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Abstract: Recommendation systems have emerged as a response to overload in terms of increased
amounts of information online, which has become a problem for users regarding the time spent on
their search and the amount of information retrieved by it. In the field of recommendation systems
in education, the relevance of recommended educational resources will improve the student’s
learning process, and hence the importance of being able to suitably and reliably ensure relevant,
useful information. The purpose of this systematic review is to analyze the work undertaken on
recommendation systems that support educational practices with a view to acquiring information
related to the type of education and areas dealt with, the developmental approach used, and the
elements recommended, as well as being able to detect any gaps in this area for future research work.
A systematic review was carried out that included 98 articles from a total of 2937 found in main
databases (IEEE, ACM, Scopus and WoS), about which it was able to be established that most are
geared towards recommending educational resources for users of formal education, in which the
main approaches used in recommendation systems are the collaborative approach, the content-based
approach, and the hybrid approach, with a tendency to use machine learning in the last two years.
Finally, possible future areas of research and development in this field are presented.

Keywords: systematic review; recommendation systems; education; machine learning

1. Introduction

The penetration of information and communications technologies (ICTs) has resulted
in major social changes, marking the onset of an era that has been characterized by glob-
alization, the information society and knowledge. Likewise, it has meant a challenge in
different spheres of activity, one of which is education, in which they are incorporated
into teaching and learning processes. The incorporation of ICTs has entailed a growth in
Internet services, which in turn has been reflected in a major increase both in the amount
and in complexity of the information available online. A problem for users has emerged as
a consequence of the information overload in terms of the time they spend on their search
and the amount of information retrieved by it. Being able to suitably and reliably ensure
relevant, useful information is a determining factor when taking decisions.

Recommendation systems (RSs) have emerged in order to deal with this problem, with
the purpose of helping users find what is genuinely relevant to their needs. According to
previous study [1], the RSs are software tools to help users in the decision-making process
by applying information filtering, data mining, and prediction algorithms. This offers each
user a variety of choices and options according to his or her interests and preferences [2].

A classic way of categorizing the different types of RS was provided by Burke [3], who
distinguished between six different classes of recommendation approaches: Collaborative
Filtering (CF), Content-Based Filtering (CBF), knowledge-based filtering, context-based
filtering, demographic filtering, and hybrid filtering.

For Herlocker [4], collaborative filtering systems are the simplest, they calculate the
similarity between users, and they predict product ratings for the active user according
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to ratings provided by other users who have very similar preferences to the current users.
Content-based RSs are based on features provided previously by the user, which will then
be used to filter all the elements in the system. Articles that have the highest similarity
score will be recommended to users [5]. According to [6], the knowledge-based approach
suggests elements to the user according to the knowledge it has about them and their
relations, so as to meet the user’s specific needs. The context-aware recommendation
systems are able to recognize the user’s contexts and daily activities in real time such as
location, environment information, etc., for suggesting contextually relevant items [7]. In
demographic filtering, recommendations are established on a demographic profile of the
user [8], and the recommendations are suggested from similarities in terms of demographic
data in user profiles such as nationality, age and gender, etc. [9].

Hybrid recommendation systems that combine two or more techniques from among
the approaches described previously to improve recommendation performance have
emerged as a means to overcome any problems that may emerge via the use of the different
techniques, such as the cold-star problem [3]. The cold-start problem refers to situations
where there are only a few ratings on which to base recommendations [4], which usually
happens when new items are registered in the system and normally have no rate from the
users [5].

In recent years, artificial intelligence techniques have been introduced for RSs. The
study [6] includes the computational intelligence-cased recommendation in the classifi-
cation, which include Bayesian techniques, artificial neural networks, Machine Learning
(ML) techniques, genetic algorithms, and fuzzy set techniques. According to [1], the use of
these techniques has been a promising solution when designing RSs in the era of Big Data.

RSs have become a very commonly used tool in different domains such as e-commerce,
social networks, digital media, and books [10] and in the field of education, as well as in
teaching and academic advisory services [11], the latter being the subject of interest in this
systematic review.

Recommendation systems depend to a great extent on the domain in order to operate,
and taking the recommendation given by a system and transferring it to another system is
no easy task. Therefore, the challenge facing educational recommendation systems is how
to better understand the user’s interest and the purpose of the domain [12].

The purpose of the domain is conditioned by the different levels and type of education,
which may belong to one of three major groups: Formal education, non-formal education,
and informal education, the latter being what is acquired in day-to-day life through
interaction with individuals and their relationship with the environment.

