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Abstract This chapter looks into examining research studies of the last five years
and presents the state of the art of Learning Analytics (LA) in the Higher Education
(HE) arena. Therefore, we used mixed-method analysis and searched through three
popular libraries, including the Learning Analytics and Knowledge
(LAK) conference, the SpringerLink, and the Web of Science (WOS) databases.
We deeply examined a total of 101 papers during our study. Thereby, we are able to
present an overview of the different techniques used by the studies and their
associated projects. To gain insights into the trend direction of the different projects,
we clustered the publications into their stakeholders. Finally, we tackled the limi-
tations of those studies and discussed the most promising future lines and chal-
lenges. We believe the results of this review may assist universities to launch their
own LA projects or improve existing ones.
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Abbreviations

AA Academic analytics
ACM Association for computing machinery
EDM Educational data mining
HE Higher education
ITS Intelligent tutoring system
LA Learning analytics
LAK Learning analytics and knowledge
LMS Learning management system
MOOC Massive open online course
NMC New media consortium
PLE Personal learning environment
RQ Research question
SNA Social network analysis
VLE Virtual learning environment
WOS Web of science

1.1 Introduction

The aim of LA is to evaluate user’s behavior in the context of teaching and
learning, further to analyze and interpret it to gain new insights and to provide the
stakeholders with new models for improving teaching, learning, effective organi-
zation, and decision making (Siemens and Long 2011). A key fact is the return of
the resulting knowledge to the teachers and students to optimize their teaching and
learning behavior, to promote the development of skills in the area, and to better
understand education as well as the connected fields, e.g. university business and
marketing. Available resources can be used more efficiently to provide better
support and individual care to develop potentials.

In the area of HE, LA has proven to be helpful to colleges and universities in
strategic areas such as resource allocation, student success, and finance. These
institutions are collecting more and more data than ever before, to maximize
strategic outcomes. Based on key questions data is analyzed and predictions are
made to gain insights and set actions. Many examples of successful analytics and
frameworks use are available across a diverse range of institutions (Bichsel 2012).
Ethical and legal issues of collecting and processing students’ data are seen as
barriers by the HE institutions in LA (Sclater 2014).

In this chapter, we present a literature review to evaluate the progress of LA in
HE since its early beginning in 2011. We conducted the search with the three
popular libraries: the LAK conference, the SpringerLink, and the WOS databases.

We then refined the returned results and settled on including 101 relevant
publications. This chapter mainly contributes by analyzing them and lists the used
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LA methods, limitations and stakeholders. It is expected that this study will be a
guide for academicians who would like to improve existing LA projects or assist
universities to launch their own.

The next section gives a short introduction on the topic of LA and describes LA
in HE in detail. The subsequent sections are concerned with our research design,
methodology and execution of the review. The outcomes of the research questions
and the literature survey are presented in the third section. The penultimate section
discusses the findings and shows the conclusion of our survey. A glance of future
trends are presented in the last section.

1.2 A Profile of Learning Analytics and Learning
Analytics in Higher Education

In this section we present a profile of LA in general and describe the analysis
process. Further, we give emphasis to LA in HE, discuss challenges and identify the
involved stakeholders.

1.2.1 Learning Analytics

Since its first mention in the New Media Consortium (NMC) Horizon Report 2012
(Johnson et al. 2012), LA has gained an increasing relevance. LA is defined as “the
measurement, collection, analysis and reporting of data about learners and their
contexts for purposes of understanding and optimizing learning and the environ-
ments in which it occurs” (Elias 2011). Another definition states “the use of
intelligent data, learner-produced data, and analysis models to discover information
and social connection, and to predict and advise on learning” (Siemens 2010).

The NMC Horizon Report 2013 identified LA as one of the most important
trends in technology-enhanced learning and teaching (Johnson et al. 2013).
Therefore, it is not surprising, that LA is the subject of many scientific papers. The
research and improvement of LA involves doing the development, the use and
integration of new processes and tools to improve the performance of teaching and
learning of individual students and of teachers. LA focuses specifically on the
process of learning (Siemens and Long 2011).

