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Abstract: Business Intelligence, defined by [1] as "the ability to understand the interrelations of the
facts that are presented in such a way that it can guide the action towards achieving a desired goal",
has been used since 1958 for the transformation of data into information, and of information into
knowledge, to be used when making decisions in a business environment. But, what would happen
if we took the same principles of business intelligence and applied them to the academic
environment? The answer would be the creation of Academic Analytics, a term defined by [2] as
the process of evaluating and analyzing organizational information from university systems for
reporting and making decisions, whose characteristics allow it to be used more and more in
institutions, since the information they accumulate about their students and teachers gathers data
such as academic performance, student success, persistence, and retention [5]. Academic Analytics
enables an analysis of data that is very important for making decisions in the educational
institutional environment, aggregating valuable information in the academic research activity and
providing easy to use business intelligence tools. This article shows a proposal for creating an
information system based on Academic Analytics, using ASP.Net technology and trusting storage
in the database engine Microsoft SQL Server, designing a model that is supported by Academic
Analytics for the collection and analysis of data from the information systems of educational
institutions. The idea that was conceived proposes a system that is capable of displaying statistics
on the historical data of students and teachers taken over academic periods, without having direct
access to institutional databases, with the purpose of gathering the information that the director, the
teacher, and finally the student need for making decisions. The model was validated with
information taken from students and teachers during the last five years, and the export format of
the data was pdf, csv, and xIs files. The findings allow us to state that it is extremely important to
analyze the data that is in the information systems of the educational institutions for making
decisions. After the validation of the model, it was established that it is a must for students to know
the reports of their academic performance in order to carry out a process of self-evaluation, as well
as for teachers to be able to see the results of the data obtained in order to carry out processes of
self-evaluation, and adaptation of content and dynamics in the classrooms, and finally for the head
of the program to make decisions.
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1. Introduction

Business Intelligence, defined by [1] as "the ability to understand the interrelations of the facts
that are presented in such a way that it can guide the action towards achieving a desired goal", the
extraction and analysis of data has taken on special importance in recent years in many areas of
application, as it can be transformed into highly useful information and knowledge by means of the
application of various techniques, just as it is an irrefutable fact today that the use of information and
communication technologies (ICT), and more recently digital technologies and web publishing
platforms have been favoring the modernization of the prevailing traditional educational models
based, on the one hand, on the student's physical presence and, on the other, on the teacher's master
class [3]. The first mention of the term Learning Analytics dates from 2000, but it is treated as
something marginal derived from the principles of Business Intelligence and Data Mining applied to
information management systems related to the educational field [4].

Given that the analysis of data is defined as the measurement, collection, analysis, and reporting
of data about individuals and their contexts in order to understand and optimize the learning process
and the environment in which it takes place, it is also determined by a number of processes such as:
setting goals, collecting data, analyzing and visualizing data, drawing conclusions, and acting on the
results [5]. The use of Learning Analytics allows to evidence student achievements, since it gives
access to data from the student and the teacher. Information such as the average of subjects, the levels
of failure and progress, and the learning curve are aspects that must be taken into account in order
to achieve objectives, thus allowing the possibility to count on clear data that are important for the
evaluation of subjects. Based on the above, we have used and taken profit of this information in order
to carry out an analysis of data of the information systems in educational entities based on "Academic
Analytics" whose characteristics allow it to be used more and more in institutions, as in most of the
cases, the information they accumulate about their students, such as academic performance, student
success, persistence, and retention [6] is not analyzed, besides, it adds valuable information to the
academic research activity and provides easy to use business intelligence tools. These solutions help
academic leaders to better understand the research, the achievements of the members of the faculty,
the departments, the programs, and the entire institution [7], making the use of these technologies
allow to have a clearer vision about the performance in academic processes, such as evaluating the
model in the practice by comparing the results of the academic performance of students from the
very beginning, in order to diagnose possible shortcomings and/or capabilities that the students may
show based on the observation and analysis of their data, so that learning processes that are
developing in a non-beneficial way can be corrected.

The educational platforms are a good example of the reason why Big Data is used, and this is
because every student leaves a trail in the system that is made up of every action taken by the student
during his academic period, and that requires advanced techniques for its analysis; in the context of
learning, one could speak of Learning Analytics (LA), Academic Analytics (AA), or Educational Data
Mining (EDM). In other words, during the analytical phase, the data collected are interpreted in order
to turn them into relevant and understandable information, to finally get to the information phase,
which is the moment when the results of the research are presented. It should be noted that the results
cannot be generalized and that they are only valid in each investigation for the environment that is
being studied [8], where the process of analysis begins by purging the data matrix, processing
missing values, and checking the parametric assumptions. It then continues with the descriptive
analysis of all the variables involved (univariate) and finishes with the inferential analysis (bivariate
or multivariate), where the probabilities of dependence or causality between the variables that have
been studied are checked [9] [10].

