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Abstract. In the last decade, Learning Analytics (LA) has evolved in a positive way, considering that the term
emerged in 2011 through the Society for Learning Analytics Research (SOLAR). This area of data analytics
can be identified as a specialization of Educational Data Mining (EDM). LA emphasizes student learning
outcomes. In addition to, a better understanding of student learning behavior and processes. While EDM
focuses on helping teachers and students with the analysis of the learning process using popular data mining
methods. The purpose of this research is to explore the first decade of work with the application of Learning
Analytics in Higher Education Institutions (HEI) in the context of Tutoring Information Systems (TIS), with
the intention of supporting institutions, teachers and students to decrease dropout rates. This article presents a
systematic literature review (SLR) with 17 primary studies, comprised between 2014 and 2024. The findings
reflect the use of LA in improving or optimizing learning using student academic history obtained through
Learning Management Systems (LMS), noting the scarcity of works with a focus on tutoring or academic
advising. Ultimately, a gap is opened to apply LA in HEI, with information from Institutional Tutoring Program
(PIT), integrated with information from an LMS, to contribute to student permanence.
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! Vuueepcumem Bepaxpyca, ¢haxynomem cmamucmuxu u uHpopmMamuxi,
Xanana, Mexcuxa.
2 Hayuonanvhwiil mexuonozauyecxkuii uncmumym Mexcuxu, Komnviomepnas unoicenepus,
Ilepome, Mexcuxa.

Annoraums. TepmuH yae6Has ananutrka (LA) 6601 BBeieH OBIIECTBOM HCCIEIOBAHHN B 00JIACTH aHATUTHKH
ooyuernst (SOLAR) B 2011 romy, m B mocrnemHee IECATHIETHE 3TO HalpaBlIeHWE Pa3BUBAJIOCh CaMBIM
TIO3UTHBHBIM 00pa3oM. JTa 00JacTh aHAIUTHKU JTAaHHBIX MOXKET OBITH OMpe/ielieHa KaK MHTEIUICKTyalbHBIH
aHanu3 oOpasoBarenbHbIX JaHHBIX (EDM). B nomomHenme k Tomy, uro LA MO3BOMSIET Jydile TOHSTH
TIOBE/ICHHE W TIPOIECCHl OOYYEHUs CTYJCHTOB, ydeOHas aHAJIWTHKA Takke obecreynBaer Ooiee deTkoe
BBISIBJICHHE Pe3yJbTaTOB OOYYeHHUsS CTY/IEHTOB, B To Bpems kak EDM ¢okycupyercst Ha oka3aHHH ITOMOIIN
MpernoaBaTelsiM U yJalluMcs TIPH aHaJIM3e Tporecca o0ydeHHsT ¢ UCIIONb30BaHUEM IOMYISIPHBIX METOIOB
WHTEJUIEKTYaJ bHOrO aHalii3a JaHHBIX. Llenbio JaHHOTO WCCleIOBaHMsS SBISIETCS H3y4eHHE IepPBOro
JeCATHICTHS pabOThI C MPHMEHEHHEM METOIOB y4eOHO aHaIMTHKH B BBICIIHX yueOHbIX 3aBeneHusx (HEI) B
KOHTEKCTe O0yJaromux WHPOPMALMOHHBIX CHUCTEM C IIEJBI0 MOIJIEPIKKH YIPEXKICHUH, MpernoiaBareined u
CTYIICHTOB ISl CHIDKGHHs TOKa3aTeleil orceBa. B 9TOH cTaThe NpENCTaBlICH CHCTEMAaTHYECKUH 0030p
JIuTepaTypsl ¢ 17-10 NEpBUYHBIMHM MCCIEAOBAHUSAMM, NpoBeAeHHbIMU B mepuon c¢ 2014 mo 2024 rog.
[MonmyueHHbIe pe3ynbTaThl OTPAXKAIOT HUCHOIb30BaHHWE LA Ui ynydlleHHs WIM ONTHMHU3AlMK OOYd4eHHs C
UCHOJIb30BAHUEM AaKaJeMHUYECKOH HCTOPUHM CTYAEHTOB, MOJNYYCHHOH C IIOMOILIBIO CHUCTEM YIPaBICHHS
o0y4eHHeM, ¥ OTMEUalOT HEXBAaTKy paboT ¢ aKLEHTOM Ha O0y4eHHE WM aKaJeMHYEeCKOe KOHCYJIbTUPOBAHHE.
B KoHeyHOM cyeTe, BCKPbITA HEJOCTATOYHOCTH NMpuUMeHeHus MeronoB LA B BVY3ax k undopmanmu or
ITporpaMMbl MHCTUTYLIMOHAJIBHOIO OOY4YEHHMS, MHTETPUPOBAHHON C MH(OpPMAIMEH OT CHUCTEM YIPABICHUS
o0y4eHHeM, KOTOpbIe MOTIM Obl BHECTH CBOM BKJIaJ B IOCTOSHCTBO CTYAEHTOB.

