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ABSTRACT

During the context of COVID-19, educational processes migrated to a strictly virtual scenario,
so the quantity of information grew in such a way that techniques such as data mining or
machine learning contributed to generating knowledge for decision-making. In this sense, it
is relevant to define the state of the art of the contributions of data mining in the university
environment, and from there, to see in perspective how these could be applied in scenarios
of return to the face-to-face. In this sense, a systematic review of the literature is carried
out, based on scientific evidence extracted from the Taylor & Francis, ERIC and Scopus data-
bases. A qualitative content analysis approach and the PRISMA (Preferred Reporting Items for
Systematic reviews and Meta-Analyses) statement were used to extract the findings published
in scientific articles. The results were that educational data mining was applied to a greater
extent in the field of “teaching”, and it was focused on the search for patterns and predictive
models to improve student performance, reduce student dropout, improve the student’s qual-
ity of life, and teacher performance. In addition, as a resource for data extraction, university
learning management systems (LMS) were used to a greater extent. It is concluded that tools
such as data mining should be implemented as academic management policies, achieving a
prospective on indicators linked to the improvement of student learning and performance.
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1  INTRODUCTION

In recent years, a large amount of data related to the different processes inherent
to organizations have been accumulating [1]. In addition, it can be established that we
currently live in a digitized world, which leads to the generation of massive data, so it
does not necessarily imply an increase in knowledge [2-4]. The discovery of knowledge
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based on stored data is an automatic process in which discovery and analysis converge
[5, 6]. The discovery of related knowledge in databases continues to spread to almost
all fields where large amounts of data are stored and processed [7]. Data mining is the
process of exploring large amounts of data based on consistent procedures such as
association rules or time sequences [8-10], with the purpose of establishing a system-
atic relationship between variables by detecting new subsets of data [11]. Thus, data
mining concentrates its main purpose on extracting information about the relationship
between variables from large amounts of data of different nature [12, 13].

As the Internet opened up new ways of communication, the education sector has
embraced such technology and developed educational systems that collect data and
are updated in real time [14]. Currently, there are tools that allow the extraction, stor-
age, and analysis of information focused on educational processes [15, 16]. The appli-
cation of data mining techniques and tools in various educational contexts is known
as educational data mining [17-20] and aims to identify hidden patterns to use them
in decision making [21-23]. Thus, educational data mining focuses on predicting stu-
dent behavior in order to establish recommendations regarding the teaching-learning
process, performance, activity management, among others [24-26]. For that purpose,
educational data mining requires a set of activities aimed at preparing the input data,
for which quantitative techniques are required [27, 28]. This is why it is important to
apply specialized technologies such as educational data mining that allow these activ-
ities to be carried out through the integration of various disciplines such as statistics,
artificial intelligence, machine learning, among others [29]. In this regard, Oviedo and
Jiménez (2019) [30] point out that supervised techniques allow future data prediction
tasks to be carried out, including classification and regression through the study of his-
torical data [31], while unsupervised techniques allow describing current data, within
which is found the grouping, association and selection of factors.

However, universities have the responsibility to understand the needs of their
students and monitor their performance and satisfaction on an ongoing basis, in
order to make continuous improvements in their processes in a timely manner
[32-34]. Therefore, it is necessary that the members of the university board know the
organizational dynamics and the behavior assumed by its members who intervene
in it [35]. In this regard, in Pérez-Gutiérrez [36], it is established that it is relevant
for higher education institutions to generate predictive or classification models that
contribute to improving educational quality. Another relevant aspect of data mining
in educational settings is that they are not only linked to the individual behavior of
students, but rather seek to establish relationships between a group of students with
demographic, economic, and administrative aspects [37]. Due to the importance of
the value of knowledge that is generated with educational data mining, universities
should focus their efforts on developing and applying this type of technology, since
they turn out to be a fundamental pillar to achieve economic and social develop-
ment, whose research in this field becomes relevant and important for society [38].
There are still universities that concentrate on a large amount of information; how-
ever, it is not being processed, leading to inadequate academic planning, a waste of
institutional infrastructure, and a lack of knowledge about the real demand for the
careers being offered [39].