Formal education is understood to refer to what is included within the education
system, which follows an established school curriculum and includes nursery, primary,
compulsory secondary and baccalaureate stages, as well as vocational training and uni-
versity teaching. As for non-formal education, this does not follow any type of regulation,
and is what enables individuals to pursue lifelong learning. It is devised as a means for
achieving stable, evolutionary training in competences, knowledge, and skills [13]. For
Belando-Montoro [14], the purpose of any learning activity pursued throughout one’s
life is to improve knowledge, competences, and skills from a personal, civic, social, or
work-related standpoint.

The number of educational resources is growing nowadays, making it increasingly
difficult for traditional search engines to meet requirements related to online searches
for information about educational products and services by students during the learning
process [15].

A significant number of recommendation systems have been proposed in the field of
education, as well as in teaching and academic advisory services. Within the domain of ed-
ucation, target users are students, teachers, and academic advisors, and the recommended
elements are educational materials, learning objects, papers, universities, and information
such as that about courses, student performance, and the field of study [11].
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Applying RSs to the field of education requires taking into account a broad set of
variables that may include, among others, level of knowledge, competences, and learning
styles on the part of students. Given the rapid evolution of these systems, it is necessary to
be aware of the trend in the techniques used for development.

The aim of this systematic review is to obtain an overview of RSs in education, its fields
of work, recommendation elements, and the techniques used to identify any gaps, while at
the same time providing a suitable framework guideline for future research activities. The
search for articles was conducted between the years 2015 and 2020, in the course of which
98 works were analyzed after setting out relevant search criteria.

The article is structured as follows: Section 2 explains how the method used in the
systematic review was developed; Section 3 provides an analysis of records; and lastly,
Section 4 contains the conclusions and discussion about future work.

2. Materials and Methods

The phases suggested by [16] were taken as reference in order to conduct the systematic
review of literature (SRL), and these are shown in the following diagram (Figure 1).

= N &
50 Research questions g Identifying the research E Specifying means for
g Review protocol % Selecting primary studies E dissemination
E [.E Assessment and quality Format of the report
study

o

/ \Data mining and mcmitori@ \ j

Figure 1. Phases of systematic review of literature.

The purpose of this SRL is to determine any gaps in recommendation systems in
education, especially in higher education, in its different fields of study and areas of
knowledge, aspects related to the development of recommender systems, such as the
filtering algorithms, and other techniques used and their validation, to obtain accurate
information from the review that may contribute towards the objective that has been set
out. Thus, the following search questions were defined, in which Table 1 specifies the
purpose of each of them.

Review Protocol

Once the objectives had been defined and the search questions set out, the following
repositories were used to search for articles: IEEE and ACM as the two main digital libraries
of scientific content in the area of informatics and computing, and to complement the
search, Web of Science (WoS) and Scopus were taken into account as they are two databases
that have access to an important and wide number of applications in the different areas
of knowledge.

The keywords were then selected by taking into account the initial mapping literature
and the key words found in abstracts pertaining to them. The terms used were as follows:
Recommender system, recommendation system, and education. The advanced repository
option was used to fine-tune the results, which enables search chains to be defined via
the use of logical operators, using the following for the search: “recommender system”
OR “recommendation system” AND education; the asterisk (*) was also used to conduct
searches, and this symbol was used as a catch-all, and helps to represent one or more
characters in a given term. In the recommend* search, this might imply terms such as
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recommend or recommendation. The details in the different sources are reflected in Table 2.
The search was confined to records between the years 2015 and 2020.

Table 1. Purpose of the search questions.

Question Purpose

At what type of education are recommendation To learn about fields of education and types of elements

Q1 systems aimed, and which areas do they cover? that are recommended, so as to determine which areas can
be explored.
. . To determine the users and which of their characteristics
?
Q2 What type of user is the RS aimed at? are taken into account in the RSs.
Q3 What is the developmental approach used in RSs Tto Tﬁ;lde giﬁl(cila‘r:cle ali)r(:utrtherrrrll;stnc(;)rzn;:)nlyturssd
in the field of education? echmiques cveloping recommendation systems
in education.
Q4 On what type of platform is the RS developed: To determine the trend in the types of recommendation
web or mobile? platform for education.
Table 2. Details of the search.
Source Search Chain Records
Title = recommend* system*
ACM Journal Full Text = education 808
Author keyword = (“recommend* system*”) + “education”
IEEE Xplore ((“recommend* system*”) AND education) 1006
Scopus (TITLE-ABS-KEY ((“recommend* system*”))AND 808
p KEY((“recommend* AND system*”) AND (education)))
WoS Topic (“recommend* system*”) AND “education” 315
Total records 2937

The following PRISMA guidelines [17] were followed to select articles from the sys-
tematic review, and these suggested applying 4 steps: Identification, filtering, eligibility,
and inclusion.

Figure 2 represents the PRISMA-adapted flow chart [17], which shows details about
the number of records in each selection phase of the articles identified that were included
and excluded, and the criteria used to determine which primary studies would be included
in the review.

