different online courses and institutions provide dashboards with information about 
student experiences, flaws and successes. Although the investigation of behavioural-
specific data makes learning analytics complex, the time comes to utilise personalised 
learning environments adapted to students learning paths, skills, previous knowledge, 
competences and motivation.  

2 The research front on learning analytics  

Learning analytics is increasingly seen as an important topic in the academic community 
and many studies have highlighted this development as significant (Kizilcec et al., 2013). 
For example, the Learning Analytics and Knowledge (LAK) Conference series gathers 
researchers that enrich the list of learning analytics publications year by year. The 
relevance of learning analytics in the technology-enhanced learning community has 
considerably grown over the initial years, both regarding the number of submissions from 
the initial 38 submissions in 2011 towards 58 in 2013 and 85 in 2014, as well as with 
respect to the reduction of the acceptance rate from 45% to 28% in only three years. 
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As part of the Work Programme 2013 (European Commission, 2012), the European 
Commission highlights the value of learning analytics and educational data mining 
(Objective ICT-2013.8.2 Technology-enhanced learning), identifying LA as a new 
emerging research field aiming to reduce the gap between research and practice with 
reliable analytics tools. These tools and processes for collecting, storing, exploring and 
reasoning on large-scale educational data should contribute to better understand learners’ 
knowledge, assess their progress and evaluate environments in which they learn.  
These tools and processes should provide learning and teaching for both students  
and instructors. The expected impact from the exploitation of learning analytics tools is a 
more efficient use of ICT for learning and this can only be achieved by using LA tools in 
real learning scenarios and gaining insights about their real impact. This final work 
programme for FP7 has also played an important role in preparing for the new 
approaches proposed to be introduced in Horizon 2020. 

As a result, the European Commission through the first work programme 2014–2015 
in Horizon 2020 recognises the importance of learning analytics and data analytics, 
encouraging joint projects with a major focus on “innovation and technology transfer in 
multilingual data harvesting and analytics solutions and services” (European Commission, 
2013), and by creating specific calls and programmes to address this issue, not only at 
R&D level but also in Education, Industry and Entrepreneurship level. Concerning the 
Education sector in particular, the Horizon 2020 proposes a very specific action named as 
ICT 20 – 2015: Technologies for better human learning and teaching which falls into the 
attempt of establishing a technological platform in order to provide a framework and a 
roadmap for all the involved agents, led by industry with a close collaboration of 
academia. This kind of partnerships will foster the development of certain learning 
applications based on adaptative solutions, learning analytics, augmented reality and 
mobile learning. 

3 The context and motivation behind learning analytics  

The interest on the increasing number of learners’ interactions registered by the 
technological learning environments is not new (Ferguson, 2012). As Romero & Ventura 
conclude in their state of the art analysis (Romero and Ventura, 2007), there are several 
research approaches since 1995 dealing with the interpretation of educational data, with 
the main works, however, starting several years later, especially from 2008, with the 
advent of first conferences on Educational Data Mining (EDM), the Journal of EDM2, 
and the establishment of the EDM Society3. 

Despite EDM provides researchers with relevant insights into the understanding of 
computer mediated learning (Baker and Yacef, 2009; Romero and Ventura, 2010), 
organisations and participants keep on asking for information that raises their awareness 
and helps them to realise what is happening in the learning scenario (Sutherland et al., 
2012; Siemens and Baker, 2012). In order to save this gap between research and practice 
(Siemens, 2012), learning analytics break through in 2010, holding the first conference 
on Learning Analytics and Knowledge (LAK) and a year later setting up the Society for 
Learning Analytics (SoLAR). 
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Learners, teachers/educators, institutions or administrators, parents and government 
are the main stakeholders who can benefit from learning analytics data (Siemens et al., 
2011; Drachsler and Greller, 2012). However, not only individual stakeholders may 
benefit from LA, also the relationship between them can be influenced. As the work of 
(Drachsler and Greller, 2012) shows, it is the relationships of teachers that are expected 
to be most widely affected, followed by learners, institutions, and parents at a minimal 
level. 

In every concrete scenario where learning analytics are applied, the level or object of 
analysis performed in the data will also affect the interests of these stakeholders. 
Learners and educators can benefit from an analysis done at personal level (e.g. data 
about learning goals and resources) as well as at course-level (e.g. social network 
analysis or discourse analysis), whereas analysis done at higher level i.e. departmental or 
institutional may offer more benefits for educators and administrations.  

