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Abstract. In the past few years, the data analysis in the academic field has
gained interest, because higher education institutions generate large volumes of
information through historic data of students, information systems and the tools
used by the learning processes. The analysis of this information supports the
decision making, which positively impacts the academic performance of stu-
dents and teachers. In addition, if the results of the analysis are shared with the
institution community, it is possible to individualize the needs of the students
and professors. Thus, the professional improving process can be applied to each
person.
This analysis needs to be focused on an education context such as Learning

Analytics (LA) and Education Data Mining (EDM), which address the
Knowledge Discovery process (KDP). Because of this, we present in this paper
the implementation of LA in an Open Data (OD) environment to analyze the
information of a higher education institution. The analysis is focused on the
academic performance of the students from different perspectives (social, eco-
nomic, family, among others). In order to improve the results, the analysis
process is done in real time through Web Analytics (WA) for each member of
the institution according to its needs.
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1 Introduction

The analysis of data in the academic field arose due to the adjusted in the ideology of
use of Knowledge Discovery Process (KDP) and the business intelligence (BI). These
processes are applied in educational institutions in order to find elements that support
decision making by teachers and managers. The main objective of these processes is to
continuously improve the processes of the institutions as an organization. Apart of that,
it is important to identify the factors that impact students’ academic performance in a
positive or negative manner. This through the collection of data from their histories or
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academic trajectories and actions carried out in any system that supports the process of
student training [1].

In this field of academic data analysis, we can find two scientific communities that
give the guidelines to obtain the best results, LA (Learning Analytics) and EDM
(Educational Data Mining). Although, some authors give a wrong approach to these
concepts confusing each other. However, the approach of both communities is similar,
but there are key elements that differentiate its application. The LA in its application
takes as a main axis the human being for the analysis of the data, using them as a whole
to make a description of their general behavior with a visual approach. For its part,
EDM analyzes particular and individual data elements in an automated way, excluding
the human being from the equation, without being necessary a high graphic level for
the understanding of results [2].

Additionally, the LA takes as its main base the Business Analytics (BA) and the
Web Analytics for its respective application in the educational field. Based on these
elements, it makes use of the basic tasks of a KDP to execute them on this context,
focusing on aspects of data analysis that are more effective in educational information.
This provides a high level of interaction with the final user, offering intuitive graphics,
search filters with dynamic reports that allow the human being to make a judgment in
front of the visualized data [1].

In this study, a prior analysis was made of the approach that the technology used for
the design, implementation and publication of the Dashboards would have, obtaining
similar results of existing researches [3, 4]. Subsequently, with the data centralized and
treated computationally, a descriptive process was applied with visual analytics,
focusing efforts in the elaboration of predefined dynamic reports or Dashboards, with
which the users (The academic community in general) can interact and perform their
own analyzes in an Open Data environment. The data that was used in the elaboration
of this prototype belongs to the students of the Software Engineering program of the
“EAM University Institution”, which comply with the protection regulations of the
HABEAS DATA [5], and focused on analyzing different aspects as the academic
performance of students throughout their career, subjects, social context, employment
situation and family context [6].

The objective of this article is to present the Learning Analytics implementation
process in a higher education institution with an Open Data approach, and to achieve
this, the document is structured as it follows: - Background in Sect. 2 where a con-
ceptualization of the important elements is presented and general terms; - Materials and
Methods in Sect. 3, which details the materials used in the research process; - Results
in Sect. 4 and finally the conclusion in Sect. 5.

2 Background

In the last few years, LA research has been conducted in different aspects of the
academic sector, such as data analysis to improve teaching practice [7, 8], student
motivation and collaborative work analysis in virtual environments [9], understand and
improve the learning students process [10–12] and the generation of performance
indicators to improve different institutional processes [11, 13], which is the objective of
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this investigation. Additionally, Latin America is making some implementation efforts
in this area of research, with visual analytics as one of its main focuses [14], but neither
applied to an environment of open data for public decision making for the academic
community as in this research.

For the Learning Analytics application, it is necessary to be clear about some
concepts on which this kind of methodologies is based. Now, we are going to present
different key concepts that are necessary for the execution of the project.