All this with the aim of understanding and optimizing the learning process and the environment
in which it happens, taking into account that teaching takes place in shared contexts, where
expectations and experiences are exchanged, and individual models are rethought and created [11].
Under this outline, the current pedagogical model of face-to-face education and decision-making in
academic institutions must be based on data collected throughout the academic periods, and must
represent an improvement for the student community, in terms of their academic process. Such data
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should be analyzed and turned into information by using some tool or technique, such as data mining
and Academic Analytics. In addition, there are some methods that have been designed using
different technical processes and tools, to be focused on research and the analysis of data through
multivariate technologies that are actually used in all scientific fields, but especially, that have
become important analysis techniques in educational research [12]. Based on the above, the
application of analysis techniques makes it possible to collect, measure, and analyze in detail the
information on each student, its context, and how it interferes with the student's learning processes,
and his strengths and weaknesses, with the objective of improving the quality and effectiveness of
his production by means of the compression of individual or group profiles; this, as there is a new
generation of students and teachers who needs new technologies to improve education. The use and
implementation of this methodology in education works for collecting data produced by the learner
and the teacher using intelligent data and analysis models where it is possible to discover information
and social connections.

All these technologies are characterized because they measure a single type of information in
many variables; simultaneously, there are methods that are based on machine-learning, Bayesian
networks, support vector machines, and methods based on diagrams; or multivariate statistics
methods, which have been used for a long time to combine and visualize multivariate data [13].

This research explores two methodologies that are adapted to the characteristics of the data in
higher education and which are considered to be the most appropriate; therefore, in the process of
including variables that are used for modeling student academic performance and teacher
performance, we took into account the teaching approach that is centered on the theory of "Academic
Analytics", as the work was carried out with data provided by the information systems of educational
entities. This information is useful for evaluation, insofar as it helps to identify material that can be
used in some of the causes of students' academic difficulties [14], by using a multilevel analysis to
perform eligibility checks from a quantitative scope and a bivariate logistical analysis that allows
calculations to be made from a qualitative scope, the latter technique being the one that expands the
information that there is in the educational field on this method that relates two variable responses.
Nevertheless, the methods help organizations to understand the process of discovering knowledge
and providing a roadmap to follow while planning and carrying out projects. This in turn results in
time and cost savings, and in a better understanding and acceptance of the processes [15].

In accordance with the above, the central objective of this research is to build a model for the
collection and analysis of data from virtual classrooms [16], supported by Academic Analytics, with
the purpose of determining the academic performance of students and the academic achievement of
teachers. The use of this technique would help to answer questions and find patterns in student and
teacher behavior, considering the following questions as an example: Which is the subject with the
highest loss rate? What is the time slot in which students get better grades? In which area does a
specific student perform better? Which students did not enroll from one semester to the next? Is there
a common pattern within the group of students in the previous question? From the teacher, questions
such as: In which area do you perform better? In which subject do you get the worst grades? In which
subject do you lose more students? among others. The answers, not only to these questions, could be
taken as a reference when making decisions during the whole educational process by the academic
management group, but also by other actors within the academic community, such as the students.

In order to guide the theoretical, empirical, and applied development in this research, the
following specific objectives are set: (a) to analyze university academic performance through a model
with two associated response variables; (b) to analyze university academic performance at an
individual and contextual level; (c) to determine the contribution of individual, group or contextual
variables to university academic performance behavior; and (d) to identify the nature of the
relationship between the variables and student academic performance.

Therefore, it is important to design a model that integrates the information provided by the
learning analysis tools for the acquisition of personalized data from student through Academic
Analytics, since this information will be stored in the database of the educational entity throughout
the student's training process. In turn, it is managed in such a way that it is used to create research
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groups for the development and implementation of strategies that contribute to the improvement of
student learning. It can be concluded that this practice can at least be characterized by a good
technological infrastructure, teachers with a high level of technological and pedagogical knowledge,
continuous teachers, and a communication and administration mediated by technology that works
well [17] [6].

2. Materials and Methods

The methodology that has been applied in this research is outlined as a quantitative
investigation that studies the association or relationship between quantified variables and tries to
determine the strength of association or correlation between variables and the generalization and
objectification of the results, by using a sample to make inference to a population from which any
sample comes from [18], based on the Academic Analytics technique also known as Analytics in
Higher Education or BI in Higher Education which is basically defined as the process of evaluating
and analyzing organizational information from university systems for reporting and for decision-
making [2].