When dealing with learning analytics, the type of data being analysed and the 
technological context where this data comes from play a significant role. During the last 
few years there have been different technological trends linked to different types of 
learning. Learning Management Systems (LMS) as well as virtual and Personal Learning 
Environments (PLE) (e.g. Moodle and ROLE platform) appeared to support teacher and 
student-centric approaches respectively. In addition, the call for specific functionalities 
that address users’ needs often spreads learning environments over external tools 
(simulators, social media, forums, etc.). This myriad of VLEs, PLEs and Web 2.0 tools 
provides to Learning Analytics the opportunity of gaining insight into online and blended 
learning. 

On the other hand, the integration of mobile and pervasive computing devices (e.g. 
interactive tabletops, whiteboards, tablets and smartphones) offers the possibility of 
connecting the physical and digital worlds. These technologies give us the chance of 
analysing ubiquitous learning by capturing learners’ location and activity (Long and 
Siemens, 2011). 

Massive Open Online Courses (MOOCs), which occur in decentralised, distributed 
teaching and learning networks involving large numbers of people, constitute another 
challenge (Suthers and Road, 2013). In these contexts, there is a clear urgency to uncover 
the reasons behind the low rates of completion. 

Not only the technological aspects are important for learning analytics, but also in 
which learning scenarios they are being used. Especially for this issue, it was also 
intended to investigate in which real scenarios LA is being successfully applied. These 
scenarios can range from formal to informal settings, although a clear predominance of 
formal settings can be identified (both in the LA research community as well as in this 
special issue). It seems that the jump to informal settings (e.g. workplace settings) that is 
being currently experienced in the TEL community still has to be transferred to LA. In 
formal settings, LA approaches are being targeted for learners at any stage, starting from 
schools and going through higher education until university levels. 

Finally, another parameter to categorise learning analytics deals with the nature of the 
data. A number of research works have addressed the problem of “big data”. However, if 
we go back to the definition of learning analytics, there is no constraint in terms of the 
data size. Other problems such as the collection and analysis of distributed and 
heterogeneous data represent a challenge itself regardless of the size of the data sets  
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(Ferguson, 2012). In addition, as Boy and Crawford discuss in (Boyd and Crawford, 
2012), big and small data may provide different and complementary insights into the 
learning process. 

4 Challenges in learning analytics 

With the introduction of learning analytics, new challenges related to the capturing and 
analysis of the data as well as to the learning methodologies have arisen.  

As stated by Sutherland et al. (2012), the analysis, visualisation and interpretation of 
the data provide the opportunity to improve learning and study plans, but dealing with 
data open several issues:  

 What real time data do teachers need for monitoring their students? And how can 
the data be collected and presented in an efficient and useful way? 

 How can teachers adapt their teaching in order to improve their students learning 
after having received real time data? 

 How can students themselves benefit from real time data collection? Can students 
be challenged cognitively or be provided with feedback through representations of 
real time data? 

Learning processes and study methodologies are also affected by the introduction of LA 
and therefore this adds further challenges which need to be addressed. The connection of 
LA with pedagogical theory need further work, and a contextual framework that helps 
teachers interpret the information that analytics provides (Lockyer et al., 2013) is 
necessary in order to achieve successful results. Ferguson has done a detailed analysis in 
(Ferguson, 2012) and has identified the following explicit challenges:  

 build strong connections with the learning sciences 

 develop methods of working with a wide range of datasets in order to optimise 
learning environments 

 focus on the perspectives of learners 

 develop and apply a clear set of ethical guidelines 

These challenges need further investigation in order to overcome the barriers that LA 
systems and tools may encounter in any learning scenario. 

5 In this issue 

The aim of this special issue is to move forward in the application of learning analytics  
in authentic learning scenarios, addressing different learning scenarios, stakeholders, 
technological contexts, and challenges. In such an emerging field which is evolving from 
different disciplines, doing a compilation of work done in real learning scenarios 
contributes to show the success of LA beyond experimental settings.  

The table below shows an overview of the articles contained in this special issue and 
summarises their content following the mentioned criteria.  