2.1 Knowledge Discovery Process (KDP)

KDP is an ideology for the implementation of specific tasks and activities that must be
executed for any knowledge discovery process. From this, many methodologies have
emerged according to the field to apply. Some of these methodologies are: (1) KDD
(knowledge Discovery in databases), Process to discover useful knowledge of a set of
structured or semi-structured data; (2) SEMMA (Sample - Explore - Modify - Assess);
(3) Catalyst or P3QT; (4) CRISP-DM (Cross Industry Standard Process for Data
Mining); (5) EDM (Educational Data Mining); (6) LA (Learning Analytics) among
others. Of all the existing models, the first one defined was KDD in 1996 as a model for
the field of research [15–17], and subsequently various approaches were defined, such
as the models mentioned above. Among the most prominent models is CRISP-DM,
which specializes in the industrial field, KDD that offers flexibility in the execution
process and EDM-LA for the academic context, this last one was used for the execution
of this research.

2.2 Open Data (OD)

Open Data is an ideology and a practice that seeks the release and public access to the
data that is digitized for its free use, reuse and distribution by any interested person,
provided they are attributed and shared in the same way in which it appears [18, 19].
Open data usually come from 2 main sources: the scientific field (such as data on the
human genome, geographic information, climate, etc.) and the government
(Accountability, transparency, crime, catastrophes, education, etc.). Regarding the
governmental field, the data should be published by public and private institutions with
public functions [20], in order to provide processes of transparency, participation,
innovation and empowerment on the part of the citizenry or any interested third party
[21]. On the other hand, in the academic sector, are the educational institutions that
have the duty to apply said processes of data opening [22]. Currently Open Data is very
important and is accepted as a fundamental component for making decision and the
promotion of research. But compared to other areas for which data is available, the field
of education has limited resources in these repositories [23]. In the case of Colombia,
the few efforts that have been made do not meet the minimum quality criteria [24, 25].

2.3 Visual Analytics (VA)

Visual analytics is the point of convergence between the visualization of information
and scientific visualization, centered on the analytical reasoning of the human being
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through visual and interactive interfaces, applying a descriptive process on the data
[26]. This concept is widely used in the field of business intelligence and different areas
of knowledge [27], allowing in an easy and intuitive way to understand the behavior of
the data that is being visualized [28]. In addition, it offers a component of interaction
with the end user to support decision making. To achieve a successful human judgment
on the data used, it tries to increase the cognitive resource by using different visual
elements, decreasing search times by presenting them in a compact space. This shows
the data through different dimensions to understand its behavior and the identification
of patterns with predefined dynamic filters that allow to evaluate the data in different
contexts, supported by colors and sizes to induce knowledge [29]. Additionally, since
the emergence of web 2.0, visual analytics has turned to its implementation on the web
[30], in order to have Dashboards on any platform, integrating different kinds of
graphics such as decision trees, bar charts, maps, and any kind of graph that allows
structuring of the data.

2.4 Learning Analytics (LA)

Learning Analytics is a research community seen as an additional branch in the field of
knowledge discovery processes, applied specifically to data from an educational
environment. Where the concept of visual analytics is used to describe the behavior of
the data generated in an academic context. These data involve elements such as levels
of complexity of the courses, identification of aspects that affect academic performance,
positive or negative reception of students in different topics, academic traceability,
student desertion, access control to virtual education platforms, among others.

During its history, the term Learning Analytics has been debated with respect to the
concept and community of Educational Data Mining [31–33], with differences such as
the focus of research and the size of the data. This gap between the research data
approaches and the size of the datasets is currently non-existent, due to the fact that in
the different scientific disclosures of these 2 communities, the research topics are
similar, although it is the applied approach to the analysis of the data which makes a
difference between these. LA makes use of the concept of Business Intelligence,
specifically visual and web analytics, where the main element of judgment is the human
being who interprets and focuses the analyzes according to their needs in an intuitive
way, performing descriptive analysis. For its part, EDM focuses on the application of
semiautomatic predictive elements, where the human being loses this relevance and is
not the one who issues first-hand judgments for the interpretation of results [2].

In Latin America, the implementation of Learning Analytics is still limited, where
the research published in this field of knowledge is headed by Brazil, which for the year
2017 had a total of 14 articles and the participation of 16 institutions, followed by
Ecuador with 7 publications, Chile with 3 and Colombia is in the 4th Latin American
position with a total of 2 articles from 2 institutions [14]. These quantities show a low
level if it’s consider the relevance of knowledge discovery processes at the present. The
few publications of the sector and of the global research trend, the predominant theme
is monitoring and analysis, applying experimental processes and dominating the
application of statistical processes, machine learning, social network analysis and
visual analytics [34].
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Finally, LA exposes an application process and a methodology of approach, which
are based on the KDP ideology (see Figs. 1 and 2) and proposes 3 stages: (1) Data
collection and pre-processing, in which the data from different sources in a single data
warehouse, to later apply a set of business rules that will allow to have adequate data to
analyze. This stage is defined from the union of different tasks of KDP, such as the
analysis and understanding of the data environment, creation of the working database,
cleaning and transformation of the data; (2) Analytics and action, is the application of
data analysis techniques, for its interpretation, pattern detection and from the objective
of the analysis, take the respective measures together with the disclosure of results.
This stage takes the actions of understanding and choosing the technique of data
mining, its application, interpretation - evolution and processing of results of the KDP
ideology; (3) Post-processing, focused on the refinement of the work database in order
to extend the analyzes carried out, adding new sources of data, attributes and extending
the previously performed analyzes to new approaches. Regarding the application
model, there are 4 fundamental elements: (1) what? It refers to the set of data that will
be analyzed; (2) who? Referring to whom the analysis will be destined; (3) Why?
Related to the objective of the analysis; (4) how? Related to the process that is applied
to achieve it, and at this point is that the application process previously treated is
immersed.

