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Abstract. The aim of this research is to evaluate the role (place and importance) of
learning analytics in literature to develop and improve the decision-making process in
higher education. In this context, four questions were sought to be answered. These are:
(1) For what reasons is LA used in higher education institutions? (2) What types of data
does LA use in higher education? (3) What methods does LA use in higher education?
(4) How does LA affect decision-making in higher education?1. For what reasons is LA
used in higher education institutions? Research Method: PRISMA was followed up to
create the main body of advanced research for the systematic review. Google Scholar
and LSU Library databases were used for literature review. The selected keywords were
“big data”, “data mining”, “learning analytics”, “analytics”, “Higher Education” and
Decision making. 67 articles and notifications that were directly determined to have
functions for the purpose of the research were analyzed. Some of the research results are
as follows: learning analytics, supporting the achievement of goals in learning
simulation, measuring, collecting, analyzing student data and evaluating students’
performances and enhancing learning. Internship, internship, demographic data, survey
data, interview data and academic background data among university students are used.
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1 Introduction

Higher education institutions have to make many decisions in academic and
administrative terms in order to continue their operations. Although this decision-
making process is usually dependent on the prepared institutional plans, sometimes the
conditions that arise require new decisions to be made and implemented. Decision-
making can be defined as being able to choose the best action plan among alternatives
to achieve goals and objectives [1]. For the decision-making process to take place, the
available data, probabilities, and alternatives must be evaluated. Making decisions can
become even more difficult, especially in periods of intense uncertainty [2]. In recent
years, it has become possible to eliminate uncertainties and make more realistic
decisions with analytics collected through various sources.
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1.1 Decision Making in Higher Education

Higher education institutions consist of many faculties, colleges, institutes, academic
and administrative units. Within these organizations, there are students, faculty
members, civil servants, and administrators at various levels. These administrators at
various levels are constantly collecting information, making choices and making
decisions in order to raise the prestige of the institutions, increase student success and
prefer ability, accelerate development, and find solutions to potential problems.
Decision-making can be defined as the process of choosing among the actions to be
taken to make changes in a subject, to prevent problems that may occur, and to solve
existing problems [3, 4, 5]. Organizations can use the most appropriate decision-
making method among the options to find the most appropriate solution for themselves
during the decision-making phase [6,7,8,9, 10,11]. Because even if the subject is the
same, each manager determines his/her own criteria in the decision-making process and
makes a ranking and evaluation. When the literature [12, 13, 14,15, 60] is examined,
the temporal stages of the decision-making process are divided into three as pre-
decisions, decision period and post-decision, and it is expressed as finding the most
suitable and highly successful option among the alternatives, reaching a decision and
then evaluating the obtained result. Naturally, factors such as personal judgments,
individual interests, society's culture, values, and psychology also affect the functioning
of this process, and this may lead to different results [16, 17]. Especially decision
makers tend to make decisions by considering the actions they will take because of the
decision to be made, the consequences of the actions and unexpected situations.
However, factors such as habits, personal characteristics, gains, and losses affect this
process [18]. If university administrators consider these factors in the decision-making
process or rely only on their past experiences, it may lead to risky or undesirable results
[19]. Good judgment is needed to avoid this situation [20]. For this reason, using
analytics to make correct judgments and reach realistic results makes the decision-
making process more effective. In order to make use of analytics in the decision-making
process, the problem needs to be divided into sub-problems. Because the more sub-
problems there are, the more data is needed, and the data collected in this case will lead
to different perspectives in decision making.