In total, 2937 records were obtained when conducting the search of the sources selected,
the distribution of which can be seen in Table 2. Once these initial records had been
identified, a first filter was then applied in which any repeated studies were disregarded,
ending up with 2537, to which the following inclusion and exclusion criteria were applied
until obtaining 802 (see Table 3).

Abstracts of the articles that had been kept were then read, excluding those in which
the subject of study failed to cover any recommendation systems in education. In total,
587 articles were excluded from this process, with 225 remaining for in-depth review. These
were read in their entirety and 127 were ruled out, leaving 98 articles included for the
systematic review.

A systematic review involves the selection of significant material according to the
objective established in the review [18]. Prisma [17] provides guidance for this review,
including a checklist that can be used to assess the quality of the review. Based on this
checklist, we have defined 10 indicators (Table 4), which permit us to measure the quality
of the articles, the first 7 of which are focused on the content of the article and others related
to publication quality metrics.
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Figure 2. Flow chart showing study selection.
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Table 3. Inclusion and exclusion criteria.

Criteria
Inclusion Exclusion
Complete documents Publications in languages other than English.
Publications in journals or congresses Publications such as: letters to the editor, reviews, etc.
Title and abstract with words used in the search Publications in areas other than education

Unavailable publications

Table 4. Quality metrics.

Metrics Value Weight
M1: The abstract provides information and a balanced summary of 0/1 1
what was done and what was found
M2: Give the eligibility criteria and the sources and methods of 0/1 1
selection of participants

About the text of the article itself MB3: Provides system architecture and details of components 0/1 1
M4: Provides details on the validation of the system 0/1 1
Mb5: Provides results according to objectives, constraints, and analysis 0/1 1
Mé6: Provides an accurate and unbiased discussion 0/1 1

M7: References 0/1 15
MS8: Publication type (Conference/Journal) 0/1 1

Other Quality Metrics M9: Innovation 1/2/3 15
M10: Number of references 0/1/2/3 1

For the assessment of metrics related to bibliographic references, we have based
the criteria on [18] to establish the criteria in terms of the number of references and the
percentage of references that are up to date (last five years). For the number of citations,
we have used the metrics obtained from Google Scholar.

The total score will have a value between 0 and 16, classifying them as deficient (0-2),
sufficient (3-5), good (6-10), very good (11-13), and excellent (14-16).

3. Results

Once the articles included in the systematic review had been included [19-116], data
mining then got underway, for which purpose those elements that provided a response to
the research questions were identified when the documents were read (Table 1). How the
articles were distributed according to the categories found in each approach were identified
and quantitatively shown in the analysis conducted.

Table A1 shows the information obtained from each article, in accordance with the
questions asked in the course of the systematic review.

From the information in Tables A1 and A2 in Appendix A, according to the geograph-
ical distribution of the articles included in the systematic review, the regions with the
highest number of publications are Asia, followed by North America and Europe (Figure 3).
Figure 4 highlights the trend towards an increase in the number of RSs, where growth in
the last two years can be observed, representing 37% of the total. It also shows the number
of articles by type of publication.

3.1. Types of Education Covered by the Recommendation Systems

After reading the articles in their entirety, it was then possible to identify which RSs
are geared towards formal education and which to non-formal education. Each article can
be identified in Table A1 together with the type of education covered, while at the same
time it could be seen that of the total, 58 RSs referred to formal education—in particular,
university studies—33 of the works focused on non-formal education, and 7 both on formal
and non-formal education. The percentage of articles according to type of education can be
observed in Table 5. In most cases, the area of knowledge to which the recommendations
are geared is not specified, while the works [32,53,54,109,113] indicate that studies in their
case recommend resources pertaining to the field of architecture and engineering.
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Figure 4. Number of articles included in the systematic review per year.

Table 5. Percentage number of articles according to type of education.

Type of Education Number of Articles % of Articles
Formal 58 59.18
Non-formal 33 33.67
Formal/Non-formal 7 7.14

In formal education, there are some articles such as [21,30,31,45] that base their recom-
mendations on learning style. The RSs of [30,35] use the Felder-Silverman learning styles
for this purpose. In non-formal education, we highlight the articles [27,113], which recom-
mending lifelong learning, with the latter using job competences to recommend courses.

When analyzing the data obtained to determine what types of elements are subject
to recommendation, it was noted that 96% of works focus on offering the service to post-
graduate students and universities such as learning resources, courses, post-graduate
studies, and universities. Of these articles, 78 are oriented specifically for students (Table 6),
most of which make suggestions for courses and educational resources, where only [26]
focuses on teachers by recommending resources for teaching practice in the view of the
increasing availability of such resources online and the resulting difficulty in locating them,
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and [50] focuses on both students and teachers, where the student receives suggestions for
support material to study while teachers receive student profiles for review.