Fig. 1. Learning Analytics model [35].
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3 Materials and Methods

In the following paragraphs, we will explain the different stages that were carried out in
the methodology used, guiding the execution of the investigation until reaching the
results stage.

3.1 Learning Analytics ¿What?

The data set that was analyzed contains the basic information of all students of the
software engineering program belonging to the EAM university institution, located in
Armenia, Quindío. This dataset is made up of the historical data from 2007 to 2017,
including family information, origin, residence, disability and employment status of
students. In addition, it was integrated with another set of different data which contains
all the academic record. In total the student records are 634 with 50 attributes, and the
data set of the academic record had 13282 records, with the different registers each
subject taken by each student with 13 attributes, which highlights the scores of the first
3 cuts and the definitive academic space.

3.2 Learning Analytics ¿Who and Why?

The objective of the project is to provide a mechanism by which in an OD environment
real-time analysis can be performed, where any person or area of the educational
institution can perform their own analysis. This was focused on senior management of
the institution to assess the current status of the program; to the marketing area so that
they can analyze which geo-referenced locations have the largest number of students,
and have knowledge about the socioeconomic strata that should be considered to
increase the income of a larger population; the area of the CAP (Comprehensive
Accompaniment Plan1), to identify patterns and behaviors of students with low per-
formance, students with disabilities and student desertion; The “Parents’ School2” area
to focus studies and academic training programs aimed at parents of students for their

Fig. 2. Learning Analytics process [35].

1 Responsible area for the accompaniment and support of students with poor academic performance.
2 Academic program focused on the integration of parents in the academic education of their children
as well as the continuity of their own professional training.
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continued inclusion in the academic field; to the students in general so that they can
carry out descriptive processes of the program, visualizing subjects with greater pos-
itive and negative impact in their professional training process. Mainly, the previously
proposed approaches seek to find patterns that affect the academic performance of the
students according to the situation of the parents, family nucleus, place of residence,
semester that is studying, working day, academic spaces, socioeconomic level, dis-
ability and employment situation [6].

3.3 Learning Analytics ¿How? – Data Collection and Pre-processing

The process of data centralization and pre-processing was applied from an ETL process
[36], in which the data from the original data source were extracted from the con-
sumption of a web Service, and subsequently a set of business rules were applied in
order to calculate and organize data that did not meet a minimum quality, in order to
answer the established questions. Some of the business rules applied to have an optimal
data set were: Calculation of latitude and longitude for geo-referenced visualization of
students from residence addresses, treatment of badly named subjects and notes out of
range, calculation of time that it takes the students to complete their studies, last
semester completed - last year attended by each student for the detection of student
desertion, elimination of attributes in which a high percentage had null values and that
were not necessary to answer the questions posed, and corrections of some attributes
with non-standardized values such as gender, professions of parents, cities of residence
(integrating neighboring towns, from where students move daily), levels of education
of parents and monthly economic income [37]. It is noteworthy that the analyzed data
comply with the HABEAS DATA protection standards [5]. Finally, when the data was
found clean they were centralized on the Windows Azure platform [38], which pro-
vides a quick access mechanism on the web and integration with multiple data analysis
platforms. In this centralization, a data warehouse with multiple dimensions was
designed, which will allow an optimal performance in the long term when the amount
of data is even greater [39] (see Fig. 3).

Fig. 3. Data warehouse model
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3.4 Learning Analytics ¿How? – Analytics and Action

In the initial stages of the project execution, there was carried out a systematic review
process to determine in a higher education institution, what would be the most
adaptable and efficient kind of tool that could be applied in an academic setting,
resulting in the Power Tool Microsoft BI [4]. With this tool a configuration was
established for the consumption and visualization of data in real time, in order to
perform analyzes with updated data for the entire university community.

