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Abstract: Recommender Systems (RSs) have recently emerged as a practical solution to the informa-
tion overload problem users face when searching for digital content. In general, RSs provide their
respective users with specialized advice and guidance in order to make informed decisions on the
selection of suitable digital content. This paper is a systematic literature review of recent (2011–2023)
publications on RSs designed and developed in the context of education to support teachers in
particular—one of the target groups least frequently addressed by existing RSs. A body of 61 journal
papers is selected and analyzed to answer research questions focusing on experimental studies that
include RS evaluation and report evaluation results. This review is expected to help teachers in better
exploiting RS technology as well as new researchers/developers in this field in better designing and
developing RSs for the benefit of teachers. An interesting result obtained through this study is that
the recent employment of machine learning algorithms for the generation of recommendations has
brought about significant RS quality and performance improvements in terms of recommendation
accuracy, personalization and timeliness.

Keywords: recommender system; recommendation system; recommendations for teachers; systematic
literature review; collaborative filtering; content-based filtering; hybrid filtering; machine learning
algorithms

1. Introduction

Recommender Systems or Recommendation Systems (RSs) were developed in order
to address the accumulation of large volumes of diverse data in digital form, as a result
of advances in Internet and web/cloud technologies. The need to store, process and
analyze such data has arisen in fields as diverse as e-commerce, e-health, e-entertainment,
e-tourism, the recommendation of personalized content (e-news, webpage recommenders,
and e-mail filters), the provision of services (financial services, life insurance, real estate,
job searching and recruiting) and e-learning, e.g., [1–4]. The motivation behind the rapid
growth of RSs during the last two decades came from the need to respond to a double
challenge: (i) to provide personalized advice and directions to users of diverse profiles
and interests searching for specific digital content and (ii) to provide specialized software
tools to professionals and other interested parties for informed decision making [2]. As
a result, an increasing number of professionals and decision-making bodies resort to the
services of RSs to cope with information overload. Indeed, as reported by Souabi et al. [3],
an increased user interest for RS has been evident since 2017.

An efficient RS relies on the one hand on access to various types of data and informa-
tion, and on the other hand on all available information regarding the profile and history of
the user (past activities, choices, decisions, etc.) possibly stored in digital databases. The
goal of a successful RS is to achieve an optimal match between the two—not once, but
every time the user asks for a recommendation. As soon as a recommendation is available,
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the user is free to examine it and adopt or reject it; in that sense, the RS offers counseling
rather than a compelling service. Furthermore, the user may contribute explicit or tacit
feedback to the RS. User decisions or activities in response to a recommendation as well
as explicit user comments and feedback on a given recommendation are valuable data.
RSs store such feedback in their knowledge base and use it to improve their recommenda-
tion generation algorithms for subsequent user requests [4]. Despite the employment of
carefully selected algorithms and sets of rules, current RSs may provide an overwhelming
number of recommendations that are not always optimal. Such an ‘over-reaction’ of an RS
to user requests may bounce back: users may feel that the RS threatens their independence
and autonomy and eventually reduces their well-being [5].

RS development is a multi-disciplinary task involving the fields of machine learning,
data mining, statistics, human–computer interaction, marketing, decision-support systems,
adaptive user interfaces, etc. [6]. The employment of machine learning algorithms, in
particular, has dramatically increased RS performance and the quality of results, e.g., [7,8].

In the field of education, the adoption of RSs in web-based environments and e-
learning platforms has greatly promoted open and distant learning by offering valuable
services to multiple target groups, such as learners, teachers, content authors, adminis-
trators and policy and decision makers. RSs for learners/students constitute the most
frequent and popular class [3,9,10], followed by RSs for OERs [11], ontology-based RSs for
e-learning [12–14], RSs for MOOCs [15], RSs for mobile learning, social networks or cloud
computing environments [16,17], and deep learning-based RSs that guide researchers and
professionals in understanding trends and challenges in their respective areas [18–20]. In
contrast, the number of RSs that focus on recommendations for teachers or instructors
remains limited. Sandoussi et al. [11] report that out of the total research works on RSs
for OER that they reviewed, 64% were aimed to learners, while only 36% were aimed at
teachers. In certain cases, RSs are aimed at the teacher side, but the results are evaluated
through the student side, as, in [8], where recommendations to improve teachers’ strategies
are evaluated through student learning experiences. The fact that RSs for learners account
for double the percentage of RSs for teachers cannot be attributed only to the different sizes
of the respective target groups. The need to boost student motivation for learning, which is
often fading in e-learning contexts, is certainly one reason for this imbalance [3]. On the
other hand, in their work on RSs for MOOCs, Khalid et al. [15] clearly conclude that there
is an urgent need for RSs for teachers. Deschênes [10] stresses the value of peer recommen-
dations and the need to involve learners and/or teachers in the process of RS design and
development right from the early stages. The importance of the proper evaluation of RS
performance is emphasized in Erdt et al. [21] as a tool for their improvement. As the authors
pertinently point out, accurate predictions or ‘good’ recommendations do not necessarily
correspond to high levels of user satisfaction. According to Da’u and Salim [19], RSs of
increased performance can be obtained through (i) the incorporation of more data on user
profile and social behavior, (ii) the adoption of machine learning algorithms with ‘deeper’
architectures (more layers) and (iii) the optimization of these algorithms for the generation
of recommendations. These results are only a few highlights of extensive and intense
research activity on RSs, following various directions and perspectives. The important role
of machine learning algorithms in the generation of recommendations is evident; yet, the
evaluation of the quality of recommendations produced by RSs remains an open challenge
that will determine the future of the field.