During the development of this project, we used the agile project development methodology,
SCRUM; based on the book Learning Agile: Understanding Scrum, XP, Lean, and Kanban, from the
renowned software engineering publisher O'Reilly Media.

The generality and objectification of the results through a sample that makes inference to a
population was developed with a set of real data whose general objective in the study test was to
calculate the academic benefit of university students who develop their studies in virtual classrooms
from a qualitative and quantitative perspective, by means of a model that integrates the data that was
provided by the learning analysis tools for the acquisition of personalized data of students and that
is stored in the database of the educational entity during the entire process of student training. This
information can also be used to create research groups for the development and implementation of
strategies that contribute to the improvement of student learning. The specific objective here is to
improve student learning, provide information on their own habits, reduce academic dropout and
high motivation when making a decision, and provide and promote the analysis of hypothetical
situations using decision-making and the information that has been retrieved from student and
teacher activity within virtual classrooms, and that has been stored in the database that is available
[19].

It is fundamental to evaluate the model in the practice from the very beginning, by comparing
the results of the academic performance of students so that it is possible to diagnose the deficiencies
and/or capacities that they may have based on the observation and analysis of their database, in order
to correct learning processes that are being developed in a way that is not beneficial for the learning
process.

In the process of including variables that are used for the modeling of academic processes, we
took into account the teaching approach centered on the theory of Academic Analytics, so this work
was developed with data provided by the information system of the university (SINU). In accordance
with the above, the central objective of this research was developed in the construction of a model
for the collection and analysis of data from the information system supported by Academic Analytics,
in order to determine the academic performance of students and the performance of teachers through
the use of multivariate techniques, since a multilevel analysis allows for the analysis not only of the
relationship among students but also of the various contexts in which they operate, since individuals
belonging to the same context will tend to have common interests, characteristics, and behavior, with
respect to their belonging to different contexts [16] [20].

The following are the characteristics of a multilevel method [12]:

e It contains two, three or more mechanisms for analysis, simultaneously.

e It allows to explore which other particular, group, or contextual variables are controlling the
behavior of the dependent variable.

o It contains fixed and random effects.

® Itsolves the problem of the atomistic and ecological fallacy.
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e It records the nested structure of the data and accesses to reach unbiased or centered
appreciations of the diversifications that have occurred at different levels of the hierarchy.

e It manages to contain information at the level of the individual and the context.

e It shows correct evaluations of the standard errors and the statistical significance of the
coefficients.

The variables have been selected in order to meet the specific objectives that were set out. These
variables are of an academic, demographic, and technological nature given that there are an infinite
number of variables inherent to the measurement of academic performance and academic
achievement; also, the use of Academic Analytics varies within institutions, as in some functional
areas users seem to be more active in the use of the analytical platforms of their institutions than
others [6] [21].

Multilevel models are more applicable in the field of education because individual observations
in these populations are not completely independent, that is to say, there is a hierarchical structure
[22], which implies a dependence on micro-level observations (students) within the macro-level
(classrooms or centers). This dependence refers to the fact that students from the same group share
the same environment, teachers, rules, communication, etc.

2.1 Population under study

The first sample is used to make the quantitative analysis, and it comprises an individual, group,
and contextual scope. The participants making up this sample are [12] [19]:

e Students who are enrolled in some core subject. The sample does not include generic
subjects, free configuration subjects, complementary subjects, and basic training; this in
order to maintain greater homogeneity, since the core subjects are characterized by
providing the specific content of the degree course and also include the use of technological
aspects in the teaching and learning process that will allow to obtain the variables that are
involved.

e Teachers (full-time, guest, and administrative-teaching) who deliver classes for core
subjects.

The second sample is used to make the qualitative analysis and is made up of :

* Students who should be in the last year of a 5-year degree, the study period comprises April
2015 - April 2019

* Careers that are offered in the distance-learning mode whose training plan include 5 years
of study.

2.2 Academic performance

The general objective is to measure academic performance from a qualitative and quantitative
approach.

The variable that is taken into account as a quantitative indicator is the student's final grade,
which is measured in a range from 0 to 40 points (including the sum of tests, online work, and other
activities).

The academic performance, according to the qualitative method, is measured by using two
response variables: Grade (the average grade expressed as A, B, C, D, E) and the accumulation of
university credits expressed as (1, 2, 3, 4, 5).