Consequently, this article aims to carry out a systematic review on the contribu-
tion of data mining in the different areas of higher education, for which a search
strategy based on Boolean integrators published in databases such as Taylor &
Francis, ERIC, and Scopus were used. In order to achieve the objectives of the com-
prehensive review of the literature, the PRISMA statement (Preferred Reporting
Items for Systematic reviews and Meta-Analyses) was used. Therefore, this article
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contains a section on similar studies, which allowed us to define the state of the art
on systematic review studies about data mining in education. It also describes the
methodological aspects considered in the systematic review, with which it was pos-
sible to extract the articles to be analyzed and synthesized, reducing any possibility
of bias. The results section provides details about the findings based on the research
questions (RQs). Furthermore, these results are discussed with other similar studies.
Finally, the conclusions and limitations of the study are specified.

2  SIMILAR STUDIES

Molina and Utreras [40], carried out a systematic review of data mining applied
to the classification of academic performance for a period from 2015 to 2018, in
which, under a quantitative approach, they sought to identify which data min-
ing techniques and methods are the best and most used. Likewise, in Panizzi [41]
a systematic review of data mining applied to higher education, whose informa-
tion search period was established between the years 2008 and 2018 was carried
out, focusing on applied methodologies, used programming languages and what it
intends to solve with data mining in universities. In the same line of study, Albreiji
et al. [42] conducted a systematic review on data mining aimed at predicting stu-
dent performance through machine learning techniques, focusing on aspects such
as what predictive techniques are used in predicting academic performance, what
solutions are reached and what is the production level in this field.

Other studies, as the one detailed by Lifian and Peréz [43], carry out a systematic
review of educational data mining and learning analysis, focusing on the exhaustive
review of the available literature, similar and different aspects, and evolution over
time, in the context of teaching MOOC (Massive Open Online Course) courses. Thus,
also focusing on a specific scenario in university education such as self-regulated
learning [44], they carry out a review of the data mining system applied to that
particular scenario, for which its study focuses on identifying what techniques and
algorithms are the most used and which are the most optimal in the existing liter-
ature. Another study closely related to data mining is the one developed by Nunn
et al. [45], in which they carried out a systematic review of the methods used for
learning analytics in university institutions, focusing on the scientific findings
from 2000 to 2016, and whose objective was to investigate the methods, benefits
and challenges used in higher education.

3  METHODOLOGY
3.1 Type of study

The systematic review developed in this article is based on a qualitative study,
in which it identifies, selects, evaluates and synthesizes results and findings of sci-
entific articles regarding the contribution of data mining in the different areas of
higher education, for which it was established to formulate three research ques-
tions in order to carry out and achieve the objectives of the review [46], which are
shown below:

e RQ1: In which area of higher education was data mining applied in the context
of COVID-19?
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e RQ2: What data extraction sources were used in higher education for the applica-
tion of data mining in the Context of COVID-19?

e RQ3: What is the contribution of data mining in the different areas of higher
education?

In addition, to structure the systematic review procedure, the PRISMA statement
was used in this article, which provides guidance on how to report the use of auto-
mation tools at various steps of the review process, such as searching, reference
selection, data collection, evaluation and synthesis of the study, reducing the bias in
the search for results that do not fit the subject under study [47].

3.2 Search strategy

Regarding the search strategy, descriptors related to the variables under study
and their dimensions were used, which are interrelated with the research questions,
written in Spanish and English. Table 1 shows the search strategy required by each
database, in which results were obtained by defining the search equation through
the combination of Boolean integrators.

Table 1. Search equation through Boolean indicators

Database Search Equation

Taylor & Francis | [[All: “miner{a de datos educativos”] OR [All: “educational data mining”]] AND [[AlL:
“educacion superior”] OR [All: “higher education”] OR [All: “universidad”] OR [ALL
“university”] OR [All: “4mbito universitario”] OR [All: “university environment”]]

SCOPUS ((TITLE (mineria AND de AND datos AND educativos) OR TITLE (educational AND data
AND mining))) AND ((TITLE (educacion AND superior) OR TITLE (higher AND education)
OR TITLE (universidad) OR TITLE (university) OR TITLE (dmbito AND universitario) OR
TITLE-ABS-KEY (university AND environment)))

ERIC (“minerfa de datos educativos” OR “Educational Data Mining”) AND (“Educacion
superior” OR “Higher education” OR “Universidad” OR “University” OR “Ambito
universitario” OR “University environment”))

3.3 Inclusion and exclusion criteria

The inclusion (IC) and exclusion (EC) criteria are shown in Table 2 with which the
eligibility of scientific articles is sought, avoiding the removal of biases at the time
of identification and selection of bibliographic references. The purpose of defining
the inclusion and exclusion criteria is to restrict the search to scientific articles that
guarantee the answer to the research questions, taking into account the relevant
scenario and context for the systematic review [48].

