This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TLT.2018.2868673, IEEE
Transactions on Learning Technologies

JOURNAL OF BTEX CLASS FILES, VOL. 6, NO. 1, JANUARY 2007

Learning analytics for learning design: A systematic
literature review of analytics-driven design to
enhance learning

Katerina Mangaroska, Michail Giannakddenior Member, IEEE

AbstractAs the elds of learning analytics and learning design
mature, the convergence and synergies between these two elds
became an important area for research. This paper intends to
summarize the main outcomes of a systematic literature review
of empirical evidence on learning analytics for learning design.
Moreover, this paper presents an overview of what and how
learning analytics have been used to inform learning design de-
cisions and in what contexts. The search was performed in seven
academic databases, resulting in 43 papers included in the main
analysis. The results from the review depict the ongoing design
patterns and learning phenomena that emerged from the synergy
that learning analytics and learning design impose on the current
status of learning technologies. Finally, this review stresses that
future research should consider developing a framework on
how to capture and systematize learning design data grounded
in learning analytics and learning theory, and document what
learning design choices made by educators in uence subsequent
learning activities and performances over time.

Keywords Learning analytics, Learning design, Empirical stud-
ies, Systematic literature review.

I. INTRODUCTION

The use of analytics to discover important learning phenom . . o . .
ena (e.g. moment of learning or misconception) and portra hat learning design decisions affect learning behavior and
learners’ experiences and behaviors, is evident and common
accepted due to the pervasiveness of learning technologi
Learning analytics holds a critical role in understanding huma
learning, teaching, and education, by identifying and validatin
relevant measures of processes, outcomes, and activities.
addition, learning analytics supports and promotes evidenc

based practices derived from evaluation and assessment

learners’ progress, motivation, attitudes, and satisfaction. Ho

ever, learning analytics lacks theoretical orientation that ca
assist researchers to explain inconsistencies, avoid misint

Learning design de nes the educational objectives and the
pedagogical approaches that educators can re ect upon, take
decisions, and make improvements. In other words, learning
design is the application of methods, resources and theoretical
frameworks to achieve a particular pedagogical goal in a given
context [3, p.88]. Moreover, learning design documents the
sequence of learning tasks and teaching methods as main
premises for re-usability and transferability of good practices
across educational contexts [4, p.3]. Yet, past research was fo-
cused on conceptualizing learning design principles, without
evaluating what happens after the design process [5, p.333]. In
addition, several studies have tried to understand and improve
the learning design experiences by utilizing learning analytics,
but only few of them establish the usage of learning analytics
on existing principles and theories in learning sciences, educa-
tional research, technology acceptance, and human-computer
interaction [6], [7].

As it can be observed from the literature, learning analytics
is an interdisciplinary eld embracing methods and approaches
from various disciplines, and as such, lacks a consolidated
model to systematize how those disciplines are merged
together [1]. Moreover, research is missing to measure

imulate productive learning environment, as well as, what
arning analytics generate actionable design insights for

ryé\rious groups of stakeholders [1]. To bridge the gap, this
qt;;\per centers in a systematic literature review with an aim

examine the intersection between learning analytics and

é@arning design, and provide important insights beyond the
V\?Tecic research ndings within the individual disciplines.

Although the eld of learning analytics is still relatively

young [8], as indicated by Google Trends too (see Figure 1),

nough work has already been done to conduct a review [9],
4]. Thus, the study addresses the following research questions:

pretations, and consider and clarify any contextual condi
tions (e.g. instructional, sociological, psychological, etc.) that . . :
affect(legrning [1], [2]. Moreovger, R(gir%/ann k?ighlights )that RQL: Wh"’.‘t is the current status of learning analytics for
"atheoretical approaches to learning analytics might producl$@ming design research, seen through the lens of educational
misconceptions because it is the logical (and ethical) error ofONtexts (i.e. users and rational for use), distribution of
using descriptions of the past as prescriptions for the futureP€dagogical practices, and methodologEs (i.e. types of data
[2, p.136]. Consequently, without theoretical grounding of2nd data analysis techniques employed):

learning analytics, and contextual interpretation of the col-

lected data, learning analytics design capabilities are limited, RQ2: What leaming analytics have been used to inform
From this perspective, leaming design is utterly importan earning design decisions, and to what extent learning analytics

as it provides the framework for analyzing and interpreting"2ve the capacity to support dynamic and data-driven learning

data, learner's behavior, and successful or inef cient learning!€SIgn decisions?
patterns.

1939-1382 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TLT.2018.2868673, IEEE
Transactions on Learning Technologies

JOURNAL OF BTEX CLASS FILES, VOL. 6, NO. 1, JANUARY 2007 2

100

and engagement [15], [16]. Consequently, designing and ap-
plying personalized learning activities could improve student’s
performance and learning progress [17]. Along the same lines,
60 Papamitsiou and Economides [9], [18] systematized the signif-
icant contribution of learning analytics empirical research and
identi ed some early indications of how learning analytics and

80

40

5 U of data mining might support personalized and adaptive learning
e 2 ikl experiences utilizing rich data. Consequently, developing and
o T T T employing personalized learning and feedback mechanisms to

2010 2011 2012 2013 2014 2015 2016 2017

support learners to follow and regulate their progress, involves
more than just data easily collected. It actually tackles the
Fig. 1. Search interest in Learning Analytics (blue line) and Learning DesignIearnlng dESIQr_] activities grounded in theory a_nd data, where
(orange line) according to Google Trends. educators decide how to introduce the analytics and how to
frame aspects of their interpretation within a socio-technical
system. This is due to the fact that "human decision-making

The rest of the paper is organized as follows. In the nexand consequent actions are as much a part of any successful
section the authors present the related work; the third se@nalytics solution as its technical components” [19, p.4].
tion describes the methodology used for the literature review
describing how the studies were selected and analyzed. Tig : :
fourth section presents the research ndings derived from thé&: Leaming design
data analysis based on the speci ¢ areas of focus. Finally, in Learning design is another eld associated with online and
the last section, the authors discuss the results and identifgchnology enhanced learning (TEL) research in the late 1990s
gaps, while making suggestions for future considerations. and 2000s, that holds different theoretical background than

the domain of instructional design [3]. The term was coined

II. RELATED WORK to replace the al_rea(_:ly established_?e_rm instructional design

_ . based on behaviourism and cognitivism [20], [21] and to

A. Learning analytics include educational interventions based on socio-constructivist

In the last ten years, learning analytics highlighted theapproaches mediated by technology [3], [22]. However, the
gradual shift from technological towards educational perspeceld of learning designed emerged from the perception of
tive, despite its roots in business intelligence, recommendezducator’s role in education, as Laurillard phrased it: "not to
systems, and educational data mining [10]. Its emergence ast@nsmit knowledge to a passive recipient, but to structure the
separate eld is due to the increasing trend of digitization inlearner's engagement with the knowledge, practising the high-
the eld of education, the appearance of distributed learnindevel cognitive skills that enable them to make that knowledge
environments, and the increased engagement in online learnittigeir own" [23, p.527].
experiences [11]. The practice of learning analytics evolved At present, learning design is very diverse, because the way
around the idea of harnessing the power of digital technologiethe term is conceptualized is contingent on observer's choice
to collect traces that learners leave behind, in order to undenf perspective [24], [3]. This is representative of the emergent
stand activities and behaviors associated with their learnindiscourse among the researchers and practitioners that shape
[8]. As a result, learning analytics holds the potential to: 1)the eld of learning design [25]. Nonetheless, learning design
explain unexpected learning behaviors, 2) identify successfuhust be conceptualized before it can be utilized as a process
learning patterns, 3) detect misconceptions and misplaceithat leads to explicit and sharable design outputs for learning
effort, 4) introduce appropriate interventions, and 5) increas§26]. Thus, some researchers see learning design as a form of
users’ awareness of their own actions and progress [11Hocumentation of pedagogical intent that provides the context
Undoubtedly, learning analytics is an interdisciplinary eld that to interpret the analytics from the diverse data sets" [4, p.1].
embraces a holistic approach to study learning contexts anéor others, learning design is "a methodology that educators
environments, and to address questions in educational reseanebe and communicate with each other to make informed
[12]. As a term it has a generally accepted de nition, adopteddecisions in designing learning activities and interventions
by the Society for Learning Analytics Research (SoLAR):with effective use of resources and technologies" [25, p.121].
"Learning analytics is the measurement, collection, analysidjowever, in a more general sense, learning design can be
and reporting of data about learners and their contexts, fode ned as "the description of the teaching-learning process
purposes of understanding and optimizing learning and théhat takes place in a unit of learning (e.g., a course, a lesson
environments in which it occurs" [13]. or any other designed learning event)." [27, p.14].

