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2 Proposal of Architecture And Application of Ml as A Strategy for the Reduction of University Desertion Levels

Abstract

Introduction: Machine Learning arises as one of the techniques of artificial intelligence, with the development
of computer programs that, through algorithms, access data and use them to learn and predict results. Their
application in education allows for the characterization of problems or difficulties in learning through the analy-

sis of student performance.

Objective: Identification of applications of Machine Learning that can be applied to the educational field ac-

companied by a proposal of architecture for the application in an environment of personalized education.

Methodology: This article begins with the review of the literature on the characteristics of Machine Learning and
academic desertion, with an emphasis on the Colombian case, the Hyper-personalization and its applicability
to learning methodologies. Then, a proposal of architecture in a Machine Learning environment is generated
in order to mitigate the academic desertion caused by academic factors. Finally, we propose mechanisms for

evaluating the proposed architecture, with a subsequent synthesis and discussion of the results.

Conclusions: The construction of a Moodle architecture for the hyper-personalization of learning, is a glo-
bal perspective of the representative factors proposed for the development of applications through Machine
Learning. This could lead to a decrease in levels of university academic desertion because it facilitates the

management of knowledge, information and adaptation through the analysis of scenarios.

Originality: The proposed architecture is shown as an application of machine learning in social cases such as
academic desertion, allowing the inclusion of automatic learning models with the requirements of an educa-

tional environment.

Restrictions: The case for the application for the Hyper-personalization of learning uses an academic approach

which can generate invalid results regarding desertion levels.

Keywords: Machine Learning, Academic Desertion, Hyper-personalization, Education.

Resumen
Introduccion: El Machine Learning, surge como una de las técnicas de la inteligencia artificial, en la cual, a
través de algoritmos, accede a los datos y los utiliza para aprender y predecir resultados. En cuanto su apli-
cacion en la educacion permite la caracterizacion de dificultades en el aprendizaje a través del analisis de su
rendimiento.

Objetivo: Identificacion de aplicaciones del Machine Learning aplicado al &mbito educativo que permitan la dis-
minucion de los niveles de desercion académica, a través de una propuesta de arquitectura para su aplicacion

en un entorno de educacion personalizada.

Metodologia: Se inicia con la revision de la literatura sobre las caracteristicas del aprendizaje automatico,
la desercion académica, con énfasis en el caso colombiano, la hiperpersonalizacion y su aplicabilidad a las
metodologias de aprendizaje; generando a continuacidon una propuesta de arquitectura en un entorno de
Aprendizaje Automatico, con el fin de mitigar la desercion académica provocada por factores académicos.
Finalmente, se proponen mecanismos de evaluacion de la arquitectura propuesta, con una posterior sintesis y

discusion de los resultados.

Conclusiones: La construccién de una arquitectura del Moodle de Hiperpersonalizacién del aprendizaje, es una
perspectiva global de los factores representativos propuestos para el desarrollo de aplicaciones a través del
Machine Learning, lo cual podria llevar a la disminucion de los niveles de desercion académica universitaria,
en el sentido en que se facilita la gestion del conocimiento, la informacion y la adaptacion a través del analisis

de escenarios.
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Originalidad: La arquitectura propuesta se muestra como una aplicacion del Machine Learning en casos de tipo
social como la desercion académica, permitiendo la inclusion del modelado de aprendizaje automatico con los

requerimientos de un entorno educativo.

Limitacion: El caso de las aplicaciones de Hiperpersonalizacion del aprendizaje, cuenta con un enfoque acadé-
mico, lo cual puede generar resultados invalidos de los niveles de desercion, si este no es el factor principal o

uno ampliamente significativo en el caso donde se desarrolle.

Palabras clave: Aprendizaje automatico, Desercion académica, Hiperpersonalizacion, Educacion.