1.2 Learning Analytics in Decision Making in Higher Education

Higher education institutions make data-driven decisions to increase the success of
institutions and students and improve the quality of education. Data-driven approaches
in the decision-making processes of higher education institutions play a significant role
in increasing the success of students and improving the quality of education. In this
context, learning analytics has become a crucial tool through the analysis of student
data and the use of these analyses in decision-making processes. Learning analytics is
a discipline used to understand and improve student learning processes by analyzing
student interactions, performance data, learning goals and other relevant information.
Learning analytics in higher education is a multifaceted field that leverages data mining
and analysis to improve student learning and institutional decision making. Studies
have shown that predictive learning analytics can significantly impact student retention
and success by mining learning data to intervene and improve educational processes
[21]. Additionally, education data mining (EDM) and learning analytics (LA)
techniques have been identified as valuable tools for developing student-centered
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strategies and continuous improvement in higher education [22]. Interestingly, while
the initial application of predictive analytics in higher education focused on recruitment
and admissions, its use has expanded to include student care, e-learning platforms, and
retention efforts in the classroom, with early warning systems showing significant
success [23].

Today, web-based learning systems have rapidly entered the learning life of
students in different formats and levels, and new learning areas such as learning through
games, mobile and virtual environments have begun to be used [24]. However, a new
problem has been encountered here. This is how to use such a large data set and how it
will benefit users such as students, teachers, and administrators. The solution to this
problem lies at the intersection of the fields of big data analytics, data mining and
learning science, which have emerged with developing technology. Discovering,
interpreting, and communicating important patterns in big data is a process, and this
process primarily combines the concepts of "data mining" and "analytics". Data mining
in education is defined as applications used to find unique data from educational
environments and develop solutions to problems using this data [24]. While data mining
and the analysis methods used in this context are used to reveal hidden patterns in big
data, “analytics” are used to increase the effectiveness of the institution based on the
patterns revealed. In this context, analytics are also defined as intervening in systems
or individuals based on the findings or patterns obtained from the analysis. It is possible
to address analytics under two headings: academic analytics and learning analytics.
While academic analytics aim to improve institutional processes, workflows, resource
allocation, institutional measurements, etc. by using institutional data belonging to
stakeholders such as students, academics, etc., learning analytics aims to improve
learning environments and increase the efficiency of learning processes [25]. In this
context, learning analytics can be defined as the selection, collection and processing of
data that will be useful to students and faculty members at the level of organizing the
content of courses or to individuals themselves. According to another definition,
learning analytics (LA) can be defined as finding, collecting, analyzing and reporting
data about students, faculty members, stakeholders and everything else to analyze and
optimize the environment in which learning occurs [26]. Three points are important in
this definition [27] (Siemens, 2013): data, analysis and action. Data mining focuses on
technological challenges, while learning analytics focuses on learning difficulties.
Learning analytics combines technical and social/pedagogical knowledge about
learning using existing predictive models to influence decision-making. In this context,
the aim of this research is to evaluate the role (place and importance) of learning
analytics in the literature to develop and improve the decision-making process in higher
education.

In this context, four main research questions were asked:

1. For what reasons is LA used in higher education institutions?
2. What types of data does LA use in higher education?

3. What methods does LA use in higher education?

4. How does LA affect decision-making in higher education?
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2 Methodology

In this study, a systematic literature review was conducted. The necessary steps of the
PRISMA guideline [59] for systematic literature review [28] were followed to create
the main body of the study [29]. Within this method, Google Scholar and LSU Library
databases were used for the relevant literature review. The keywords selected for the
study were “big data”, “data mining”, “learning analytics”, “analytics”, “Higher
education” and Decision making”. Using the selected keywords, a search was
conducted in the databases determined between 09.06.2024 and 01.07.2024, and a large
number of publications were reached. However, in detailed examinations, some
publications were excluded from the scope of the study due to their inconsistent content,
some publications being scanned several times, being written in languages other than
English, and some publications being books, reports, master's and doctoral theses. As
a result of the search, 84 articles that met the criteria and were listed were downloaded
and examined. Those determined to be relevant to the research topic were recorded for
analysis. The reference lists in these articles and reports were double-checked for other
potentially relevant sources to follow up on. After this stage, 67 articles and reports that
were judged to be directly relevant to the purpose of the study were included and
analyzed.