Previous research [14], supports and promotes evidence- Although learning design and instructional design perspec-
based practices of learning analytics potential in understandintives have a substantial overlap in the literature, learning design
and optimizing the complexities of the learning process. How-emphasizes more the learner’s context and the constructivist
ever, learning analytics should not promote "one-size- ts-all"approach in the learning activities [3]. Thus, learning design
research due to the fact that students’ individual differencesan be seen "as a creative process of perpetual educational
have strong implications on the learning behavior, motivationjnnovation grounded in well-de ned context of practice and

Category: All categories : (Worldwide)

learning analytics learning design
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pedagogical theory for generating new solutions to variousvithout the support of learning analytics. Moreover, there is no
educational challenges.” [3, p.93]. On one hand, its aim as ather classi cation of learning design concepts, that has been
eld is to explore issues in education and support educators tempirically used to compare, on a large scale, module designs
make pedagogically grounded decisions in their teaching pra@cross disciplines in university institutions [5]. Consequently,
tices [25]. However, a common language for learning desigrhe authors want to explore what type of learning design
is needed, in order to streamline the process of constructingctivities have been used in the selected studies, and what
validating, and disseminating design knowledge among thé&arning analytics the researchers have applied to see how
research community. This way learning design could have atudents’ behavior relates to a specic learning activity. In
positive impact on sharing, discussing, and improving the eduparticular, the focus is towards well-designed learning design
cational processes [22]. This is also the idea behind Perisco amttivities that provide foundation for effective scaffolding of
Pozzi call for multi-dimensional framework drawing together student’s learning behavior.
a number of approaches and tools for design of learning, rather
than just schemes and graphical representations [28]. : .
On the other hand, educators need to orchestrate all of tHg- Theoretical alignment
activities that learning design encompasses, including the con- Adoption of data-driven approaches in learning analytics
straints and challenges (e.g. time, attention, cognitive overloadmphasize the power of data science methods with unprece-
they face in their everyday practice [29], [30]. Orchestrationdented amounts of data collected from students and teachers in
is a research phenomenon that deals with the complexitgistributed learning environments [35]. However, data-driven
of learning design activities and application of technologicalapproaches were later recognized as not suf ciently informa-
innovations in education [31]. As a de nition, orchestration tive [36]. Furthermore, as highlighted by Ga ewt. al, [36]
covers "the process by which teachers and other actors desigme of the most important tasks of learning analytics is the
manage, adapt and assess learning activities, aligning tHdevelopment of measures that can increase the understanding
resources at their disposal to achieve the maximum learningpto the learning processes and interpret those measures to
effect, informed by theory while complying pragmatically with inform existing theories for the purpose of developing action-
the contextual constraints of the setting” [32]. Moreover, theable initiatives in teaching practices and design of learning
eld of orchestration research proposes tools and frameworkenvironments". Consequently, theory orientation in learning
to conceptualize and adapt the available pedagogical arahalytics is essential. It helps to identify meaningful patterns
technological innovations, as a way to achieve improvemenand associations between digital traces and learning outcomes
in teaching and learning. As such, it cannot be overlooked if37], [1]; to decide what questions to research to improve
the discourse apropos of learning design and learning analyticBEL [38]; what methods and analysis to select [39]; and how
[33]. to interpret the outcomes to produce actionable insights for
various stakeholders [36]. In the existing literature, there is a
. . reference model that identi es four critical learning analytics
C. Learning design taxonomy dimensions: what (data is gathered, managed and analyzed),
The term learning design in this paper refers to the proceswho (is the target audience), why (data is gathered and
of designing effective learning experiences with use of techanalyzed, and how (data will be analyzed) that need to be
nological innovations and resources. If effective, this processonsidered when designing learning activities [40]. Similarly
could be shared between educators and reused or adaptéal.Chatti et al. [40] Greller and Drachsler [41] identi ed six
Thus, there are several initiatives to create descriptive frameeritical dimensions of leaning analytics that need to be covered
work of instructional practices so that teaching approacheby the design to ensure use of learning analytics in an "educa-
are shared among educators [34]. One of those initiatives isonally bene cial way". Another conceptual four dimensional
the Open University Learning Design Initiative, that categorizeframework proposed by Martinez et al. [42] provides guide-
learning design in seven broad learning design activities [34]ines how to design learning analytics technologies that will
Assimilativeare learning activities in which students attendaddress orchestration challenges utilizing data from interactive
to information as required by their instructoSinding and  surfaces. Finally, a new conceptual framework (Orchestrating
handling informationincludes learning activities which focus Learning Analytics - OrLA) is proposed to overcome the gaps
on skills developmenCommunicativectivities encompass all in the adoption of learning analytics innovations by supporting
communication between students, or students and instructorsiter-stakeholder dialogue at the practitioner level [33].
Productiveactivities focus on active learning where students Despite the widely accepted and used term "learning an-
build artifacts;Experientialactivities support students to apply alytics", the reference to "learning" is still young as learning
their knowledge in real-world settingBjteractive/adaptivec-  analytics only recently began to make connection with learning
tivities include role-play, problem-based scenarios in simulatetheories [10], [15]. This de ciency leads to another current
experiments; and nallyassessmerdctivities that include all issue of misalignment between the information generated by
forms of assessment. learning analytics, and the needs, problems, and concerns
Having understanding of specic issues and phenomenaeachers have with the learning design activities. The reason for
during the implementation of learning design activities inthis misalignment can also be found in the gap between data
technology-rich educational settings is of utmost importanceasily captured from system logs and data that is pedagogically
[31]; and in the same time very challenging to be addressedaluable. One possible solution to overcome the disconnec-
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tion between research and everyday pedagogical practice, tisere is a paucity of evidence for how learners respond to
development of a common framework that will systematizedifferent learning designs, that hinders researchers to explore
the process of establishing effective solutions using learningvhich pedagogies and conceptualizations work best [34]. Fur-
analytics grounded in theory to open educational issues. Ththermore, several studies highlighted and acknowledged the
advantage of developing a common framework should be seemeed to align both approaches with a conceptual framework
in establishing understanding, validity, reliability, and directthat will facilitate further maturation of the elds [36], [6],
support by clear guidance of the types of analytics and tool§47], [48], [49]. Having a generally accepted framework might
essential for particular learning contexts. For example, wéielp researchers to understand how speci c design elements
have Perisco and Pozzi [28] framework of representationgj.e. design of learning tasks) in uence students’ behaviors,
approaches, and tools from which teacher’s training in learningngagement, and learning; while at the same time discover
design can draw upon, combined with hands on experiencé&ow students engage and learn within an authentic pedagogical
Next is the proposed conceptual framework that links learningand technological context. In addition, Lockyer and Dawson
analytics to learning design with the aim to support enquiry{50] work complements these studies by demonstrating the
based evaluation and scaffolding of learning designs [43]evaluative potential of learning analytics to inform pedagogical
Furthermore, the concept of orchestrating learning analyticaction, and accordingly, improvements in the learning design.
(OrLA) aims to provide conceptual framework and guidelinesin their later research, they highlighted the importance of inter-
that support teacher’s complex activities utilizing learning anapreting learners’ behaviors and reactions, as well as developing
lytics in authentic educational practices [33]. Another possiblea conceptual model for educators’ use of learning analytics
solution to overcome the disconnection between research amwghen developing learning design strategies [4]. Additionally,
everyday pedagogical practice is utilizing effective learningPersico and Pozzi [28] collocated much of the work done in the
techniques grounded in theory to help students achieve theields of learning analytics and learning design, and highlighted
learning goals that can later be empirically validated andhe issues using a multitude of different approaches, tools,
modeled to more directly guide behavior [44]. and representations that are not interoperable, and as such
Although learning analytics is receiving close attention inpresent various epistemological issues. Finally, aligning the
the TEL community, there are issues that the eld is strugglingboth approaches with a conceptual framework could also
to answer. This is due to the lack of theoretical groundingncrease the communication among the various stakeholders
in interdisciplinary approaches, such as educational researchbout the adoption of learning analytics at practitioner level
learning sciences, psychology, human-computer interactiof33].
data mining, and research methods [1]. Therefore, Ga evi Although learning analytics and learning design share com-
et al. [1] proposed a consolidated model how theory, designnon goals, their alignment and convergence is still limited. To
and data mutually interact and inform decisions related taddress this issue, the research community needs to reach out
practice, privacy, ethics, policy, and standards. This modein both directions; learning analytics needs to consider edu-
incorporatestheory to identify which associations between cational research and theory in the design of analytics; while
learning analytics and learning outcomes are meaningful, anigarning design needs to utilize data mining and information
as such, insert them into analytical modalesigngrounded contextualization before designing for analytics use [1].
in learning theory and tailored to activate particular learning Consequently, for the purpose of this review study and
mechanisms; andata to identify indicators and measures in interpretation of the results based on the ndings from the wide
learning analytics far from just using counts of click-streamsliterature, the authors outline a de nition of learning analytics
data. for learning design in the context of the proposed research
guestions, asiusage of learners and educators-produced data
to discover behavior patterns that are of core interest to
both groups, for the purpose of devising explicit, sharable,