Resumo

1. INTRODUCTION

The impact of technology on human life is increasing. The use of Artificial Intelligence
and Big Data tools with which we interact daily, directly affect the way the world is
perceived, our interpersonal relationships and even the methods of human learning.
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4 Proposal of Architecture And Application of Ml as A Strategy for the Reduction of University Desertion Levels

Today, there is a great variety of technological advances aimed at the edu-
cational field; from the creation of specific-purpose applications such as language
teaching or applications for memory training, to the development of specialized soft-
ware in different learning methods for any of the educational levels [1]. For this reason,
teachers and educational authorities are concerned not only about the content of
teaching programs, but also about the way in which they are transmitted. [2]

In education, there are three main lines of application in which important chang-
es are perceived that will shape the new educational model and intelligent campuses:
process automation, hyper-personalization of services and connected campuses [3].
The following article will approach the use of Machine Learning as a tool of Artificial
Intelligence, from the concept of hyper-personalization linked to the improvement of
quality in Higher Education, having the reduction of academic desertion levels as its
focus.

2. LITERATURE REVIEW

2.1. MACHINE LEARNING

Machine Learning is a type of Artificial Intelligence, in which large volumes of data are
accessed in order to interpret them, train the system, and predict new information us-
ing learning algorithms. These algorithms are classified according to several criteria:
the type of learning, the tasks for which the algorithm is intended to be used, and the
types of models used (Figure 1) [4] .

Classification is a task in which, given an individual of the system in question, it
pretends to know what type of class it belongs to according to the learning of charac-
teristics, patterns and behaviors that other individuals have previously taken, and for
which there is a register [5]. Based on this historical information of individuals, sum-
marized in a series of assigned variables —for example, age, gender, studies, etc.—, the
classification algorithms will construct a model that allows a label for a given individu-
altobe obtained as aresult. Likewise, these algorithms are divided into two categories:
binary classification and multiclass classification. The binary classification refers to
those algorithms whose observation result must be catalogued as positive or neg-
ative. Therefore, the classification is carried out by means of a threshold with which
the score generated for each iteration of the algorithm will be compared. On the other
hand, in the multiclass classification, class prediction is made for the highest score [6].
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Figure 1. Classification of learning algorithms according to different criteria.
Source: own work

Binary classification algorithms

In this article, an emphasis is put on binary classification algorithms since the goal
of the algorithm in the present proposal is to predict an "n profile” label for a student
whose attributes allow his classification according to the detected patterns; both of
personal characteristics provided and the results in the diagnostic tests. Therefore,
a synthesis of the existing binary classification algorithms will be carried out below,
which may later be evaluated in the generation of the Machine Learning model.

Averaged Perceptron. The inputs are classified into possible results considering
the linear function to be then combined into a set of ponderations from which its
characteristics can be derived [7].

Bayes Point Machine. This algorithm is a classification technique with a gener-
ality that defines that all characteristics are independent and not interrelated. Thus, the
status of a specific characteristic within a class does not affect the status of another
one [5].

Boosted Decision Tree. A reinforced decision tree is a conjoint learning method
in which the second tree corrects the errors from the first tree, the third tree corrects
the errors from the first and second trees and so on. The predictions are based in the
complete set of trees that comprise the prediction [7].

Decision Forest. The conjoint methods are based on the general principle that,
instead of trusting in a single model, a more generalized model can offer better results
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6 Proposal of Architecture And Application of Ml as A Strategy for the Reduction of University Desertion Levels

by creating multiple models and combining them in some form. In general, the conjoint
models offer better coverage and precision than the individual decision trees [7].

Decision Jungle. Decision jungles are a recent extension of decision forests and
consist of a set of directed acyclical graphs (DAG).

Logistic Regression. Logistic regression is a statistical method that is used to
predict the probability of a result and is especially popular for classification tasks.
The algorithm predicts the probability of occurrence of an event by adjusting data to
a logistic function.

Two-Class Neural Network. A neural network is a set of interconnected layers.
The inputs are the first layers and are connected to an output layer through an acyclic
graph made of edges and pondered nodes [5].

2.2. ACADEMIC DESERTION IN COLOMBIAN
UNIVERSITIES

Academic desertion is defined as the condition of those persons enrolled in Higher
Education who leave the institution for two or more consecutive periods at the
time of study [3]. It is a public problem that, in Colombia and the world, affects the
efforts made by societies and States to raise the level of training of human beings
in order to improve competitiveness and successfully insert themselves into the
knowledge society.