Table 6. Percentage number of articles according to type of user.

Type of User Number of Articles % of Articles
Students 76 78%
Learners 6 7%

User in academic 2 2%
Teachers 1 1%
Students/Teachers 1 1%
N/S 11 11%

In terms of the type of element recommended, it was noted that 37 works stand out
in which RSs offer learning resources, and these recommendations are mostly given in
accordance with user preferences; 133 RSs suggest courses; 5 recommend a sequence of
courses/syllabuses; 5 recommend elective degrees courses; and the remainder focus on rec-
ommending papers, postgraduate courses, academic advice, and professions, among others.
The articles [85,106,108] that give academic advice stand out. Likewise, articles [31,33,112]
that recommend study sequence or syllabuses. The work proposed by [41] recommends
jobs for students and young professionals based on job descriptions and user profiles.
Table A1 shows the elements subject to recommendation in detail while Table 7 provides
the percentage distribution according to recommendation element.

Table 7. Percentage number of articles according to recommendations elements.

Recommendation’s Elements Number of Articles % of Articles
Academic advice 4 4.08
Courses 33 33.67
Educational program 2 2.04
Elective degree courses 5 5.1
Learning resources 37 37.76
Multi-objective exam 1 1.02
Online learning 3 3.06
Papers 1 1.02
Pedagogical resources 1 1.02
Postgraduate courses 2 2.04
Professions 1 1.02
Programming problems 1 1.02
Study sequence/syllabuses 5 5.1
Teaching practice resources 1 1.02
Universities 1 1.02

3.2. Developmental Approach of RSs in the Field of Education

When we asked about the approach used in developing RSs in the field of education,
we found that they were mainly collaborative, content-based, knowledge-based, and
hybrid, highlighting the use of ML techniques in the last two years. Table 8 shows the
number of articles according to developmental approach.

As for distribution, the following was observed: 32 RSs use the collaborative approach,
and the following most-used approaches are the hybrid approach with 20 RSs, ML with
19 RSs, and the knowledge-based approach with 18 RSs. Finally, two RSs use the content-
based approach, highlighting the work [69], which takes some features from LinkedIn to
create the user profile, such as the user’s geographical location and activities of interest,
and represents the information using an ontology.
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Table 8. Percentage number of articles according to developmental approach.

Developmental Approach Number of Articles % of Articles
Collaborative 32 32.99
Content-based 2 2.06
Context-aware 2 2.06
Knowledge-based 16 16.49
Hybrid 20 20.62
Machine Learning 19 19.59
Semantic 1 1.03
Probabilistic Model 1 1.03
Graphs 1 1.03
Fuzzy logic 1 1.03
Click-through rate prediction 1 1.03

Of the articles that used ML, 79% used supervised ML and 17% used unsupervised
ML. The techniques most commonly used include: [74,75,79,87,94,99,100,109,116] use Neu-
ral Network, representing 47%, of which [74,79,87,116] use Deep Learning; [73,111] use
Support Vector Machine (10.5%); [86,88] use K-nearest neighbor (10.5%); [85,96] K-means
(10.5%); and finally [77,82,89,93,103] use multiple techniques (21%).

3.3. Type of Platform Implemented in Recommendation Systems

Of the studies reviewed, 21 adopted an online platform for implementation purposes
(Table 9), of which [19,20,33,41,55,73,75,77,80,82,83,85,87,88,103,116] used universities /university
platforms as a source of data, and [38,44,60,72,92,94,109,117] used learning platforms.

Table 9. Percentage number of articles according to type of platform.

Type of Platform Number of Articles % of Articles
Online 21 21.43
Chatbot 1 1.02
Mobile 1 1.02
Not Specified 75 76.53

Moodle was used in the case of [24,66], while four of the recommendation systems
sought information from online resources, namely [47,62,84,95].

Ref. [52] proposes a MOOC-FRS SR based on user behavior on the MOOC platform
for personalized course recommendation. The article [64] proposes to recommend courses
in MOOCs, taking into account the existence of more than one provider in the recommen-
dation process. It will also use the knowledge in these MOOCs ecosystems to improve
the recommendation of courses through these platforms. The article [81] uses a chatbot
to give the recommendations, while the article [104] uses a mobile application to give the
recommendations.

The remaining articles analyzed offered proposals or system prototypes in which
recommendation algorithms were implemented. Some used test data as a way in and
contrasted their results by comparing them with other algorithms used.