Table 2. Inclusion and exclusion criteria

Inclusion Criteria Exclusion Criteria
IC1: Graded and peer-reviewed articles EC1: Articles not submitted for peer-review
IC2: Full-text articles available EC2: Articles that only allow access to their abstract.
IC3: References defined only as scientific EC3: Congress, Books and Records.
IC4: Articles published from 2020 to 2022 EC4: Articles published before 2020
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3.4 Data extraction

Figure 1 shows the flowchart taken as a reference from the PRISMA statement, ref-
erenced in Aljohani and Chandran [49], which describes the process of identification,
projection, eligibility and inclusion of the research found in the Taylor & Francis, Eric,
and Scopus databases. The process begins with the identification of the articles found
through the search equation described in the previous section, in which 654 scientific
articles were found on 1st January, 2023. Duplicate articles were then excluded from
the databases with which the identified articles were found. It was reduced to 528.
Subsequently, those articles whose abstracts were not related to the research ques-
tions were filtered, reducing them to 198 articles that were projected to be eligible. In
the third stage, the inclusion and exclusion criteria were applied, reducing them to 35
articles. Finally, a final review of the total content of each of the articles was carried
out, reducing the references included in the systematic review to 16 scientific articles.

Taylor & Francis Eric SCOPUS
(n=286) ®=317) (@=51)
Y
3 A v
=
Total articles after excluding duplicates =328 -
Cause of exclusion
_ | Articles whose title and
7| abstract are not linked to
o y the research study = 330
'f'; Articles m projection to be eligible = 198
£ Publications excluded
according to "inclusion and
> exclusion criteria”
E1=355E2=86,E3=18;
E4=4
v
g Articles after the applying of
% "mnclsion and exclusion criteria" = 33
=
= Cause of Exclusion
Publications that do not
> strictly focus on the
research questions = 19
7 v
<~
2 Articles mcluded for synthesis and
i review =16

Fig. 1. Flow diagram obtained from the application of the PRISMA sentence

3.5 Quality assessment of the articles included in the systematic review

In order to reduce the risk of bias in the selection of scientific articles considered
for the content analysis and synthesis phase, we proceeded to use the instrument
validated by [50], in which it proposes four criteria to assess quality (CAQ) of the arti-
cles included in the systematic review. After being adapted to the subject of study,
they are expressed as follows: the article provides details of the contributions of
educational data mining (CAQ1), if the article presents methodological coherence
(CAQ2), if the article includes a clear argument (CAQ3), and if the article contributes
to the field of study (CAQ4). In Table 3, the quality assessment results expressed as
a percentage are shown. The scores for each criterion can take the values of 1, 3,
and 5, representing a low, regular, and high rating, respectively. The minimum per-
centage for an article to be considered of low quality is 50%.
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Table 3. Inclusion and exclusion criteria

Reference CAQ1 CAQ2 CAQ3 CAQ4 Total
[24] 3 3 5 3 70%
(36] 5 5 5 3 90%
[44] 3 3 5 5 80%
[51] 5 3 5 3 80%
[52] 5 3 5 5 90%
(53] 3 3 5 5 80%
(54] 5 5 5 3 90%
[55] 3 5 3 5 80%
[56] 5 5 3 5 90%
[57] 5 3 5 5 90%
(58] 3 3 3 5 70%
[59] 3 3 5 5 80%
[60] 5 3 3 5 80%
[61] 5 5 3 3 80%
[62] 3 5 5 3 80%
[63] 5 3 5 5 90%

4  RESULTS

Having applied the PRISMA methodology and proceeded to identify the sci-
entific publications included in the systematic review, 16 scientific articles were
found. Figure 2 shows the distribution of the scientific articles included in the sys-
tematic review process during COVID-19 in years 2020 to 2022, which are linked
to the research questions, and were obtained from the Scopus, ERIC, and Taylor &
Francisco databases.

U T = NN -t

[ SS T VY]

Number of articles eligible for the systematic
review

2020 2021 2022

Year of publication of the scientific article

Fig. 2. Distribution of articles included for the systematic review by year of publication
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4.1 RQ1:In which areas of higher education was data mining applied
in the context of COVID-19?

Regarding the identification of the data mining application fields in higher educa-
tion, a review of the scientific findings based on the “missions” developed by a uni-
versity was carried out; in this regard in [64-66], it is established that the prospective
conditions of any society, as well as the demands of its development at all levels,
require dynamic relationships between universities and their defined missions as
“teaching”, “research”, and “social projection”.

