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Abstract

Education in the 21* century is increasingly mediated by digital technologies
in a context in which enormous amounts of information are daily generated.
Regarding this and considering the imminent application of emerging trends
such as “Internet of Things” (IoT), the study of its educational effects becomes
a matter of great relevance for both educational researchers and practitioners. In
this context, “Learning Analytics” takes on special importance as a perspective
to approach the aforementioned issue, especially from a very relevant topic: the
personalization of learning. In this sense, a systematic review of literature about
learning analytics published in the last two decades was carried out to identify its
potential as a factor in strengthening the personalization of learning. The results
show a set of key factors that include aspects related to assessment, the use of
dashboards, social learning networks, and intelligent tutoring, and the importance
of monitoring, feedback, and support.

Keywords: 21st-Century Skills. Pedagogical Issues. Information Literacy. Data
Science Applications in Education. Evaluation Methodologies.

1 Introduction

The digital transformation generated by the intensive appropriation of Information
and Communication Technologies (ICT) specifically of the Internet, has brought
about changes in the processes of interaction between people, which has caused
important transformations in all sectors of human life, including, of course, the
Education (Saif et al., 2022).
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In this context, some theoretical instances of mass production and consumption
of information have begun to materialize in products and services that are
gradually becoming more widely available. One of these instances, which
is known as the “Internet of Things” (IoT) has begun to articulate the mass
production and interconnection of everyday objects with each other through
information networks, so that is considered one of the main sources of
information for a global phenomenon called “Big Data” (Ferrao; Prata;
Alves, 2020).

Considering the above, it should be mentioned that in most cases the IoT and
the most common applications of Big Data would have the main function of
putting the management of huge amounts of data at the service of improving user
experiences in multiple fields of human activity (Konstantinidis, 2021). About
this, Martinez-Maldonado et al. (2018) indicate that the [oT allowed to advance
in the understanding of the complex relationships between people, objects, space,
and time in both physical and digital environments and to understand that this
interconnection includes “data” as a critical actor to make visible the invisible
in such relationships.

In the field of Education, the improvement of user experiences through the
application and use of Big Data would focus on what is known as “Learning
Analytics” (LA), which is considered an emerging field of educational research.

LA is a new interdisciplinary field that takes advantage of learning activities
captured as data and stored within digital learning environments such as MOOC:s.
These data can be “mined” and analyzed through digital traces (log data) to
identify patterns of learning behaviors and provide insights into learning practices
(Xu; Wu; Ouyang, 2023). The above includes identifying potential dropouts of a
course based on predictive modeling, using visualization techniques, and providing
instructors and mentors with overviews of learners’ activities.

Also, LA includes techniques such as predictive models, profile construction,
adaptive learning, optimization of learning success, interventions, analysis of
social networks, and feelings (Waheed et al., 2023).
In this regard, Chatti and Muslim (2019, p. 244) indicate that:

Learning analytics (LA) can play an important role by analyzing data

collected from various learning environments, supporting customized
activities that meet the different learners’ needs and goals, as well as
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providing insights and understanding into how learners perform in
these environments and how to best support this process.

As shown in Figure 1, it is from 2010 that an exorbitant growth process begins
in the publication of research related to LA. This denotes a growing interest on
the part of the academic community not only in issues related to the educational
use of ICT but specifically in those that involve very advanced management
of information, among which is situated the “Artificial intelligence” (Sijing;
Lan, 2018), the “Machine learning” (Chai; Lin; Li, 2018), the “educational data
mining” — EDM (Doko; Bexheti, 2018) and of course the LA”.

Figure 1 - Research on learning analytics based on Scopus data
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Among the great diversity of positions and focuses of research on these issues,
many researchers agree that such topics can provide significant benefits to
Education as they help to develop student-centered processes and provide data
and tools that both educational institutions and teachers could use to make
real-time predictions about the behavior and academic performance of students
or to implement contingency plans for the improvement of teaching and learning
in digital environments (Aldowah; Al-Samarraie; Fauzy, 2019).
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On the other hand, one of the promises of the use of technologies in Education
since its inception has had to do with the promotion of personalization schemes
for learning (Yi et al., 2017). This issue is recognized as very important for
21st-century Education (Ament; Edwards, 2018), however, the educational reality
in terms of personalization of learning, especially in developing countries, is very
distant from the fulfillment of that promise.