KiroueBble cioBa: yueOHas aHAINTHKA, NPENOJABAHUE; KOHCYJIbTHPOBAHHE; CHUCTEMAaTHYECKui 0030p
JIUTEPATYPBI; BbICIINE Y4EOHbIC 3aBEACHUSL.

Jost murupoBanms: Canac-Maprusnec A., Pamupec-Maptuness A., Maptunec-Pamoc C. YueOHas aHaTUTHKA
B BBICILICH IIIKOJIE: JECSATUIIETHE B cUcTeMaThuueckoM ob3ope urepatypbl. Tpyast UCIT PAH, Tom 36, Bbir. 6,
2024 r., ctp. 215-230 (na anrnuiickoM s3eike). DOI: 10.15514/ISPRAS-2024-36(6)-12.

Baarogapuoctu. I'pantom Ne 730418 uccienoBanue GpuHAHCHPOBAIOCh YHUBEpcUTETOM Bepakpyca depes
(bakynpTeT CTaTMCTMKM M HMH(OPMATUKH, ACIUPAHTYpy B OOJACTH KOMIIBIOTEPHBIX HayK, a TaKKe
HarioHanbHbIi COBET MO I'yMaHHTapHeIM Haykam, Haykam W TexHoiorusm (CONACYT). Mbl Takke
6naronapum Beicimii TexHONMOrMYeckuii MHCTUTYT [lepoTe 3a moAnep KKy UCCIeIOBAHUS.

1. Introduction

The use of learning analytics (LA) in the online learning environment has increased exponentially,
because its application can help institutions, teachers and tutors with problems such as decision making
and measurement of student success, considering the digital footprint that can be obtained from
students in each Higher Education Institution (HEI). Currently it is a reality to mention that Higher
Education has been forced to retake the use of technological tools such as Learning Management Systems
(LMS) due to the arrival of the COVID-19 pandemic in two thousand twenty, because although these
tools are not new, there was a resistance to their use in an official way. However, LMS gained great
importance after the pandemic, tools such as Google Classroom, Microsoft Teams and Moodle are
some of the most implemented by HEI in the world [1].

When talking about LA, it is important to mention that it is an incipient term, which arises as a
specialization of Educational Data Mining (EDM), which first appeared in 2005 at the first workshop
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on Educational Data Mining [2], being in 2008 the 1st International Conference on Educational Data
Mining, held in Montreal, Quebec. While LA arises in the summer of 2012, being in the Society for
Learning Analytics Research (SOLAR) where they define it as: “#he measurement, collection, analysis and
reporting of data about learners and their contexts, in order to understand and optimize learning and the
environmentsinwhich itoccurs ” [3]. Meanwhile, EDM is defined as “An emerging discipline concerned
with developing methods for exploring unique types of data that come from educational settings and using those
methods to better understand the learner and the environments in which they learn” [2]. Therefore, we
can say that first, LA places greater emphasis on student learning outcomes, a better understanding of
student learning behavior and processes, in addition to better educational research. Second EDM
focuses on helping teachers and students with the analysis of the learning process using popular data
mining methods.

Some of the areas that have been considered for applying these analytics are:

1. Create alerts for stakeholders: monitor students’ academic progress to quickly and correctly
identify negative student behaviors, such as lack of motivation, dropping out, etc;

2. Group/profile students: separate students into groups according to their individual
characteristics, personality traits, preferred learning methods, and other considerations;

3. Predict student performance: by calculating a performance estimate of grades, knowledge
or score.

However, it has been observed that there has been little exploration of the academic tutoring that
HEI students receive.

It is worth emphasizing that tutoring is an institutional program that arises with the intention of
supporting students in their academic, personal and professional processes during their education in
any HEI in Mexico. Therefore, Institutions such as Normal Schools, Universities and Technological
Institutions, have their respective tutoring programs dedicated to support students during their
academic life. Thus, from these systems it is possible to identify diverse situations of each student,
from economic, health, academic and social points of view, problems that can directly impact their
academic performance and even cause failure and in the worst-case scenario, desertion [1]. Therefore,
thisarticle is an extended version of the research published by Salas et al. 2024 [1], where the updates
of the last decade to perform SLR, the discussion achieved during the presentation of the same at the
11th International Conference on Research and Innovation in Software Engineering (CONISOFT 2023),
as well as the integration of new findings, are considered. The integration of new findings, are part of
the content that can be found in this publication. It aims to provide the reader with the following
points:

Tutoring Information Systems (TIS) that use LA,;

Identify on whom these TIS are focused on;

What are the most common interests in TISs;

How can SITs be quantified and categorized;

How the IES use the LA for tutoring;

How do they interpret and visualize LA-based data in the IES;

What information has been analyzed in the SIT of the IES and what they used for the
analysis.