2.3 Final design of the Model for collection and analysis of data

In order to define the design of the final model, we took the Learning Analytics model worked by
[14] as a basis, and from which some characteristics were taken (Figure 1):

* User's interface

* Data Extraction

* Data connection
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Interfaz de usuario Extraccién de datos Conexién a datos

Explicar

gMLS Diagnosticar PHP
: Estimar
JavaScript o

S Prescribir
BD_Analytic BD_LMS_Sakai
Motor base de datos (MySQL)

Figure 1. System design model. Source: [11].

In turn, the processing of historical data proposes three main outputs, which are the result of the
processing of the above-mentioned data:

* Generation of reports

* Data Display

* Control panels

2.4 Data base design

Based on the information that was obtained during the section, the following entities were
identified:

e Academic Program (e.g. Systems Engineering, Industrial Engineering, etc.)

e Pensum of studies (Pensum were separated from the academic program, an academic

program can have multiple pensum).

e Subject (e.g. Software Engineering I, Programming I, etc.)

e Course

e Professor

e Student

e Program Director

e Academic

e Teacher Evaluation

e Teacher Evaluation Question

e (lassification of Teacher Evaluation Question

2.5 Data obtained by input formats

The input data for the model is obtained from the information system of the university, in three
different types of format (pdf, csv and xls), detailed below:

e List of students enrolled by program/level

e Name of the student or student code.

e Student ID number.

e Student's academic semester at the time the report is generated.

e Attending time (D: Day, N: Night) to which the student belongs to or Name of the academic

program.

e Code of the academic program.

e Number of students per academic semester.

e Total number of students per program.

e Subjects per study plan or Name of the program.

e Name of the study plan.

e Program code or curriculum code.

e Subjects per curriculum.

e  Credits per subject.
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2.6 Proposals used for modeling

* A historical record must include one (1) student, one (1) academic period, one (1) group, and

one (1) pensum.

* One teacher evaluation can be applied to multiple courses.

* Each course can answer multiple questions.

* One question may belong to only one set of questions.

* A processed document may or may not belong to a single academic period.

*» A processed document may need multiple documents for being processed.

* A processed document can belong to one type of documents.

For the ideal functioning of the tool to be developed, we are proposing five sub-projects, each
one responsible for a specific task at the level of programmatic operations. The purpose of creating
different projects is to encapsulate codes that can undergo changes, as proposed by the SRR principle
of the S.O.L.I.D. group of principles, as follows [23]:

* Subproject, LUA Business

* Subproject, LUA.Data

* Subproject, LUA .Data.Factory

* Subproject, LUA.Document.Factory
* Subproject, LUA.Util

A component diagram was designed to show the relationships and cardinality that there are
among the different projects that have been proposed, as detailed in Figure 2.

LUA. Business — LUA.Document.Factory

|1
U

LUA WebChent
LUA.Util LUA.Data

—

LUA.Data.Factory

I']
U

Figure 2. Diagram of components. Source: Author.

The following page structure is proposed for the modeling of the web application (Figure 3):
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4 53] LUA.WebClient
4 @] Admin
ag) Config.aspx
ad) GlobalStats.aspx
a1 GlobalTStats.aspx
&g Input.aspx
g InputHistory.aspx
a@) LogUp.aspx
ag) PensumSelection.aspx

b
b
b
b
b
b
b
4

ag) Results.aspx
&l Public

b s Login.aspx
&l User

b &) Config.aspx
b &g Landing.aspx
b &g Search.aspx
b &g Stats.aspx

b ag) TStats.aspx

Figure 3. Directory tree. Source: Author.

This project made an approach based on the second strategy (graphs). The proposal was to use

the following distribution graphics:

e Horizontal and vertical bar charts: According to the Canadian national statistics agency [24],
a bar chart, whether vertical or horizontal, usually presents numerical or categorical variables
grouped in intervals.

e Radar chart: According to Indrayan and Holt [25], a radar chart provides an adequate
presentation when the performance of a group, or of multiple variables, is compared with
another group. This because as many axes are drawn as there are variables.

e Sector graph, donut: The Canadian national statistics agency [24] states that a donut chart,
derived from the pie chart, is a way of summarizing a group of categorical data or of
summarizing the different values that a given variable can take.

e Line graphs: Line graphs are probably the most popular graphs compared to the graphs
defined above, as they define a linear behavior in the samples and support quality sampling
resulting from the method chosen by the researchers [26]. And as stated by the Canadian
national statistics agency, it is a visual comparison between two variables, defined on the X
and Y axis respectively [24].

Considering the two response variables, the most suitable model for the study of the data is the
bivariate logistic regression, therefore the analysis of development is carried out according to this

method, as detailed in Figures 4 and 5.