Due to its connections with digital teaching and learning, LA is an interdisci-
plinary research field with connections to the field of teaching and learning
research, computer science and statistics (Johnson et al. 2013). The available data is
collected, analyzed and the gained insights are used to understand the behavior of
the students to provide them additional support (Gašević et al. 2015).

A key concern of LA is the gathering and analyzation of data as well as the setting
of appropriate interventions to improve the learners learning experience (Greller
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et al. 2014). These “actionable intelligence” from Educational Data Mining
(EDM) is supporting the teaching and learning and provides ideas for customization,
tutoring and intervention within the learning environment (Campbell et al. 2007).

According to Campbell and Oblinger (Campbell and Oblinger 2007), an analysis
process has five steps, shown in Fig. 1.1.

Capturing, data is captured and collected in real-time from different sources like
Virtual Learning Environments (VLE), Learning Management Systems (LMS),
Personal Learning Environment (PLE), web portals, forums, chat or rooms, and
combined with student information (Lauría et al. 2012; Tseng et al. 2016).

Reporting, the collected data is used to generate accurate models for identifying
and measuring the student’s progress. Often visualization is used in LA dashboards
for a better understanding of the data (Muñoz-Merino et al. 2013; Leony et al.
2013).

Predicting, the data is used to identify predictors for student success, outcomes
and for identifying at-risk students. Further, it is used for decision-making about
courses and resource allocation which then is used by the decision-makers of the
institutions (Akhtar et al. 2015; Lonn et al. 2012).

Acting, the information gained from the data analyzation process is used to set
appropriate interventions in e.g. teaching or supporting students who are at risk of
failure or dropping out (Freitas et al. 2015; Palmer 2013).

Refining, the gathered information is used in a cyclical process for continuous
improvements of the used model in teaching and learning (Nam et al. 2014; Pistilli
et al. 2014).

Fig. 1.1 The five steps of the
analysis process
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Although research in the field of LA in recent years celebrates boom, LA is still
in its infancy. Students, researchers and educational managers need to discuss ideas
and opportunities on how to integrate these possibilities in their research and
practice (Ferguson 2012).

In 2015, an LA approach which depicted a life cycle was introduced by Khalil
and Ebner (2015), as shown in Fig. 1.2.

The cycle includes four main stages:

• Generation of data: this process starts from the learning environments where
different stakeholders reside in MOOC, LMSs or any other VLEs.

• Data storage: learners leave a lot of traceable data behind them. Learners are not
just consumers but also producers of data.

• Analysis: analytics methods seek to discover hidden patterns inside educational
datasets. Analytics techniques are various. The authors defined them mainly into
quantitative and qualitative analysis methods.

Fig. 1.2 Khalil and Ebner LA life cycle (Khalil and Ebner 2015)
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• Act: the analysis outcome should be interpreted to actions. In this stage, action is
considered as prediction, intervention, recommendation, personalization and
reflection.

At the end, the life cycle loop is closed by introducing the “optimization”
process. Similar to Campbell and Oblinger (2007), they realized that there are
similarities in phases between the available LA approaches in the literature. LA is
an open loop of stages that should be closed at the end by optimizing learning
environments and stakeholders (learners, tutors, decision makers…etc.).

1.2.2 Learning Analytics in Higher Education

HE looks forward to a future of uncertainty and change. In addition to the national
and global as well as political and social changes, the competition on university
level increases.

HE needs to increase financial and operational efficiency, expand local and
global impact, establish new funding models during a changing economic climate
and respond to the demands for greater accountability to ensure organizational
success at all levels (van Barneveld et al. 2012). HE must overcome these external
loads in an efficient and dynamic manner, but also understand the needs of the
student body, who represents the contributor as well as the donor of this system
(Shacklock 2016).