N o H RN R

2. Background and related work

For contextualization it is important to define that according to Siemens [4], LA is defined as “The
measurement, collection, analysis and reporting of data about learners and their contexts, in order to
understand and optimize learning and the environments in which it occurs . With the implementation of
LA it is possible to find out more hidden information about learners in online learning. For this reason,
it plays a relevant role in online learning whose main interest is to identify problems with learning and
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improve the learning environment.

The following are some of the papers that were reviewed prior to conducting SLR with the intention
of getting into the context of the work on Learning Analytics at HEI. In a study conducted by a
university in Korea, empirical validation of the effects of a Learning Analytics Dashboard (LAD) was
sought the results of this study, it was observed that students who interacted with the LAD scored higher
compared to those who did not use it [5]. These results mark a path with respect to the need to review
the LAD with features that motivate and support students who have different levels of academic
performance [5].

On the other hand, a second study proposes the question: How do we begin the institutional adoption
of learning analytics? This question is a common one among faculty, administrators, and researchers
who seek to conduct Learning Analytics (LA) [1]. In summary, this study builds on established models
for the adoption of business analytics, showcases two projects conducted in Australia, to develop and
evaluate approaches for LA adoption in HEI [3]. The focus of the study highlights the importance of
the socio-technical nature of LA and the complexities relevant to adoption in HEI.

A third study aimed to investigate student expectations regarding the characteristics of learning
analytics systems and the willingness to use these features in learning. It was an exploratory and
qualitative study, applied to 20 university students, who were interviewed about their expectations
about learning analytics features. The findings of the study were complemented with a quantitative
study applied to 216 students [6]. As results it was found that students expect Learning Analytics
functions to support their planning and organization of learning processes, as well as provide self-
assessments, adaptive recommendations, and produce personalized analyses of their learning
activities [7].

Among the studies conducted, there is also "Learning Dashboard for Insights and Support during Study
Advice (LISSA), a LAD designed, developed and evaluated in collaboration with advisors, which aims
to facilitate communication between advisors and students through the visualization of qualifications
that are available in the HEI. The study found that the dashboard supports the ongoing dialogue
between the advisor and student, motivating students, activating the conversation and providing tools
for personalization, depth and nuance to the advising session, providing information at the factual,
imperative and reflective levels, and engaging those involved in an active role during the session
[71.

In another study, the use of a Learning Analytics Dashboard (LAD) to inform the teaching of five university
professors was investigated using qualitative inductive analysis to identify salient emergent themes.
The results of the study showed that instructors did not always draw on analytics with specific
questions, but rather with general areas of curiosity [1]. The findings were synthesized into an
analytical model of instructor use that provides useful categories of activities for future study and
support [3].

On the other hand, an empirical study was identified, whose objective was to analyze both intrinsic
and extrinsic motivation factors perceived through LMS such as Moodle. Said study is based on the
self-determination theory (SDT), the findings of the study reveal that intrinsic and extrinsic motivation
significantly influence the effectiveness of student-perceived learning and the improvement of
academic performance [8].

Another of the studies reviewed, focuses on determining the motivation of students in LA context, in
this study aims to perceive the state of student motivation at a high level of abstraction. The results
showed that it is possible to perceive the state of student motivation at a high level of abstraction [9].
Finally, one study identified was student-oriented, providing information and promoting self-regulated
learning. Inthis study, a LAD design aligned with SRL (Self-Regulated Learning) theory was created,
which was called My Learning Analytics (MyLA) [10], which seeks to better understand how students
use a learning analytics tool. The study consisted of performing a sequential analysis of student
interactions with three different dashboard visualizations implemented in an LMS. The results of
this study showed discriminatory patterns in the use of the dashboard between different levels of
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academic performance and self-regulated learning, particularly for students with low performance
and high levels of self-regulation. The finding of this study highlights the importance of differences
in students’ experience with a student-oriented dashboard and emphasizes that one type of dashboard
does not fit all in the design of learning analytics tools [11].

3. Research method

The research process was initiated through a Systematic Literature Review (SLR) in order to use
explicit and systematic procedures as opposed to traditional research. Therefore, it followed
Kitchenham and Charters’ [12] guidelines on SLR in software engineering and Zhang’s guidelines
[13] proposed under the concept of *Quasi-Gold Standard (QGS) *applied in the identification of relevant
software engineering studies. It is worth mentioning that Kitchenham’s methodology is based on three
phases that are planning, conducting and documentation, to achieve the identification of relevant
studies. However, in this research has been combined with the methodology proposed by Zhang, to
provide greater rigor in the search for relevant studies, considering that Zhang contemplates the
automatic search and manual search to identify relevant studies, in addition to applying a sensitivity
and accuracy assessment that confirm the rigor of the SLR. In addition to considering some
recommendations from the works [14-15] the review proposed in this paper is composed of two
subsections: Planning and Conduction.