Along these lines, the present systematic literature review (SLR) focuses on RSs for
teachers, i.e., RSs that aim to aid and support teachers in making the various choices
and decisions necessary to improve the process and outcomes of (online) education. The
main objective of this study is to shed light on the status of current research on (and
the development of) RSs for teachers and to provide new researchers in the field with
insights to allow them to take meaningful directions in the development of innovative
RSs for teachers. The perspective adopted here encompasses all education settings and
contexts, be they traditional face-to-face in-class, fully online (e.g., MOOCs, open and
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distant learning, etc.) or blended (e.g., face-to-face in-class learning with asynchronous
online support, synchronous online learning or the various blended learning plans, such
as flipped classroom, etc.). The research works selected through a systematic process are
analyzed as to their added value along the following major axes that constitute the research
questions of this review at the same time:

1. What is the extent of interest in research on RSs for teachers, as expressed by the
volume and other features of recent publications?

2. What are the research aims, research questions and approaches adopted for the design
and development of RSs?

3. In which educational settings or contexts are RSs employed and evaluated?
4. What are the methods, algorithms and tools employed for the generation of recom-

mendations?
5. What are the RS quality evaluation methods and tools and the evaluation results

obtained?
6. What is the impact of the use of RSs and their endorsement by researchers and

teachers?

In comparison to existing relevant reviews/surveys on RSs, such as [1,3,7,10–21],
the current review is differentiated across several axes: focus (RSs for teachers), extent
(longer than a decade), timeliness (up to 2023), database coverage (four major databases),
the quality of sources (journal papers only) and research questions (research aims and
objectives, RS evaluation methods and tools and the classification of machine learning
algorithms employed to generate the recommendations). The current study constitutes
the first step towards the authors’ research plan to design and develop an innovative RS
for teachers; subsequent steps are therefore expected to benefit from discerning possible
gaps or under-researched aspects in existing research on RSs. Furthermore, this review
is expected to be useful to all parties interested in RS development and use. It aspires to
support and aid new researchers in the field, education practitioners and professionals,
education administrative and decision-making bodies and learning content authors and
developers, and to help them save time, effort and research resources by offering them an
overview of the field along with its trends and research opportunities, and leading them to
make informed decisions on planning their research steps into the field.

2. Research Methodology and Selection Procedure
2.1. Research Methodology

The methodology adopted in this study is that of SLR, following the steps proposed
(i) by Pai et al. [22], for the field of Medical Clinical Research, and (ii) by Kitchenham [23],
for the field of Software Engineering, with appropriate adaptations [24,25]. The major steps
include research planning, conducting and reporting; the PRISMA-S methodology [26] is
adopted for research reporting.

The current SLR covers, practically, a little more than the last decade (years 2011–2023)—a
period that has at the same time witnessed the proliferation of RS-related publications
and established the critical role of machine learning algorithms in RSs. The mixed na-
ture of RSs in both computer science/engineering and educational/social sciences fields
led to the selection of the following bibliographic databases for article searching and re-
trieval: (i) ERIC-Education Resources Information Center (https://eric.ed.gov/ (accessed
on 15 March 2024)), (ii) Scopus (https://www.scopus.com/ (accessed on 15 March 2024)),
(iii) Web of Science (https://www.webofscience.com/ (accessed on 15 March 2024)) and
(iv) Science Direct (https://www.sciencedirect.com/ (accessed on 15 March 2024)). The
former two databases were selected thanks to (i) their advanced organization and filtering
functionalities, which greatly facilitate the search and retrieval tasks, (ii) their selective
policy and yet unrestricted coverage of publication sources, and (iii) the statistics readily
available, as well as their direct linking to the referenced sources. The latter two databases
were added for the sake of more complete coverage: Web of Science is strongly selective

https://eric.ed.gov/
https://www.scopus.com/
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and yet it includes some sources not present in the first two bases; similarly, Science Direct
has a considerable, but certainly not complete, overlap with Scopus.

2.2. Selection Procedure

The query formed in order to search in the four selected databases was based on
either of the two essential keywords “Recommendation System(s)” OR “Recommender
System(s)”. In the cases of Scopus, Web of Science and Science Direct, these are logically
‘AND’-ed with the keywords “Teachers OR Educators”, because Scopus, Web of Science
and Science Direct cover a broad spectrum of disciplines besides education. This was
not necessary with ERIC, however, since ERIC is a purely educational base. For all cases,
the search was performed in the {title, abstract, keywords} triplet; the year span is set to
2011–2023 and the source type was set to journal papers. A total of N0 = 599 articles was
thus retrieved from ERIC (191 articles), Scopus (138 articles), Web of Science (82 articles)
and Science Direct (188 articles). After the removal of 117 duplicates, a body of N1 = 482
unique articles remained for screening, as detailed in Table 1.

Table 1. Articles retrieved from the 4 databases (ERIC, Scopus, Web of Science and Science Direct).

Database Keywords Articles (Retrieved) Duplicates
(Excluded)

Articles
(Remaining)

ERIC Recommendation System(s) OR
Recommender System(s) 191 12 179

SCOPUS
(Recommendation System(s) OR
Recommender System(s)) AND

(Teacher OR Educator)
138 9 129

Web of Science
(Recommendation System(s) OR

Recommender System(s))
AND (Teacher OR Educator)

82 74 8

Science Direct
(Recommendation System(s) OR

Recommender System(s))
AND (Teacher OR Educator)

188 22 166

Total 599 117 482

The first screening of these N1 = 482 articles was based on the triplet {title, abstract,
keywords} and the use of the following exclusion criteria, empirically set by the authors:

1. Not a journal paper (e.g., article in conference proceedings, book, patent, technical
report, thesis, etc.);

2. Not a primary study (e.g., review or meta-analysis);
3. Not referring to e-learning or distant learning;
4. The RS involved is not addressed to teachers or educators;
5. Not an English-language publication.