As the eld of learning analytics matures, its convergence,,g reusable learning designs, practices, resources, and tools,
and synergy with the eld of leaming design becomes anginmeq at achieving educational goals in a given learning

important area for research. The alignment between 'eaminébntext". Considering this de nition, the current review study

analytics and learning design derives from the possibility to: investigates what empirically-based learning analytics are em-
1) utilize learning analytics to “facilitate the drive from ployed to inform actionable design decisions using what types
tacit educational practice to explicit" [34], of data and analysis methods; as well as to report the in uence

2) utilize learning design in pedagogical context to trans-of those analytics-driven design-decisions in learning and
late the learning analytics ndings into meaningful teaching.

information [4], [28], [45].

Rienties et al. [34] presented a review study of ten years
research at Open University UK in aligning learning design
with learning analytics, underlining the importance of learning To answer the research questions, the authors decided to
design in learning experiences and teaching practices. Moreonduct a systematic review of the literature by following
over, they also emphasized that "learning design focuses dmansparent procedure adopted in the eld of computer science
what students do as part of their learning, rather than omn order to minimize potential researcher biases and support
the content that is delivered by the teacher" [46]. Howeverreproducibility [51].

E. Learning analytics for learning design

Il. METHODOLOGY
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TABLE I. I NCLUSION/EXCLUSION (I/E) CRITERIA . . L . L
(I7E) of eight quality criteria shown in Table Il. These criteria were
Inclusion criteria Exclusion criteria informed by the proposed Critical Appraisal Skills Programme
The research addresses educational practices. No abstract. o] i
The research is an empirical study. The paper is written before 2010. (CASP) [52]’ [53] and by prlnC|pIes of QOOd practlce for

The research explores data analytics role conducting empirical research in software engineering [54]. As
in supporting learning design activities. . Dyb and Dingstyr [52] speci ed, the quality criteria needs to
Research target audience are e e ron o4 PPl cover three main issues (i.e. rigour, credibility, and relevance)
students and/or teachers. expert opinion, work-in-progress).  that needs to be considered when evaluating the quality of the
selected studies. Finally, the retrieved papers can be duplicates,
overlapping or extended versions from the same authors. In
such cases, the duplicate papers will be immediately discarded,
the overlapping papers will be integrated and treated as one
To the authors knowledge, no previous work aimed atpaper, while for the extended papers a selection will always
producing a systematic and comprehensive overview of thbe made for the extended publication due to the details the
existing empirical work on the convergence and synergy beextended version provides.
tween learning analytics and learning design. Thus, the aim , .
of this paper is to systematize and summarize the empiricdp- Search string construction
work in the eld over time, and aggregate the insights from the The search string used during the search covers three main
review. The comprehensive review provided in this paper coulderms (analytics, design, and learning) which have to appear
help different stakeholders (especially instructional designeri the potentially relevant primary studies. The combination of
and TEL researchers) to understand what has already beéme three main terms should capture a large scale of potential
explored, implemented, and validated at the intersection ofesearch at the intersection between learning analytics and
learning analytics and learning design. In particular, the authorarning design. The termanalyticsanddesign, are the main
aim to investigate the current status of learning analytics fotopics of the study. However, the authors are only interested
learning design; classify what learning analytics indicatorshow these two terms are used in the eld of education; thus
have been used to inform learning design decisions; and offexdding the third termlearning. The search string used is:
a synthesis of the existing approaches towards the alignmerdnalytics AND design AND learning. Due to the
of learning design and learning analytics. high number of irrelevant papers (i.e., false positives) returned
Search strategies. To nd primary studies relevant for thisback using the search stringnalytics AND design AND
review study, the authors decided to include only empiricallearning, the authors decided to narrow the search by
peer-reviewed work as a standard for the quality of the selectecombining the three words into (learning analyticSAND
studies. The peer-reviewed papers need to be published in ordesign ) and (analytics AND learning design). In ad-
of the main ve academic electronic databases in Technologylition to the three main terms, the authors decided to add
Enhanced Learning (TEL): ACM DL, IEEE Explore, Springer- one more termprchestration, as shown in Figure 2, that is
Link, Science Direct, and Wiley, and two additional databasesalready embraced by the educational researchers, to explain
SAGE and ERIC. The second cycle included an independerihe practical issues and task that are not directly linked
search in key educational technology journals listed in thewith learning but can shape learning, making it relevant
Google metrics sub-category: Educational Technology; i.efor utilizing learning analytics in learning settings [55]. The
Computers & Education, British Journal of Educational Tech-authors add this fourth term to capture potential literature that
nology (BJET), The Internet and Higher Education, Journaluses the expression orchestration to refer to the complexity of
of Educational Technology & Society, Journal of Computerlearning design activities not only in the classroom, but also in
Assisted Learning, Educational Technology Research and Denline or blended learning scenarios, that otherwise might have
velopment, International Journal of Computer-Supported Colbeen omitted. The additional search string usedasalyt-
laborative Learning, IEEE Transactions on Learning Technoloics AND design AND learning AND orchestration .
gies, and the International Conference of Learning Analytic€Consequently, the authors decided to use the following search
and Knowledge (LAK). Moreover, a search in Google Scholarstrings:
for potentially relevant literature that is not normally indexed 1) learning analytics AND design
in the most common academic databases (e.g., ICLS, EDM, 2) analytics AND learning design
CSCL etc.) was also performed. The third and nal cycle 3) analytics AND design AND learning AND
included a search in the reference section for each selected orchestration
paper in order to nd additional relevant papers (i.e. the. stomized to the speci ¢ syntax for each database.
snowball technique).
Selection criteria. The primary studies retrieved from the ) ) )
databases or the educational and technology journals, need o Systematic review execution
be Itered using different sets of criteria. Initially, the authors The rst step after constructing the search string includes
will consider four inclusion and four exclusion criteria to selectexecution of the search queries in the selected databases and
papers to be further analyzed in the review study, as shown ijournals, from mid-October to mid-December 2016. One of
Table I. Next, from the initial selection of papers, the authorshe researchers searched the titles, abstracts, and keywords
will continue the selection process according to another seatf the articles in the included electronic databases, and the

The paper is not written in English.

A. Systematic review planning
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TABLE III. SEARCH RESULTS BY SOURCE
Source Raw results  I/E criteria
SpringerLink 473 39
LEARNING Wiley 258 35
ACM Digital Library 470 40
IEEE Xplore 452 65
Learning Learning Science Direct 306 68
; ; SAGE 108 8
Iyt
analytics design ERIC 280 23
ANALYTICS DESIGN Total 2347 288
Analytics & Design &

orchestration orchestration

con dence, that the selected studies could make a valuable
contribution to this review.

Since almost all of the key educational technology jour-
nals mentioned in the systematic review planning section are
included in the selected databases, the second search cycle
(i.e. independent search in key educational and technology
journals), returned no additional papers that needed to be
included. The third and nal cycle, a search in the reference
section of each of the selected 38 papers, also returned no
new additional papers to be included in the systematic review
analysis.

As of June 2018, the authors performed an additional search
(i.e., for 2017) following the same steps for papers published
after the initial search period (i.e. 2010-2016). The additional
search returned 5 papers.