3.1 Planning

In this phase, the formulation of the research questions was carried out, the search process was
established, and its description follows.

3.1.1 Research questions

To drive the review process, the following seven research questions were generated, where each
question seeks to clarify the panorama on the application of Learning Analytics in Higher Education
Institutions (HEI).

1. [RQ1] Are there Tutoring Information Systems (TIS) used by the HEI where LA is used?

2. [RQ2] Inthe approaches used, is was at the center the student at the center, teaching tasks or
tutorial management?

[RQ3] What are the declared interests identified in the TIS in HEI?

[RQ4] How can the TIS used in HEI be quantified and categorized?

[RQ5] How does HEI use LA for TIS?

[RQ6] How does the TIS use in HEI interpret and visualize LA-based data?

[RQ7] What information has been analyzed from the TIS and what was used to analyze the
information?

N oo hw

3.1.2 Search process

The search process in this article followed the “Quasigold standard” (QGS) strategy [13]. This
process consists of five steps: 1) ldentify related databases, 2) Establish the QGS, 3) Define or
obtain the search string, 4) Perform the automatic search and 5) Evaluate the performance of the
search. Each of the steps is described below in the context of the investigation.

1) ldentify related databases
In this phase, journals were selected for the manual search and databases (DB) digital
libraries and indexing services for the automatic search to. The following six journals were
considered: Knowledge and Learning, Technology, Informatics in Human Behavior, for the SLR
decade update the following journals were added: Information Development, International
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2)

Journal of Instruction and Perspectives on Psychological Science, for their relevance to the topic
to be addressed, as well as for the Educational Institutions participating in the edition, the
impact factor they maintain and the periodicity of the journal. Six others, by automatic
search, coverage, overlap and accessibility of libraries and search engines. The following
were included: IEEE Xplore, ACM Digital Library, Springer Link, ScienceDirect, Wiley Online
Library and EBSCOhost Academic Search; the selected databases are available in the
information resources of the Consorcio Nacional de Recursos de Informacion Cient ifica y
Tecnoldgica (CONRICyT) provided by the Universidad.

Establish the QGS

In this phase, the inclusion and exclusion criteria are defined, after which a manual search
is carried out in the previously selected journals, which consists of analyzing all the volumes
and identifying the articles that meet the established criteria, in this update of the SLR the
last decade is contemplated, from 2014 to February 2024 and the criteria of the first version
of the SLR are maintained; Table 1 shows the criteria established in this Systematic
Literature Review (SLR).

Table 1. Inclusion And Exclusion Criteria.

Inclusion Exclusion
Id Description Id Description

Access to the publication is through National

Ic1 Consortium for Scientific and Technological EC1 The publication is an exact duplicate of a
Information Resources (CONRICyYT) provided study obtained from another search engine
by the university.

IC2 g:égﬁ?gggﬂon date is from 2014 to EC2  The publication is not in Spanish or English
The publication must be a research article

c3  On software, learning analytics and tutoring EC3 The full text is restricted in the retrieved
in higher education institutions (Journal publications
Article)

ica The publication must reference at least two ECa The publication is not applied in Higher
search terms Education Institutions

IC5 The publication must answer at least one
research question

3) Define or obtain the search string

>

advising”, “Academic counseling” and ‘“Higher Education Institutions” were taken as
reference. It should be mentioned that depending on the databases (DB) consulted, the search
string was refined and adapted depending on the fields available in the advanced search of
each database (DB) [1]. Table 2 shows the search string used in a general way in all the
previously mentioned search engines.

At this point in the review, the terms “Learning Analytics”, “Tutoring System”, “‘Academic

Table 2. Search String Executed.

Search String

(“Learning Analytics™”) AND
(“Mentoring system” OR
“Academic Advising” OR
“Tutoring System” OR
“Academic Counseling”)

4) Perform the automatic search

220

In this phase, the search was performed in each of the database (DB) selected by applying
the specific syntax in each of them. In this update, a total of 157 publications were obtained,
achieving an increase of 86 studies linked to our search string, it notes, unlike the SLR
presented previously [1], the 157 studies found were verified by applying the inclusion and
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exclusion criteria to obtain the final corpus.

Selection of Primary Studies. To carry out the selection of these studies, it was necessary to
apply the process of inclusion and exclusion criteria, which consisted of three stages, as
shown in Table 3. This organization served to reduce the number of publications while
retaining the relevant studies for subsequent analysis.

Table 3. Study Selection Process.