A total of 302 articles were thus excluded, while N2 = 180 articles were forwarded
to the second screening (see Table 2 for details). The first two authors performed the 1st
screening independently. Inter-rater reliability was calculated as k = 0.875 (Cohen k index).
The third author resolved conflicts in his capacity as a field expert. The second screening
was performed using the same exclusion criteria, yet applied to the full texts of the screened
articles; 119 more articles were thus excluded, leaving a set of N3 = 61 articles for further
analysis across the research questions (see Table 2 for details). The 2nd screening was
also performed independently by the first two authors, with a higher inter-rater reliability
(k = 0.931); again, the third author judged the conflicts of interest. The whole procedure is
presented in steps following PRISMA in Figure 1. The number of articles (61) eventually
retained for analysis through the systematic methodology described above is considered
adequate for the purposes of the current review, because it is the net outcome of (a) the
definition of a valid area of interest (RSs for teachers), and (b) the strict conformance with a
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recognized SLR methodology (PRISMA). It is evident that this specific area of interest is
not over-researched, and consequently it constitutes a field worthy of further investigation.

Table 2. Articles excluded during the two screenings.

Nr Exclusion Criterion 1st Screening
{Title, Abstract, Keywords}

2nd Screening
{Full Text}

ERIC Scopus Web of
Science

Science
Direct ERIC Scopus Web of

Science
Science
Direct

1
Not a journal paper (e.g.,

article in conference
proceedings, book, etc.)

0 0 2 0 0 0 2 0

2 Not a primary study (e.g.,
review or meta-analysis) 21 5 0 22 0 1 0 0

3 Not referring to e-learning
or distant learning 19 29 0 82 4 10 1 10

4
The RS involved is not

addressed to teachers or
educators

81 11 0 30 33 42 1 15

5 Not an English-language
publication 0 0 0 0 0 0 0 0

Total Excluded 121 45 2 134 37 53 4 25
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Figure 1. The retrieval and selection procedure in steps, according to PRISMA methodology.

On the other hand, the current review has inevitably certain limitations that come
mainly as a result of practical considerations and of the adopted methodology. These
include the year span of the review, the English language of the sources, the restriction to
journal publications and also the restriction to published research. Certainly, a number
of interesting and fruitful research projects that have not resulted in a journal publication
lie out of the reach of our methodology. The same holds true for works produced in non-
English-speaking parts of the world and published in languages other than English. These
limitations are important, especially when global coverage of the subject is sought.
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3. Analysis and Results
3.1. RQ1: What Is the Extent of Interest in Research on RSs for Teachers, as Expressed by the
Volume and Other Features of Recent Publications?
3.1.1. Evolution of the Number of Publications on RSs for Teachers over Time

The popularity of research on RSs for teachers along the 12-year span of this review
was deduced from the number of relevant publications. In Figure 2, the publication counts
per year, along the time span of this review, are shown (i) for the total number of N1 = 482
initially retrieved unique articles (blue), (ii) for the N2 = 180 articles retained after the
first screening (red) and (iii) for the N3 = 61 articles retained after the second screening
(green). Blue and red sequences exhibit an almost linearly increasing trend, meaning that
the interest in RS-related research in education in general is steadily increasing. The green
sequence, however, would more accurately be described as that of sustained interest, with
no clearly increasing or decreasing trend. It represents research interest in RS for teachers in
particular, given that the exclusion criterion with the higher score in the second screening
in Figure 1 (91 out of the 119 exclusions) was “4. RS not addressed to teachers/educators”.
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3.1.2. Number of Authors per Publication

The complexity of the relevant research can be deduced from the number of authors
that had to collaborate in order to produce publishable research results. As indicated by the
results in Table 3, the majority of publications are authored by three (27.87%), two (23.31%)
or four (19.67%) authors; 10 out of the 61 publications (16.39%) are authored by more than
five authors and 1 publication is authored by one author (1.64%).

Table 3. The number of authors per RS publication.

Number of Authors Number of Publications
(Absolute Number)

Number of Publications
(Percentage)

>5 10 16.39
5 8 13.12
4 12 19.67
3 17 27.87
2 13 21.31
1 1 1.64

Total 61 100%
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3.1.3. Journals That Host Relevant Publications

Regarding the journals that host the reviewed publications, 45 different sources were
identified. These are listed in Table 4, in descending order of frequency (number of hosted
publications in each journal). Education and Information Technologies and IEEE Transactions on
Learning Technologies head this list with five publications each, followed by Expert Systems
with Applications and Soft Computing, each one with three publications, respectively, and by a
set of four journals hosting two publications each (Information Sciences; International Journal
of Information and Communication Technology Education; International Journal of Emerging
Technologies in Learning; and Information Processing & Management). Thirty-seven journals
hosting one publication each follow.

Table 4. The journals that host publications on RSs for teachers.

Number of
Publications Hosted Number of Journals Journal Titles (in Alphabetic Order within Each Cell)

5 2 Education and Information Technologies; IEEE Transactions on
Learning Technologies

3 2 Expert Systems with Applications; Soft Computing

2 4
International Journal of Emerging Technologies in Learning; Information Sciences;
International Journal of Information and Communication Technology Education;
Information Processing & Management

1 37

Journal of Computers in Education; Computers in Human Behavior; IEEE Access;
Advances in Engineering Software; Applied Computing and Informatics; Applied
Sciences; British Journal of Educational Technology; Complexity; Decision Sciences
Journal of Innovative Education; Expert Systems; Frontiers in Education; IEEE
Transactions on Education; Interacting with Computers; International Journal of
Fuzzy Systems; International Journal of Human-Computer Studies; International
Journal of Machine Learning and Computing; International Journal of Pharmacy and
Technology; International Journal of STEM Education; International Journal of
Technology in Teaching and Learning; International Journal on Digital Libraries;
Journal of Computer Assisted Learning; Journal of Educational Data Mining; Journal
of Educational Technology Systems; Journal of Information Science; Journal of
Theoretical and Applied Information Technology; JUCS—Journal of Universal
Computer Science; Multimedia Tools and Applications; New Review of Hypermedia
and Multimedia; Research in Learning Technology; Technology, Knowledge and
Learning; TechTrends; The Internet and Higher Education; ACM Transactions on
Information Systems; International Journal of Distance Education Technologies;
Revista Latinoamericana de Tecnologia Educativa (RELATEC); Journal of Web
Engineering; Institute of Management Sciences.