Subsequently, we proceeded to design and implement each of the Dashboards that
would allow the university community to perform their own analysis, and these reports
provide the possibility of downloading the data at any time, in order to apply external
analysis processes, as predictive analysis processes applying the EDM model with any
of its different fields of action [40]. With the different Dashboard designed, it was
sought to focus the analysis to answer the questions and objectives. The first one was
the analysis of the academic performance of the students by the day, level and semester.
For this Dashboard variables were used as: Definitive note of the 3 cuts per semester
along with its definitive, and its visualization through the years of existence of the
software engineering program, as well as through the different academic semesters. It is
also allowed to see the behavior of each of the academic spaces and its final note, the
total number of students who have seen each course, and the application of filters per
academic day (Day - Night), city of residence, level (technical, technological or uni-
versity), academic term (1–2), distribution by gender and a key performance indicator
with the general academic average. It should be noted that all Dashboards implemented
are completely dynamic, so when selecting any element in said report, all the graphics
and data of the other sections in it will be affected.

The Dashboard that allows analysis by social stratum or physical disability has
variables such as final academic space, total students per year, distribution of students
by socioeconomic stratum, distribution of students by kind of disability, indicator with
the total number of students, map with geo-referenced visualization of all students, and
filters such as municipality, kind of disability and kind of document. Regarding the
analysis provided focused on the family nucleus of students has variables such as final
academic space, average of each cut and final per year, distribution of the total siblings
of students, distribution of total students by socioeconomic stratum, total students,
general academic average, geo-referenced location of the students, and specific filters
by HPE (Health Provider Entity), municipality, gender, number of dependents, own
home, type of document, year and marital status (see Fig. 4).

Regarding the analysis provided focused on the family nucleus of students, has
variables such as final academic space, average of each cut and final note per year,
distribution of the total siblings of students, distribution of total students by socioe-
conomic stratum, total students, general academic average, geo-referenced location of
the students, and specific filters by HPE (Health Provider Entity), municipality, gender,
number of dependents, own housing, type of document, year and marital status. An
example of the generated Dashboards can be seen in Fig. 4.

Regarding the analysis provided focused on the employment situation, the variables
were available as definitive for academic space, distribution by socioeconomic stratum,
distribution by dependence economy (dependent, independent, family), average per
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semester, total of dependent and independent students per year, total of students in
general, and filters such as civil status, gender, city of residence, position in the
company as a dependent and independent.

The Dashboards in which it is not sought to analyze the academic performance as
the main axis, but seeks to assess the context in which the student develops in their day
to day as their family situation, can cross variables such as the distribution of fathers
and mothers of the students by profession and academic level, academic performance
of the students by said formation of the parents and the application of filters by years
and gender visualizing the total of students.

Finally, for the evaluation of student desertion, the analyzed variables were as
average per academic space, total students per year and per semester, general academic
average, student distribution by gender, last year attended by students, total students by
stratum, total number of students enrolled, total number of students in course, and the
provision of filters by program, year, last semester taken by a student and duration in
culminate the race (here can be filter by seeing only deserters).

3.5 Learning Analytics ¿How? – Data Collection and Post-processing

All data and dashboards implemented were made available on the web portal of the
EAM university institution, so that the entire academic community can access them and
can perform their own analysis, as well as everything is in the Windows Azure
ecosystem, all the data that is displayed is updated periodically, offering fully updated
and treated data.

Fig. 4. Dashboard of the family nucleus of the students
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4 Analysis of Results

In the next paragraphs, we will explain the different results obtained, dividing them by
academic performance, family nucleus and student desertion.