Regresion logistica

Dos variables de

Binarias

Ordinales

Figure 4. Bivariate logistic regression. Source: Author.
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In order to carry out the bivariate logistic estimation with two dichotomous response variables,

we used the study tool of the R Program14 together with the Zeligl5 package, as detailed in Figure

5.

Core

Zelig

Choice

timesenes

survey

bayes

gee

gim

obinchoice

bbinchoice

binchoice
wiebull

factorbayes

relogit
quantile
tobit
lognorm
exp
negbin
Is binchoice
ivreg

miogit

dynamic
hierarchical
maximum likelihood
multinomial dirichlet

anma

QISSON
amm
orma

;%%: qaves
i)
O?lSS{p ‘ages
foBYbayes

gamma gee

U@Pll

asmm
norma
poisson

&%%:K

ologit
oprobit

BSRE1

Figure 5. Bivariate logistic estimation. Source: [12].

3. Results

Figure 6 summarizes in detail the model that was defined.

Sensitization Intervention Decision making
Reflection Content adaptation
Performance improvement
Chief of
Students Teachers
program
' i ™
(s Grade point N N 3
average + Average teacher
L + Area average evaluation
Students %‘ + Maximum notes Number of
+ Minimum grade targeted courses
+ Classes finished * Student approval
I - — + Passed subjects rate + Student data
} DataInput 4 Teachers Wm || Lose subjects + Student + Teacher data
I + (Credits completed assessment
+ Semesters + Average students
) completed Subjects
Chief of program h“ + Career completon | | * Administatve
ind evaluation
\__ index AN JAN )
Roles Academic Analytics
h L. A

Figure 6: Model for the design of the system. Source: Author.

This model was successfully translated into the construction of a website, and the results of the
implementation in the four (4) pages that were defined for the sample statistics are described below:

e User/Stats.aspx
e Teacher/Stats.aspx
[ ]

Admin/GlobalStats.aspx
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e  Admin/GlobalTStats.aspx

e Inorder to improve the display of statistics, the table was partitioned into three (3) different
categories for both students and teachers:

e Basic Information: It will show a radar with the performance measured by area, in addition
to the scalars that were proposed in the definition of statistics.

o Detailed Charts: It will show the charts that were proposed in the definition of statistics.

e (lassification: It will show the classifications that were proposed in the definition of statistics.

3.1 Individual statistics per student

a) Basic Information

Table 1 shows the information that is required to determine the performance measured by area,
as well as the values proposed in the statistical definition of the data that was obtained.

Table 1. Basic Information, Individual statistics per student.

Data Type Definition
Scalar Cumulative grade point average
Scalar Subject approval rating
Scalar Subjects undertaken
Scalar Credits earned
Scalar Semesters undertaken
Scalar Career completion index
Chart Performance measured by area

Source: Author.

Informacion Basica

I Rendimiento por Area

Bésicas de Ingenieria

: 2.54

3

Socio Humanistica Ciencias Basicas

Promedio Académico Acumulado

5/7 40%
Asignaturas y Créditos  indice de Aprobacion
Investigacion Econdmico Administrativo CUT’SadOS d e ASIg naturas
2 2.86%
Ingenieria Aplicada
Semestres Cursados Indice de Completitud
[ ] de la Carrera

Figure 7. Basic information, individual statistics per student. Source: Author.

b) Chart of performance measured by area.

Table 2 details the values that were used to determine the individual statistics, obtained through
the data per student.
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Table 2. Detailed chart, individual statistics per student.

Data Type Definition
Chart Career completion by academic period.
Chart Passed subjects and missing subjects.
Chart Median, minimum, and maximum scores by academic period.
Chart Subjects undertaken by academic period.

Source: Author.

Graficos detallados

I Forcentaje (%) de Completitud de Carrera por Periodo Académico

20142 20151 20152 20161 20162 20171 20172 20181

Figure 8. Basic information, individual statistics per student. Source: Author.
¢) Classification

Table 3 specifies the classification of the values that were used, which allowed to obtain the
statistical data related to the results of the subject, per student.

Table 3. Classification, individual statistics per student.

Data Type Definition

Classification ~ Best / worst teachers according to the scores that were obtained.