2.1 Overview of the Literature on Learning Analytics in Decision-Making Process
in Higher Education

Table 1. Distribution of Articles Examined Within the Scope of the Research by
Years

Years 19 20 20 20 20 20 20 20 20 20 20 20 20
97 12 13 15 16 17 18 19 20 21 22 23 24

Number 1 3 3 1 5 5 5 9 15 8 8 2 2
of Article

When Table 1 is examined, it is seen that the selected articles were published between
1997 and 2024. Although this table reflects that there was little work done especially
in 2023-2024, the articles were not included in the study because their full texts were
not open access, or they were conducted in different fields.

Table 2. Distribution of the Methods of the Articles Examined Within the Scope
of the Researches

Research Method Qualitative Quantitative Mixed Method
Method Method (quantitative and
qualitative )
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Number of 52 12 3
Article

When Table 2 is examined, it is seen that 52 of the 67 articles were written qualitatively,
12 were written quantitatively and 3 were written with mixed methods. The preferred
model in the articles written with qualitative methods was: Literature review (n=20),
Thematic analysis (n=6), Content analysis (n=5), Documentation analysis (n=5), Focus
groups (n=3), Systematic review and Meta-Analyses (PRISMA) (n=3), Grounded
Theory (n=2), Model Proposal (n=2), exploratory study “inquiry process” (n=1),
observation (n=1), case-cross methodology (n=1), bibliographic review (n=1), case-
based approach (n=1), phenomenological approach (n=1)

Table 3. Distribution of Keywords of the Articles Examined Within the Scope of
the Researches

KeyWords  Big Data Learning  Analytics  Higher Decision
Data  Mining  Analytics Education  making
f 12 22 48 67 32 9

Table 3 shows how many times the keywords "big data" (f=12), "data mining" (f=22),
"learning analytics" (f=48), "analytics" (f=67), "higher education" (f=32) and "decision
making" (f=9) were used in the research. There were also articles (n=8) in which no
keywords were used.

Table 4. Distribution of the Countries of the Authors of the Articles Analyzed in
the Research

"
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When Table 4 is examined, it is seen that the articles containing the concepts of "big
data", "data mining", "learning analytics", "analytics", "higher education" and "decision
making" are mostly written by authors living in Australia (n=11), USA (10), Spain (8),
New Zealand (5), Germany (4), UK (4), Tiirkiye (3), Belgium (3), Brazil (3), Colombia
(3), Nigeria (2), Finland (2).
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3 Findings

3.1 For what reasons is LA used in higher education institutions?

There are many problems related to education and functioning at every stage of
educational institutions. These problems sometimes arise from the student, sometimes
from the faculty member, and sometimes from the institution or the functioning of the
institution. It is seen that learning analytics was first used to identify students at risk, to
ensure their continued learning, and to make predictions about their success levels
[30,31]. Arnold and Pistilli [33] showed in their study conducted between 2007 and
2009 that real-time feedback and signals sent by teachers to their students increased
students' success and school attendance rates. In later periods, learning analytics
focused on the problems of education. Educational data mining focuses on
technological problems experienced in education. Learning analytics focuses
particularly on data-driven decision making and integrating the technical, social, and
pedagogical dimensions of learning by applying known prediction models. At the same
time, learning analytics play an important role in influencing the student's perspective
and learning style, and also helps teachers and administrators to be informed about the
subject [34] It is seen that learning analytics is also used for student counseling. The
fact that the data collected about students comes to users as actionable information and
its use makes a significant contribution to the improvement of the learning process [35].
The use of feedback together with learning analytics is important for students to see
their own weaknesses and strengths, and to see what needs to be improved and changed
[36]. Learning analytics is defined as the measurement, collection, analysis and
reporting of student data that will support the achievement of goals in the learning
system, and also enables the evaluation of students' performance and learning
processes. Learning Analytics is also used to meet students' needs by focusing on
learner perspectives rather than educational needs [34]. In this context, learning
analytics can be used in areas such as information gathering, visual data analytics, field-
focused data mining, pedagogy, psychology, psychometrics, albeit to a limited extent,
but it is preferred to be used in interdisciplinary areas [24]. Learning analytics is also
used as an institutional indicator to increase accountability in higher education
institutions [37].