Total 45 100%

3.1.4. Geographic Distribution of Research on RSs for Teachers

The geographic distribution of research on RSs for teachers was deduced from the
affiliation of the first author of each of the reviewed publications. Table 5 shows the cumu-
lative results at the continent scale, while Figures 3 and 4 further detail the results at the
country scale. Asia, with 20 publications (32.79%), heads the list in Table 5, closely followed
closely by Europe with 19 publications (31.14%). One-fourth of the publications come from
the Americas (29.51%); Oceania and Africa close the list with lower representation rates.
As revealed by the results per country in Figure 4, the top place of Asia is held thanks to
China (nine publications or 14.75%), while the second-top place of Europe is held thanks to
Spain (seven publications or 11.47%). Regarding the Americas, the USA is the top country,
with seven publications (11.47%), followed by Brazil with four publications (6.55%).
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Table 5. The geographic distribution of research on RSs for teachers (location of 1st author affiliation),
at the continent scale.

Continent Number of Publications
(Absolute Number)

Number of Publications
(Percentage)

Asia 20 32.79
Europe 19 31.14

The Americas 18 29.51
Oceania 2 3.28
Africa 2 3.28

Total 61 100.00
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3.2. RQ2: What Are the Aims of the Recommendations and the Aims of Research on RSs, as
Expressed by the Respective Research Questions?
3.2.1. The Identification of the Major Aims of the Generated Recommendations

The aim of any recommendation is an essential characteristic of a research study on
RSs. The qualitative (content) analysis of the recommendation aims explicitly or implicitly
adopted by the researchers in the reviewed publications has led to the identification of five
different classes (major recommendation aims), as listed in Table 6. The aim of improving
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teaching practices heads the list (32.79%): this result verifies that teaching quality improve-
ment is a major issue and challenge that teachers face [27]. Personalized recommendations
for multiple categories of users (including teachers) follow (24.59%), while personalized
search/recommendations for learning objects account for 22.95% of publications. A smaller
number of publications (16.39%) focus on personalized recommendations for teachers in
particular, while a small number of articles are aimed at other tasks, such as personalized
recommendations for social navigation (3.28%).

Table 6. Classification of the reviewed publications according to their (major) recommendation aims.

Recommendation Aims Number of Publications
(Absolute Number)

Number of Publications
(Percentage)

Improve Teaching Practices 20 32.79

Personalized Recommendations for
Users (including Teachers) 15 24.59

Personalized
Search/Recommendation for
Learning Objects (LOs)

14 22.95

Personalized Recommendations for
Teachers 10 16.39

Personalized Recommendations for
Social Navigation 2 3.28

Total 61 100.00

3.2.2. Aims of Research on RSs, as Expressed through the Respective Research Questions

Another qualitative characteristic of the reviewed publications refers to the research
aims they pursue, as expressed by their respective research questions. As a result of
qualitative (content) analysis, five major research aims are identified. Certain publications
pursue more than one of these aims, as shown in Table 7. The top three aims are (i) the
improvement of RS efficiency/quality/accuracy, pursued by 21 of the 61 publications
(34.42%), (ii) personalization in the RS, with 18 studies (29.51%), and (iii) technology-specific
RSs, with 17 studies (27.87%). The last three aims are far less frequent: affective/emotional
aspects in RS are researched by three publications (4.92%) and RSs based on teachers’ ICT
profiles/competences/skills/attitudes by are represented by two publications (3.28%).

Table 7. The reviewed publications grouped according to their research aims, as expressed by the
respective research questions.

Research Aims, as Expressed in the
Research Questions Posed

Nr. of Publications
(abs. nr.)

Nr. of Publications
(%)

References to Reviewed
Publications

1. Improvement of RS
efficiency/quality/accuracy 21 34.42 [28–48]

2. Personalization in the RS 18 29.51 [49–66]

3. Technology-specific RS 17 27.87 [67–83]

4. Affective/emotional aspects in RS 3 4.92 [84–86]

5. RS based on teachers’ ICT
profiles/competences/skills/attitudes 2 3.28 [87,88]

Total 61 100.00

3.3. RQ3: In Which Educational Settings or Contexts Are RSs Employed and Evaluated?

Regarding the educational settings or contexts where RSs are employed and evaluated,
four major settings are identified: (i) educational environments, including web-based learn-
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ing environments, Learning Management Systems (LMSs), Learning Content Management
Systems (LCMSs), Learning Activity Environment Systems (LAMSs) and Social Learning
Platforms, (ii) decision-support systems or frameworks, (iii) educational tool collections
and (iv) Repositories. The popularity of each setting in general is shown in Table 8a. The
results reveal the clear precedence of educational environments (37 out of the 61 papers, or
60.65%), followed by decision-support systems or frameworks (19 out of the 61 papers, or
31.14%). Educational tool collections are used in 15 papers (24.59%), while Repositories are
used in 10 papers (16.39%).

Table 8. (a) Classification of the reviewed publications according to the educational settings or
contexts of RS usage—general view. (b) Classification of the reviewed publications according to the
educational settings or contexts of RS usage—detailed view.