Regarding the first research question, the 16 articles reviewed are related to
the field of university “teaching”. This field is developed in two modalities, which
are virtual education and face-to-face education. Regarding virtual education, the
academic performance has as a variable a value of 37.5% of the reviewed articles;
in face-to-face education, it has two types of variables, the academic performance
with a value of 37.5% of the articles reviewed and the student dropout with a value
of 25% of the articles reviewed. Figure 3 shows the percentage distribution of each
study variable with respect to the two teaching modalities.

Student dropout
25%

Academic
performance
37.5%

Academic
performance
37.5%

Fig. 3. Percentage distribution of articles reviewed by study variables regarding the teaching modality

By virtue of the above, Table 4 provides details of the scope of application that is
related to “teaching”; as well as the two teaching modalities as “virtual education”
and “face-to-face education”; and finally, the variables under study that are related
to “Academic Performance” and “Student Dropout”; based on systematic review
research articles.

Table 4. Findings on teaching modalities and study variables

Ambit of Application Teaching Modality Variable Under Study Reference
Virtual teaching Academic performance [51-56]
Teaching Face-to-face teaching Academic performance [44], [57-61]
Student desertion [24], [36], [62], [63]

Based on the findings of the systematic review, a crosstab analysis was performed
between the teaching modality and the variable under study, with respect to the
teaching field. In reference to Table 5, it is shown that, from the articles reviewed
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to a greater extent, 37.5% apply data mining in face-to-face teaching, taking the
academic performance as the study variable. Likewise, it is possible to identify
that 37.5% apply data mining in virtual teaching modality, taking the academic per-
formance as a variable. On the other hand, no research was found on the application
of data mining in virtual teaching modality focused on the student dropout variable.

Table 5. Result of the cross-tab analysis between the teaching modality and the variables under study

Variable Under Study
Teaching Modality
Academic Performance Student Dropout
Virtual teaching 37.5% 0% 37.5%
Face-to-face teaching 37.5% 25% 62.5%
Total 75% 25% 100.0%

4.2 RQ2: What data extraction sources were used in higher education for the
application of data mining in the Context of Covid-19?

Regarding the second research question, three sources of data extraction were
found. One of them has a value of 68.75% of the reviewed articles in reference to
the “University Management System registration”. On the other hand, 18.75% of
the articles viewed refer to “Registration in Google forms”, and finally, 12.5% of the
articles viewed refer to “Data accumulated in learning platforms”. Figure 4 shows
the percentage distribution of data extraction sources in higher education from the
reviewed articles.

68.75%

70.00%
60.00%
50.00%
40.00%

30.00%

18.75%
0,
20.00% 12.50%
10.00%
0.00%
University management Registration in Google Data accumulated in
system registration forms learning platforms

Fig. 4. Percentage distribution of reviewed articles from data extraction sources in university education
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On the other hand, a data analysis was obtained from the 16 scientific articles,
where 25% of the research articles have a data analysis in “Student Demographic,
Academic Performance Data”, and the same percentage in “Student academic data”;
37.5% of the research articles have a data analysis in “Data about the student, Their
Performance, Self-assessment”; 6.25% of the research articles have a data analysis
in “Teacher data regarding the use of Moodle platform tools”, and the same percent-
age in “Data of individuals, Use of tools for students”. Figure 5 shows the percentage
distribution of the analysis data of the reviewed articles.

Data of individuals, Use of tools for students 6.25%

6.25%

i1

Teacher data regarding the use of Moodle platform tools
25%

Student academic data

Student demographic, Academic Performance Data 25%

Data about the student, Performance, Self-assessment l 37.50%

0% 5% 10% 15% 20% 25%  30%  35%  40%

Fig. 5. Percentage distribution of the articles reviewed regarding the data extraction in higher education

By virtue of the above, Table 6 provides details about the three sources of data
extraction that are related to the “University management system Registration”,
the “Registration in Google forms”, and the “Data accumulated in learning plat-
forms”. Finally, the analysis data refers to the “Student Demographic Data, Academic
Performance Data”, “Data about the student, Performance, self-assessment”, “Student
academic data”, “Teacher data regarding the use of Moodle platform tools”, “Data of
individuals, use of tools for students”, based on the reviewed articles.