Considering the above, LA has begun to be conceived as a channel for the
generation of personalized learning experiences (Muslim et al., 2017), however,
there is still very few research generated on this matter, according to what is
shown in Table 1.

Table 1 - Scopus results on: “Learning Analytics” AND "Personalized Learning”

Year # Published Papers Year # Published Papers
2011 1 2017 18
2012 1 2018 28
2013 6 2019 32
2014 6 2020 33
2015 8 2021 25
2016 19 2022 31

Source: Own elaboration based on Scopus data (2023)

Learning personalization involves building student profiles and adapting learning
environments, consequently improving relevance and productivity in Education;
for this reason, it is considered part of the vanguard of educational reform
(Verbert et al., 2013).

Because the personalization of learning generated by the use of new technologies
must demand changes in teaching, learning, and evaluation, the promise of LA
to revolutionize educational institutions and processes, is very interesting to
address, like never before. For this purpose, a systematic literature review has been
carried out on studies published in the last 10 years on this subject to understand
how LA can become a determining factor for the construction of personalized
learning experiences.
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2 Method

According to Hart (2018), literature reviews play a key role within the
methodological spectrum in research, since they allow, if carried out with adequate
levels of quality, that is, in terms of its wideness, depth, rigor, consistency, clarity
and brevity, present an adequate synthesis of the research development on a
certain topic.

The review was conducted following the recommendations of Higgins and Green
(2011), who propose five major stages, whose detail is expressed in Figure 2.

Figure 2 - Review method
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Source: Own elaboration (2022)
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2.1 Review question and inclusion-exclusion criteria

The review process began with the approach of a guiding question: what aspects of
LA contribute to the personalization of learning? “It was established as a criterion
that only articles that presented the results of studies on LA would be reviewed.
For this purpose, a string of searching descriptors was defined that would produce
results broad enough to obtain answers from the review. The descriptors used
were “TITLE-ABS-KEY (“learning analytics™)”, which were applied to search
in title, abstract, and keywords in Scopus, which would guarantee an adequate
level of quality in terms of the sources of consult and their coverage.

2.2 Searching and selection of studies

In this stage, the first search was made in Scopus, which yielded 5,651 documents.
The first filtering by type of document (articles and conference papers) and by
area of knowledge to “Social Sciences”, reduced the set of documents to 2,425
items and modified the string of search descriptors like this: TITLE-ABS-
KEY (“learning analytics”) AND (LIMIT-TO (DOCTYPE,“cp”’) OR LIMIT-TO
(DOCTYPE,“ar”)) AND (LIMIT-TO (SUBJAREA,“SOCI”)).

To generate a manageable set of texts, a representative sample (n = 332) with a
confidence level of 95% and an error of 5% was calculated.

With this final set of texts, an abstracting process was carried out with the results
ordered by year and highest citations, through which the articles that effectively
presented research results and thematic relevance could be identified. As a result,
100 full-text articles were obtained, in a weighted manner and proportional to the
number of publications per year, which were recorded in a documentation matrix.

2.3 Data analysis

In this stage, the in-depth reading of the selected texts was carried out, a process
in which some key ideas were extracted and recorded. The analysis was carried
out in a documentation matrix where the following data were stored: the text
reference, the year of publication, and the key factors related to the personalization
of learning. From the reviewed articles, fragments of text were extracted, which
were processed through QDA software, whose results were presented through
processes of frequency counting and percentage of associated codes. As a
triangulation process, 12 key factors were standardized or unified to perform an
analysis of the frequency of appearance.