Classification Best / worst subjects

Source: Author.
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Clasificacion

Mis Notas Mas Altas por Profesor

AP Aragon Moreno Juan Antonio
Nota: 3.2

Cortes Mendez Jairo Augusto

Nota: 1.5

Mis Mejores Asignaturas

GESTION AMBIENTAL

Nota: 1.5

Mis Notas Mas Bajas por Profesor

“, Saavedra Torres Martha Rocio
Nota: 1.5

Blanco Garrido Fabian

— —
Nota: 3.1 Nota: 2.3

_, Gonzalez Rodriguez Nain _, Gonzalez Rodriguez Nain
Nota: 2.6 Mota: 2.6

__, Blanco Garrido Fabian _, Cortes Mendez Jairo Augusto
Nota: 2.3 Nota: 3.1

_, Saavedra Torres Martha Rocio _, Aragen Moreno Juan Antonio

Nota: 3.2

Mis Peores Asignaturas

PRACTICA SOCIAL

Nota: 3.2 e Nota: 1.5

— INVESTIGACION APLICADA 11l - INVESTIGACION APLICADA IV
Nota: 3.1 Nota: 2.3

— ESTADISTICA INFERENCIAL - ESTADISTICA INFERENCIAL
Nota: 2.6 Nota: 2.6

— INVESTIGACION APLICADA IV - INVESTIGACION APLICADA 111
Nota: 2.3 Nota: 3.1

— PRACTICA SOCIAL - GESTION AMBIENTAL

Nota: 3.2

Figure No. 9: Classification, student global statistics. Source: Author.

3.2 Individual Statistics per Teacher

a) Basic Information

Table 4 defines the information that is required to obtain the data, which damaged the statistics

according to basic information by each teacher.

Table 4. Basic information, Individual statistics per teacher.

Data Type Definition
Scalar Average Teacher Rating.
Scalar Number of active semesters.
Scalar Number of courses taught.
Scalar Average grades obtained by students.
Scalar Students' approval rate.
Chart Performance in teacher evaluation according to self-evaluation,

student evaluation and administrative evaluation.

Source: Author.
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Informacion Basica

[ Rendimiento Segun Evaluacion Docente

Nota Autoevaluacion

3.85

Promedio Evaluacion Docente

y Semestres Activo Cursos Dictados
Nota Evaluacion Estudiantil Nota Evaluacidn Administrativa
3.11 56.41%
Nota Promedio de Indice de Aprobacién
P Estudiantes de estudiantes

Figure 10. Basic information, individual statistics per teacher.

b) Detailed charts.

Table 5 specifies the values that are used for establishing the individual statistics obtained
through the data, per teacher.

Table 5. Detailed charts, individual statistics per teacher.

Data Type Definition
Chart Performance in teacher evaluation by academic period.
Chart Performance in student evaluation by academic period.
Chart Student average by subject.
Chart Number of courses taught by academic period.

Source: Author.

Graficos detallados

I Evaluacidn Docente: Autoevaluacion [ Evaluacion Docente: Evaluacion Administrativa
I Evaluacion Docente: Evaluacion Estudiantil

20161 20162 20171 20172

Figure 11. Detailed charts, individual statistics by teacher.
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¢) Classification
Table 6 specifies the classification of the values that were used in order to obtain the statistical
data related to the individual data, per teacher.

Table 6. Classification, individual statistics per teacher.

Data Type Definition

Classification Subjects most often taught.

Source: Author

Clasificacion

Asignaturas Dictadas Méas Veces

GESTION DE TECNOLOGIA

~ Cantidad de Veces Dictada: 2

A INGENIERIA DE SOFTWARE Il
Cantidad de Veces Dictada: 1

INTRODUCCION A LA INGENIERIA
Cantidad de Veces Dictada: 1

A PROGRAMACION | orientada a objetos
Cantidad de Veces Dictada: 1

Figure 12: Classification, teacher individual statistics. Source: Author.

The estimation of coefficients associated with the type of teacher variable shows that classrooms
with administrative teachers, on average, increase the academic performance of the classroom, more
than classrooms with full-time teachers. The same is true for guest teachers, since the result indicates
that classrooms with guest teachers, on average, increase classroom academic performance more than
classrooms with full-time teachers.

3.3 Global statistics per student
a) Basic information

Table 7 shows the detail of the statistical data obtained for the global statistics per student.

Table 7. Basic information, global statistics per student

Data Type Definition
Scalar Global academic average.
Scalar Global graduate students.
Scalar Global undergraduate students
Scalar Global dropout students.
Scalar Global subject pass rate.
Scalar Students graduating per generation.
Scalar Undergraduate students per generation.
Scalar Dropouts per generation.

Scalar Subject approval rate per generation.
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Chart Global performance by area.