Table 6. Findings on the sources of data extraction and analysis used in higher education

Data Extraction Source Data Under Analysis Reference
e Student demographic [36], [44], [57], [63]
e Academic Performance Data
o Data about the student [51], [55], [56]
University Management * Student performance
System Registration e Student Self-assessment
o Student academic data [59], [60], [62]
o Teacher data regarding the use of Moodle [53]
platform tools
o Data about the student [24], [54], [61]

Registration in Google forms | e Student performance
o Student self-assessment

e Student academic data [52]

Data accumulated in
learning platforms e Data of individuals [58]
Use of tools for students
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Based on the findings of the systematic review, a cross-tabulation analysis was car-
ried out between data extraction and data analysis with respect to the data extraction
sources. With reference to Table 7, it is shown that from the articles reviewed, 25%
applied data mining to extract the demographic data of the students and academic
performance data, taking the University Management System registration as analy-
sis data. Likewise, 6.3% applied data mining to extract the teacher data regarding the
use of the Moodle platform tools, taking the University management system registra-
tion as analysis data. On the other hand, no research was shown on the application
of data mining in the extraction of student demographic and academic performance
data, analyzing data from the registration in Google forms and data accumulated in
learning platforms.

Table 7. Result of the cross-tabulation analysis between data extraction and data analysis

Data Under Analysis
DETE] Extraction Source University Registration Data Accum}llated
Management in Google Forms in Learning
System Registration g Platforms

e Student demographic 25.0% 0.0% 0% 25.0%
o Academic performance data
e Data about the student 18.8% 18.8% 0% 37.5%
e Performance
o Self-assessment
o Student academic data 18.8% 0.0% 6.3% 25.0%
o Teacher data regarding the 6.3% 0.0% 0% 6.3%

use of Moodle platform tools
e Data of individuals 0.0% 0.0% 6.3% 6.3%
e Use of tools for students
Total 68.8% 18.8% 12.5% 100.0%

4.3 RQ3: What is the contribution of data mining in the different
areas of higher education?

Regarding this third research question, in order to obtain greater detail from the
exploration of the systematic review findings and results, Table 8 shows the contri-
butions achieved by each article reviewed, which consist of those that are mostly
linked to pension alert systems focused on student performance.
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Reference

(51]

(52]

(53]

(54]

(55]

(561

(57]

(58]

[59]

[60]

(61]

(44]

Table 8. Findings on the contribution of data mining in higher education

Academic
performance

Variable Under Study

Contribution to Research

Through data mining, they developed an interim alert system based on student performance
in a mixed online environment through the prediction of a group of high-risk students.

Through data mining, they accurately predicted the student performance, for that purpose,
they used the learnings in courses and the classifications of the different students.

Through data mining, they identified behavior patterns of teachers regarding the use of the
resources and the Moodle platform tools and the performance of students during the semester.

Through data mining, they predicted the student performance in the online physics course, so
they proposed to replicate it for future online courses.

Using data mining, they predicted the student performance in courses of each semester. With
this prediction, the importance of the prerequisite courses is stressed to the students.

They used educational data mining methods that predicted the student academic performance
and dropout rate, with the aim of assessing students’ mastery of specific skills.

Through data mining, they found that the age of admission has a negative effect on the
completion of studies, while the performance of the first semester contributes positively to
graduation.

Through data mining, they determined that the use of Moodle learning management system
(LMS) resources and the student performance, are significantly related, so they are useful for
strategic academic planning purposes with LMS data in the university.

Through data mining you may monitor the use of learning management system (LMS)
resources by students and the university staff, thus predicting the academic performance
of students.

Through data mining, they discovered patterns in the student learning, thus predicting the
student academic performance. In addition, the student performance for a given discipline
can be improved by including additional characteristics in the learning process that represent
their previous courses results.

Data mining is a promising research area in education, extracting useful information from
students without any prior hypotheses.

Using data mining, they predicted student demographics, where the lowest-risk students are
those who live on campus, while the two highest-risk groups are commuters. Similarly, the
performance of the students was assessed.

[24]

(36]

Student desertion

Through data mining, they found 27 factors involved in student dropout, but three of them
are the most relevant factors, which are the lack of guidance, the lack of an adequate student
environment, and the lack of an adequate follow-up. In addition, seven patterns such as the
student environment, and an insufficient financial support, among others. Therefore, student
dropout depends on multiple factors.

Data mining in the education field is increasing, due to the prediction of the student needs. It
also predicts student dropout rates. Student dropouts are due to a composite data set, such as
student demographics and transcript recording at different points in their careers. In addition,
the performance of the engineering courses is related to the physics and mathematics courses.