In conclusion, the search process uncovered a total of 43
papers that were read it entirely, coded, and critically assessed
to the review context of this systematic study. The joint
probability of agreement measure was 80%, meaning that 80%
educational and technology journals. A temporal Iter wasof the time the two researchers had an overall agreement
applied since learning analytics is a relatively new eld thatrate during the selection stages. The two researchers resolved
emerged back in 2010. This search strategy resulted in any disagreement in consensus meetings. A summary for the
total of 3251 "hits" that included 2347 distinct papers, assystematic review execution process is shown in Figure 3.
shown in Table Ill. In the second step, both researchers (i.e.
the authors of this paper) went through the titles, abstracts,
metadata, and keywords, of all studies that resulted from step

one, to determine their relevance for the systematic review.

At this stage, the researchers excluded studies that were not I
about educational practices or have nothing to do with learning

and teaching. For example, the search returned papers about
music due to the inclusion of the terorchestration. In this ]
step, the researchers followed the four inclusion and four

ORCHESTRATION

Fig. 2. Search query based on combination of four words

TABLE II. QUALITY CRITERIA

1. Does the study clearly address the research problem?

2. Is there a clear statement of the aims of the research?

3. Is there an adequate description of the context in which the research

was carried out?

4. Was the research design appropriate to address the aims of the research?
5. Does the study clearly determine the research methods

(subjects, instruments, data collection, data analysis)?

6. Was the data analysis suf ciently rigorous?

7. Is there a clear statement of ndings?

8. Is the study of value for research or practice?

Database search

Elimination based
on I/E criteria

exclusion criteria mentioned in Table |I. Moreover, in this o iy e n=38
stage, the researchers faced two issues. One, there were cases I

in which some authors used witty titles that could mislead Updated search for

the actual content of the paper. Second, some abstracts were 2017 (+ 5 papers) n=4

missing, poor, or misleading. Therefore, at this stage, the
researchers scanned the full text of those studies, looking at ) ) )
the methodology section and the reported ndings. This stefy'd- 3- Summary of the systematic review execution process

returned 288 papers, as shown in Table Ill. In the third stepp  pata coding

each of the 288 studies was assessed independently by both

authors, and critically appraised according to the eight criteria During the coding process, the authors extracted data for
shown in Table Il. These criteria were informed by CASP andmore than 15 variables. However, a consensus was reached
adapted for the purpose of this study following the Qualitybased on the most important variables that could direct unbi-
Assessment form used in a systematic review study abowtsed and ethical analysis of the selected papers, with the nal
empirical studies of agile software development [52]. Each ofaim to answer the research questions. Thus, the focus areas
the eight criteria was graded on a "yes" or "no" scale. Thusysed for the analysis are: 1) the research design employing the
this step returned 38 papers for which we could say with alassi cation presented in [56] and the topic of the study; 2) the
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educational context in which the study took pldcproposed F. Towards learning analytics for learning design taxonomy

by [9] and the learning scenario; 3) the sample size and the unit | order to comprehensively study learning analytics met-
of analysis in the study; 4) the pedagogical practices and goalgs and learning design decisions, researchers need to nd
that have b_een adopted and used (e.g. _Collaboratlve learninggme systematic way to organize, describe, and communicate
self-regulation); 5) the type of the learning platform; 6) thetne research ndings using the ontology of the domain (i.e.
technology and tools used by the subjects during the studypeci cations of conceptualizations) [61]. Thus, selecting and
(e.g. digital: social media tools, or traditional: mouse, key-|apeling instances under study, and classifying those instances
boards, pen and paper); 7) the data sources and data collectipnterms of similarities and differences, leads towards hier-
instruments (e.g. interviews, surveys); 8) the methodology angychical classi cations of entities within a specic domain
data analysis techniques; 9) the research objectives reported B2]. A good taxonomy should separate the entities "into
the study (e.g. behavior modelling, student assessment), apgytually exclusive, unambiguous groups and subgroups that,
10) the impact of learning analytics on subject’s behavior anggken together, include all possibilities” [62, p.52].

learning performance. _ . Consequently, the authors want to propose a conceptual
_ Finally, the authors also strove to understand if the studieg,gge| towards a learning analytics for learning design taxon-
integrated Campbell and Oblinger's ve step model of learningomy deriving classi cation from existing research and from
analytics [57], or in other words, if the studies managed tOne’ review study. The authors will use the already estab-
close the learning analytics loop effectively [58]. Based onjished learning design taxonomy proposed by Rienties et al.
the categories and subcategories de ned (see Table 1V), thB4] without any alterations, and build upon Campbell and
two researchers coded all the papers and solved any potentighjinger's [57] ve-step model of learning analytics: capture,
dlf_ferences. After the coding of the papers, a descriptive a”alreport, predict, act, and re ne. Thus, the mapping between
ysis of the results was performed to explore the current statuampbell and Oblinger's ve-step learning analytics model
of learning analytics for learning design, and classify whatyng the results from the review study are the following:

T T oeaies et peompvon g ) capTEl ncorporate he diferent data colection
9 ' p methods commonly used in the selected studies to

a scoring criteria are reported in Table IV. The results from gather user data:

the coding process are reported in Appendix A. 2) report will refer to the techniques researchers used to
report the analytics back to the users;
3) predictwill include the purpose for usage of predictive
modelling;
In order to provide a more holistic view of the current status 4) act will include the actions researches applied;
of learning analytics for learning design, the authors decided 5) re ne will refer to the interventions and redesign of
to classify what learning analytics metrics have been used, learning activities reported in the selected studies.

referring to and applying a categorization scheme proposed by The conceptual model of learning analytics for learning

[60]. This way, the descriptive analysis will be complementedgesign means that a taxonomy of learning analytics metrics
with categorization of learning analytics according to ve myst be related to the taxonomy of learning design activities
perspectives and six data sources. The perspective categapt classifying what type of metrics were used for what

includes: 1) individual student (i.e., indicators dedicated tQearning design activities, and what was the outcome in the
individual student activities; e.g. receptive activities vs activege ned context. This could add more precision and common
participation indicators), 2) group (i.e., indicators related toynderstanding at the intersection of learning analytics and
a group of students), 3) course (i.e., indicators for monitoriearning design research. However, establishing selection cri-
ing and analyzing the overall course data), 4) content (i.eteria for extracting pedagogically valuable learning analytics
indicators that present students’ interactions with the learninggy the development of a taxonomy for research purposes is
content), qnd 5) teacher (i.e., indicators ab_out teacher’s actiong challenging task. Therefore, the authors will only propose
and activities). The data source category includes: 1) studenj conceptual model towards a learning analytics for learning

student, such as local or mobile data), 3) academic pro le (e.gresearch.

demographic data, data about past performances), 4) evaluation
data, 5) course-related performance, and 6) course meta-data IV. FINDINGS
(i.e., data regarding the course structure, goals, resources).

E. Categorization scheme

Analysis of the studies was performed using non-statistical

1VLEs/LMSs: controlled environment, used for gathering learner and ac—metl’mdS con5|der|ng the variables reported in Table IV. Before

tivity data, MOOC/social learning: informal, social learning setting, Web- cONtinuing with the reporting of the ndings, it should be noted
based education: web-based e-learning environments except from VLEs, LMghiat most of the studies had more than one sample population,
and MOOCs, Cognitive tutors: special software, utilized for the needs ofused more than one data analysis technique, or reported more
the study, Computer-based education: other environments that include soMBan one research objective, especially studies that outline two
type of computer technolo e.g. desktop applications, etc.) except fro -

t%gse belongﬁng to one of ?r):e(ot%er categgriegr,J Multimodality): Iearngr dag\br m_ore case studies. Thus these are aggregat‘?d numbers of
in different modalities, Mobility: mobile devices used as the primary learningStudies that reported such data. The following ndings give an

mediator. answer to the rst research question.
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TABLE IV. CODING SCHEMA FOR THE SELECTED RESEARCH PAPERS

Variable Description Scoring criteria
Exp - Experiment,
CaseSt - Case study,

i i ?
Category [56] What is the design of the study? SDA - Secondary Data Analysis,
Etno - Ethnography
STEM,
Research topic What is the domain subject? oS - Computer Science,

SS - Social Sciences,

AH - Arts & Humanities

VLEs / LMSs - Virtual Learning Environments /
Learning Management Systems,

MOOC / social learning

WBE - Web-based education,

CT - Cognitive Tutors,

CBE - Computer-based education,

MM - Multimodality,

Learning Environment [9] What is the setting of the learning environment?