According to data obtained by 2015 by the Colombian System for the Prevention
of Desertion in Higher Education Institutions -SPADIES-, in the report regarding de-
sertion and graduation statistics of the Colombian Ministry of National Education
and taking into account the desertion rate by cohort and by level of training, students
who drop out of their undergraduate studies represent 41.60% of the total number of
students entering an academic period at the national level and 45.25% at the district
level. [8]

When evaluating areas of knowledge based on academic permanence indices
(Table 1), at the university level, higher desertion rates are observed in areas related
to mathematics and natural sciences, representing 11. 1%; agronomy, veterinary and
related areas 10. 2%; and economy, administration, accounting and related areas 10.
1% [8]. However, the desertion rates by cohort for the same year show that the areas
with the highest cumulative desertion rates (after 10 semesters) are engineering, ar-
chitecture, urbanism and other related subjects with 55. 0%. [3]
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Table 1. Percentage of desertion by cohort by area of knowledge for the year 2015.
Adapted by the authors from [3]. Cut-off date: April 2016

Areas of Semester
knowledge 1 2 3 4 5 6 7 8 9 10
Agronomy and 21 301 354 392 419 448 468 47,8 485 497
veterinary
Fine arts 204 291 347 391 427 462 484 502 514 528
Education Sciences 19,0 26,5 314 349 37,6 39,9 41,6 43,1 447 46,7
Health Sciences 178 241 283 316 342 362 378 393 404 419

Social and human

; 16,8 23,7 27,8 30,9 33,0 348 36,2 37,7 39,1 419
sciences

Economy, adm.,

: 22,3 30,5 35,8 39,9 42,9 45,4 47,2 48,5 49,6 516
accounting

Engineering and

. 22,7 32,1 38,3 42,7 46,0 48,9 50,9 52,5 53,6 55,0
architecture

Mathematics and

) 22,0 314 37,2 41,2 43,9 46,4 48,0 49,2 50,0 51,0
natural sciences.

Source: own work

On the other hand, the indices of academic permanence in the Universidad

Distrital Francisco José de Caldas, specifically in the faculty of engineering, are not
encouraging. According to the latest report "Statistics of permanence, graduation and
desertion of students in the Faculty of Engineering in undergraduate programs 2009-
2017", made by the Systems Advisory Office of the Universidad Distrital -OAS- of
students of the Faculty who entered between the periods 2009-1 and 2017-3, 53.8%
(or 5038 students in total) withdrew or lost their place as a student. Figure 2 is based
upon data taken from the report of statistics of faculty permanence [9].
Within the motives of academic desertion, according to the results consigned in the
format for Voluntary and Definitive Retirement from the Faculty of Engineering of the
Universidad Distrital GA-FR-FI-01, between the semesters 2016-1 and 2017-1, the
academic aspects are the third most recurrent motive for academic desertion of the
faculty, with a representation of 14 % of the total of cases, preceded by economic
motives that represent 29% and the change-of-career motive that represents 23 % of
the total [2].
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Total active and dropout students from the engineering faculty
of the Universidad Distrital between the periods 2009-1 and 2017-3

700
o 600 .
i)
% 500
o] e 325
=) 336 319 294 254
o 400 374 313
. 311
o
p
8 300 338
c 200 310 297
= 259 301 290
pd
100 2198511
115
mmmBB
- - @ - ® - @ - 9 - ©Q© — @ — O = 9
% % o o — — o~ [\ o ™ < <t Lo [Te) O O M~ N~
5 &6 © © © o o o o o o o o o o o o o
N [\ o~ N N o~ N ~N o~ N ~N o~ N ~N o~ (V] [\ o~

Academic semester

H Active students Students who defected

Figure 2. Ratio of active and deserted students between 2009-1 and 2017-3 for the
faculty of Engineering of the Universidad Distrital. Cut-off date: February 2018.

Source: adapted by authors from data provided by the Systems Advisory Office
of the Universidad Distrital Francisco José de Caldas [9]