(62]

(63]

Student dropout

Through data mining, they determined that the most important attributes in student dropout
are absences, last semester completed, percentage of failed subjects, credits completed, and
study program.

Through data mining, they predicted those factors that affect the dropout rate of engineering
students. One of the dropout factors is related to the credits in which a student enrolls and the
relationship between the credits passed and those in which the student has enrolled.

26
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5  DISCUSSION

In relation to the fields and in what the contribution of data mining in higher
education consists of, it was identified from the review of the literature that these
are found in the teaching field, mainly focused on virtual and face-to-face modes. In
this regard, Panizzi [41] concludes that from the systematic review it was possible
to determine that data mining in higher education solves problems related to teach-
ing and the student by focusing on the student academic performance, the dropout
and the strategic educational quality. Although it is true that there are coincidences
in the results, there is one aspect in which they do not indicate that it is about the
application of data mining based on the efficient use of the resources of the learning
management system. This can be understood since the aforementioned research
addresses its study until 2019. However, due to Covid-19, and whenever there is
greater use of virtual tools for online teaching and learning, data mining has made a
great contribution to the solution of problems related to the optimization of the use
of the LMS resources. In another similar research, Molina and Utreras [40] mention
that the issues addressed by educational data mining from the perspective of teach-
ing are mainly focused on solving problems related to academic performance and
dropout, through predictive models, as well as web-based didactic media. However,
it has not been indicated that issues such as monitoring the teacher performance
are addressed, which is a very relevant aspect in the university system, even more
so when it is linked to the student performance. Another study that is also important
to take into account is the one developed by Albreiji et al. [42]. Considering that its
study timeframe goes until 2021, it indicates that the contributions of data mining
are focused on predicting the risk and student dropout. This is possibly quite limited
or provides a reduced appreciation of its production as part of its systematic review
process due to the fact that its research questions narrow the scope of the search, as
the data extraction contributes to many other aspects of higher education.

Likewise, Liflan and Pérez [43] point out that in the future, educational data min-
ing and learning analytics will be applied on a massive scale in online learning envi-
ronments, and mainly in MOOC courses. Today, and according to the results found
in this systematic review, I was able to demonstrate that, as indicated by [51-53],
[55, 56], data mining is applied in online teaching environments, establishing pre-
dictive patterns and models related to its application and performance; of course, as
a relevant factor to achieve better performance in the student and teacher.

In this regard, Panizzi [41], as a result of his systematic review, agrees with the
results of this research, since it establishes that the most used algorithms in educa-
tional data mining are several, highlighting the Random Forest, Linear Regression,
and SVM algorithm. However, Molina and Utreras [40] point out that in a review
from 2013 to 2018, about the most used algorithms in data mining with respect to
education, it can be observed that the decision trees are the most used (43.64%) for
these cases because it has several solutions for the same problem. It also allows us
to analyze the possible consequences of making a decision. After this method, the
most used are the Bayesian Networks. However, this research is only limited to data
mining applications in areas related to academic performance, and not to teacher
performance, or patterns of use of learning management systems, so there may be
understandable differences about the different types of algorithms used in data min-
ing in higher education.
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6  CONCLUSION

Once the systematic review has been carried out, it is concluded that the fields of
application of educational data mining in higher education are focused solely on the field
of “teaching”, both in the face-to-face and virtual modality, and the purpose of the appli-
cations focuses on finding patterns and predictive models of the student performance,
dropout and abandonment, teacher performance, and the use of the learning manage-
ment system (LMS) resources. By virtue of the foregoing, the data that is extracted for
this purpose is linked to data on academic performance, demographic conditions, LMS
data, and text data of the student and teacher. Based on this state of the art obtained
from the systematic review of educational data mining in the field of higher education,
it is important that future studies focus on exploring whether universities count within
their academic management privacy policies and regulations with the implementation
of tools linked to data mining, from its different models and algorithms, since what is
found in the systematic review are cases in which no one mentions that it is based on
an academic or prospective management policy of the University.

This systematic review was strictly focused on the analysis of the scientific evi-
dence of data mining in the university academic field and during the pandemic; how-
ever, it is specified that data mining also requires computer tools for the extraction,
storage, processing and visualization of results, so this study did not extract informa-
tion on these aspects. Therefore, future studies can take these findings as a starting
point and give an approximation on what computer tools are necessary to carry out
the implementation of data mining in the educational environment.
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