3.4. Quality Metrics

To ascertain the assessment related to the quality metrics of each of the articles, the
corresponding measurement was carried out according to the defined indicators (Table 4).
Each of the articles was classified on a scale from deficient to excellent, according to the
significant contributions to our systematic review, evaluating them in terms of the degree
of innovation, details of the proposal, validation, results, and analysis, as well as the
references and number of citations to it. Table A2 shows the score obtained by each of
the articles.
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The articles classified as excellent and very good are selected and analyzed again to
obtain information related to users, educational level, type of ML, and system validation.
This result is shown in Table 10.

Table 10. Highlights of selected articles according to quality metrics.

REE User Educational Level Machine Learning Metrics

[27] I;;%%Z:?Orﬁgllsg Lifelong learning Supervised Accuracy/Recall

[59] Students Higher education - Accuracy /Recall

[60] Learner General - Accuracy/MAE *

[69] Students Higher education Supervised Accuracy /Recovery
[70] Learner Higher education - Relevance score

[72] Students Higher education Unsupervised NDCG **, MAE and F1 ***
[75] Students Higher education Reinforcement Accuracy/F1

[84] Academic’s user Higher education Supervised NDCG

[97] Learner General Unsupervised Accuracy/Recall /F1

MAE *: Mean absolute error; NDCG **: Normalized Discounted Cumulative Gain; F1 ***: Harmonic mean between precision and recall.

The studies were conducted with students or learners (seven articles), academic users
(one article), and one article with programmers, of which 67% are oriented to higher
education and only one article is oriented to lifelong learning, whereby [27] indicates that
the proposed system facilitates personalized lifelong learning for members of a community
and promotes interactions between groups of learners.

Of these selected articles, six of which use ML, representing 67%, three use supervised
ML, two unsupervised ML and one booster ML.

In relation to the metrics used to measure the performance of SRs, precision, which
corresponds to the proportion of the recommendation that is relevant to the user, is used
by 67%, followed by recall and F1.

For SR’s validation, 89% of the articles use real data, and only article [59] uses artificial
data. Articles [70,75,90] validate off-line, while [72] validate off-line and on-line. For the
verification of SR performance, the most used metric is accuracy (67%) followed by F1, the
harmonic mean between precision and recall.

Finally, analyzing the purpose of these articles, we observe that they have very varied
objectives. Regarding the innovation appreciated, we can highlight [27], which recom-
mends courses based on learning communities, [69] recommends courses based on their
relevance to relate course profiles, learner profiles, and jobs, and [69] recommends courses
based on their relevance to relate course profiles, learner profiles, and jobs. Ref. [72] rec-
ommends exercises adapted to each student according to the knowledge and results of
previous exercises. Ref. [84] recommends courses for teachers, research supervision based
on publications, research interests, and educational training.

4. Discussion and Conclusions

The incorporation of ICTs into education has marked changes in its processes, whether
in distance learning or in support for the different processes through educational resources
available online. These are growing rapidly, whereby an increase in RSs has been noted in
this sphere of activity, especially as support in formal education.

From the analysis, it can then be observed that RSs take into account user preferences
when making suggestions based on recommendations from similar users, while [21,30,35,45,53]
make recommendations based on learning style, and [24,31,46,50,61,64] based on diagno-
sis/student progress and the knowledge group. Likewise, another element they take into
account are user skills and /or competences [40,42,56,69] and competences related to work
associated with their profile within Internet job search portals.

RSs also base their suggestions on learning style [25,35,96]. The proposal of [30] use a
survey based on the Felder and Silverman Learning Styles Model (FSLSM) to determine
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this, and these learning styles are classified according to the following categories: Sensory,
intuitive, visual, verbal, reflexive, sequential, and global.

In terms of RSs that use the collaborative approach, they are thought to evidence the
cold-start problem, with works [36,41,56] suggesting a greater volume of data to improve
performance, and [22,48] adding more parameters to the user profile, such as learning styles
or reading tastes—in general, it is suggested that this be combined with other approaches in
order to improve performance. Ref. [84] indicates that the use of deep learning techniques
with collaborative filtering deals with the cold-start problem in recommender systems
and [115] solves the cold-start problem using collaborative filtering system by adding
classification information. Furthermore, [69,86,110,113] indicates that the use of ontology
for the representation of user information helps to solve the cold-start problem.

Of the articles that use the hybrid approach, we can draw attention to [69], which
states that the context should be incorporated in the user profile in order to improve
performance, while [27,64] suggests incorporating social networks in the future. As for
those that use the knowledge-based approach, the systems work with ontologies and
semantics, recommending that information be gathered from a range of sources and be
represented via ontologies.

In the systematic review, we have analyzed 98 articles related to the use of SRs in
education, most of them in a formal education context, so we can suggest further study
in non-formal education. Table 10 shows the trend in the use of ML over the last two
years. These techniques are combined with different filtering approaches to improve
recommendations and cold-start-related problems.