Mob - Mobility
Learning scenario Is it intentional and structured learning provided IEIF '-:()Nrg]naflfbrmal
9 by an educational institution? IE - Informal

MS - Middle School students,

HS - High School students,

UG - Undergraduate students,

G - Graduate students,

E - Educators (e.g. teachers, instructors),

R - Researchers

Sample size Size of sample population Report actual number of subjects or leave it blank
| - Individual,

Unit of analysis What is the entity that is analyzed in the study? T - Team (or group),

C - Course

PBL - Problem-based learning,

SRL - Self-regulated learning,

IBL - Inquiry-based learning,

GBL - Game-based learning,

CSCL - Computer Supported Collaborative Learning

Population Sample population

Pedagogical approach [59] What pedagogical approach is adopted?

Constructivism
Moodle,
Learning platform What type of learning management system is used? Blackboard,
Other - write down if reported
Technology and tools What type of tools and technology are being Write the reported technologies and tools or leave it blank.
used by the subjects in the study? See Appendix A.

Write the reported data collection methods or leave it blank.
See Appendix A.
Qual - Qualitative,
Methodology Type of methodology used Quant - Quantitative,
MMs - Mixed methods
DS - Descriptive statistics
What type of data analysis methods IS - Inferential statistics:
have been used? P - Parametric
NP - Non-parametric
Write down if authors reported research objectives or leave it blank.

Data collection [56] Type of data source/collection methods

Data analysis [56]

Research objective What has been examined in the study? See Appendix A
) . . ) o . Write down if authors reported or leave it blank.
Behavior What was the impact of learning analytics on subject’s behavior? See Appendix A
Performance What was the impact of learning analytics on learning performance\gége/_\%%\ggdiifxa:mors reported or leave it blank.
Publication and study design.n regard to the jour- When it comes to distribution of the selected studies accord-

nal/conference of publication, most of the studies are publishenhg to the adopted research strategy [56], majority of the papers
in one acknowledged peer-reviewed journal - BJET, and ongere case studies (n = 36 studies), following by experiments
acknowledged peer-reviewed conference - LAK, as shown iifn = 5 studies), ethnography (n = 1 studies), and secondary
Table V. The high number of published papers in BJET waglata analysis (n = 1 studies). Regarding the research topic
due to a special issue hamed "Teacher-led Inquiry and Learnin@s reported in the selected studies), the dominant subjects
Design" in 2015. The published work shows an expandingome from computer science (n = 12 studies), of which 6
interest of exploring the intersection between learning analyticstudies were in programming courses; following STEM (n =8
and learning design in the last two years. Although it is stillstudies) of which 3 studies were concentrating on mathematics
in its infancy, one can see that it receives recognition in theand statistics; social sciences (n = 8 studies), and arts and
research community. Moreover, the increasing trend showhumanities (n = 3 studies).

by years in Fig. 4 also indicates the expanding interest of Sample population and unit of analysisThe predominant
exploring the domain of learning analytics for learning designsample population in the selected papers consisted of under-
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0

Type and publication per year

2013 2014 2015 2016 2017

M journal conference

9
TABLE VI. DISTRIBUTION OF PUBLISHED WORK PER SAMPLE
POPULATION

Sample population Num. of studies

Middle school students 2

High school students 6

Undergraduate students 19

Graduate students 5

Educators

(teachers, instructors, teaching assistants) 19

that were conducted within LMSs and who reported the type
of the learning platform, have shown that Moodle was the most
used type of a learning platform (n = 6 studies), followed
by Blackboard (n = 2 studies), and other social learning

Fig. 4. Distribution of published work by type and number of publications platforms (n = 8 studies) such as EdX [64], Khan Academy
per year

graduate students (n = 19 studies) and educators (n
studies) as shown in Table VI. Some studies reported only
students as a sample population (n = 13 studies) without
referring to a speci c category, and only two studies included

TABLE V. DISTRIBUTION OF PUBLISHED WORK BY

JOURNAL/CONFERENCE

Journal/Conference Num. of studies

British Journal of Educational Technology
Computers and Education

Computers in Human Behavior

The Internet and Higher Education

Entertainment Computing

American Behavioral Scientist

LAK 8
IEEE Transactions on Learning Technologies 3
International Journal of CSCL
Journal of Learning Analytics
Journal of Computer Assisted Learning 2
Other 13

PR OUrR o

P

PhD students as a sample population.

Almost all of the studies reported the sample size, that 8%
ranged from 4 to 111.256 learners. Substantial sample size
was reported only from studies that examined large-scaled
MOOCs. Therefore, the researchers decided to calculate the 8L
median and the mode of the samples (not considering the 8%
sample size reported from MOOCS). As a result, for learners
(including middle school, high school, undergraduate and
graduate students) the median is 40, and the mode is 15. Fo

educators, the median is 7, and the mode is 12.

(n

On the other hand, the unit of analysis is a very important
indicator which de nes what type of data should be collected

[65], Coursera [66], Elgg [67], THEOL [63], ed-Venture [68],
video-based social platform [69] and virtual world platform
[70]. Furthermore, with regard to the setting of the learning
environment, some studies were conducted in purely digital
learning environments (n = 15 studies), some in blended
learning environments (n = 11 studies), and some in face-to-
face learning environments (n = 10 studies), where students
collaborated face-to-face using digital tools [71], multi-surface
tabletops [42], or used mobile devices as a learning mediator
[72].

Another important information for the learning context was
the pedagogical approach that has been used. Majority of the
papers (n = 26) did not report the use of a speci c pedagogical
approach, but the results for those who did, are shown in Fig.
5.

1¢

cscL Distribution of published work
13% by pedagogical approach

Constructivism

N/A
51%

GBL,
and from whom [56]. Thus, the largest number of papers (n = 5%
12 studies) reported group as their unit of analysis, individuals

9 studies), and pairs (n = 1 study). Only one studyFig. 5. Distribution of published work by pedagogical approach

reported the course as a unit of analysis to examine the student
learning behavior without ignoring the instructor’s role or the Within the setting of the learning environment, the authors

interaction between the students and the instructor [63].
Setting of the learning environmentBased on the learning tools used by the subjects during the studies. The most used

also tried to systematically categorize the technology and

settings, most studies were conducted within VLES/LMSs (n =technologies and tools are reported in Table VII.
23 studies). Some studies (n = 5 studies) used a combination Methodology and data analysis techniqueRegarding the
of VLE and WBE. The rest of the studies used WBE (ntype of methodology, the authors alluded to the type of

= 13 studies), CBE (n = 1 studies), multimodality (n

9 methods used in the studies. Thus, majority of the studies

studies), and mobile (n = 1 studies). Moreover, the studiesised quantitative analysis (n = 21 studies), following mixed
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TABLE VII. T ECHNOLOGY AND TOOLS USED IN THE PUBLISHED

STUDIES

Technology and tools Num. of studies
Software suits and web-based applications 8
Web 2.0 tools

(wikis, chats, blogs, skype, social media tools, google, apps)
Dashboards and visualization tools

Kinetic sensors, EEG, eye-tracking devices

LA tools

Mobile phones/ iPad

Tabletops

Traditional tools

(whiteboard, pen & paper, laptop, mouse, keyboard)

[«2]

N NN WD

TABLE VIII. D ISTRIBUTION OF PUBLISHED WORK PER DATA

COLLECTION METHODS

Data collection methods Num. of studies
System logs (e.g. mobile logs, external 2.0 tools/apps) 19
LMS logs (e.g. course content, assessment, quiz, grades) 19
Surveys/Questionnaires 16
Documentation (e.g. notes, diary, peer evaluation, e-mail) 13
Interviews 10
Artifacts

Observations
Video/audio recordings
Discussion boards
Multimodal (e.g. EEG headset, kinetic sensor, eye tracking) 4
Workshops/meetings

Data set originally collected for different research purpose

o o~

=N

methods analysis (n = 14 studies), and qualitative analysis (n
= 5 studies). The ndings show that quantitative analysis is
still the dominant methodology in learning analytics research.
This shows that most of the analysis are done using learners
data from the LMSs or data gathered using any software
suit or web-based application. Considering the data collection
methods used in the studies, it can be concluded that various