Total desertion cases between 2016-1 and 2017-1
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Figure 3. Total number of students who deserted the Faculty of Engineering
of the Universidad Distrital between the periods 2016-1 and 2017-1 along with their

given reasons for doing so.
Source: adapted by authors based on [2]
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The Colombian Ministry of National Education is the Colombian governmental
entity in charge of formulating national education policy and promoting the develop-
ment of a competitive and high-quality education. It assumes within its functions,
the guarantee of opportunities for access to higher education so that Colombians
can access it and benefit from its programs. It deems it necessary to promote the
permanence of students in their professional training [10]. In order to carry out an
adequate intervention on this phenomenon, it is essential to systematically monitor
student desertion, in addition to studying it from different dimensions -higher edu-
cation institution, academic program and mainly the student— [11]. Viana and Rullan
emphasize that social and academic unification are a link to re-evaluate individual
goals and responsibilities that ultimately influence decision making about whether or
not to stay in school [12]. In this way, it is possible to identify with greater reliability the
incident factors in academic desertion and therefore to take corrective and preventive
action on them, thereby achieving a better impact, in this case, as a curricular proj-
ect and as a University in the management of resources in order to comply with the
aforementioned objective.

Previous studies have examined the risk of academic desertion, taking into ac-
count different attributes for the recognition of patterns of behavior or decisions. For
example, Chung & Lee using characteristics of desertion as a function of attendance
at the beginning of high school and through the use of the algorithm of random for-
ests, with training data (80 %) equivalent to 132.572 cases, obtained a performance
in their predictive model of school desertion with an accuracy of 95 %. [13]. On the
other hand, Tan & Shao used two types of attributes, personal characteristics and
academic development, of different students of a virtual course of the University of
China as input attributes for the predictive model. This was developed with Artificial
Neural Networks, Bayes and Decision Tree algorithms. The results obtained correlated
well with expectations as the accuracy with which potential desertions were predicted
in his experiment was relatively high [14]. In this way, the tendency to study social
problems such as academic desertion is evident through the different tools offered
by Artificial Intelligence, specifically Machine Learning. These tools are able to obtain
predictions with high precision, thus giving them relevance in decision making.

2.3. TECHNOLOGY IN EDUCATION

Incorporating technology into education brings a number of benefits that help im-
prove efficiency and productivity in the classroom, which through the rise of the
Internet and mobile technology incorporate even more technological elements into
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10 Proposal of Architecture And Application of Ml as A Strategy for the Reduction of University Desertion Levels

the educational environment; interactive whiteboards, virtual classrooms and an
endless number of electronic resources to conduct research or do schoolwork, are
some of the ways in which digital technology has been integrated into schools and
universities [15].

In this sense, Burgos indicates that “technology applied to education is a set
of theories and techniques that offer a process through which tools can be operat-
ed, changed, manipulated and controlled in a learning environment” [16]. However,
the existence of technological tools implies the development of adaptive methods in
teaching and learning methodologies.

However, the advantages of the availability of ICT (Information and
Communication Technologies) in education include: firstly, students have the option
of knowing about a given subject matter from different perspectives, where teachers
become advisors or guides, since they should focus on giving students tools for intelli-
gent search, critical analysis and the selection and application of knowledge; secondly,
teachers have fewer opportunities to develop an obsolete program; and thirdly, stu-
dents can carry out their learning processes in a more meaningful way, starting from
their previous knowledge and experiences, because they have at their disposal a lot
of information to choose from and the possibility of requesting and receiving, at any
time, the advice of teachers and fellow students [17].

Today, many innovative institutions have focused, as Rob Curtin (Microsoft's
global director of higher education) says, on using the intelligent cloud to scale highly
personalized learning experiences that go beyond coverage and improve quality. On
the other hand, the use of digital books and adaptive learning enables a personalized
learning experience as teachers now have access to data about exactly what stu-
dents consume and how they are dealing with the concepts they are trying to learn.
Provided with this information, teachers can see if a student, or the class in general, is
not capturing certain ideas or topics [18]. This information allows teachers to identify
shortcomings in the transmission of knowledge and the level of reception transformed
into learning for their students, and then to take action on the contents and teaching
methodologies that are in accordance with the specific needs of their students. This
is known as Hyper-personalization, which concludes in an improvement in the quality
of education and a decrease in the level of academic desertion (academic base) of
the institutions.
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2.4. HYPER-PERSONALIZATION OF LEARNING

The learning process is different for each group, and even for each person; this is
where the concept of adaptive learning arises, the development of which will facilitate
the diversification of the standard educational system thanks to personalized training
adapted to the knowledge, aptitudes and abilities of each student.