(a)

Educational Setting or Context Number of Publications
(Absolute Number)

Number of Publications
(Percentage over 61)

Educational Environments 37 60.65
Decision-Support Systems or
Frameworks 19 31.14

Educational Tool Collections 15 24.59
Repositories 10 16.39

(b)

Educational Setting or Context Number of Publications
(Absolute Number)

Number of Publications
(Percentage)

Educational Environments 29 47.54
Decision-Support Systems or
Frameworks 9 14.75

Educational Tool Collections 3 4.92
Repositories 0 0.0

Educational Environments and
Decision-Support Systems or
Frameworks

2 3.28

Educational Environments and
Educational Tool Collections 6 9.84

Educational Environments and
Repositories 0 0.00

Decision-Support Systems or
Frameworks and Educational Tool
Collections

2 3.28

Decision-Support Systems or
Frameworks and Repositories 6 9.84

Educational Tool Collections and
Repositories 4 6.55

Total 61 100.00

The majority of RSs are designed for hybrid use in more than one setting, however—
indeed, Table 8’s accounts add up to more than 61 papers. For a more detailed view,
Table 8b tabulates the results of RS usage in a single setting (upper zone) or in more than
one setting (lower zones). Regarding papers where RSs are used in a single setting, the
results in the upper zone of Table 8b are headed by educational environments (29 out of
the 61 cases, or 47.54%), followed by decision-support systems or frameworks (9 out of the
61 cases, or 14.75%). Educational tool collections alone account for only three cases (4.92%),
while Repositories alone do not constitute a setting of choice. In the cases of RSs intended
for hybrid usage, depicted in the lower zones of Table 8b, educational tool collections
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constitute the most frequent ‘ingredient’ in hybrid cases, followed by decision-support
systems or frameworks.

3.4. RQ4: What Are the Filtering Methods, Algorithms and Tools Employed for the Generation
of Recommendations?
3.4.1. Filtering Methods Adopted in the Design and Development of the RS

The reviewed publications employ one of the three well-known filtering methods
for the design and development of their RS: (i) collaborative filtering—the RS relies on
user behavior or the user evaluation of the proposed objects and recommends objects that
similar users have liked/adopted [7,89,90]; (ii) content-based filtering—the RS relies on
the identification of features the user has already shown a preference for and recommends
similar objects [91]; and (iii) hybrid filtering—the RS relies on more than one method,
e.g., collaborative, content-based and/or knowledge-based filtering (knowledge-based
Recommendation Systems, e.g., in Aggarwal [2], among others). The publication counts
in Table 9 show that collaborative filtering is the most popular approach (26 out of the
61 cases, or 42.62%), while content-based filtering is far less frequent (13 out of the 61 cases,
21.31%), possibly because the introduction of new users is not straightforward in that
case, while content analysis poses numerous limitations [90]. Hybrid filtering, although
not a homogeneous class, is adopted in almost one-third of cases (22 out of the 61 cases,
or 36.07%).

Table 9. Classification of the reviewed publications according to the filtering method employed.

Filtering Method Number of Publications
(Absolute Number)

Number of Publications
(Percentage)

Collaborative Filtering 26 42.62
Content-Based Filtering 13 21.30

Hybrid Filtering 22 36.07

Total 61 100.00

3.4.2. Algorithms and Tools Employed for the Generation of the Recommendations

Algorithms constitute the core mechanism for the generation of a recommendation.
The selection and employment of the appropriate algorithm, therefore, has a direct impact
on the quality of service provided by an RS. It is not surprising, consequently, that consid-
erable research efforts are allocated to this direction. As mentioned in the Introduction, the
last decade has witnessed the adoption of machine learning/deep learning algorithms in
RS-related research. The relevant results are shown in Table 10. Given the large variety of
algorithms employed, and the tools internally used by these algorithms, the publications
in Table 10 are grouped under three categories: (A) those using supervised learning algo-
rithms, (B) those using unsupervised learning algorithms and (C) those not disclosing any
information about the algorithm(s) employed. Let it be noted that the use of more than one
algorithm is typical in the reviewed publications, as shown in Table 10.

The general picture, as depicted in the three header rows, (A), (B) and (C), in Table 10,
clearly favors supervised learning algorithms. Within the 61 reviewed publications, the
algorithms in the supervised learning category were used 78 times out of a total of 111 times
(70.27%), while those in the unsupervised learning category were used 21 times in a total of
111 times (18.92%). Finally, in 12 out of the total of 111 times (10.81%), the authors do not
report on the algorithms employed.

The results of a closer inspection within the supervised/unsupervised categories are
also detailed in Table 10. The following groups of algorithms are identified in the supervised
category: ranking algorithms (used 17 times in a total of 78, or 15.32%), Text Mining–NLP
algorithms (used 16 times in 78, or 14.41%), Tree and Graph algorithms (used 16 times in 78,
or 14.41%), ANN and Factorization algorithms (used 11 times in 78, or 9.91%), classification
algorithms (used 7 times in 78, or 6.31%), Association Rule algorithms (used 5 times in
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78, or 4.51%), filtering algorithms (used 3 times in 78, or 2.70%), Evolutionary Computing
algorithms (used 2 times in 78, or 1.80%) and Meta-Algorithms, such as Adaboost (used
1 time in 78, or 0.90%).

Table 10. Classification of the reviewed publications according to the algorithms and tools employed
for recommendation generation.