Stages Criteria

Stage 1 IC1, 1C2 and EC1
Stage 2 IC3, 1C4, EC2 and EC3
Stage 3 IC5 and EC4

The following is the selection of candidate studies after application of the inclusion and
exclusion criteria, as shown in Table 4.

Table 4. Results of the selection of candidate studies.

Id Source C%r;ggdrgte Filter 1 Criteria I/E Included

1 |IEEE 21 0 17 4

2 ACM 22 4 15 3

3 Springer 28 0 16 12

4 ScienceDirect 82 67 7 9

5 Wiley OnLine 2 0 0 2

6 EBSCOhost 2 0 1 1
Total 157 71 56 30

5) Evaluate the performance of the search

where:

At this point the results of the automatic search are compared with the manual search (QGS).
To achieve this, we used the equations proposed by Zhang et al. [13]. First, the Equation
sensitivity or recovery was calculated Eqg. (1), to obtain the number of relevant studies
retrieved, we subtract from the total number of studies retrieved automatically, which are 157.
140 studies were not relevant. To obtain the total number of relevant articles, we divided it
by the total number of Relevant studies found, thus achieving 100% of the corpus ([157-
140/17]*100). Afterwards, to calculate the precision we found 17 studies found by QGS.
10 are not relevant, therefore, we proceeded to use the Eq. (2), to obtain the precision, the
number of relevant studies recovered, subtracting the 71 studies obtained through the
automatic search, the 10 studies that are not relevant and then we divide it by the total
number of studies retrieved in the automatic search, thus obtaining 93% of the corpus ([157-
10/157]*100). Therefore, it is identified that both parameters are within the suggested
threshold that indicates the percentages must be greater than 70% to be acceptable, the
maximum Equation sensitivity can be observed in Eq. (3) and the optimal precision in Eq.

(4).

Sensitivi NRSR 100% @
ensitivity = 0
v TNRS
o NRSR
Precision = 100% 2
NRS

NRSR = Number of relevant studies retrieved
TNRS = Total number of relevant studies
NSR = Number of studies retrieved

o 157 - 140
Sensitivity = EETI 100%=1.0 3)
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o 157-10
Precision = 1574190% =0.93 4

3.2 Conduction

3.2.1 Quality assessment

At this point in of the process, the 30 selected studies are taken up again and again subjected to
validation to identify only those studies that meet the necessary quality; therefore, the quality
assessment instrument was prepared, which contains the quality control questions. A value of 1 was
assigned to the questions that are answered with the word yes, a value of 0.5 for those questions that
are considered to be partially compliant and O for those that are not. Table 5 shows the questions asked
to assess the quality of the study.

All the studies found were evaluated with the proposed instrument to guarantee the quality of the chosen
studies. The possible score to achieve was between 0 and 8 points. After the evaluation, all the studies
that achieved a score greater or equal to 6.5 were considered; see Table 6. It was observed that 56%
(17 studies). See Table 7 met the established quality criteria for the most part, while 43% (13 studies)
did not meet them, therefore they were discarded from the final selection.

3.2.2 Data Extraction

This phase consisted of extracting the most relevant data from each of the primary studies identified,
with the support of the Parsifal platform. Bibliographic information was extracted for each study
such as: title, authors, year of publication, source, type of publication, DOI, keywords and abstract.
Italso includes information that helps to answer the research questions.

4. Results

This section of the article presents different results obtained during the SLR of the research, such as:
text analysis applied to the bibliography of the corpus through the VosViewer software, frequent word
cloud of the content of the articles generated from MAXQDA 2022, in addition to answering the
research questions. A narrative synthesis is provided based on the data identified in the research
corpus. To start, an overlay visualization generated by VosViewer is shown, see Fig. 1. Itis possible
to observe the grouping through four clusters formed with titles and summary of the corpus, where
the terms Learning Analytics, Educational data Mining, Environment and Dashboard are found,
demonstrating the linkage and relevance they present in the research. On the other hand, as shown in
Fig. 2, relevant works within the SLR are scarce, however, the application of LA in HEI is a topic
of interest from 2015 to date, observing a positive trend of articles towards 2024.

4.1 Answers to research questions

[RQ1] Are there TIS used by HEI where LA are used? Based in the work carried out by Chatti et
al. [32] who proposes a reference model for Learning Analytics (LA) based on four specific
dimensions, (1) what (e.g., data, environment and context), (2) why (e.g., objectives), (3) how (e.g.,
techniques/methods) and (4) who (e.g., stakeholders), model that helps to have an overview of LA
and its concepts of relevance, in addition to including the review carried out by Bodily et al. [17]
where they categorize the works under an approach between various subfields of educational
technologies. In this review we analyze the objectives and technologies that guide those interested in
making effective decisions about teaching, within the analysis we can identify the following
categories to classify the most relevant jobs in the educational field and LA, see Table 8.