There is a diversity of computer projects aimed at researching the use of
Machine Learning tools to improve automatic curricular design in novel education-
al technologies [19] such as: the Carnegie Mellon University in Pittsburgh with the
EduBand project, which aims to create flexible course modules and use a platform that
adapts the topics according to the student's learning, reinforcing the weakest topics
and synthesizing those already mastered [20]; the MOOC (Massive Online) courses,
which have promoted interactive, online and practical training in which the student
can find support 24 hours a day [21]; or the development of the Mc Graw Hill company
with Aleks, which is an adaptive, artificially intelligent learning system that provides
students with an individualized learning experience tailored to their unique strengths
and weaknesses [22].With these tools based on the development of Big Data and
Artificial Intelligence, it is possible to identify when a student is at risk of dropping out
of the course before it happens and act preventively with specific interventions by
teachers or advisors.

3. METHODOLOGY

For this proposal an analysis-synthesis methodology will be accomplished in which
each part of the research is studied independently, starting with the analysis in which
a separation of the concepts is carried out, studying each one of the specific de-
tails. For this process, the information available in academic databases was studied,
performing a review of the state of literature about the characteristics of machine
learning, and its applicability in practical cases. This is followed by an analysis of
the information about academic desertion, with emphasis on the Colombian case,
specifically in the engineering faculty of the Universidad Distrital, and some anteced-
ents of investigations in which machine learning has been used in educational cases.
The technology and the impact it can have by including it in educational and training
subjects is also analyzed along with the concept of hyper-personalization, and the
applicability of this concept in learning methodologies. Subsequently, these separate
concepts are combined, establishing relationships between these elements in an ar-
chitectural structure to be introduced into a Machine Learning environment as a tool
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12 Proposal of Architecture And Application of Ml as A Strategy for the Reduction of University Desertion Levels

(in which the elements, authors and interested parties that make up the architecture
were explicitly established and explainedQ, to strengthen knowledge and skills, in
addition to predicting the risk of student failure in different subjects; — all of this with
the aim of mitigating academic dropout caused by academic factors such as failure
of subjects in the program and weighted average of grades, among others. Finally,
an exploration of the results of the synthesis is carried out, establishing evaluation
mechanisms for the proposed architecture and concluding with this process.

The methodology for the elaboration of the proposal of architecture is synthe-
sized in Figure 4. Initially, requirements that determine the model were accounted for,
making the core functionality of architecture proportional to the proper disposal of
quality requirements. Such requests are generated given the influence of stakehold-
ers, this procedure will use the 'use case' diagram (See Figure 5).

Determine +Usecase <«
requirements of diagram
architecture

» Linking of
requirements <
given the
interaction
between the
elements of
Machine
Learning

Architecture

design

Validatin  Validation __|
using

indicators.

Figure 4. Methodology for architecture development.
Source: own work

Determination of the architectural requirements: creation of the model from
requirements that will guide the design of architecture based on the attributes of ex-
pected quality.

Architecture design: This involves defining the structure and responsibilities of
the components that will included in the architecture. For this purpose, a reference ar-
chitecture recognized by academia or industry is chosen, and possible styles and pat-
terns are discussed to support compliance with the requirements [23]. This is followed
by the component assignment subprocess, whose objective is to define the main
components that will be included in the architecture design, identifying the services
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and interfaces that each component supports for itself, in addition to determining the
dependencies between them [24].

Validation: The validity of the architecture is verified, taking into account the
requirements initially defined, using qualitatively measurable characteristics for each
of the users, with the objective of identifying possible deficiencies and weaknesses in
the design so that they can be improved.

4. RESULTS

A Machine Learning (ML) architecture is proposed as a strategy to reduce the stu-
dent's risk of dropping out due to academic factors; in this case based on a tool that
reinforces knowledge and skills.

4.1. USE CASE DIAGRAM

Below is a diagram with the use cases that are considered important for the custom
Moodle system in the context of Machine Learning:

s . N
Customized moodle

Register
diagnostic test

Training

Professor_User

Register work
plans for each
compency

Feedback of
personalized
student plans

Develop
diagnostic test

Classify the
Student_User student

Generate
custom
reinforcement
lan
- J

Figure 5. Use-case diagram for custom Moodle in context of Machine Learning.
Source: own work
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14 Proposal of Architecture And Application of Ml as A Strategy for the Reduction of University Desertion Levels

As it is possible to observe in Figure 5, there are seven use-cases which are
described below:

Register the diagnostic test

The professor enters the diagnostic test into the system that will generate input infor-
mation for each student for the classification process.