In addition to the strong competition, universities have to deal with the rapidly
changing technologies that have arisen with the entry of the digital age. In the
course of this, institutions collected enormous amounts of relevant data as a
by-product. For instance, when students take an online course, use an Intelligent
Tutoring System (ITS) (Arnold and Pistilli 2012; Bramucci and Gaston 2012; Fritz
2011; Santos et al. 2013) play educational games (Gibson and de Freitas 2016;
Holman et al. 2013, 2015; Westera et al. 2013) or simply use an online learning
platform (Casquero et al. 2014, 2016; Wu and Chen 2013; Ma et al. 2015; Santos
et al. 2015; Softic et al. 2013).

In recent years, more universities use methods of LA in order to obtain findings
on the academic progress of students, predict future behaviors and recognize
potential problems in an early stage. Further, LA in the context of HE is an
appropriate tool for reflecting the learning behavior of students and provide suitable
assistance from teachers or tutors. This individual or group support offers new ways
of teaching and provides a way to reflect on the learning behavior of the student.

Another motivation behind the use of LA in universities is to improve the
inter-institutional cooperation, and the development of an agenda for the large
community of students and teachers (Atif et al. 2013).
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On an international level, the recruitment, management and retention of students
have become as high level priorities for decision makers in institutions of HE.
Especially improving the student retention starts and the understanding of the
reason behind and/or prediction of the attrition has come in the focus of attention
due to the financial losses, lower graduation rates, and inferior school reputation in
the eyes of all stakeholders (Delen 2010; Palmer 2013).

Despite that LA focuses strongly on the learning process, the results still in the
beneficial for all stakeholders. Romero and Ventura (2013) divided those involved
stakeholders based on their objectives, benefits and perspectives in the four groups
shown in Table 1.1.

1.3 Research Design, Methodology and Execution

This research aims at the elicitation of an overview on the advancement of the LA
field in HE since it emerged in 2011. The proposed Research Questions (RQ) to
answer are:

• RQ1: What are the research strands of the LA field in HE (between January
2011 and February 2016)?

• RQ2: What kind of limitations do the research papers and articles mention?
• RQ3: Who are the stakeholders and how could they be categorized?
• RQ4: What methods do they use in their papers?

1.3.1 Literature Review Procedure

In accordance to this objective, we performed a literature review following the
procedure of Machi and McEvoy (2009). Figure 1.3 displays the six steps for a
literature review used in this process.

Table 1.1 Overview of the stakeholders (Romero and Ventura 2013)

Stakeholder Objectives, benefits and perspectives

Learner Support the learner with adaptive feedback, recommendations, response to
his or her needs, for learning performance improvement

Educators Understand students’ learning process, reflect on teaching methods and
performance, understand social, cognitive and behavioral aspects

Researchers Use the right EDM technique which fits the problem, evaluation of learning
effectiveness for different settings

Administrators Evaluation of institutional resources and their educational offer
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After we selected our topic, we identified data sources based on their relevance
in the computing domain:

• The papers of the LAK conference published in the Association for Computing
Machinery (ACM) Digital Library,

• The SpringerLink, and
• The Thomson Reuters WOS database.

and the following search parameters:
In the LAK papers, we didn’t need to search for the “Learning Analytics” term

because the whole conference covers the LA discipline. We searched the title, the
abstract and the author keywords for “Higher Education” and/or “University”.

In the SpringerLink database, we searched for the “Learning Analytics” term in
conjunction with either “Higher Education” or “University” (“Learning
Analytics AND (Higher Education OR University)”).

In the WOS database, we searched for the topic “Learning Analytics” in con-
junction with either “Higher Education” or “University” and in the research domain
“science technology”.

The defined inclusion criteria of the fetched papers from the libraries were set to
be: (a) written in English, and (b) published between 2011 till the February 2016.
We superficially assessed the quality of the reported studies, considering only
articles that provided substantial information for LA in HE. Therefore, we excluded
articles that did not meet the outlined inclusion principles.