10

Research objective, behavior and performancEhe se-
lected papers mostly focused on the following research ob-
jectives:

Design and management of learning scenarios/activities:
examples cover work that underlines design of learning
activities or work that evaluates the effects of teaching
practices, re-design of learning activities, or more ef -
cient management of learning scenarios (n = 23 studies);
Student learning behavior and engagemestamples
include work that covers monitoring or evaluating stu-
dent learning behavior/patterns and engagement within
the learning environment (n = 20 studies);

Usefulness of LA toolse.g. what are the benets of
using LA tools or how users perceive LA tools (n = 12
studies);

Teacher’'s professional developmemixamples include
work that focuses on increasing teacher's awareness or
approaches that improve teacher’s skills by incorporating
new teaching techniques (n = 7 studies);

Improved orchestratione.g. enactment-time; adaptation
of available pedagogical and technological resources in
classrooms, or learner’s support in online/blended learn-
ing environments to help them achieve their intended
learning goals (n = 7 studies);

Student’s self-re ection/self-assessmémt= 7 studies);
Predictive modellingn = 6 studies);

Collaboration and interaction(n = 5 studies);

Student assessmefmt = 4 studies);

Overall user satisfactiorfn = 3 studies);

Student retentiorfn = 2 studies);

Personalized learningn = 2 studies).

methods have been used and the most practiced data COIIeCt'OnMoreover, some of the studies (n = 20 studies in total)

methods are presented in Tabl? Vi . reported the impact of learning analytics on subject’s behavior
With respect to data analysis, learning analytics adoptsFn - 18 studies) and the impact of learning analytics on

wide range of techniques from statistics, data mining, tex arning performance (n = 9 studies). Appendix B lists the
analysis, and social network analysis. For the purpose Oﬁ]pact of learning analytics on subject’s behavior and learn-

; : I
this study, the authors decided to follow the general Clasing performance as reported by the authors of the selected

si cation presented in [56] based on qualitative and quar tudies. From the results it can be observed that learning

titative methods used.. Thus, the authprs de_cu;led to re'.Oofltnalytics usage generally increased user awareness and user
the results as a descriptive or inferential statistics, of Wh'chnformedness in the learning environment [47], [67], [73]
the inferential statistics can also be divided into parametri 4]. Next, usage of learning analytics assisteél teaéhers ,to
and non-parametric statistics. Consequently, one of the moRaﬁage time better [47], [75], [42]; to identify problems in
use_d techmqu'es IS regression, either linear or mulgple, bIfhe course design [73] f72]' t'o foIfow student behavior and
variate analysis (i.e. correlation), and cluster analysis. Tablg, - .o ment with content overtime and apply informed changes
{é(cﬂ'rﬁgfg; i;h?hglzfjégg[éogagetge most used data anaIySISto keep the level of instructional quality [76], [77]; to arrange

: the monitoring process according to their needs and think a
priori about possible solutions [47], [69]; and to utilize real-
time tracking and provide instantly corrective feedback [42],
[68], [7], [71]. On the other hand, usage of learning analytics
helped students to apply diagnostic assessment following their

TABLE IX. D ISTRIBUTION OF PUBLISHED WORK PER DATA ANALYSIS

TECHNIQUE

Data analysis techniques Num. of studies

Inferential statistics 24 own performance [74], [72], [78], [49]; to initiate and steer
Parametric statistics 16 conversation with their peers or the teacher [42]; to better
Non-parametric statistics 4 . -

Descriptive statistics 15 navigate and utilize the course content [77]; to re ect, self-

Content analysis
Discourse analysis

g direct their progress, and make informed decisions how to
Thematic analysis 3

1

1

continue reaching learning goals [7], [78], [71]. However, the
selected studies did not directly considered nor clearly reported
any measurement of learning gains, or any other learning-

Semantic analysis
Dispositional analysis
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related constructs. Finally, it was interesting to notice thanamic and data-driven learning design decisions if they are:
students perceived learning analytics as "setting reasonabtellected from multiple data sources, modes, or learning set-
parameters of what is appropriate, what makes sense, and whatgs; embedded in teachers’ everyday practice; and a regular
you are trying to do" [48]. The complete list from the selectedpart of students’ learning processes. Researchers that reported
studies is presented in Appendix B. usage of multimodal learning analytics, [84], [42], [75], [92],
To answer the second research question, the authors lookd#@3] could support the analysis and study of complex, open-
at what learning analytics were used throughout the studiesnded, hands-on learning experiences in authentic learning
to inform learning design decisions. As one can notice insettings. This way, researchers have gained more insights into
Appendix C, most of the analytics used in the studies araisers’ needs and expectations as a promising way to support
extracted analytics, presented back to the learners, usualtlynamic and real-time learning design activities. Moreover, use
as visualizations or dashboards. These analytics were usedlearning analytics only from digital footprints contextualized
to quickly locate elements in the learning design or user'swith qualitative data from users’ experiences, and framed
performance that deviated from a de ned threshold values [49]usage process during the learning activities, could also be
[77], [79], [80]. On the other hand, few studies reported usea promising area that needs to be explored more [7], [47],
of embedded analytics, that are integrated into the learninf/8]. A good example is Wise et al. [48] study that underline
environment and could be used for real-time feedback [7], [47]the importance of setting up the frame for learning analytics
[67], [71]. Furthermore, ndings show that learning analytics use, interpretation and decision-making as an integral part of
mostly have been used to explore the physical, digital, angdtudents and teachers everyday activities tied to goals and
human elements in the learning ecosystem [42], [81], for postexpectations. Another example is Rodr guez-Triana et al. [47]
course re ection and recommendation of resources [67], fostudy that focused on explicit guidance on how to use, interpret
prediction [82], [83], [46], [66], as a tool [71], [77], [84], to and re ect using learning analytics ndings to adequately
detect weaknesses and strengths in the learning design [k ne and re design learning activities.
[85], [86], and to de ne scripts with monitoring information
[47]. Another conclusion that can be draw from the selected V. DiscusSION ANDFUTURE RESEARCHDIRECTIONS
studies is the common use of time_-relate_dll_earning analytic§ Learning design as a eld has produced methodologies,
to evaluate the design of the learning activities and learnergggis  and representations to assist educators in designing
online behavior [87], [71]; score and frequency learning analytigarming activities, while learning analytics holds the metrics,
ics to evaluate performa_nce, dif culty of the learning Conte”t,analysis, and reporting of data, to inform and in uence the
and assessment strategies [63], [88]; and aggregated leamifg@sign process, and ensure appropriate re nement. Looking
analytics to identify trends and behaviors 5], [89)]. at the publication distribution per year, the interplay between
The selected studies can also be distinguished from th%arning analytics and learning design has gained expanding

usage approach of learning analytics. Some of the studiégterest in the TEL community for further exploration of their
focused on aggregating data from large data sets (Usua||z¥|ignment and conditional maturation.

blended courses or MOOC:s) for the purpose of nding patterns |, general, the rational behind the use of learning analytics
within the qata that can be applied in different contexts angg, learning design is to discover learning phenomena (e.g.
among various modules [46], [5], [65], [90]. Moreover, thesemoment of learning or misconception) and design improved
studies also aim to explore how learning design links to studenf,q pedagogically sound learning environments utilizing tech-

online behavior [91]. Others, focused on actionable analyticgg|ogy and resources. Thus, the majority of the studies focused
in authentic learning settings [43], [42], [48], [49]. Both .

approaches are highly relevant as they supplement the research
work to address the main challenge in learning analytics, i.e. to
deliver actionable feedback, derived from theory, the learning
context, and the methods in which the learning activities are
situated [90], [5].