   

 

   

   
 

   

   

 

   

    Editorial 103    
 

    
 
 

   

   
 

   

   

 

   

       
 

 

 

T
it

le
 

A
ut

ho
r(

s)
 

L
ea

rn
in

g 
sc

en
ar

io
 

T
ec

hn
ol

og
ic

al
 

co
nt

ex
t 

St
ak

eh
ol

de
r 

M
ai

n 
ch

al
le

ng
e 

L
ik

e 
di

am
on

ds
 in

 th
e 

sk
y:

 h
ow

 
fe

ed
ba

ck
 c

an
 b

oo
st

 th
e 

am
ou

nt
 o

f 
av

ai
la

bl
e 

da
ta

 f
or

 le
ar

ni
ng

 a
na

ly
tic

s 

M
az

ar
ak

is
 

Fe
ed

ba
ck

 a
nd

 L
A

 
in

 le
ar

ni
ng

 g
am

es
 

L
ea

rn
in

g 
ga

m
es

 
L

ea
rn

er
s 

In
cr

ea
se

 m
ot

iv
at

io
n 

of
 s

tu
de

nt
s 

an
d 

ge
t 

m
or

e 
le

ar
ni

ng
 a

na
ly

ti
cs

 d
at

a.
 

Im
pr

ov
in

g 
ac

ad
em

ic
 o

ut
co

m
es

: d
oe

s 
pa

rt
ic

ip
at

in
g 

in
 o

nl
in

e 
di

sc
us

si
on

 
fo

ru
m

s 
pa

yo
ff

? 

C
ar

ce
lle

r,
 D

aw
so

n,
 

L
oc

ky
er

 
L

A
 in

 L
M

S
 a

nd
 

fo
ru

m
 p

ar
ti

ci
pa

tio
n 

O
nl

in
e 

di
sc

us
si

on
 

fo
ru

m
 

L
ea

rn
er

s 
F

in
d 

th
e 

di
ff

er
en

ce
 b

et
w

ee
n 

st
ud

en
ts

 
th

at
 p

ar
ti

ci
pa

te
 a

nd
 d

on
’t

 p
ar

ti
ci

pa
te

 in
 

th
e 

fo
ru

m
s.

 

U
si

ng
 le

ar
ni

ng
 a

na
ly

tic
s 

to
 id

en
tif

y 
su

cc
es

sf
ul

 le
ar

ne
rs

 in
 a

 b
le

nd
ed

 
le

ar
ni

ng
 c

ou
rs

e 

K
ot

si
an

ti
s,

 T
se

lio
s,

 
F

il
ip

pi
di

, K
om

is
 

Fe
ed

ba
ck

 a
nd

 L
A

 
in

 M
oo

dl
e 

– 
on

lin
e 

M
oo

dl
e 

(L
M

S)
 

L
ea

rn
er

s 
P

re
di

ct
 s

tu
de

nt
s’

 p
er

fo
rm

an
ce

. 

T
ow

ar
ds

 a
 s

cr
ip

t-
aw

ar
e 

m
on

it
or

in
g 

pr
oc

es
s 

of
 c

om
pu

te
r-

su
pp

or
te

d 
co

lla
bo

ra
ti

ve
 le

ar
ni

ng
 s

ce
na

ri
os

 

R
od

rí
gu

ez
-T

ri
an

a,
 

M
ar

tí
ne

z-
M

on
és

, 
A

se
ns

io
-P

ér
ez

, 
D

im
it

ri
ad

is
 

M
on

it
or

in
g 

an
d 

C
SC

L
 

D
is

tr
ib

ut
ed

 
le

ar
ni

ng
 

en
vi

ro
nm

en
t 

T
ea

ch
er

s 
H

ig
h 

ef
fo

rt
s 

fo
r 

cl
as

sr
oo

m
 m

an
ag

em
en

t 
du

e 
to

 m
or

e 
co

m
pl

ex
 C

S
C

L
 s

ce
na

ri
os

, 
pa

rt
ic

ul
ar

ly
 in

 d
is

tr
ib

ut
ed

 le
ar

ni
ng

 
en

vi
ro

nm
en

ts
. 