The literature survey was conducted in February and March 2016. In the initial
search, we found a total of 135 publications (LAK: 65, SpringerLink: 37, WOS: 33).
During the first stage, the search results were analyzed based on their titles, author
keywords and abstracts. After this stage, 101 papers remain for the literature survey.
We fully read each publication and actively searched for their research questions,
techniques, stakeholders, and limitations. Regular meetings between the authors

Fig. 1.3 The literature review: six steps to success (Machi and McEvoy 2009)
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were set on a weekly basis to discuss the results. Additionally, we added to our
spreadsheet the Google Scholar1 citation count as a measurement of article’s impact.

In order to present our findings, we analyze each of the research questions
separately. This section presents our findings.

1.3.2 Response to Research Question 1

In order to answer the RQ1, which corresponds to “What are the research strands of
the LA field in HE (between January 2011 and February 2016)?”, we tried to extract
the main topics from the research questions of the publications.

We identified that many of the publications do not outline their research ques-
tions clearly. Many of the examined publications described use cases. This concerns
in particular the older publications of 2011 and 2012, and is probably resulting from
the young age of the scientific field of LA.

As a result, we did a brief text analysis on the fetched abstracts in order to
examine the robust trends in the prominent field of LA and HE. We have collected
all the article abstracts, processed them through the R software, and then refined the
resulted corpus. In the final stages, we demonstrated the keywords and chose the
Word cloud as a representation tool of the terms as shown in Fig. 1.4. The figure
was graphically generated using one of the R library packages called “wordcloud”.2

In order to ease reading the cloud, we adopted four levels of representation
depicted in four colors. The obtained list of words that have been used were
classified into singular phrases, bi-grams, tri-grams and quad-grams. The most cited
singular words were “academic”, “performance”, “behavior” and “MOOCs”.
“Learning environment”, “case study” and “online learning” were the most repeated
bi-grams. The highest tri-grams used in the abstracts were “learning management
systems”, “Higher Education institutions” and “social network analysis”. While
quad-grams were only limited to “massive open online courses” which were
merged at the final filtering stage with the “MOOCs” term.

The word cloud shows a glance about the general topics when LA is ascribed
with HE. LA researchers focused on utilizing its techniques towards enhancing
performance and students’ behaviors. The popular adopted educational environ-
ment was Massive Open Online Course (MOOC) platforms. Furthermore, LA was
also used to perform practices of interventions, observing dropout, videos, dash-
boards and engagement.

In Fig. 1.5 the collected articles are from the library data sources. Results show
an obvious increase in the number of publications since 2011. For instance, there
were 32 papers in 2015, incremented from 26 articles in 2014 and 17 articles in
2013. However, there were 5 articles only in 2011 and 12 articles in 2012. Because

1Online: http://scholar.google.com.
2Online: https://cran.r-project.org/web/packages/wordcloud/index.html.
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February 2016 was the date of collecting the publications in this study, the
2016 year was not indexed with many papers. On the other hand, the figure shows
the apparent involvement of the journal articles from the SpringerLink and WOS
libraries from 2013.

We cross-referenced the relevant publications with Google Scholar to derive
their citation impact. Table 1.2 shows the 10 most cited publications.

Fig. 1.4 Word cloud of the prominent terms from the abstracts

Fig. 1.5 Collected articles
distributed by source and year
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1.3.3 Response to Response to Research Question 2

We identified for RQ2, which corresponds to “What kind of limitations do the
research papers and articles mention?”, three different limitations, either clearly
mentioned in articles or being tacitly within the context.

Limitations through time, some of the publications stated that continuous work is
needed (Elbadrawy et al. 2015; Ifenthaler and Widanapathirana 2014; Koulocheri
and Xenos 2013; Lonn et al. 2012; Palavitsinis et al. 2011; Sharkey 2011). Either a
longitudinal study would be necessary to prove hypotheses or because of the
shortage of the project (Fritz 2011; Nam et al. 2014; Ramírez-Correa and
Fuentes-Vega 2015).