3.2 What types of data does LA use in higher education?

In higher education, both administrators and academics think that using big data and
learning analytics is a great advantage. Although higher education institutions collect
and store large amounts of data, they do not use it effectively [38]. In fact, this data
used is mostly limited to academic analytics, “reporting and compliance” as well as
“analysis and visualization” [39]. Universities have recently started to use the collected
data to perform security and predictive analytics [40]. Universities can make new
arrangements by obtaining information on issues such as students’ book borrowing
data, library use, taking classes or exams, homework data, class participation, campus
presence rates, and student preferences with data obtained from online module visits
[39, 40]. Learning analytics uses tracking data, assessment data, demographic data,
survey data, interview data, and academic history data in higher education institutions
[34, 41]. In addition to students' demographic data and test scores, the data used by
learning analytics includes specific types of online activities that students engage in,



Learning Analytics in Decision-Making Process in Higher Education 507

computer mouse clicks, number of attempts, online chats, and data obtained from
discussion forums [42].

3.3 What methods does LA use in higher education?

Within the scope of the literature reviewed within the scope of the research, decision-
making methods used with learning analytics in higher education: Analytical Hierarchy
Process (AHP), The Technique for Order of Preference by Similarity to Ideal Solution
(TOPSIS), Multiple Attribute Decision Making (MADM), Multiple Attribute Utility
Theory (MAUT), Vlsekriterijumsko Kompromisno Rangiranje (VIKOR), Elimination
et Choice Translating Reality (ELECTRE), Preference Ranking Organization Method
for Enrichment Evaluation (PROMETHEE), Decision Tree and predictive models [43].
In the Analytical Hierarchy Process (AHP) method, when making decisions, multi-
dimensional data collection and decision making are mandatory, allowing objective
choices to be made. This method is especially used in the selection or evaluation of a
person for a position [16].

The Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) is a
decision-making process based on data obtained from many criteria. This technique
was developed by Hwang and Yoon [44]. The focus of this technique is expressed as
choosing the closest to the ideal solution among the options. In this technique, the aim
is to choose the best, that is, the most positive, solution between the two extremes,
positive and negative. In order to use this technique, the data must be digitized.
Multiple Attribute Decision Making (MADM), developed by Hwang and Yoon [44], is
based on the selection of all solutions from the most relevant to the least relevant
solution on the subject to be decided. This method is limited and is designed for
advanced undergraduate or graduate courses and also for researchers who want to
compile developments in the rapidly growing field of operations research.

Multiple Attribute Utility Theory (MAUT), developed by Keeney and Raffia [45], is a
method based on the scoring of data on the subject to be decided and the preference of
the one with the highest score.

Developed by Zeleny [15], Vlsekriterijumsko Kompromisno Rangiranje (VIKOR) is a
multi-criteria decision-making method used to solve problems related to qualities that
cannot be converted into numerical data. This method foresees that the ideal decision
that will provide the highest benefit will be made by making a cost-benefit analysis in
the decisions to be made. This decision-making method, which is also used in solving
conflicts in organizations, can choose and suggest the closest solution to the ideal by
choosing the compromise path. The compromise here means an ideal agreement that
occurs with mutual concessions among alternatives [46].

The ELECTRE (Elimination et Choice Translating Reality) method introduced by
Benayoun et al. [47] is also referred to as the superiority method. It is based on choosing
the most superior one among the options.

PROMETHEE (Preference Ranking Organization Method for Enrichment Evaluation),
developed by Brans and De Smet [48], is a decision-making method in which harmony
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is preferred. Used for multi-criteria problems, this method is based on defining a
preference for each determined criterion and its relative importance.

Decision Tree is a decision support system that presents decisions and their possible
side effects, chance factors, possible costs and benefits together with a tree-like graph.
Decision tree is one of the most important approaches preferred in accessing
information, patterning, machine learning and data mining. This approach is based on
a classification between independent and dependent variables [49]. Predictive models
[43] are a decision method for determining and evaluating student performance.