(A) Supervised Learning Algorithms Used in nr. of Papers
(Absolute Number)

Used in nr. of Papers
(Percentage)

Ranking algorithms: kNN (9), Personal Rank Algorithm (1), instance-based
classifier—IBK, a form of kNN (1), Item-kNN (1), Scoring Algorithms-Page
Rank (1), Search Ranking Algorithm (1), Ranking Algorithm (query based)
for Text Documents (1), Item-side ranking regularized distillation (1),
MostPop Algorithm (1)

17 15.32

Text Mining—NLP algorithms: NLP (1), Text Mining and Topics Retrieval
Algorithms–Latent Dirichlet Allocation, Matrix Factorization (4), Singular
Value Decomposition-SVD (6), Factorization Machine (1), Key-phrase
Extraction Algorithm-KEA (1), Text Pre-processing (1), Latent factor-based
method (1), Latent Factors Model-BPRMF (1)

16 14.41

Tree and Graph algorithms: Decision Tree (6), Random Forest (3), C4.5
Algorithm (J48) (3), Algorithm 1: Available Set of previous and current
Similar Multi-perspective preferences (1), Graph-searching algorithms
(Dijkstra’s Shortest Path First (1), Breadth First Search (Graph Search
Algorithm) (1), influence diagrams (IDs) (1)

16 14.41

ANN and Factorization algorithms: Artificial Neural Networks–MLP (4),
Deep Neural Networks—DNN (1), Convolutional Neural Networks—CNN
(3), KERAS Neural Network deep learning library with TensorFlow (1),
RNN-LSTM (1), Neural Matrix Factorization-NeuMF (1)

11 9.91

Classification algorithms: NaÌ̈ve Bayes (5), Support Vector
Machines—SVMs (1), LogLikelihood Algorithm (1) 7 6.31

Association Rule algorithms: Rule—Induction Algorithm (1), A priori
algorithm (2), Ripper Algorithm (2) 5 4.51

Filtering Algorithms: Filtering (Collaborative (1), Content-based (1),
Hybrid (1)) 3 2.70

Evolutionary Computing algorithms: Genetic Algorithms (1), Particle
Swarm Optimization (1) 2 1.80

Meta-Algorithms: Adaboost (1) 1 0.90

Total Supervised 78 70.27

(B) Unsupervised Learning Algorithms Used in nr. of papers
(absolute number)

Used in nr. of papers
(percentage)

K-means-family of algorithms: k-means (2), k-means++ (3), Fuzzy c-means
(1), Expectation–Maximization—EM (2), Top-N (3), Affinity Propagation (1),
Compatibility Degree Algorithm (1)

13 11.72

Other clustering/grouping algorithms: Clustering Algorithm (1), Algorithm
1– Calculating group sizes (1), Algorithm 2—Forming homogeneous groups
(1), Algorithm 3—Forming heterogeneous groups (1)

4 3.60

Model-driven–Performance Criterion Optimization algorithms: Random
Stochastic Gradient Descent Regression—SGD (1), simple weighted
summation average (1), Complex weighted summation average (1),
Personalized Linear Multiple Regression—PLMR (1)

4 3.60

Total Unsupervised 21 18.92

(C) Algorithms used are not reported 12 10.81

Total cases of algorithm use 111 100.00

In the unsupervised category, the groups identified are the following: the K-means-
family of algorithms (used 13 times in a total of 21 times, or 11.72%), other cluster-
ing/grouping algorithms (used 4 times in 21 times, or 3.60%) and model-driven–performance
criterion optimization algorithms (used 4 times in 21 times, or 3.60%).
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Furthermore, a closer inspection reveals that several different tools, such as distance
measures and/or similarity measures, are employed within the above-mentioned algo-
rithms. The following measures are used in 13 different papers (the numbers of papers fol-
low in parentheses): the Fisher algorithm (1), Euclidean Distance (4), Damerau-Levenshtein
Distance or Edit Distance (for strings) (1), the Manhattan Correlation (2), Cosine similarity
(2), Pearson Correlation (4), the NJWDE algorithm (1) and the Tanimoto algorithm (1).
Obviously, the majority of papers (45 out of 61 or 73.77%) do not refer explicitly to the
measure used to quantify distance or similarity.

At a more abstract level, the machine learning algorithms identified and categorized
in Table 10 are employed in order to address and solve the basic problems of prediction,
classification, clustering, detection and identification. In fact, one or more of these problems
is expected to arise in any data processing and analysis task. At this level, the results
are shown in Table 11. Prediction is the most common problem, addressed in 28 out of
the 61 studies (45.90%), followed by classification (25 studies, or 40.98%), identification
(22 studies, or 36.06%), clustering (16 studies, or 26.23%) and detection (9 studies, or
14.75%). It is typical in the reviewed publications to address more than one of these
problems through RSs. A closer look reveals that 11 studies address both classification and
prediction problems, 6 studies address classification and identification problems, 5 studies
address clustering and identification problems and other problem pairs are present in
lower frequencies.

Table 11. Problems addressed through the use of RSs.

Problem Addressed Number of Publications
(Absolute Number)

Number of Publications
(Percentage over 61)

Prediction 28 45.90
Classification 25 40.98
Identification 22 36.06

Clustering 16 16.00
Detection 9 9.00

3.5. RQ5: What Are the RS Quality Evaluation Methods and Tools and the Evaluation
Results Obtained?
3.5.1. Research Methodology (Experimental Plan) Used for Evaluation of the Proposed RS

The reviewed publications were analyzed according to the methodology (experimental
plan) adopted for the testing and evaluation of the proposed RS in each of them. The major
experimental setups identified are (i) pure experiments, (ii) quasi-experiments and (iii) case
studies. As can be seen in Table 12, the majority of the reviewed research works (47 out of
the 61, or 77.05%) resort to quasi-experimental setups for the evaluation of the proposed RS.
This preference may be ascribed to the flexibility of the quasi-experimental setup that does
not require an equivalent control group or a randomized sample selection procedure (conve-
nience sampling is a typical choice in quasi-experiments). Case studies are the second most
frequent category, with 8 out of 61 cases (13.11%), followed by only four pure experiments
(6.56%). A positive result is that only 2 out of the total 61 research works (3.28%) do not
include an evaluation phase or do not report on the method employed for evaluation.

Table 12. Methodology (experimental design) for the evaluation of the proposed RS.