A feature found in the analysis of the articles is the heterogeneity of the data in
the domain of education, where [69] indicates that the integration of data from multiple
heterogeneous sources helps the system to improve recommendations. There is also a
need to study algorithms based on a semantic approach in more detail, the idea of which
would be to use ontological knowledge to describe the elements in order to obtain a
detailed representation of their content. This may in turn contribute towards improving
the results obtained from the recommendation in terms of relevance of the educational
material suggested and, therefore, would improve the student’s learning process.

In the validation of RSs, the source and size of the dataset must be considered. Differ-
ent strategies are used to determine the quality of the recommendation, such as offline and
online validation, with possibilities for expert assessment up to the use of multiple metrics.

The RSs subject to study mainly sought elements to be recommended in a single
place, although the search for information should also be explored in a range of sources
so as to be able to ensure a wide variety of elements and offer a better recommendation
service. Social networks also constitute a potential means for searching for information via
recommendation systems. Ref. [27] indicates that the use of social media could improve
the problem of data sparsity. According to the report on prominent indicators from the
information society issued by the Spanish National Observatory for Telecommunications
and Information Society, the percentage use of social networks in Spain is 67.9% and in the
European Union 64.9% [118].

To conclude, out of the 98 articles included in the systematic review, the questions
posed could be answered to a large extent, where Q1, Q2, and Q3 were covered in their
entirety. From the analysis of the articles, we can highlight the following:

e  According to the type of education, the SRs cover mostly formal education, especially
oriented towards students.

e  As for the elements subject to recommendation, they are very varied, highlighting
educational resources and courses.

e  The most commonly used development techniques are collaborative filtering, followed
by RSs that combine different techniques. Similar systematic reviews, such as the
one presented by [119], agree with this result, finding a gap in the use of intelligent
techniques. It can be seen in our review how this potential area has been covered since
2019, where proposals for RSs with machine learning are presented.
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e  Theincipient use of ontology for the representation of information and the construction
of user profiles can be observed.

e In the analysis of question Q4, in which we asked about the type of platform used by
the RSs, not much information was obtained, as 76% of the articles analyzed did not
specify the type of platform on which they were to be implemented. However, from
the work [119], we can observe 50% of RSs using a web platform.

In addition to the limitation found in question Q4, we can list the following:

e  When selecting the articles for analysis, we selected those where the focus was on
higher education, because the interest of the researchers is adult education. In order
to obtain a broader view, it is suggested to take into account all levels of education.

e  The evaluation metrics of the SRs were only analyzed in the selected studies according
to the quality metrics. For further study, it is suggested to extend this analysis to
all articles.

Some gaps were identified in the systematic review, which allows us to suggest that
future work should focus on the following;:

e  The development of hybrid systems, in particular, the use of intelligent techniques
and the use of ontology and evaluate the performance of RSs.

e  User information should be explored with information from different sources, such as
social media, to build a more complete profile beyond user preference and similar users.
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Appendix A

Table Al. Articles include in the systematic review.

Type of Recommendation Developmental Type of
REF. Year Country Education Type of User Element Approach Platform
[19] 2015 Spain Formal Students Learning resources Hybrid Online
[20] 2015 India Formal Students Universities Collaborative Online
[21] 2015 Brazil Formal Students Learning resources Knowledge-based N/S
[22] 2015 New Zealand Formal Students Courses Collaborative Online
[23] 2015 Brazil Formal Students Learning resources Hybrid N/S
[24] 2015 Italy Non-formal Students Courses Knowledge-based Online
[25] 2015 Colombia Formal/Informal Students Learning resources Hybrid N/S
[26] 2015 Taiwan Formal Teachers Teaching practice Knowledge-based N/S
resources
[27] 2015 USA Non-formal Students Courses Collaborative N/S
[28] 2016 USA Formal Students Courses Collaborative N/S
[29] 2016 Tunisia Formal/Informal Students Learning resources Knowledge-based N/S
[30] 2016 Lithuania Formal Students Learning resources Knowledge-based N/S
[31] 2016 Morocco Formal Students Study Hybrid N/S
sequence/syllabuses
[32] 2016 Ecuador Formal Students Learning resources Knowledge-based N/S
[33] 2016 USA Formal Students Study Hybrid Online
sequence/syllabuses

[34] 2016 Bangladesh Formal Students Postgraduate courses Collaborative N/S
[35] 2016 Morocco Formal Students Learning resources Collaborative Online
[36] 2016 USA Non-formal Students Courses Hybrid N/S
[371] 2016 Canada Formal Students Courses Hybrid Online
[38] 2016 USA Non-formal Students Learning resources Knowledge-based Online
[39] 2017 Taiwan Formal Students Professions Collaborative N/S
[40] 2017 Canada Formal Students Courses Collaborative N/S
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Table A1l. Cont.