[RQ2] In the approaches used, is the student at the center, the teaching tasks or the
management of tutorials? Based on the studies reviewed, it can be classified that the works where
Learning Analytics (LA) is applied are mainly focused on the following actors [16]: teachers, students,
tutors and researchers, with the latter having less presence in the research reviewed [25, 28]. According
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to Robert Bodily [17] in his review of student-oriented learning analysis dashboards and educational
recommender systems, most of the systems found are oriented 74 percent to the instructor, and he
also states that researchers do not conduct much research on the impact of the systems on teaching
and learning. Also, Perez Sanchez [27], Ranjeeth [23] and Rafique [26] focus on students.

Table 5. Quality Assessment Instrument Used for Included Study Evaluation.

Id Question

QA01 Are the objectives, research questions, and hypotheses (if any) clear and relevant?

QA02 Is there an adequate description of the context in which the research was conducted?

QAO03 Is the suitability of the case to address the research questions clearly motivated?

QA04 Are the case and its units of analysis well defined?

QA05 Is the case study based on theory or linked to existing literature?

0A06 Are the data collection procedures sufficient for the purpose of the case study (data
sources, collection, validation)?

QA07 Are ethical issues (personal intentions, integrity, confidentiality, consent, review board
approval) adequately addressed?

QA08 Is a clear chain of evidence established from observations to conclusions?

Table 6. Primary Studies Quality Assessment.

Id QA1 QA2 QA3 QA4 QA5 QA6 QA7 QA8 Total
PS01 1 1 1 1 0.5 0.5 1 1 7.0
PS02 1 0.5 1 0.5 1 1 1 1 7.0
PS03 0.5 1 1 1 1 1 1 1 7.5
PS04 1 1 1 1 1 1 1 0.5 7.5
PS05 1 1 0.5 1 0.5 1 1 1 7
PS06 1 1 1 1 1 1 1 1 8.0
PS07 1 1 1 1 1 0.5 0.5 0.5 6.5
PS08 1 1 1 1 1 1 1 1 8
PS09 1 1 1 0.5 1 1 0.5 1 7.0
PS10 1 1 1 1 1 1 0.5 1 7.5
PS11 1 1 1 1 1 0.5 0.5 0.5 6.5
PS12 1 1 1 1 1 0.5 0.5 1 7.0
PS13 1 1 1 1 1 1 0.5 0.5 7.0
PS14 1 1 1 0.5 1 1 1 0.5 7.0
PS15 1 1 1 0.5 0.5 0.5 1 1 6.5
PS16 1 1 1 0.5 1 0.5 0.5 1 6.5
PS17 1 1 1 0.5 1 1 0.5 1 7.0

Table 7. Primary Studies.

Id Author Year Database
PS01 Reyeset al. [16] 2015 Springer
PS02 Siemens et al. [4] 2015 ACM
PS03 Bodilyetal. [17] 2017 IEEE
PS04 Rojasetal. [18] 2017 EBSCOhost
PS05 Tempelaar etal. [19] 2017 IEEE
PS06 Vibergetal. [20] 2018 ScienceDirect
PSo7 Herodotou et al. [21] 2019 Springer
PS08 Guerraetal. [22] 2020 Wiley
PS09 Ranjeeth et al. [23] 2020 ScienceDirect
PS10 De Laet et al [24] 2020 Wiley
pPsi11 Guzman et al. [25] 2021 Springer
PS12 Rafique et al. [26] 2021 IEEE
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PS13 Perezetal. [27] 2022 Springer
PS14 Kaliisaetal. [28] 2022 ScienceDirect
PS15 Haoetal. [29] 2023 ScienceDirect
PS16 Prinsloo etal. [30] 2023 Springer
PS17 Kauretal. [31] 2023 IEEE
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Table 8. Categories of systems using learning analytics in higher education institutions.

Category Article

Intelligent tutorial systems [17]

Predictive systems [21], [26]

Academic performance system [17],[20]
Educational recommendation systems [27], [26]

Learning boards [17], [22], [21], [26], [28], [20]
Educational data mining system [17], [27]

For example, in Ranjeeth’s literature study, some of the predictions that have been made are:
predictions of student grade point average (GPA), prediction of student performance in graduate
programs, prediction of instructor performance and likely student performance in gaining admission
to college, prediction of attrition from college programs, and prediction of student grades using social
network theory analysis. For his part Rafique says that student performance can be predicted from the
student’s digital fingerprints [22], i.e., demographics, behavior, facial emotion control records while
using an intelligent tutoring system [21]. While for researchers the most predominant focus is on an
online learning environment to predict student performance and timely intervention, however,
Rafique expresses that it is very limited work in traditional learning environments.