Training: based on the possible results for the test, the professor will train the neural
network using the possible labels for subsequent classification.

Register work plan for each competency

According to the possible scenarios resulting from the classification of the students,
the teacher will enter certain help materials, procedures and other relevant resources
to strengthen learning competencies, which will then be shown to the student who
requires them.

Feedback from personalized student plans
The professor will receive a consolidated classification of each student, along with the
generated work plan and related additional information.

Develop diagnostic test

Students will be able to do the diagnostic test related to their knowledge of the sub-
ject, in addition to other qualifying aspects according to variables such as gender,
restart conditions of the subject, grades of previous subjects, among other factors.

Classify student

Based on the results of the previous use-case, students will be classified according to
the competencies they have not yet developed, along with a prediction of the risk of
reprobation of the subject, information that will be shown to the professor in the case
of the use of a feedback work plan.

Generate custom reinforcement plan

Students will be able to check the suggestions of the road map according to their con-
dition in such a way that it allows them, through this plan of academic reinforcement,
to overcome their weaknesses and difficulties in the subject and at the same time to
develop the competences for which it was designed.

4.2. ARCHITECTURE

The following figure ( Figure 6) shows a proposed architecture for the custom Moodle
system in the context of Machine Learning, in which four layers are defined that seek
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the integration of the different elements and actors. The following describes the com-
ponents of the architecture considering the use-cases of the system, which has two
users (teacher and student), an API Rest, a communication layer, a Machine Learning
modeling layer, and a visualization layer.

User layer
API Rest

Data transfer

Communication layer

Cloud
database

Modeling layer

Learning model Experiment Results

Data transfer

Visualization layer
Customizer
information

Figure 6 . Architecture proposal for personalized Moodle in the context
of Machine Learning.
Source: authors based on [25]

J

User layer

This layer contains the user interface between the systems to obtain data or generate
operations on that data in all required formats. The developed application must be en-
tered through a user account, authenticating and authorizing the entry to ensure the
integrity of the information contained, thus managing user access to the application,
including activities of information management, service management and technical
management.
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16 Proposal of Architecture And Application of Ml as A Strategy for the Reduction of University Desertion Levels

Communication layer

In this layer is the data storage infrastructure on the web for the subsequent use of
data and the generation of an integration between the information received and that
provided to the other layers of analysis.

Modeling layer

This is where the platform with an adapted environment for the use of Machine
Learning (e.g. Azure Machine Learning, Amazon ML, etc.) intervenes. The model is
presented according to the information provided by the databases contained in the
cloud, the learning and training experiment, and finally the classification and predic-
tion results based on the input information.

Visualization layer

In this layer are all the webpages that are developed towards the user; from requests
for information, errors, and of course the display of personalized information generat-
ed from the learning results of the previous layer.

For a proper evaluation of the proposed architecture, we suggest a survey using
2 criteria to understand the opinion that users will have regarding platforms with a
Hyper-personalized approach.

Evaluation indicators for proposed architecture layers

For an adequate evaluation of the proposed architecture for Hyper-personalization, a
survey is suggested for each actor involved regarding the use of the platform, where
the priority level is the same for each of them:

Student
Criterion 1: Ease of use
a) Access to the platform: User and password management
b) Testapplication: Compressible and manageable interface for test and eva-
luation solution.
c) Understandingtheresults: The reading of the test results is understandable.

Number of approved factors

(Ec.1)

Ease of use =
f Total factors
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All aspects (3/3) must be met for it to be considered an easy-to-use platform.

Criterion 2: Personalization'’s level of sessions
a) Relevance of the themes: Reinforced subjects are consistent with subjects
with which the student has academic difficulties.
b) Reinforcement method: The reinforcement methods proposed by the pro-
fessor facilitate and improve the understanding of the subject.
c) Timely attention: Time and quality in the resolution of doubts is appropriate

Number of approved factors

Personalization’s level of sessions = Ec.2
! Total factors ( )

Professor
Criterion 1: Ease of use
a) Access to the platform: User and password management
b) Test evaluation: Compressible and manageable interface for scoring tests
and evaluations.
c) Understanding of the results: The visualization of the classification of the
results of the students is simple and identifies the deficiencies in the eva-
luated thematic.