Limitations through the size, other publications talked about the need for more
detailed data (Barber and Sharkey 2012; Best and MacGregor 2015; Rogers et al.
2014), the small group sizes (Junco and Clem 2015; Jo et al. 2015; Martin and

Table 1.2 Citation impact of the publications

Paper title Year of
publication

No. of Google
citations
(Feb. 2016)

Course signal at Purdue: using learning analytics to increase
student success (Arnold and Pistilli 2012)

2012 164

Social learning analytics: five approaches (Ferguson and
Shum 2012)

2012 94

Classroom walls that talk: using online course activity data of
successful students to raise self-awareness of
underperforming peers (Fritz 2011)

2011 52

Goal-oriented visualizations of activity tracking: a case study
with engineering students (Santos et al. 2012)

2012 46

Where is research on massive open online courses headed? A
data analysis of the MOOC research initiative (Gasevic et al.
2014)

2014 46

Course correction: using analytics to predict course success
(Barber and Sharkey 2012)

2012 36

Improving retention: predicting at-risk students by analyzing
clicking behavior in a virtual learning environment (Wolff
et al. 2013)

2013 34

Learning designs and learning analytics (Lockyer and
Dawson 2011)

2011 33

The pulse of learning analytics understandings and
expectations from the stakeholders (Drachsler and Greller
2012)

2012 30

Inferring higher level learning information from low level
data for the Khan Academy platform (Muñoz-Merino et al.
2013)

2013 28
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Whitmer 2016; Strang 2016), the unsure scalability, possible problems in wider
context and the problem of the generalization of the approach or method (Prinsloo
et al. 2015; Yasmin 2013).

Limitations through the culture, many of the publications mention that their
approach might only work in their educational culture and is not applicable
somewhere else (Arnold et al. 2014; Drachsler and Greller 2012; Grau-Valldosera
and Minguillón 2014; Kung-Keat and Ng 2016). Additionally, the ethics differ
strongly around the world, so cooperation projects between different universities in
different countries needs different moderation as well as the use of data could be
ethically questionable (Abdelnour-Nocera et al. 2015; Ferguson and Shum 2012;
Lonn et al. 2013; Park et al. 2016).

Furthermore, ethical discussions about data ownership and privacy have recently
arisen. Slade and Prinsloo (2013) pointed out that LA touches various research areas
and therefore overlaps with ethical perspectives in areas of data ownership and pri-
vacy. Questions about who should own the collected and analyzed data were highly
debated. As a result, the authors classified the overlapping categories in three parts:

• The location and interpretation of data,
• Informed consent, privacy and the de-identification of data, and
• The management, classification and storage of data.

These three elements generate an imbalance of power between the stakeholders
which they addressed by proposing a list of 6 grounding principles and consider-
ations: LA as moral practice, students as agents, student identity and performance
are temporal dynamic constructs, student success is a complex and multidimen-
sional phenomenon, transparency, HE cannot afford to not use data (Slade and
Prinsloo 2013).

1.3.4 Response to Response to Research Question 3

In order to answer the RQ3, which corresponds to “Who are the stakeholders and
how could they be categorized?”, we determined the stakeholders from the publi-
cations and categorized them into three types. As a basis, we took the four stake-
holders as mentioned in Sect. 1.2.2 and introduced in (Machi and McEvoy 2009).
We merged the Researchers and Administrators from the original classification into
one distinct group. Therefore, the institutional perspective [Academic Analytics
(AA)] is separated from the learners’ and teachers’ one (LA).

Figure 1.6 depicts the defined LA stakeholders as a Venn-Diagram. The figure
shows that there had been more research conducted concerning the
Researchers/Administrators with overall 65 publications and 40 of them only
concerning themselves, than in the field of Learners with a total of 53 publications
and 21 single mentions. Also, it seems that Teachers are only a “side-product” of
this field with only 20 mentions and only 7 dedicated to them alone.

12 P. Leitner et al.



Most of the combined articles addressed Researchers/Administrators together
with Learners (20 publications). Only 8 articles can be found with an overlap
between Learners and Teachers, which should be one of the most researched and
discussed combinations within LA in HE. Nearly no work has been done by
combining Researchers/Administrators with Teachers (in 1 publications) and only 4
paper combined all 3 stakeholders. This lack of research will be a matter of debate
in the discussion section.