3.4 How does LA affect decision-making in higher education?

As in many academic institutions, universities conduct decision-making processes with
data. Data affecting the decision-making process can be evaluated under five headings:
Web and social media, machine-to-machine, big transaction data, biometrics and
human-generated. Web and social media data consists of social media data from
Facebook, Instagram, X, LinkedIn, blogs, etc., likes and clicks. Machine-to-machine
data are numbers from technologies that allow devices to connect to each other, such
as RFID readings and smart meter readings of wired, wireless or hybrid systems.
Biometric data consists of data that allows each individual to be automatically
identified, reached and separated from other individuals based on their unique
behavioral or anatomical characteristics such as face, eye, fingerprint, voice pattern,
etc. Human-generated data consists of notes left in call centers, interview records, e-
mail records, voice recordings, surveys, paper documents, etc. This collected data
constitutes a significant amount of mass. However, in addition to this data, daily reports
on help desks, maintenance and repair statistics, capacity, bandwidth usage, security
and other issues related to campus infrastructure can be used to make critical decisions
more accurate [50]. Using this data allows decisions to be more rational with a multi-
dimensional perspective, increases efficiency [51]. and ensures that the person is
included in the decision-making process [16].

Similarly, income, research expenditures, graduation rates, peer data, complaints,
student debts, and tuition fees can be used in the decision-making process of Higher
Education Institutions and can help institutions see where they are today or in the future
and compare themselves with other higher education institutions [50]. On the other
hand, student participation in the decision-making process is important in universities,
albeit at a minimum. For this reason, universities try to achieve this participation by
sending e-mails and surveys to students. This participation can be used not only in
decisions about how the content of a course should be but also affects decisions on
issues such as increasing and improving student success [32]. When the articles
examined are evaluated, it is seen that learning analytics has a serious potential in
determining individual needs. However, providing data alone is not enough [52]. It is
also important to direct this data correctly. This data, which can also serve the wrong
purposes, may cause some faculty members to become unemployed or students to leave
the school [53].

Faculty members have some concerns about using learning analytics on these and
similar issues. Among the issues faculty members are concerned about are that the data
collected can be misinterpreted, students' privacy can be violated, and data can serve
bad purposes [58]. Another problem is that using learning analytics will reduce the use
of reasoning and expert skills in the decision-making process in teachers and students,



Learning Analytics in Decision-Making Process in Higher Education 509

and reduce their control in decision-making [54, 55]. In addition, the most common
problems encountered in the process of using learning analytics in the decision-making
process in management are human tendencies to resist change by not wanting to give
up the traditional structure, concerns about the confidentiality and ethical use of data,
unstructured data analysis, and limited information obtained from aggregate
data/sufficient variable selection [42, 56].

4 Results, Conclusions and Recommendations

Developing and changing technology has also affected the education sector. Higher
education institutions in particular are using analytics to gain more prestige and success.
In this process, administrators must always incorporate changes related to technology
to interact with all stakeholders, especially faculty members and students, to respond to
needs and to provide a better teaching and learning environment [34]. For this reason,
higher education institutions use analytics, especially learning analytics. The use of
learning analytics in higher education can provide significant benefits in various areas.
The use of learning analytics in decision-making processes in higher education is an
important tool to increase student success and improve the quality of education. This
technology is also used to understand and improve student learning processes by
analyzing student interaction data, performance data and other relevant information.
However, there are some challenges related to the use of this technology and it is
important to consider these challenges. However, the use of learning analytics has
raised critical concerns about student privacy and autonomy, prompting discussions
about institutions’ ethical responsibilities as trustees of information [57, 61, 62].

Learning analytics has evolved to play a significant role in higher education,
providing insights that can improve student outcomes and inform strategic decisions
[67]. Despite its benefits, the application of learning analytics must be balanced with
ethical considerations to protect student privacy and maintain trust [21, 22,23, 57, 63,
64, 65, 66]. This literature review has provided a perspective for higher education
administrators and faculty to understand why learning analytics is used, what data and
methods are used, and how it impacts decision-making in higher education. It is hoped
that this perspective will become widespread in the use of learning analytics in higher
education, and the use of large data sets to improve the quality of teaching and learning
within ethical rules.
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