Source: Author

Informacion Basica

.
& Global -

N 2.75

Promedio Académico Global

0(0%) 287 (56.5%)

Estudiantes Graduados Estudiantes no
vestigacién Econdmico Admunatr ativo Graduados
221 (43.5%) 44.09%
Ingervena Aphcada
Estudiantes en Indice de Aprobacién
@ Desercion de Asignaturas Global

Figure 13. Basic information, global statistics per student.

b) Detailed Charts

Table 8 shows the detail of the data that was obtained for the global statistics per student.

Table 8. Basic information, global statistics per student

Data Type Definition
Chart Generational performance by area.
Chart Performance by subject.
Chart Passing rate by subject.
Chart Graduate / undergraduate / dropout students.

Source: Author.
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.
o8 Global v

|4 »

[ Rendimiento Global por Asignatura

INVESTIGACION APLICADA Il
INGENIERIA DE SOFTWARE |
GESTION DE TECNOLOGIA
PENSAMIENTO SISTEMICO

PROGRAMACION I orientada a objetos

INGENIERIA DE SOFTWARE IV
INVESTIGACION APLICADA IV
INVESTIGACION APLICADA V

INGENIERIA DEL CONOCIMIENTO

INTRODUCCION A LA INGENIERIA
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Figure 14. Detailed charts, global statistics per student.

c¢) Classification

Table 9 shows the detail of the data that were obtained for the global statistical classification per

student.

Table 9. Detailed charts, global statistics per student

Data Type

Definition

Classification

Students with the best/worst grades.

Source: Author.

Estudiantes con Calificaciones mas Altas Estudiantes con Calificaciones mas Bajas
S Quiroga Torres Santiago = . Lopez Lopez Maria Paula =
Nota: 4.80 Nota: 0.30
P Villegas Rodriguez Santiago Jose = - Mufioz Mera Jeisson Fernando =
Nota: 4.80 Nota: 0.50
o~ [Fonseca Montafez Franco Stiven = -, Silva Martinez Sergio =
Nota: 4.60 Nota: 0.77
e Pineda Pinzon Hever Andres = “~ Lizarazo Pinzon Carlos Andres =
Nota: 4.60 Nota: 0.80
» Duarte Munoz Jenny Paola = -, Alba Bermudez Andres Felipe =
Nota: 4.50 Nota: 0.90
ps Lemus Quezada Jesser Antonio = -, Fajardo Cruz Gustavo Esteven -
Nota: 4.50 Nota: 0.93
AP Cardosc Daza Nicolas Alejandro = . Zamudio Heredia Diego Esteban =
Nota: 446 Nota: 0.97
AP Avila Valencia Diego Armandc = . Mora Sabogal William =
Nota: 4.45 Nota: 1.00
e Escobar Triana Juan = . Libreros Urrego Andres =
Nota: 443 Nota: 1.05
A~ Mateus Piedrahita Jean Pierre = -, Novoa Martinez Nicolas =
Nota: 440 Nota: 1.06
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Figure 15. Detailed charts, global statistics per student.
3.4 Global statistics per teacher
a) Basic information
Table 10 shows the detail of the statistical data obtained for the global statistics per teacher.

Table 10. Basic information, global statistics per teacher

Data Type Definition
Scalar Global average of teacher evaluation.
Scalar Number of active/inactive teachers.
Scalar ~ Average number of courses taught per teacher by semester.
Scalar Number of courses taught by semester.
Chart Global performance according to teacher evaluation.

Source: Author.

O Global v

I Rendimiento Segun Evaluacion Docente A
7 N\

4.34

Promedio Global de Evaluacién Docente

Nota Autoevaluacion

Promedio de Cursos
Dictados por Docente

Docentes Activos Docentes Inactivos
Nota Evaluacion Estudiantil Nota Evaluacion Administrativa

Promedio de Cursos
Dictados por Semestre

Figure 16. Basic information, global statistics per student.

b) Detailed charts

Table 11 shows the detail of the data obtained for the global statistics per teacher.

Table 11. Basic information, Global statistics per teacher

Data Type Definition
Chart Teacher evaluation by component per teacher.
Chart Student evaluation per teacher.
Chart Average teacher evaluation by academic period.

Source: Author
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1. Velasquez Carranza Juan Fernando

3. Cortes Mendez Jairo Augusto

4. Alonso Moncada Mauricio Antonio

5. Bricefio Giovanny Alexander

9. Forero Saboya Pedro Alonso

4

d

I Nota Autoevaluacion [ Nota Evaluacion Administrativa [ Nota Evaluacion Estudiantil

2. Triana Moyano Eduardo

6. Pava Diaz Roberto Albeiro

7. Vanegas Carlos Alberto

8. Rivera Lozano Miller

10. Gonzalez Rodriguez Nain

=3

05

20

o

0

Figure 17. Detailed charts, global statistics per teacher.

c) Classification

Table 12 shows the detail of the data obtained for the global statistical classification per teacher.