Ensaio: aval. pol. piibl. Educ., Rio de Janeiro, v.32, n.122, p. 1 - 24, jan./mar. 2024, e0244234



Learning analytics and personalization of learning: a review 7

2.4 Analysis of report bias

The management of the bias in the data analysis process was conducted based
on the observation and interpretation of the same data set by two observers, from
whose results a coefficient of Cohen’s Kappa was applied (k = 0,512), whose
result, according to Tang et al. (2015), allows us to recognize an adequate level
of inter-rater valuation.

2.5 Presentation and interpretation of the results and
obtaining the conclusions

The last stage of the review was to synthesize the results and write the review
report based on an IMRaD structure.

3 Results

As a result of the data analysis and extraction process, the 12 key LA factors
related to the personalization of learning are presented in Table 2.

Table 2 - Key factors for learning personalization

Key factors Count % Codes
Continuous and formative assessment 55 22.36%
Monitoring, feedback, and support 41 16.67%
Dashboards 31 12.60%
Types of data 26 10.57%
Intelligent tutoring 16 6.50%
Self-regulated learning 15 6.10%
Game-based learning assessment 10 4.07%
Social learning networks 10 4.07%
Warning system 7 2.85%
Learning styles 4 1.63%

Source: Own elaboration (2023)
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3.1 Continuous and formative assessment

According to Albelbisi, Yusop and Salleh (2018), the assessment carried out
periodically and constantly is an important factor in determining the future success
of a group of students or each of its members.

Researchers have explored various evaluation techniques for assessing the quality
of digital learning environments. These include hetero-evaluation, self-evaluation,
and peer evaluation, with the completion of weekly tests showing the strongest
correlation with final exam results (Admiraal; Huisman; Pilli, 2015). Burrows
and Kumar (2018) suggest that assessing learning progress through LA may be
more beneficial than a final grade, as it allows for more detailed and personalized
measurement and correlation with other student activities.

In summary, within the framework of LA, continuous assessment variables were
repeatedly chosen as the most important variables by all prediction models,
including those related to self-assessment.

Other studies that mention continuous and formative assessment as a personalization
factor of learning are: Fernandez-Nieto, Echeverria and Shum 92021), Holmes e al.
(2018), Howard, Meehan and Parnell (2018), Kurilovas (2019) and Nguyen et al. (2017).

3.2 Monitoring, feedback, and support

This key factor in the personalization of learning is essentially related to the role of
the teacher, but some studies indicate that it can also be carried out automatically
by a system. As an example of the above considerations, Xing and Du (2019)
show a personalization mechanism implemented through an automated agent in
intelligent systems that supports the design and delivery of personalized weekly
interventions as a way to calculate the probability of dropping out of individual
students. In this regard, it is indicated that the instructors who provide personalized
assistance still have limitations given the time and effort required (Rienties; Cross;
Zdrahal, 2017), which can be corrected with an intelligent agent that generates
predefined interventions by expert teachers or based on historical data. The above
can be specified through an automated email, an SMS, or even a video message
delivered to the student.

Other studies that mention monitoring, feedback, and support as factors
of personalization of learning are Conde et al. (2018), Goh et al. (2018),
Liu et al. (2017), Tempelaar et al. (2018) and Worsley, Martinez-Maldonado
and D’Angelo (2021).
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3.3 Dashboards

Dashboards are conceived as user interfaces that allow the graphic visualization
of data generated by the user, involving elements of social learning and generating
continuous feedback from such data. Being one of the most mentioned key factors
in the reviewed articles, these visualizations have originated along with the
second generation of LA that focuses more on being descriptive than predictive.

As an example, Arnold and Pistilli (2012) use a panel of traffic lights in the
Dashboards to identify the progress of the students, with which they can identify
if it is satisfactory, with slight or urgent risk, and thus activate contingency plans
on behalf of the teachers. An educational dashboard should systematically provide
timely, continuous easily visualized data on student’s performance (Boscardin
etal.,2018).

In synthesis, the dashboards in LA help users collect personal information about
various aspects of their lives, behavior, habits, thoughts, and interests. Likewise,
they help to improve self-knowledge by providing tools for the review and analysis
of their processes (Verbert et al., 2013, p. 2).