Moreover, the authors evaluated learning analytics indica-
tors according to ve perspectives: individual student, group,
course, content, teacher; and six data sources: student gen-
erated data, local data, academic pro le, evaluation, course-
related performance, course meta-data. The ndings revealed
that most of the learning analytics are linked to individual ) )
students and their actions; students interaction with the learrf- Interpretation of the results with respect to the rst research
ing content; or group’s interactions; while learning analyticsdUestion
gathered from educators are less common. In regard to the The summary from the selected studies have shown that stu-
data sources, majority of the studies used student generateénts and teachers as users of learning analytics became more
data and evaluation data, neglecting course meta-data and lo¢alowledgeable about their learning behaviors and progress.
data. The complete list of the extracted learning analytics (15For example, they could anticipate how lack of information or
in total) from the selected studies is presented in Appendix Demergence of problems could affect their activities and expec-

Finally, to summarize, learning analytics can support dy-ations [49], [67], [7], [88]. As a result, increased awareness

utilization of learning analytics tools from which analyt-
ics were extracted and used to further develop the tools,
as to offer better practical support and informed decision
making [71], [77], [76], [94], [74], [93], [73], [80];
development of frameworks that add a theoretical clarity
to the learning process, identify analytics metrics, and
create guidelines and recommendations that can inform
the design of learning activities [43], [87], [75], [48],
[69], [49], [81], [64].
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lead to improved and informed decision-making, and potential and patterns? [65], [72], [71];
growth in users’ skills and competencies [42], [47]. Next, what metrics and frequencies, such as visit duration and

although the usage of learning analytics could have impact on number of sessions are useful for teachers to re ect upon

user’s behavior, there are chances that users can utilize learning  the analytics? [5], [83].

%”?'ygcf] to moggor;helr proglress_but notl |1t§cessalr(|jly ?hagge However, when it comes to more complex questions, such
eir behavior [69]. However, learning analytics could also do,q wyhich effects do speci ¢ learning offerings have on col-

the opposite, enact unintentional change [7]. Moreover, due t

the lack of f ltati wdi h aht borative learning processes?", researchers need more than
€ lack ot usage of qualitalive studies, researchers might 1ajf,q¢ 5 guantitative data [78], [88]. These questions, which
to gain awareness of the scale of learning analytics metri

: - re concerned with user satisfaction, preferences, or needs,
that students nd it useless or inaccurate [48], [Thus, the P

. . . re partially answered, due to shortage of qualitative data.
research community could benet if there is a taxonomy ofa P y g q

identi ed | . Ivtics that likelv © t . tAS a result, there is a misalignment between the information
laenti ed learning analytics that are likely o créale an Impact yanerated by learning analytics tools with the needs, problems,
on user's behavior (positive or negative) and induce chang

e ) nd concerns that teachers have regarding learning designs and
in situ. Also, the research community needs educators to talﬁ g g g 9

part in the process of design and implementation of learnin garnlng activities [43], [95]. Likewise, students face the same

: . : X roblem as users of analytics, due to:
analytics, as this could Il in the gap between what varlous% y

learning analytics metrics present and what educators actually 1) the lack of metrics which are pedagogically valuable
need [47], [87], [43]. [96]; _

Furthermore, from the analysis of the selected studies (see 2) failure of thoughtful design to encourage and shape
Appendix A), it can be noted that the use of technology analytics use [48]; _ .
(learning analytics tools, digital learning platforms, sensor- 3) failure to ground and tie analytics metrics to learners’
based tools) has increased the range for data collection. Re-  goals and expectations [7].

searchers can collect data not just from the digital learning These issues, place students as passive users of learning
platforms or tools, but also from the physical spaces wher@nalytics, falling to empower them to take responsibility and
learning is happening [42], [31], [93]. However, although dataregulate their own learning and performance. Considering the

collection from physical spaces is becoming more common, theydings from the selected studies, the authors want to point
multimodal approaches to analyze the learning experiences ¥yt to:

the physical spaces are not yet widespread [31]. In addition,
the results from this review study support the ndings from the
orchestration research, that modelling and supporting teacher’s
orchestration in technology-rich physical and digital learning
environments develops a great practical importance for the
research community [31].

When it comes to methodology, the results show that
guantitative studies still take precedence over mixed methods
and qualitative studies due to the abundance of user activity
data from LMSs. Therefore, the most practiced data collection Next, throughout the reviewed papers one can observe that
methods were system logs, followed by surveys, while thahere are few learning analytics designs that are grounded in
most practiced data analysis techniques were derived frorexplicit pedagogical models [47], [67], [7]. Many pedagogical
inferential statistics. However, simple clicking behavior in amodels are implicit, or it happens the study to not even focus
LMS is a poor proxy for the actual learning behavior studentson any particular model. However, researchers need to explore
have [82]. This heavy reliance on digital footprints, often and document various pedagogical factors that contribute to
using a single platform as a source of data, focuses only ostudent success (e.g., learning gain and engagement during
factors connected to numeric methods and hinders the holistilearning) so that subsequent work can have reference point
approach to understand the learning process as an ecosysterfiom past research. For example, Berlands et al. [71] reported

In regard to the setting of the learning environment, itthat using pedagogically de ned learning analytics grounded
can be noted that most of the research is performed im theory (i.e., Zone of Proximal Development speci cally
supervised environments (i.e virtual learning environmentsfor learning Computer Science), provided a strong proof-of-
learning management systems). This allows researchers tmncept that real-time support using personalized and theoret-
easily acquire data and answer questions related to quantitativeally grounded learning analytics can improve student perfor-
measures of use or differentiation between learning offeringmance, increase and maintain quality, and engage students to
[38]. Hence, researchers use various indicators from systemvork together on more complex problen@onsequently, in fu-
logs to understand: ture, it is advised to consider the context that critically shapes

learning [98], and investigate if and how data-driven design-
what type of content students use, how often, and howdecisions can be validated. In other words, the researchers
much time they spend interacting with the content? [90],need to nd a way to explicitly label ef cient learning design
[76], [63]; decisions build on particular data-driven analytics that are
what type of indicators help teachers to notice behaviorsgheoretically justi ed[97], [2], [58].

the use of broad set of complementary metrics (e.g.
multimodal learning analytics) [42], [84], [75], [92] that
will incorporate more aspects that characterize the learn-
ers and help researchers learn more about the learning
process,