1.3.5 Response to Response to Research Question 4

By analyzing the selected studies to answer RQ4, which corresponds to “What
techniques do they use in their papers?”, we identified the techniques used in LA
and HE publications. We took into account the methods presented by Romero and
Ventura (2013), Khalil and Ebner (2016) and Linan and Perez (2015). We propose
an overview of the used techniques of the different articles in Table 1.3.

The results of Fig. 1.7 show, that the research is focused mainly on prediction
with a total of 36 citations. Outlier detection for pointing out at-risk or dropping out
students with a citation count of 29. Distillation of data for human judgment in form
of a visualization with a citation count of 33 than in all other parts including rarely
used techniques like gamification or machine learning with a total amount of 102
counts.

Fig. 1.6 Venn-diagram of stakeholders in the publications
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Table 1.3 Overview of the used LA techniques of this study

Techniques Key applications Examples

Prediction Predicting student performance and
detecting student behaviors

AbuKhousa and Atif (2016),
Cambruzzi et al. (2015), Harrison
et al. (2015)

Clustering Grouping similar materials or
students based on their learning and
interaction patterns

Aguiar et al. (2014), Asif et al.
(2015), Scheffel et al. (2012)

Outlier
detection

Detection of students with difficulties
or irregular learning processes

Grau-Valldosera and Minguillón
(2011), Manso-Vázquez and
Llamas-Nistal (2015), Sinclari
and Kalvala (2015)

Relationship
mining

Identifying relationships in learner
behavior patterns and diagnosing
student difficulties

Kim et al. (2016), Pardo et al.
(2015), Piety et al. (2014)

Social network
analysis

Interpretation of the structure and
relations in collaborative activities
and interactions with communication
tools

Hecking et al. (2014), Tervakari
et al. (2013), Vozniuk et al.
(2014)

Process mining Reflecting student behavior in terms
of its examination traces, consisting
of a sequence of course, grade and
timestamp

Menchaca et al. (2015), Vahdat
et al. (2015), Wise (2014)

Text mining Analyzing the contents of forums,
chats, web pages and documents

Gasevic et al. (2014), Lotsari
et al. (2014), Prinsloo et al.
(2012)

Distillation of
data for human
judgment

Helping instructors to visualize and
analyze the ongoing activities of the
students and the use of information

Aguilar et al. (2014), Grann and
Bushway (2014), Swenson
(2014)

Discovery with
models

Identification of relationships among
student behaviors and characteristics
or contextual variables. Integration of
psychometric modelling frameworks
into machine-learning models

Gibson et al. (2014), Kovanović
et al. (2015), Lockyer and
Dawson (2011)

Gamification Include possibilities for playful
learning to maintain motivation; e.g.
integration of achievements,
experience points or badges as
indicators of success

Holman et al. (2013), Øhrstrøm
et al. (2013), Westera et al. (2013)

Machine
learning

Find hidden insights in data
automatically (based on models who
are exposed to new data and adapt
itself independently)

Corrigan et al. (2015), McKay
et al. (2012), Nespereira et al.
(2016)

Statistic Analysis and interpretation of
quantitative data for decision making

Clow (2014), Khousa and Atif
(2014), Simsek et al. (2015)
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1.4 Discussion and Conclusion

In this chapter, we examined hundreds of pages to introduce a remarkable literature
review of the LA field in the HE domain. We presented a state-of-the-art study of
both domains based on analyzing articles from three major library references: the
LAK conference, SpringerLink and WOS. The total number of relevant publica-
tions was equal to 101 articles in a period between 2011 and 2016.

In this literature review study, we followed the procedure of Machi and McEvoy
(2009) in which we selected the topic, searched the literature to get the answers to
the research questions, surveyed and critiqued the literature and finally introduced
our review. Using this big dataset, we identified the research strands of the relevant
publications. Most of the publications described use cases rather than compre-
hensive research—especially the prior publications, which is comprehensible
because at the time, the universities had to figure out how to handle and harness the
abilities offered by LA for their benefit.