Type of Recommendation Developmental Type of
REF. Year Country Edflcation Type of User Element Approach Plztform
[41] 2017 USA Formal Students Study . Collaborative Online

sequence/Professions
[42] 2017 Spain Formal/Informal Students Courses Knowledge-based N/S
[43] 2017 Brazil Formal Students Learning resources Hybrid N/S
[44] 2017 France Non-formal Students Learning resources Knowledge-based Online
[45] 2017 Taiwan Formal Students Learning resources Collaborative N/S
[46] 2017 France Non-formal Students Learning resources Collaborative N/S
[47] 2017 Spain Non-formal Students Learning resources Knowledge-based Online
[48] 2017 Thailand Formal Students Elective degree courses Collaborative N/S
[49] 2017 Morocco Non-formal Students Learning resources Hybrid N/S
[50] 2017 USA Non-formal Teachers/Students Learning resources Knowledge-based N/S
[51] 2017 India Formal Students Elective degree courses ~ Knowledge-based N/S
[52] 2017 China Non-formal Students Courses Collaborative Online
[53] 2017 Taiwan Formal Students Courses Knowledge-based N/S
[54] 2018 India Non-formal Students Learning resources Hybrid N/S
[55] 2018 USA Formal Students Postgraduate courses Hybrid Online
[56] 2018 Turkey Formal Students Elective degree courses Collaborative N/S
[57] 2018 Taiwan Formal Students Learning resources Knowledge-based N/S
[58] 2018 Morocco Non-formal Students Learning resources Collaborative N/S
[59] 2018 Taiwan Formal Students Study Collaborative N/S
sequence/syllabuses
[60] 2018 Taiwan Non-formal Students Learning resources Collaborative Online
[61] 2018 USA Formal Students Learning resources Knowledge-based N/S
[62] 2018 Brazil Formal/Informal Students Courses Content-based Online
[63] 2018 USA Formal Students Learning resources Collaborative N/S
[64] 2018 Taiwan Non-formal Learners Papers Hybrid N/S
[65] 2018 Brazil Non-formal Students Learning resources Knowledge-based N/S
[66] 2018 Portugal Non-formal Students Learning resources Collaborative Online
[67] 2018 China Non-formal Students Courses Hybrid Online
[68] 2018 Singapore Formal Students Learning resources Content-based N/S
[69] 2019 UK Formal Students Courses Hybrid N/S
[70] 2019 USA Formal Learners Pedagogical resources Machine Learning N/S
[71] 2019 Brasil Formal Learners Learning resources Context-aware N/S
[72] 2019 USA Formal N/S Multi-Objective Exams Machine Learning N/S
[73] 2019 India Formal Students Elective degree courses ~ Machine Learning N/S
[74] 2019 USA Formal/Informal Students Courses Machine Learning N/S
[75] 2019 USA Formal Students Courses Machine Learning N/S
[76] 2019 China Formal Students Learning resources Collaborative N/S
[77] 2019 Indonesia Formal Students Elective degree courses ~ Machine Learning N/S
[78] 2019 Rusia Formal Students Courses Probabilistic Model N/S
[79] 2019 USA Formal N/S Courses Machine Learning N/S
[80] 2019 USA Formal Students Courses Machine Learning N/S
[81] 2019 USA Formal Students Programming N/S Chatbot
problems