Experimental Design Number of Publications
(Absolute Number)

Number of Publications
(Percentage)

Quasi experiment 47 77.05
Case study 8 13.11
Pure experiment 4 6.56
No evaluation/not reported 2 3.28

Total 61 100.00
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3.5.2. The Characteristics of the Sample Used for Evaluation of the Proposed RS

The reviewed publications were analyzed regarding (i) the sample sizes of users
involved in the evaluation of the proposed RS and (ii) the types and volumes of the objects
recommended to those users. Three different classes of individuals are identified in the
role of users of the proposed RS for evaluation purposes: ‘teachers’, ‘students’ and ‘users
in general’. These are included in the current review, despite the keywords ‘teachers’ or
‘educators’ being applied during article selection, because certain publications use mixed
samples. The ‘users in general’ class involves teachers and students, among other users.
Table 13 presents the results across assets of empirically defined increasing intervals to
accommodate the sample size span of the reviewed publications. Regarding the objects
recommended to users, these are learning objects and movies, or similar objects (videos,
etc.) Table 14 shows the results across assets of empirically defined, increasing intervals.
Figure 5 illustrates results from both Tables 13 and 14. It is worth noticing in Table 13 that
‘teachers’ peaks at the first interval (smaller groups of 1–20 people) while ‘students’ as well
as ‘users in general’ (a class that includes students) peak both at the first (1–40 people) and
the last interval (groups of 80–140 people). On the other hand, ‘Learning objects’ peaks at
the first interval (recommendations refer to pools of 1–500 objects) while ‘movies, etc.’ peak
at much higher dimensionality resources (more than 3500 items in the pool). These results
indicate the diversity of the setups in which RSs are used and evaluated.

Table 13. The characteristics of the sample used for the evaluation of the proposed RS.

No. of Individuals/Items Teachers Students Users in General

[1–20) 8 5 7
[20–40) 7 8 1
[40–60) 2 2 0
[60–80) 2 2 3

[80–100) 0 0 1
[100–120) 0 3 0
[120–140) 1 0 0
[140–. . . 1 6 5

Not reported 7 6 6

Total 28 32 23

Table 14. The objects recommended to the users during the evaluation of the proposed RS.

Number of Items Learning Objects Movies, etc.

[1–500) 8 6
[500–1000) 1 1
[1000–1500) 2 1
[1500–2000) 2 2
[2000–2500) 0 2
[2500–3000) 1 0
[3000–3500) 1 0

[3500–. . . 0 8
Not reported 5 3

Total 20 23

3.5.3. RS Evaluation Results Reported in the Reviewed Publications

RS evaluation results, as these are reported in the respective publications, are of interest
as they concisely describe the effectiveness of the RS paradigm. The results in Table 15
show that the majority of research studies (47 out of 61 or 77.05%) report positive results
from the use of the proposed RS, while only 14 out of 61 studies (22.95%) report neutral
results. Interestingly, no study reports negative results.
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Table 15. RS evaluation results reported in the reviewed publications.

Evaluation Results Number of Publications
(Absolute Number)

Number of Publications
(Percentage)

Positive 47 77.05
Neutral 14 22.95

Negative 0 0.00

Total 61 100.00

3.6. RQ6: What Is the Impact of the Use of RS and Their Endorsement by Researchers
and Teachers?

The Impact of Research on RS as Expressed by Publication Citations per County and
per Institution

The impact of research on RSs is deduced from the number of citations the relevant
publications receive by peer researchers. The citation counts for the present analysis
come from the database the corresponding publication was retrieved from. A total of
2262 citations were found for the 61 reviewed publications (78.00 average citations per
publication, May 2024).

At the country level of the 1st affiliated author’s location, the results are given in
Figure 5. The countries are shown in decreasing citation counts; 29 different countries are
represented. Spain heads the list with 452 citations, followed by the USA (332), Italy (187),
Mexico (157), Croatia (143), China (132), Brazil (120) and Greece (113). The 21 countries
following it had decreasing numbers of citations.

At the institution level where the affiliation of 1st author is located (university, institute,
etc.), the results are given in Figure 6. The institutions are shown in decreasing citation
counts; out of the 54 different institutions represented, the 36 with 10 citations or more
are shown in Figure 6, for practical purposes. The University of Cordoba heads the
list, with 209 citations, closely followed by George Mason University, with 197 citations.
University Roma III is the next one, with 187 citations, followed by the University of Rijeka,
with 143 citations, respectively; the Autonomous University of Yucatan had 139 citations
and Universidad Nacional de Educación a Distancia had 136 citations. Forty-eight more
institutions follow, with decreasing citation counts.
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4. Discussion

Through the results of analysis presented in the previous sections, RSs for teachers
emerge as an intensively active area of research and development within the field of
educational technology. Indeed, publication counts keep increasing, especially in the most
recent years following 2018, while novel RSs keep coming up. An initial observation is that
this field’s popularity is on the rise: its ‘footprint’ is already conspicuous, as is numerically
documented in Figure 2; furthermore, it is expected to increase in the near future, as an
extrapolation beyond year 2023 of the trends illustrated in Figure 2 would indicate. This
view is corroborated by the answers to the first research question on the popularity of
RSs for teachers. It was found that 45 different journals have hosted relevant research
publications within the time span of this review; each publication is co-authored by a
median number of three authors; these authors come from countries across all continents,
headed by Asia and Europe at the continent scale or by China, Spain and the USA at the
country scale.

Regarding the aims of the generated recommendations (Table 6), the top two aims
of RSs for teachers are (i) to support teachers in the improvement of their education
practices (20 cases or 32.79%) and (ii) to offer them personalized advice and directions
as to the retrieval of educational content, OERs, etc. (15 cases or 24.59%). This result
is in good agreement with existing research that places emphasis on the improvement
of teaching strategies [8]. The top two research objectives, as expressed through the
research questions of the respective studies (Table 7), are (i) the higher performance, quality
and accuracy of the generated recommendations (21 cases or 34.42%), as well as (ii) the
increased personalization of the generated recommendations (18 cases, or 29.51%). Indeed,
personalization has already been recognized as a major feature in teaching and learning;
education-related RSs hold great promise for meeting the individual needs of students
and teachers [92]. Specialized technologies and Artificial Intelligence/machine learning
algorithms are employed to these ends.