[RQ3] What are the declared interests that are identified in the TIS in HEI? According to the
research work conducted by Bodily [17] in 2017, it is possible to identify that there is an interest
in identifying student-oriented LA reporting systems with respect to their purpose, functionality and
the types of data collected. Also, Schwendimann et al. [17] mentions the interest in the mechanisms
by which student-oriented systems attempt to improve teaching and learning, which requires analysis
through different categories such as type of data, target users, and evaluation. Learning Analytics
Dashboards (LAD) also identified by their acronym LAD were found to have evaluated categories
such as: goal orientation, usefulness of information, visual effectiveness, ease of use, comprehension,
reflection, motivation for learning, behavior change, performance improvement, and competency
development.

[RQ4] How can the TIS used in HEI be quantified and categorized? In the various works reviewed,
multiple approaches and objectives have been observed, however, none of them gives an answer to
this question since most of the cases where tutoring is discussed, their focus is on intelligent tutoring
systems, as identified by Bodily, to this point the only ones that come closest to working with tutoring
in Latin America, are the systems generated by Learning Analytics in Latin America (LALA)
expressed in the research of Guerra et al. [22]. This arises from a framework called COALA [24]
(Context Adaptation for Learning Analytics), which is constituted by four dimensions for adapting
tools: objectives of using a Learning Analytics Dashboards (LAD) (e.g., identifying subjects in
which students have low or high performance), stakeholders (e.g., advisors, teachers, students and
administrative staff), key moments in which the use occurs (e.g., at the beginning of the academic
year, when a course is registered or when they receive grades) and the interaction of stakeholders
(e.g., face-to-face sessions with the advisor-student). This project was conducted within the context
of Latin America partner institutions, the participating institutions were University of Cuenca in
Ecuador (Cuenca), University Austral of Chile (UACh) and Polytechnic Superior School of the Litoral in
Ecuador (ESPOL) [24].

[RQ5] How do HEI use LA for TIS? Among the works reviewed, there are three cases where the use
of LA applied to tutorial information systems has been most closely approached. Identified in the
following institutions: University of Cuenca, University Austral of Chile and Polytechnic Superior School of
the Litoral. See Table 9. Thethree cases coincide in combining information from the curricular structure
and academic records to observe student progress [1]. However, the three Latin American universities
adapted an advisory board, originally implemented at KU Leuven in Belgium. In all three cases, the
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context was the main factor for adapting the dashboard, taking up that the LALA project [22] focuses
on four different elements of the context such as: Objective, Actors, Key Moments and Interactions.

[RQ6] How do TIS used in HEI interpret and visualize the data based on LA? Several
institutions have begun to adopt Predictive Learning Analytics (PLA) [21], they use a number of
computational techniques (e.g., Bayesian modeling, cluster analysis, predictive modeling) to identify
which students will pass a course and which are at risk. According to Merceron’s categorization [20],
it is identified that predictive methods (regression and classification) with 32% are considered the most
frequent, below are relationship mining methods (association rules, correlations, sequential patterns
and causal data mining) and methods for distilling data for human judgment tied with 24% frequency,
where statistics and visualization are included. According to Viberg et al. [20] the application of
methods for data analysis has been increasing from 2014 to 2017, reflecting from 2017 an increase
in mining methods compared to previous years. In the work of Kim et al. [34], k-medoids clustering
and Random Forest classification followed by logistic regression were applied for the analysis of the
identified cluster profiles to analyze students’ self-learning patterns in asynchronous mode.
Likewise, to predict whether students pass or fail the course, the following models were used:
Ramdom forest (RF), K-Nearest Neighbors (KNN), logistic regression (LR), neural networks
(NNETS), TreeBagging (TB) and Bayesian additive regression trees (BART) Perez et al. [27].

Table 9. Some Applications of Learning Analytics in Higher Education Institutions.

Classification Name Goal Author Country
?Ouéndémsggi? Helps teachers identify at-risk Herodotou United
Anglyze) y students in online course etal. [21] Kingdom