4.1 Students’ Academic Performance

By conducting an exploratory process in the different implemented dashboards, some
relevant behaviors were identified in the students of the software engineering program,
which allow to focus specific points that will improve the students’ academic perfor-
mance: (1) In general terms, women have a better academic performance than men in
the course of their training as software engineers, although it is a preferred career for
men corresponding to 83.44% of the total student body; (2) It is possible to visualize
the constant improvement of students through their professional training, but this
behavior changes in 5th semester, this may be due to the fact that it is the semester
where the change of training from technical level to technologist is generated, and
subsequently to university (see Fig. 5); (3) It is possible to demonstrate that the aca-
demic spaces that have an average in the final mark of the students below 3 are:
Administration of databases, Physics I, Geometry, Programming Logic, Mathematics,
Discrete Mathematics, Applied Mathematics I, Applied Mathematics II, Pre-calculus
and Principles of software engineering, being these academic spaces with high demand
for logical skills; (4) It is evident that around 72% of the students are from strata 2 and
3, in addition there is a clear relationship between the socioeconomic stratum and
academic performance (see Fig. 6), where the highest socioeconomic stratum is the
lowest; (5) Half of the students in the program are only children; (6) Only 10% of
students have a job in a dependent or independent way, the other 90% depends on their
family; (7) Students who work as freelancers have better communication skills, and this
is clearly reflected in the grades of the academic spaces where communication skills are
necessary, far exceeding the general average; (8) Students with a physical or motor
disability or who are married at the time of beginning their professional training pro-
cess have an academic performance higher than the general academic average. (9) A
representative factor in the analyzed sample is the impact that the socioeconomic strata
have on the academic performance of the students and the possible student desertion.
For this reason, awareness-raising strategies should be generated to encourage and
value the process of professional training in students in order to level these differences
between strata. One element that may be of interest for increasing the income of
students to the engineering field of the Software area is the increase of effective
dissemination in the highest strata, because these are not being well received, this being
reflected in the low number of students to a greater socioeconomic stratum.

4.2 Family Nucleus of the Students

In the exploratory process carried out, it was identified that: (1) Although the students
have fathers and mothers with postgraduate training, they tend to have a lower aca-
demic performance when their father has this kind of training, but when the mother has
the performance, the student’s academic level is above average (see Fig. 7); (2) When
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the father of a student is abroad or works as an independent, the student’s academic
performance is low, while if the father works as a teacher the academic performance
tends to be higher; (3) In a high percentage the parents of the students of the software
engineering program are retired, and of these none have postgraduate training, while in
the retired mothers although there are not many, they have postgraduate training.

With the above, element that influences the academic performance of students are
their parents, which was verified with the results obtained, and, therefore, should create
awareness strategies for parents to positively influence their children in the process
deformation. In addition, the diversity of the professional practice of the parents was
also identified, which can be seen as an opportunity for inclusion through programs
such as “School of parents” for the integration of these with their professional training
and that of their children.

Fig. 5. Academic average by semester

Fig. 6. Academic average by social stratum 5–6 in comparison with the general average
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4.3 Student Desertion

The most relevant results obtained from the exploratory process carried out in the
student dropout Dashboard are: (1) although in the program the great majority are men,
women are the ones who desert the most. If taken individually, 67% of women are
dropouts, compared to 59% of men; (2) In all academic semesters there are dropouts,
but the lower the semester the greater the amount of desertion; (3) The distribution of
desertion for stratum 5 and 6 is 75%, for stratum 4 it is 54%, 60% for stratum 3, 61%
for stratum 2 and 55% for stratum 1; (4) Women, although they drop out more than
men, have an academic performance above 3 when they make this decision, while men
have an average below 3 when they drop out, (5) Academic spaces with worse aca-
demic performance of dropouts they are those related to mathematics and programming
(see Fig. 8).

Fig. 7. Academic average bi academic level of the mother’s student

Fig. 8. Academic average by academic spaces and student desertion on the first semester.
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5 Conclusions and Future Work

This document presents the different elements that were taken into account for the
implementation of a visual analytics process in an Open Data environment of a higher
education institution, based on the Learning Analytics approach. These descriptive
analyzes focused mainly on the academic performance of the students, student deser-
tion and their family context from structured data, pre-processed, transformed and
centralized in a Data warehouse under the Windows Azure ecosystem and analyzed
with the different available elements of the Power BI tool.

Statistical patterns were identified, which can be used by different areas of the
university institution analyzed, such as the Software Engineering academic program,
the CAP, the Marketing area or any individual of the university community. Among the
elements identified, the impact that students have on their passage from a technical
level to technological, and later the University. For this, strategies must be generated
that allow the change between the different academic levels to be carried out normally.
Additionally, it was evident that the most difficult academic spaces for students in
general are related to the use of logic to solve problems, so efforts should be focused to
further develop this skill in students, in order to increase these indicators and thus avoid
student desertion, which was also compared with the low academic performance of this
kind of subjects.

This research demonstrates the possibility of integrating visual analytics in a higher
education institution, where all the analysis mechanisms are made available to the
academic community in general, releasing all non-sensitive data so that any interested
can rely on them for decision making, applying filters and visualizing the behavior of
the data in real time without violating any kind of privacy and always looking for the
continuous improvement of the academy, both at the level of the training processes of
the students and the institution seen as an organization.

In order to continue refining the implementation of data analysis in the academic
sector, data should be integrated not only from a particular program, but from the entire
university community, in addition EDM elements should be added as predictive pro-
cesses, in order to find even deeper patterns that allow generating new strategies for the
strengthening of university institutions.
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