Other studies that mention dashboards as personalization learning factors are:
Boscardin et al. (2018), Clow (2013), Ellaway et al. (2014), Khosravi ef al.
(2021), Liu et al. (2017) and Williams (2017).

3.4 Types of data

Much of the success of LA lies in the data and its quality, for this reason, it was
considered relevant to identify the types of data that are significant and essential
for the personalization of learning. Each of the following authors tells us about
different types of information that can be collected through LA tools or techniques.

Regarding this, Albelbisi, Yusop and Salleh (2018) refer to three dimensions of
data; The first one, called “presage”, includes the demographic data of the student,
motivation and interactivity, and data of the instructor. The second dimension
is known as “process”, which includes pedagogy factors, engagement patterns,
instructional design, evaluation, plagiarism, and sustainability. Finally, the third
dimension is the “product”, which includes quality factors and school dropout rates.

On the other hand, Zhang ef a/. (2018) included the following variables: number

of accesses, online working time, navigation resources, frequency of access,
publications in forums, dispatch of tasks, access period, and test attempts.
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3.5 Intelligent tutoring

Within the reviewed studies, the learning environments that have had an
approach to personalization have technological mediation regardless of their
teaching-learning modality. Most of the research has been carried out in massive
environments called MOOC:s (46,84%) whose name means ‘“Massive Open Online
Courses”, or in learning environments designed for the application of serious
games (22.28%).

According to Zhang et al. (2018), the environments characterized by this
personalized approach are defined as “intelligent learning environments” that
can offer instantaneous and adaptable support to students through the immediate
analysis of their needs from different perspectives.

Lajoie and Azevedo (2012, p. 808) refer to intelligent tutoring, which is an
electronic system that seeks to improve learning that “must possess: (a) knowledge
domain (expert model), (b) knowledge of the learner (student model), and (c)
knowledge of teaching strategies (tutor)”.

Other studies that mention intelligent tutoring as a personalization learning factor
are Hwang (2014), Kato, Kambayashi and Kodama (2018) and Shemshack,
Kinshuk and Spector (2021).

3.6 Self-regulated learning

The personalization of learning can be achieved if the learning environments are
developed from pedagogical designs based on self-regulated learning (Romero
et al., 2019). Without an adequate pedagogical foundation, customization will
be very difficult to achieve, even when sophisticated technological means are
applied, including LA.

In this sense, if the learning activities have been designed for the student to
generate information about their learning process, which can then be captured,
analyzed, and interpreted, then the entire educational process can be powered
by the LA techniques. According to Engeness and Merch (2016), the data
generated through learning activities are the main data sources for adaptive
feedback systems.

In a complementary way, Singh and Merch (2018) indicate that to further improve
student learning, teachers and educational technologies should incorporate
comments much more actively into learning activities.
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In summary, Ifenthaler and Schumacher (2016) state that differences in learning
success are attributed predominantly to the self-regulation abilities of students
that are relevant to initiating and sustaining learning processes. Therefore,
students expect that LA allows them to support their planning and organization
of learning, perform self-assessments, offer adaptive recommendations, and
produce personalized analyses of their learning activities.

Other studies that mention self-regulated learning as the pedagogical basis for
learning personalization are Saqr, Peeters and Viberg (2021), Choles (2016), Slade
and Prinsloo (2013), Thompson and Cook (2017), Vives-Varela et al. (2014).

3.7 Game-based learning assessment

In addition to what has already been mentioned concerning the relevance of
continuous and formative assessment, the specific focus of game-based learning
assessment is highlighted as a factor that generates data that can be analyzed and
that reflects personal circumstances and conditions that affect learning.

In this regard, Terras et al. (2018) pointed out the relevance of serious educational
games as the basis for the design of student-centered learning environments, which
allow the data to be collected constantly to generate the features of personalization.