E
ff

ec
t o

f 
vi

su
al

-a
ss

is
te

d 
pe

da
go

gy
 f

or
 

te
ac

hi
ng

 a
nd

 le
ar

ni
ng

 p
ro

pe
rt

ie
s 

of
 

re
la

ti
on

s 

F
ra

ij
, A

l-
D

m
ou

r 
L

A
 in

 le
ar

ni
ng

 
m

at
he

m
at

ic
s 

V
is

ua
l i

ns
tr

uc
ti

on
 

sy
st

em
 

L
ea

rn
er

s 
Im

pr
ov

in
g 

st
ud

en
ts

’ 
ab

il
iti

es
 o

f 
id

en
ti

fy
in

g 
pr

op
er

ti
es

 o
f 

re
la

ti
on

s.
 

L
ea

rn
in

g 
an

al
yt

ic
s 

an
d 

se
co

nd
-

la
ng

ua
ge

 c
on

te
xt

: a
 d

ig
it

al
 in

st
ru

m
en

t 
fo

r 
m

ea
su

re
m

en
t o

f 
re

al
-t

im
e 

da
ta

 
re

ga
rd

in
g 

se
co

nd
 la

ng
ua

ge
 le

ar
ne

rs
 

ac
hi

ev
em

en
t 

F
ig

ue
ir

ed
o 

L
A

 in
 le

ar
ni

ng
 

la
ng

ua
ge

s 
S

ec
on

d 
L

if
e®

, 
el

ec
tr

on
ic

 te
st

 
ba

tte
ry

  

L
ea

rn
er

s 
M

ea
su

re
m

en
t o

f 
le

ar
ne

rs
’ 

ac
hi

ev
em

en
t 

in
 s

ec
on

d-
la

ng
ua

ge
 le

ar
ni

ng
 in

 v
ir

tu
al

 
en

vi
ro

nm
en

ts
. 



   

 

   

   
 

   

   

 

   

   104 V. Rivera-Pelayo et al.    
 

    
 
 

   

   
 

   

   

 

   

       
 

This issue includes work representing the mentioned diversity of online platforms 
available for learning analytics, including games, learning management systems and 
discussion forums. Firstly, Mazarakis presents us a short paper with a study that intends 
to find out how feedback can boost the amount of available data for Learning Analytics. 
With the presented field study, the role of three different types of feedback is examined 
(i. right/wrong questions, ii. social ranking, iii. combination of both previous types)  
with a learning game similar to “Who Wants to Be a Millionaire?”. It is proved that 
participants in the feedback conditions played longer and were more motivated to play 
the game, thereby increasing the gathering of data for learning analytics in the game. 
Secondly, Carceller, Dawson and Lockyer investigates the differences between students 
that participate in online teaching units and those that participate in blended teaching 
units. They found no difference in performance of students from different groups. 
Although the participation in online discussions correlates with the performance of 
students and their final marks both in online and blended learning. The latter proposes the 
better conditions for the network learning as students have already develop network ties 
in the physical world. Finally, Kotsiantis, Tselios, Filippidi and Komis investigate 
Moodle usage patterns by using learning analytics in a blended learning environment in 
order to predict learners’ performance. The authors present a case study involving 337 
students over 3 years. Using four complementary LA techniques, they could show that 
interaction activities together with students’ perceptions towards Moodle can be used as 
predictor for their performance. 

Approaches in learning analytics are not only targeted for learners, but also teachers 
and instructors play a very important role and can benefit from it. In this issue, 
Rodríguez-Triana, Martínez-Monés, Asensio-Pérez and Dimitriadis give us insights 
about the influence that pedagogical decisions may have on learning analytics. The 
authors present a monitoring proposal that takes into account scripting decisions in 
Computer-Supported Collaborative Learning (CSCL), and illustrate it through the 
description of an experiment based on a real scenario. 

The benefits of learning analytics in very different disciplines like mathematics and 
languages are also explored in this special issue. Fraij and Al-Dmour examine the 
influence of visual-based instruction in teaching properties and relations. In their 
selective use case and thorough user study, they demonstrate the positive impact of 
visual-based instruction on student’s performances. The implications of their work may 
support the development of new tools that incorporate visual-based metaphors in the 
learning scenario. Finally, Figueiredo presents us the results of a study that intended to 
develop a reliable electronic instrument in the full sense of learning analytics in order to 
collect, measure and report data about verbal behaviours, regarding the phonological 
awareness and specific language skills of second language learners. The author presents 
the tests battery as an important diagnostic tool applied to educational context in a virtual 
environment that allows a more complete understanding about the decoding processes 
and cognitive constraints of language learners.  
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