and the importance of grounding learning analytics in
theory before introducing and integrating the same into
the learning environment [2], [94], [97].
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B. Interpretation of the results with respect to the secondeducational institutions have moved to technology-rich en-
research question vironment in which learning and teaching expands beyond the
walls of university lecture settings. However, there is a limited
In the last ten years, learning is becoming more blendedesearch on how students accept, interpret, and use learning
and distributed across different learning environments andnalytics to follow and improve their own performance [7],
contexts. Hence, turning to holistic approaches and considerin®], [42].
how learning takes place today, becomes a necessity. Along Moreover, from Appendix D one can observe that only few
these lines, the integration, aggregation, and harmonization @nalytics indicators have been explicitly devised to collect and
learning-related data across multiple sources and spaces haiesent educator’s data (i.e., data gathered from teachers, that
the potential to offer rich evidence-driven design that couldallows teachers to re ect upon their teaching practices and
amplify humans’ learning capacities [42], [75]. Consequently,course design) [47], [67], [63], [75], [69], [90], [42]. This
if learning analytics integration is neglected, future learningshows that there is some educator’s data stored in databases,
design will be guided from poor insights drawn from limited mostly data from teacher’s interactions with content or stu-
learning activities. dents, or log data from teacher’s use of dashboards. However,
Learning analytics collected from the digital learning spaceghe selected studies failed to report course meta-data, such as
are often complemented with data coming from student mandata regarding the course structure, resources or teaching con-
agement systems [73], [79] or from self-reported variablesepts.Consequently, lack of teacher’s data and course meta-
utilizing surveys [88], [99], [5]. On one hand, the dynamic data, limit educator’'s opportunities to re ect on their teaching
and data-driven learning design decisions would not be guidedctivities, pedagogical practices, the quality of the learning
solely by digital footprints of learning systems and numericcontent and the interactions, that might lead to improvements
methods [88], but will incorporate more aspects and metricén their professional development and dissemination of their
that holistically characterize learners, their needs, and theiands-on experiences [101].
expectations. On the other hand, utilizing analytics coming What it is really interesting to be further applied at the
from a single and many times limited learning environment,intersection of learning analytics and learning design, is nding
have no added value when rich and more representative dataeaningful behavior patterns and interactions that can be
sets are available [82]. Consequently, the combination of learri‘mapped back to the planned learning activities to explain
ing analytics coming from several digital and sometimes evenvhy certain peaks and falls occur over time" [102], [83],
physical footprints (e.g. learning environments, self-reported42]. For this, information regarding the course meta-data,
information or through use of sensor-based tools) could imthe intended teaching concepts, and a feedback loop will be
prove the interpretation of the observed learning behavior andecessary. As Reinmann has noted, "more is needed than
the patterns noticed within the learning environment. This wayjust data to discover meaningful relations" [2]. Thus, the
educators could properly scaffold the design process througtesearch community could join efforts to develop conceptual
informed decisions utilizing awareness and re ection. framework that could model the complexities of the learning
When it comes to learning design activities (see Appendiyprocess towards comprehensible analytics and visualization
C), most of the studies included in the review have usedequirements to transform the learning design into a teacher-
assimilative, assessment, communication, nding and handlin¢ed enquiry-based practice [43], [33]. Furthermore, what is
of information, and productive activities, as de ned in the often overlooked and underestimated but immensely important
learning design taxonomy [34]. This is also supported byto educators, is the need for explicit guidance on how to
Rienties and Nguyen research studies on the impact of learningse, interpret, and re ect on the learning analytics ndings to
design in university settings [5], [46], [86], [85]. They reported adequately re ne and re design learning activities [47], [67],
that learning design has a strong in uence on learner’s satisfag101]. A direction towards closing this gap is to consider
tion [5]. In particular, communication and interactive activities establishing a participatory culture of design, and a habit
engage students to spend more time in VLEs compared tamong educators to see learning design as an inquiry process
productive and experiential activities [86]. Although the designand learning analytics as a part of the teaching cult{28],
of learning activities depend on the module [85], educatorg33].
design learning activities differently over the time line of the Finally, not all of the studies implicitly reported that they
course and reduce the variety of learning design activities wheseek to visualize the impact of learning design activities to
they introduce assessment activities [46]. learners and educators from which they collected the data
Although most of the studies follow the traditional paradigm[90], [102], [63]. At present, the authors agree with Clow’s
in which the teacher is the main end-user of learning anaargument that the learning analytics cycle can be completed
lytics, more and more studies are reporting results utilizingeven if interventions in learning design does not reach the
visualized analysis to increase awareness among students fearners from whom originally the data was generated as long
self-monitoring and self-re ection [6], [7], [72]. The results as it is used to apply improvements for the next cohort [58].
presented in Appendix C, show increase in the usage dflowever, for future work, researchers could try and close the
learning analytics metrics that suppose to reinforce studentgycle with the same group of learners due to authenticity and
self-re ection. The main idea behind self-regulated learningcontext. Returning the data gathered from authentic settings to
derives from "context-speci ¢ processes that are selectivelystudents or teachers from which it has been collected, could
used by students to succeed in school" [100], when numerowsssist in getting practical comments for further improvements
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to local decisions in which the end-users were involved [47]that goes beyond just mapping novel experiences from sin-
[71], as well as to increase the awareness among the users fgle studies. This should encourage researchers to engage in
the applicability of learning analytics. longitudinal studies that will not only change the way we
think about studies in educational research (e.g. from short-
. e term interventions to continuous monitoring) [47] but also
C. Theoretical and practical implications whether and when certain scaffolds can gradually be removed
One of the biggest challenges for researchers and practitioie avoid cognitive load [105], how to design learning activities
ers will be to create a strong relation among learning analyticglifferently over time [86], [46], and expertise reversal effects
and learning theories to empower re ective practices [10],[106]. Theories and principles are, by de nition, formulated on
[1], [103]. Theory validates associations and patterns betweea high level of abstraction, so that they can be applied to many
digital traces and learning outcomes (i.e. learning-related cordifferent situations (generalization), which are then presented
structs) that can trigger a learning process to reach speci @s instantiations of the abstract notions. To elicit principles and
goals [2]. Applying the consolidated model of theory, designpave the way towards a unied theory of learning analytics
and data science, proposed by [1], could bring invaluabldor learning design, researchers need to triangulate research
insights to researchers. This means that researchers will knowdings across the different case studies and meta-analyze
what data to collect in order to understand whether certaithe empirical knowledge. This will allow researchers to move
learning processes are activated, and what learning outcomé&sm instances/case studies, to intermediate-level knowledge,
are associated with what design decisions [47]. Failing taand then to theory construction.
consider context, could lead to misinterpretations of ndings Finally, the authors would like to present a conceptual model
and limit the design replication in various learning settingstowards learning analytics for learning design (LA4LD) taxon-
[15], [98]. omy (see Figure 6). This taxonomy should derive classi cation
As it can be observed from the ndings, much of the from existing research and from the review study. Thus, on one
work in learning analytics has been related to development dfiand, the proposed conceptual model incorporates the already
visualizations [47], [72], [71], [75], [76], [42], [49], [74], [87]. existing learning design taxonomy proposed by [34] which
However, there is a limited empirical evidence that visuallyidenti es seven broad types of learning activities to guide
presenting analyzed data could promote desirable learningesign and creativity in the design process. On the other hand,
practices and increased understanding in learning analytidke authors employed the Campbell and Oblinger’s [107] ve-
interpretation [94]. Wise et al. [7] conducted a study groundedstep model of learning analytics: capture, report, predict, act,
in computer supported collaborative learning (CSCL) theoryand re ne and tried to map the ndings from the review study
and proposed embedded and extracted learning analytics o accordance with the model.
generate visualizations for the purpose of self-directed and As described in the methodology section, subsection lII.F,
self-regulated learning. This work is particularly signi cant the authors proposed second level branches in the "taxonomy
as it aims to establish feedback mechanism between studerttee" that correspond to the ve steps of learning analytics
and teachers by fostering dialog where learning analytic§107]. In particular, capture corresponds to the data collection;
is the conversation starter. In addition, Lockyer et al. [4]report corresponds to the techniques used to provide feedback
highlighted that learning design should consider the inclusiorusing learning analytics; predict corresponds with the purpose
of learning analytics within a speci ¢ pedagogical design as @o use learning analytics for prediction of grades or failures; act
mean to encourage learning. Both studies underline the neaxbrresponds with the applied actions; and re ne corresponds
for theoretical integration of learning analytics and learningwith interventions and re-design of learning scenarios, tools,
design, that could be seen as a promising start to conneetc. This is a proposition on how the ndings from the selected
theory, design, and data to inform research and practice aftudies can be used to derive classication and establish
learning analytics [1]. Also, this review study can serve asselection criteria for extracting pedagogically valuable learning
a springboard on furthering the alignment between learningnalytics metrics from speci ¢ learning design activities. Fur-
analytics and learning design. thermore, LA4LD taxonomy could summarize the objectives
Another theoretical implication this study presents is theof the selected papers, as shown in the tree trunk (see Figure
development of intermediate-level body of knowledge in learn6). These objectives are derived from the synergy between
ing analytics for learning design. Intermediate-level knowledgdearning analytics and learning design, as reported in the
(some researchers also refer to it as strong concepts) includsslected studies. The proposed LA4LD taxonomy, offers a
solution-oriented pieces of generative knowledge, residing orspringboard for further work; so other conceptual knowledge
a level of abstraction between instances and theories [104]. Idevelopment endeavors can utilize it. Thus, the proposed
the systematic literature review, we identi ed that the majority LAALD taxonomy can be seen as an essential step towards
of the selected studies apply design-based research to inforfuture empirical research, and a support tool to researchers
practice and advance theory by iterations, as suggested Iy establishing a connection between learning analytics for
[2]. Thus, applying concept-driven approach to design-basetbarning design and theory.
research could potentially lead to construction of generative
design knowledge [104]. Thinking in this direction, developing
and applying strong concepts requires skills for thorough
understanding of particular design scenarios and situations,
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Fig. 6. Learning analytics for learning design taxonomy

D. Future work

Based on the reviewed papers, the authors want to offer the
following checklist for future work on learning analytics for
learning design:

provide details about the learning environment and the
used pedagogical approaches, where improvements in
learning design experiences based on learning analytics
outcomes will be measured [47];

indicate how learning analytics metrics offer in-
sights into learning processes and can be theoretically
grounded for meaningful interpretation to inform theory
and design [6];

15

evaluate and denote student learning outcomes, or any
other learning-related constructs [71];

evaluate and denote the impact of learning analytics
outcomes on learning design decisions and experiences
[72];

evaluate and denote how educators are planning, de-
signing, implementing, and evaluating learning design
decisions [101];

provide common guidance on how to use, interpret and
re ect on the learning analytics to adequately re ne and
redesign learning activities [7]

evaluate and compare what learning design patterns arfe Limitations

learning phenomena make learning effective [5];

The main limitations of this review can be seen as:
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