From this perspective, Rowe et al. (2017) confirm the advantages of registering
all game events, which are grouped into five main categories: (a) Location/Vector
player particle movement; (b) Time and location of the impulses; (c) Number
and location of other particles; (d) General features of the game; and (e) Result
of the game. By storing all this data, the analysis derived from LA is allowed to
generate better relationships that produce more personalization.

Other studies that mention game-based learning assessment as a key factor for
learning personalization are Gee (2003), Haladyna and Downing (2004), Hersh
and Leporini (2012), Shute et al. (2010), and Thomas and Brown (2011).

3.8 Social learning networks

An issue that is striking as a result of the review of published studies about
LA has to do with the relationship between social interaction and personalized
learning. Although a first glance they seem two contradictory issues -social and
personal-, within the framework of LA they have a close relationship, which is
materialized in the scope of social interaction (in digital environments) and yields
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a lot of data related to the journeys an individual travels as part of their learning
paths (Buitrago; Chiappe, 2019).

In this sense, Sunar ef al. (2016) point out the existence of what is known as
“Social Learning Networks”, understood as the set of connections between people,
media, agents, institutions, and resources organized to achieve learning goals or
objectives. From the perspective of LA, these networks must have navigation
support, recommendation, and information search services to support personalized
and lifelong learning.

Other studies that mention “Social Learning Networks” as a key factor for
learning personalization are Doleck, Lemay and Brinton (2021), Williams, Kim
and Keegan (2015), and Williams (2017).

3.9 Warning systems

The systems of educational recommendation and prevention (warning systems)
are defined as “any system that produces individualized recommendations or that
has the effect of guiding the user in a personalized way to interesting or useful
objects in a large space of possible options” (Vekariya; Kulkarni, 2012, p. 1).

This key factor is connected to some of the previous ones because the prevention
and warning systems began with the idea of identifying and helping the students
who were at risk and improving retention/dropout rates in the learning processes.
These systems use the results obtained from data analysis and Dashboards to
send alerts to students with recommendations and appropriate interventions
sometimes developed by the teacher or on other occasions automatically generated
by a platform.

An example of the above is stated by Kurilovas (2019) who creates and implements
customized learning units (UoL) suitable for specific students according to their
personal needs. The recommendation system created recommends students the
most appropriate learning components to compose the UoL according to the
student profile generated from the identification of their learning style.

3.10 Learning styles

Although learning styles are one of the least mentioned key factors in the studies
reviewed on LA, it carries a special interest in this regard, given the affinity of
this topic in the context of personalization of ICT-mediated learning.
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Tempelaar et al. (2018) define personalized learning environments taking into
account the application of a framework of learning styles previously addressed
in Fasihuddin, Skinner and Athauda (2015) and Felder and Silverman (1988).
This framework provides adaptive navigation support through the classification
and concealment of learning materials based on student’s learning styles and
preferences (Singh; March, 2018). From this perspective, personalized learning
can be built from the generation of the student’s profile comprehensively including
information such as knowledge, interests, objectives, cognitive traits, type of
learning behavior, etc. (Tempelaar et al., 2018).

Other studies that mention Learning Styles as a key factor for learning
personalization are Jena (2018), Mothukuri et al. (2017), Pappas, Giannakos and
Sampson (2019), and Soler Costa et al. (2021)

4 Discussion

According to the specialized literature, the personalization of learning is achieved
through the construction of a detailed profile of the student and the personalization
of both the study material and the learning environment according to their tastes,
preferences, skill levels, and the field of knowledge to learn.

In the field of 21st-century Education, learning environments must be intelligent
and provide the teacher with individual information about each student; an
expert domain must be established to determine the level of competence and its
development in each one of them, together with strategies to encourage them to
reach the expert level. These environments require Dashboards, warning systems,
systems of interventions by the teacher, and coherent and pertinent evaluation
systems that allow collecting and generating useful information to self-assess
and understand their weaknesses and strengths. Such systems must also allow
access to reinforcement material and information that allows the teacher to give
formative feedback, constant monitoring, and timely support.