To make a better holistic overview on the advancement of LA field in HE, we
proposed four main RQs. These questions were related to the research strands of
LA in HE, limitations, stakeholders and what techniques were used by LA experts
in the HE domain, respectively.

The first research question was answered by generating a word cloud of a final
corpus which was formed from all abstracts of the included papers. Results revealed

Fig. 1.7 The publication count of the used LA techniques
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that the usage of MOOCs, enhancing learning performance, students behavior, and
benchmarking learning environments were strongly researched by LA experts in the
domain of HE.

The paper with the title “Course signals at Purdue: using learning analytics to
increase student success” by Arnold and Pistilli (2012), was the most cited article of
our inclusion, which focused on a tool of prediction. Also, we identified that there
was a clear increment of publications since 2011 till 2015, Further it was shown the
apparent involvement of the journal articles from the SpringerLink and WOS
libraries in 2013 and 2015 over the LAK conference publications.

The second research questions showed that limitations were mainly concerning
the needed time to prepare data or getting the results, the size of the available
dataset and examined group and ethical reasons. While the discussions of privacy
and ownership have arisen dramatically after 2012, we found that the ethical
constraints drive the limitations to the greatest extent of this literature review study
similar to the arguments in Khalil and Ebner (2015, 2016b).

The analysis shows that there was clamor regarding who are the main stake-
holders of LA and HE. As the leading stakeholders of LA should be learners and
students (Khalil and Ebner 2015), we found that researchers play a major role of the
loop between HE and LA. Figure 1.6 demonstrated the high use of researchers and
administrators in carrying out decisions. The direct overlap between learners and
teachers was not evidently identified in our study.

At the final stage, we tried to elaborate what were the most used techniques of
LA in HE. This research question was answered based on solid articles that dis-
cussed the LA techniques. The scanning showed that prediction, distilling of data
for human judgment, and outlier detection were the most used methods in the HE
domain. General data mining methodologies from text mining to Social Network
Analysis (SNA) were identified with high usage in the analyzed publications. On
the other hand, we noticed that there are new techniques that seem to be used more
frequently in the past two years such as serious gaming, which belongs to the
gamification techniques.

1.5 Future Trends

In this section we tackle the future development in the field of LA in HE, which can
be divided into short-term (1–2 years) and long term (3–5 years) trends.

1.5.1 Short-Term Trends

Over the next 1 to 2 years, universities must adjust to the social and economic
factors, which postulated the change in the capabilities of the students (Johnson
et al. 2016). The tuning of the areas analysis, consultation, examination of
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individual learning outcomes and the visualization of continuously-available,
aggregated information in dashboards are gaining more and more importance.
Students expect real-time feedback during learning with critical self-reflection on
the learning progress and learning goal which strengthens their expertise in
self-organization. If adequate quantities of data from students are available, they
can be carried out for subsequently, predictive analytics (Johnson et al. 2016).

1.5.2 Long-Term Trends

The relevance of LA in HE will mint even more over the next 3–5 years. This trend
is promoted by the strong interest of students for individual evaluations and care.
To serve this market, dashboards and analysis applications that specifically address
the needs of each customer will develop stronger. This approach offers many
advantages: Accessing your own data in an appropriate form allows better
self-reflection and a healthy rivalry among the fellow students. The teachers can
survey a large amount of students and precisely recognize those who need their
help. University and college dropouts can be better detected by appropriate ana-
lyzing and with targeted interventions they remain in the university system
(Shacklock 2016).

To master the associated problems, the LA market will have to change.
Currently, many different systems and analytical approaches are used. The frag-
mentation of the market will grow even further in the future, which makes the
interuniversity comparison very difficult or even impossible. Therefore, the creation
of standards is essential (Shacklock 2016). Furthermore, a change in the type of
analysis is foreseeable. Most current and past data have been used to measure the
success of students. Today, advances in predictive analytics (predictive analysis)
are important. By using the analysis of existing data sets of many students, pre-
dictive models can be developed and warn thus students who are at risk not to meet
their learning success (Shacklock 2016).
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