[82] 2019 USA Formal Students Courses Machine Learning N/S
[83] 2019 Poland Formal Students Learning resources Semantic N/S
[84] 2019 USA Formal Academics Academic advising Machine Learning Online
[85] 2019 USA Formal Students Academic advising Machine Learning N/S
[86] 2019 India Formal Students Educational programs Collaborative N/S
[87] 2019 Portugal Non-formal Students Courses Machine Learning N/S
[88] 2020 India Non-formal Students Courses Collaborative N/S
[89] 2020 Serbia Formal Academic Learning resources Collaborative N/S
[90] 2020 China Formal/Informal Students Learning resources Hybrid N/S
[91] 2020 UK Formal N/S Learning resources Hybrid N/S
[92] 2020 India Non-formal N/S Learning resources Fuzzy logic N/S
[93] 2020 Canada Formal Students Educational programs =~ Machine Learning N/S
[94] 2020 China Non-formal N/S Courses Graphs N/S
[95] 2020 Switzerland Non-formal Learners Courses Hybrid N/S
[96] 2020 China Non-formal Students Learning resources Collaborative N/S
[97] 2020 USA Formal Students Learning resources Machine Learning N/S
[98] 2020 Malaysia Non-formal N/S Online learning Collaborative N/S
[99] 2020 China Non-formal Students Courses Machine Learning N/S
[100] 2020 Thailand Non-formal Students Courses Collaborative N/S
[101] 2020 UK Formal Students Learning resources Collaborative web
[102] 2020 USA Non-formal N/S Online learning Collaborative N/S
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Table A1l. Cont.
Type of Recommendation Developmental Type of
REE. Year Country Edz]llzation Type of User Element Appll?oach Plﬁﬂorm
[103] 2020 Nigeria Formal Students Courses Machine Learning N/S
[104] 2020 China Formal/Informal Learners Learning resources Collaborative Mobile
[105] 2020 China Non-formal Students Learning resources Hybrid N/S
[106] 2020 USA Formal Students Academic advising Collaborative N/S
[107] 2020 Australia Non-formal Learners Courses Chck—thr.ou.gh rate N/S
prediction
[108] 2020 China Formal Students Academic advising N/S Online
[109] 2020 Italy Non-formal Students Courses Machine Learning N/S
[110] 2020 USA Non-formal N/S Courses Hybrid Online
[111] 2020 Netherlands Formal N/S Online learning Machine Learning N/S
[112] 2020 China Formal Students Study Context-aware N/S
sequence/syllabuses
[113] 2020 USA Non-formal N/S Courses Hybrid N/S
[114] 2020 USA Non-formal Employee Courses Collaborative N/S
[115] 2020 UK Formal N/S Courses Collaborative N/S
[116] 2020 China Formal Students Courses Machine Learning N/S
N/S: NOT SPECIFIED.
Table A2. Assessment of articles using quality metrics.
REE M1 M2 M3 M4 M5 Mé6 M7 M8 M9 M10 Total
[19] 0 0 1 0 0 0 0 0 1 1 3.5
[20] 1 1 1 1 1 0 0 0 1 1 7.5
[21] 1 1 1 1 1 1 0 0 1 1 8.5
[22] 1 1 1 1 1 1 0 0 2 1 9.5
[23] 1 1 1 1 1 0 0 0 1 1 7.5
[24] 0 1 1 1 1 0 0 1 1 1 8
[25] 1 1 1 0 0 0 0 1 1 1 7
[26] 1 1 0 0 1 0 0 0 1 0 4
[27] 1 1 1 1 1 1 0 1 1 3 13
[28] 1 1 0 1 1 1 0 0 1 3 10.5
[29] 0 1 0 0 0 0 0 0 2 0 3
[30] 1 1 1 0 0 0 1 0 1 0 5
[31] 1 1 1 1 1 0 0 0 1 1 7.5
[32] 1 1 0 0 0 0 0 0 2 0 4
[33] 1 1 1 1 1 0 0 0 1 2 9
[34] 1 1 0 1 1 0 0 0 1 1 6.5
[35] 1 1 1 1 1 0 0 1 1 1 9
[36] 1 1 1 1 1 1 0 0 1 1 8.5
[37] 1 1 0 1 1 1 0 0 1 1 7.5
[38] 1 1 0 1 1 0 0 0 1 1 6.5
[39] 1 0 0 0 0 0 0 0 1 1 3.5
[40] 1 1 0 0 1 0 0 0 1 1 5.5
[41] 1 1 1 1 1 1 0 0 2 1 9.5
[42] 1 1 1 1 0 0 0 0 2 1 7.5
[43] 1 1 1 0 0 0 0 0 2 0 5
[44] 1 1 1 0 0 0 0 0 1 1 5.5
[45] 1 1 0 1 0 0 0 0 1 0 4
[46] 0 1 1 0 0 0 0 0 1 1 4.5
[47] 0 1 0 0 0 0 0 0 1 1 35
[48] 1 1 1 1 1 0 0 0 1 2 9
[49] 1 1 1 1 1 0 0 1 2 1 10
[50] 1 1 0 0 0 0 0 0 1 1 4.5
[51] 1 0 0 1 0 0 0 0 1 2 6
[52] 1 1 1 0 0 0 0 0 1 1 5.5
[53] 1 0 1 1 1 1 0 0 1 1 7.5
[54] 0 1 0 0 0 0 0 0 1 3 6.5
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Table A2. Cont.

REFE M1 M2 M3 M4 M5 Meé M7 M8 M9 M10 Total

[110] 1 1 0 0 0 0 0 0 1 0 3
[111] 1 0 1 1 1 0 0 0 1 0 5
[112] 1 1 1 0 1 1 0 0 2 0 7
[113] 1 1 0 1 1 0 1 0 2 1 8.5
[114] 1 1 1 1 1 0 0 0 2 1 8.5
[115] 1 0 0 1 1 1 0 0 1 0 5
[116] 0 1 1 0 0 1 0 0 1 1 55
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