The evidence extracted from the reviewed studies allows us to recognize that only
a few learning experiences mediated by ICT have managed to apply complete
personalization strategies, most of them in MOOC:s.

Within this context of learning, the relevance of the application of serious games
is recognized, as a mechanism for detecting personalized information that covers
several aspects of the learning process and that can be analyzed and interpreted
later for the benefit of the same student. In this regard, the inherent complexity
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of the process of capturing, storing, visualizing, and interpreting the data and
the need to ensure its relevance and quality remain as a reflection since if this
double condition were not met, the data extracted would not be enough to generate
reliable and useful LA processes.

LA has become a social process that aims to develop learning personalization.
From the digital activity of students, information is captured and analyzed,
especially in social networks and virtual communities about their behavior,
personality, interests, and motivations, information that cannot be obtained
from other sources, which allows for generating more significant data that can
be analyzed by predictive models that will ultimately be the basis for building
personalization strategies.

With the incorporation of LA into the dynamics of Education in digital
environments, the design of the learning process is restructured incorporating
continuous improvements concerning assessment and feedback, but always under
a certain sense of paradox, in which at the micro level, the learning environment
can be customized for one particular student, but at the macro level there is a risk
of falling back into standardization, since all students would be sheltered by the
same technologies, codes, and algorithms.
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Analisis de aprendizaje y personalizacion del
aprendizaje: una revision

Resumen

La Educacion en el siglo XXI estd cada vez mas mediada por las tecnologias digitales
en un contexto en el que se generan diariamente enormes cantidades de informacion.
Con respecto a esto y considerando la aplicacion inminente de tendencias emergentes
como el “Internet de las cosas” (IoT), el estudio de sus efectos educativos se convierte
en un asunto de gran relevancia tanto para los investigadores educativos como para los
profesionales. En este contexto, “Learning Analytics” adquiere especial importancia
como perspectiva para abordar el tema mencionado, especialmente desde un tema muy
relevante: la personalizacion del aprendizaje. En este sentido, se llevo a cabo una revision
sistematica de la literatura sobre andlisis de aprendizaje publicada en las ultimas dos
décadas para identificar su potencial como factor de fortalecimiento de la personalizacion
del aprendizaje. Los resultados muestran un conjunto de factores clave que incluyen
aspectos relacionados con la evaluacion, el uso de paneles, redes de aprendizaje social
y tutoria inteligente, y la importancia del monitoreo, retroalimentacion y apoyo

Palabras clave: Competencias del Siglo XXI. Problemas Pedagogicas. Alfabetizacion
Informativa. Aplicaciones de la Ciencia de Datos en la Educacion. Metodologias de
Evaluacion.

Andlise de aprendizagem e personalizacao de aprendizagem: uma
revisd@o

Resumo

A Educagdo no século XXI esta cada vez mais mediada pelas tecnologias digitais em um
contexto em que enormes quantidades de informagdo sdo geradas diariamente. Nesse
sentido, considerando a iminente aplicacdo de tendéncias emergentes, como a “Internet
das Coisas” (IoT), o estudo de seus efeitos educacionais torna-se uma questdo de grande
relevdncia tanto para pesquisadores quanto para profissionais da Educagdo. Nesse
contexto, o “Learning Analytics” adquire uma importancia especial como uma perspectiva
para abordar o tema supracitado, especialmente a partir de um tema muito relevante: a
personalizagdo da aprendizagem. Por isso, uma revisdo sistemdtica da literatura sobre
learning analytics publicada nas ultimas décadas se torna importante para identificar
o seu potencial como fator para fortalecer a personaliza¢do da aprendizagem. Os
resultados mostram um conjunto de fatores chave que incluem aspectos relacionados a
avaliagdo, utilizagdo de quadros, redes sociais de aprendizagem e tutoria inteligente, e
a importancia do acompanhamento, feedback e apoio.

Palavras-chave: Competéncias do Século XXI. Problemas Pedagogicos. Literacia
Informacional. Aplicagées da Ciéncia de Dados na Educagdo. Metodologias de Avaliagdo.
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