Machine learning algorithms are gaining ground in RSs for teachers as major tools
for performance optimization (increased timeliness, personalization and accuracy of the
generated recommendations) (Table 10). This result is in good agreement with Khanal
et al. [7], who state that machine learning methods, algorithms, data sets, evaluations,
assessments and results are the constituents of an RS. In this context, it was found that
supervised methods are far more frequently used than unsupervised methods, as was also
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concluded by Souabi et al. [3]. In particular, prediction problems hold the top place in
the list of problems addressed via machine learning algorithms within the RS-for-teachers
framework, followed by classification, identification and clustering problems (Table 14). The
top place of prediction (supervised learning), along with the much lower place of clustering
(unsupervised learning), is in good agreement with relevant findings by Souabi et al. [3].

Collaborative filtering is clearly the preferred method for the generation of recommen-
dations; hybrid methods follow, while content-based filtering is the least frequent option
(Table 9). This result is in good agreement with Urdaneta-Ponte et al. [93]; on the contrary,
Deschênes [10] finds that content-based filtering is the preferred type, while Souabi et al. [3]
find that content-based and collaborative filtering approaches are equally frequent. The con-
texts or digital environments where RSs are embedded are primarily e-learning platforms
(LMS, VLE, LCMS, etc.), followed by decision-making support platforms or frameworks
(Table 8).

Another observation of interest is that the vast majority (more than 96%) of the
reviewed publications includes experimentation (either pure-/quasi-experiments or case
studies, Table 11) and report evaluation results (Table 15). This signifies a welcome deviation
from previous practices reported in Erdt et al. [21], where 42% of the reviewed publications
did not evaluate the relevant RS, or later on in Souabi et al. [3], who found that 25%
of the reviewed publications did not include an evaluation of the RS and the results.
Certainly, the evaluation of RS efficiency and success remains an open issue, as existing
research often concludes. For example, da Silva et al. [92] report that real-life testing was
scarcely employed in the reviewed publications, and warn against biases in studies of user
satisfaction through questionnaires. They also notice that multiple targets may obscure
evaluation results due to cross-effects.

Regarding the sample sizes of the experiments for the evaluation of the proposed
and developed RS, a great variability is registered in RSs for teachers. This result agrees
with previous results on RSs for students or generally for users, with the significant
differentiation that sample sizes of RSs for students/users peak at the small and the large
scale, while RSs for teachers peak only at the small scale (Table 12). While the sizes of
the sets of courses under recommendation remain limited, the number of other items
(especially those in digital form, such as OERs, movies, videos, etc.) are considerably
increased (Table 13), a fact that verifies the need for and the value of a good RS.

As a final comment, it is worth noticing the results obtained regarding the impact
of research on RS, as expressed via peer-citations (Figures 5 and 6): Spain (University of
Cordoba, etc.), the USA (George Mason University, etc.), Italy (University Roma III, etc.),
Mexico (Autonomous University of Yucatan, etc.), Croatia (University of Rijeka, etc.) and
China (Tsinghua University, etc.) occupy the top places in the relevant lists and emerge as
the focal points of relevant research worldwide.

5. Conclusions–Further Research

A systematic literature review of recent publications (2011–2023) on RSs for teachers
is presented in this paper. The analysis carried out across six research questions reveals
interesting aspects of this subfield of the general field of RS for education and learning.
This area is active and its activity is expected to keep rising, especially as it incorporates
and benefits from modern machine learning algorithms for performance optimization and
the general improvement of the generated recommendations. Currently, recommendations
for teachers are produced mainly through collaborative filtering; they address prediction,
classification, identification and clustering problems and aim to support teachers in improv-
ing their educational practices and in the search and retrieval of suitable digital learning
content, such as OERs. A large variety of algorithms, methods and tools are employed to
meet the RS research aims and objectives; the majority falls under the supervised learning
paradigm. Relevant research is carried out in numerous focal points around the globe,
is disseminated through numerous journals and has a considerable impact worldwide.
Fortunately, the current trend favors the experimental evaluation of the proposed RS and
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the reporting of experimental results—a welcome development that is expected to raise the
quality of relevant research.

Despite these findings, RSs for teachers is found to be an under-researched area—
certainly not as researched as RSs for students or RSs for ‘users’ in general. Furthermore,
the results (Table 6) indicate that the reviewed RSs for teachers aid them in navigating
across and locating and retrieving suitable material and learning objects according to the
respective requests and the algorithm employed. However, they do not aid teachers in
designing, structuring or putting together the components of a (new) course on the basis of
a preferred and adopted theory of learning. To achieve these aims, teachers often resort to
LAMS or to LMS/LCMS environments. While working in such an environment, teachers
select the learning activities to include in their course/lesson plans according to their
preferred theory of learning. The results of the current review imply that (i) RSs for teachers
are not yet seamlessly embedded in LAMS or LMS/LCMS environments, while (ii) they
also do not generate recommendations on the basis of specific theories of learning. Future
research that would address these points and embed relevant aspects in the algorithms
and filters used to generate recommendations, is expected to enhance the quality of RSs for
teachers and promote their acceptance and use among teachers.

Along this line, the future steps in our research plan are to design, develop and
experimentally evaluate a novel RS for teachers that will support them to implement the
specific educational methods and scenarios each of them selects and adopts under an
overarching theory on learning. Different theories of learning lead to different educational
practice, methods and scenarios; they consequently result in different needs for the teacher.
A personalized RS that will guide and advise on the search and retrieval of relevant content,
material, course plans, etc., is expected to provide a substantial aid to the teacher and,
therefore, to enhance education and learning.
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