Table 12. Global statistical classification of teachers.

Data Type

Definition

Classification

Teachers with the best/worst grades.

Source: Author

Docentes con Calificaciones Mas Altas Docentes con Calificaciones Mas Bajas

A Velasquez Carranza Juan Fernando “, Martinez Perez Lucy Paola
Nota: 4.62 Nota: 3.85

N Triana Moyano Eduardo —, Reyes Roncancio Fredy
Nota: 4.61 Nota: 4.02

—, Cortes Mendez Jairo Augusto —, Cardenas Sanchez Yaneth
Nota: 4.54 Nota: 4.07

—_ Alonso Moncada Mauricio Antonio —_ Avila Arellano Fabian Javier
Nota: 4.53 Nota: 4.20

—, Bricefio Giovanny Alexander —, Aragon Moreno Juan Antonio
Nota: 4.50 Nota: 4.22

Figure 18. Classification, global statistics per teacher.

3.5 Credits and Grade Association - Optimal Academic Performance

Optimal academic performance is measured at the moment students have achieved success, and
it is determined by the number of credits that the student has accumulated, placing them in the last
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year of the career, obtaining a grade between A (Outstanding) and B (Very good). On the other hand,
the students who have not achieved success are those who obtain a grade between C and E and that
as a consequence, take longer to finish their career.

3.6 Credits and Grade Association - Positive Academic Performance

The IT solution that was generated by this project allowed the visualization of statistics based
on the data that has already been mentioned. These statistics will work as a source of information, at
the time of making decisions during the academic process, helping to improve the educational
environment for managers, teachers, and students. And even when the application was initially
conceived with the purpose of helping the directors of the institution to make decisions, its scope, in
terms of final public, was later expanded and will also allow the involvement of both teachers and
students.

This project will make an approach based on the second strategy (from the charts), since the
diagrams, both bar and sector, help to capture the distribution of a categorical variable more quickly.

Positive academic performance is considered to be those cases in which students obtain a grade
and an accumulation of credits above the average of the group that is being studied, so that the group
that is above the average has a grade between A and D, and an accumulation of credits. Finally, we
carried out a logistic analysis with the two ordinal response variables, whose specific objective is to
determine which is the highest probability of occurrence (credits and low grades, low credits and
high grades, high credits and low grades, credits and high grades).

4. Discussion

The variables of the Academic Analytics approach have a positive relationship with academic
performance, being the participation in chat, forum, and video-collaboration the communication
means with the greatest impact, since they cause an increase in academic performance, thus affirming
that there is a significant relationship with academic performance [19].

The gender variable is not statistically significant in any of the estimates, since they indicate that
there is no relationship between gender and academic performance [27].

The online variable shows that students who have little participation in online activities (chat,
forum, and video collaboration) have less of an advantage in achieving optimal academic
performance compared to students who participate moderately or actively.

It would be interesting to analyze the association that there is between two response variables
through the Bivariate Logistic Regression model, in order to measure the dropout or graduation rate
of students. For this purpose, it is very convenient to extend the ordinal bivariate modeling and to
deepen its interpretation possibilities in educational research contexts and learning processes.

5. Conclusions

The interest in improving the quality of education also seeks to improve academic performance.
This indicator is of interest to various sectors of society (educational institutions, government
institutions, the business sector, citizens, etc.).

For this study, we considered variables that can be controlled by higher education institutions
because the contribution is mainly directed to universities; however, it could include socioeconomic,
sociocultural, institutional, intellectual, affective, and academic determinants, among others [12] [19].

The IT solution that was generated by this project allowed the visualization of statistics based
on the data that has already been mentioned. These statistics will work as a source of information, at
the time of making decisions during the academic process, helping to improve the educational
environment for managers, teachers, and students.

Although the application was initially conceived with the purpose of helping the institution's
management team to make decisions, its scope, in terms of final public, was later expanded and will
also allow the involvement of both teachers and students.
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Students will be able to demonstrate their performance throughout their academic process in
different ways, which will become a useful tool when making decisions throughout their professional
career, not only for students but also for the directors of the institution.

Finally, it should be concluded that academic performance improves when providing relevant
information on the variables that are associated with it, since the academic success of students is a
priority for all universities. The success of students in university was analyzed considering their
performance in terms of "qualitative performance", measured by their average grade, and
"quantitative performance", measured by accumulated university credits [28].

6. Patents
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