Number of approved factors
Total factors

(Ec.3)

Ease of use =

Criterion 2: Personalization's level of sessions

a) Relevance of the themes: The classification of the reinforced topics is di-
rected to the students who, according to the results, require it.

b) Reinforcement method: The platform provides tools to improve the reinfor-
cement methods proposed by the professor.

c) Timely attention: The software has a filter of frequently asked questions
and facilitates the task of the professor in resolving doubts in a timely and
effective way.

Number of approved factors

Personalization’s level of sessions = Ec.4
f Total factors ( )
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Qualitative evaluation of the criteria:

Table 2. Qualitative evaluation of performance measurement criteria of the propo-
sed architecture.

Affirmative answers/ Total answers Criteria level
3/3 High
2/3 Medium
1/3 Low

Source: own work

Comparison of academic results

. Results after the process
Level of Improvement in Results(NMR) = (Ec.5)
Results before the process

Level of improvement in results

If NMR >1 then an improvement in the student's academic performance is concluded.
If NMR <1 then a decrease in the student's academic performance is concluded.

If NMR=1 there was no difference between the academic results before and after the
process is concluded.

Itis important to clarify that these weights are quantitative, strictly based on the
grades obtained by the student, and do not take into account the psychological, social
or economic factors that may affect the final result.

Academic desertion level
Academic desertion level(NDA)

_ Realnumber of students who drop out at the end of the period
" Expected number of students who drop out at the end of the period

(Ec.6)

If NDA <1 then an improvement in the results of the level of academic decision-mak-
ing is concluded.

If NDA >1 then a deterioration in the results of the level of academic decision making
is concluded.

If NDA =1 it is concluded that there was no difference between the level of theoretical
and actual academic decision making.
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It is important to clarify that these weights are quantitative, strictly based on
the academic factor. The expected number of students who desert can be obtained
from statistical measurements, however, Machine Learning provides support tools in
this regard.

5. DISCUSSION AND CONCLUSIONS

In conclusion, the development of an architecture such as the one presented in this
document, whose objective is the Hyper-personalization of education, allows for great
advances in the academic field from the perspective in which the learning process
depends on each individual in question. Therefore, the characterization and analysis
of the information specific to Artificial Intelligence allows for an improvement in the
academic level of higher education, assuming that new trends in technological tools
are included in the development of education.

Although the article presents evaluation indexes to be considered during the
development of the architecture, it should be clarified that the judgment of each de-
veloper is independent, and this allows him to propose or eliminate criteria that he
considers relevant for the subsequent evaluation. For academic aspects, the rate of
failure of subjects is one of the most repetitive causes for academic university de-
sertion. The reduction of this rate through the use of technological tools such as the
one presented in this article is a potential solution to mitigate this collateral effect of
abandoning higher education.

The completion of university courses is of global concern, so it is necessary
to have alternative methods to assess the causes and mitigate the levels of student
desertion, allowing innovative solutions and demonstrating that the use of Artificial
Intelligence contributes to the improvement of social problems.

It should be noted that although the insertion of technology into education has
generated a positive impact on improving academic outcomes and facilitating knowl-
edge and information management, these tools are based on the teacher's strategies
and methods of teaching. It is the teacher who must contemplate the types of intel-
ligence and how their students manage to retain the information. This is a founda-
tion for programming tools that “learn” based on different scenarios. All this without
leaving behind the work of the student and that their responsibility and commitment
is in the same fundamental measure for their formation. The construction of these
applications should take into account, among other things, indicators that measure
and compare the student's commitment to their formative process and academic
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results; which can also be a way to validate whether the strategies of education and
personalization of information are being effective.

On the other hand, the proposed architecture for the personalized Moodle in the
context of Machine Learning (Figure 6), allows for the contemplation, in a global way, of
the information and factors necessary for the construction of this type of digital tool.
Now, focusing on the Modeling Layer section, where the use of Machine Learning (ML)
is concentrated, it should be borne in mind that ML software development companies
have different approaches, be it commercial, scientific, research, financial, among
others. For this reason, it is important to know the programs that allow the developer
a concrete answer based on his objective.
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