ESPOL LAD (Escuela Support student-advisor dialogue Guerra

ggfﬂ;g:;)o litecnica when advising study plan in student et al. [22] Belgium
LISSA (Learning
dashboard for Insights Support student—advisor dialogue Charleer Belgium
and Support during  focus on first-year students etal. [7] 9
Learning Study A%dvi ce)
Analytics LADA (Learning -
Dash{)toard Analytics Dashboard ascljJ\F/)iF;g?s advice on study plan by ([a)teaILEEtzl] Belgium
(LAD) for Advisors) '
AvACc (Advising :
dashboard Avance gu;lle[ggz] Cuenca
Academico) '
Inspired by dashboard LISSA
TrAC dashboard superimposes the academic records
(Trayectoria on the curricular structure, since this ~ Gutierrez Ecuador
Academica y is the “natural” way in which et al. [33]
Curricular academic progress is understood in
the institution
To evaluate the support provided by
COALA framework  the adapted dashboard comprises
Context Adaptation  three modules including a Guerra :
Framework gor Learning P visualization module, a module for ~ etal. [22] Chile
Analytics) group formation and intervention,
and a prediction module ]
Smart Learning ga;;gt%] Pakistan
SHEILA (Supporting The proposed framework will . .
Higher E uczgt?on tog enhance systematic adoption of \?bleer g United
Integrate LA) learning analytics on a wide scale etal. [20] Kingdom
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[RQ7] What information has been analyzed from the TIS and what did they use for the
analysis of the information? It has been identified that to date only the data available in some of the
educational platforms have been used to generate conclusions from the LA perspective. Among the
data identified we can find: student demographics: age, gender, disability, previous grades, ethnicity,
successful completion of previous courses, previous experience of the student at the university (new
versus continuing student), best score in the previous course and sum of credits earned [21]. In the work
of Perez et al. [27], characteristics such as: LMS, numbers of accesses, participation scores, learning
activity ratings, submissions, published content, completed learning activities and peer reviews were
contemplated, where these characteristics presented significant statistics between students who failed
and those who passed.

5. Discussion

With the systematic review of literature, we have realized that there is little research that considers the
tutoring received by students in higher education institutions, through student support programs, such
as the Institutional Tutoring Program (PIT), which is promoted by institutions such as the UN (United
Nations) and ANUIES (National Association of Universities and Higher Education Institutions) in
Mexico. At the same time, it has been observed that when researchers make use of data, these are
only data extracted from LMS, or application of surveys. Therefore, an important gap opens up for
applying LA by integrating data ecosystems that can be made up of data extracted directly from the
LMS database, data that are generated manually by tutoring coordinators in HEIs, and even surveys
applied for concrete measurements such as emotion, engagement, and motivation, to mention a few. It
is worth stressing that working with this type of data is a major challenge, as it implies good data
quality and scope, as well as privacy and ethics in working with the data. On the other hand, itis also
clear that most of the works that present advances in LA issues are from the USA and European
countries. Thus, it is necessary to bet on the application of LA in HEIs, to contribute to the
institutions by supporting the permanence of students, to teachers, letting them know what is
happening in the student’s learning process, and to the latter, providing recommendations for them
to enjoy their learning process in the best possible way. The challenges faced by learning analytics
focused on student behavior are the integration of data sets from diverse environments, advances in
technology, and ethical problem solving. Despite these challenges, this research aims at solutions
that contribute early on by making recommendations or warnings to achieve student retention.

6. Conclusion

With the SLR on the subject it has been identified that the term LA as we describe it today arises
from the year 2011, being the most cited definition the one that arises in the “Ist International
Conference on Learning Analytics and Knowledge 2011 ”. Therefore, we can say that it is clear at this
time to identify that the objective of LA is to improve learning. It should be noted that, being
considered a new term, it is often difficult for some to identify the differences with its predecessor, the
term Educational Data Mining. It should be noted that although both work with educational data,
their approaches are different. Firstly, we have EDM which focuses on helping teachers and students
with the analysis of the learning process using popular data mining techniques such as: clustering,
association and classification to name a few, we could say that it seeks the transformation of data into
relevant information. Unlike LA where the emphasis is on learning outcomes, a better understanding
of the learner’s behavior and processes, therefore, its objectives are recommendations, predictions,
adaptation and personalization, in addition some common methods are usually used such as:
classification, clustering and association, in addition to, social network analysis, sentiment analysis,
prediction of learner success among others. It should also be noted that the term Tutoring in this
context is defined as a process of group or individual accompaniment that a tutor provides to a student
during his stay in an IES, with the purpose of contributing to his integral formation, besides
influencing the fulfillment of the institutional goals related to the educational quality such as: raising
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the terminal efficiency rates and decreasing the failure and desertion rates. On the other hand, in order
for LA to achieve this objective, different techniques and methods are used, which are applied to the
data offered by the educational platforms. It is important to mention that there are still few studies
on this topic, but it has been identified that in Latin America LA has already begun to be used in
HEIs. As indicated, it is still a little explored topic with great areas of opportunity. All the studies
found present the common denominator of the use of student information regarding their academic
history or surveys as instruments for specific measurements such as academic performance, emotions
or student motivation during the course; however, there are still minimal cases in which other types of
information are used to predict their future behavior. This research opens a gap to resume studies
that can integrate academic information that can come from the SIS (Student Information System),
LMS tracking data and information from institutional tutoring programs. It should be noted that the
complexity of this part will depend on the ease of access to data from these tutoring programs, since
there is no specific system or standard for integrating the information, so each institution stores and
processes its data in a particular way. The challenge we face with LA is the integration of data
ecosystems from different sources, as well as data quality and scope, and data privacy and ethics.
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