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Abstract: The identification of potential students candidates to desert is one of the main utilities of the learning
analytics. Thanks to this, teachers and students can take preventive measures to combat this problem that
affects the majority of latin american universities. The objective of this paper is to present a predictive model
to identify potential students to abandon their studies, which was built using multivariate statistical techniques.
This paper concludes that the aspects relating to the interaction between teachers and students have a greater
importance, including above personal and institutional factors.
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INTRODUCTION dropping out in Latin America universities, the

Learning Analytics (LA) refers to the collection, concluded.
analysis and presentation of data about students and
their contexts, in order to understand and optimize Learning Analytics: Learning Analytics (LA) refers to the
learning and the environments in which they are produce collection, analysis and presentation of data on students
[1], this emerges as a discipline that seeks to improve the and their contexts in order to understand and optimize the
teaching and learning by means of critical evaluation of learning  and  the  environments  in  which they produce
data and the generation of patterns related to the habits [1, 2]. This area emerged during the last decade [2], offers
and responses from the students, which allow you to different types of computational support for the
provide timely feedback [1]. monitoring the students behavior, data management,

Student dropout in Latin America universities is patterns visualization of education for educators and
mainly  generated  by economic and academics factors. students, allowing discover hidden trends, identify
The lack of accompaniment by teachers in the teaching unknown correlations or other type of information [3].
process generates low motivation in the students, is This combines data from institutions, predictive and
necessary to strengthen the relationship between descriptive models, statistical analysis, etc., to generate
students and teachers. knowledge to students, teachers or administrators [4, 5].

This paper presents the development of a prediction LA focuses specifically on the students and their learning
model of the dropout of virtual distance learning courses behaviors. This complies with the four characteristics of
on research in the Universidad Católica Luis Amigo, the data analysis, known as the 4Vs: volume, velocity,
Medellín, Colombia, which uses multivariates statistical variety and veracity [6]:
techniques: factor analysis and logistic regression. Used
variables related to the use of a learning management Volume: amount of all kinds of data from different
system (LMS): forums, tasks, resources, access and sources in continuous expansion [6]. Scores obtained
messages and socio-demographic variables: age, gender from tests performed on educational management
and socioeconomic level of 240 students from different platforms (Moodle, Chamilo, Canvas, e – doceo),
academic programs. In the rest of the paper is presented number of entries, hours of entry, permanence time,
a contextualization on the learning analytics and scholar etc.

methodology, results and discussion. Finally, it is
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Variety: different types of structured and an account of the different ways in which the technology
unstructured data collected through sensors, smart is adopted and applied in different contexts [15]. The new
phones, or social networks [6]. In virtual education approaches to the data analysis are creating new ways to
the volume of unstructured data, i.e. those who are understand trends and student’s behaviors, which can be
not stored in a database exceeds the volume of used to improve the design of learning, strengthen the
structured data [6]. students retention, provide early warning signals and help
Velocity: data transfer speed [6]. The content of the customize the learning experience [16].
data changes due to the constant arrival of data from
multiple sources, the absorption of additional data Scholar Dropout: The student dropout in public and
collections and the introduction of previously private Latin America Universities has become a problem
archived data [7]. that is usually produced by financial problems, lack of
Value: process of discovering hidden values in large support and low academic level with which the students
data sets with different types and rapid generation come from high school [18]. This can generate negative
[8]. LA allows you to analyze the student’s behavior; consequences not only for the student and their family,
detect those needing support; predict its but also for society [19]. The scholar dropout is a
performance, etc. phenomenon whose magnitude has increased as the

Some research shows the potential of the LA in the waste of resources which transcends the person [20].
prediction of academic performance [9, 10] and propose The high rates of dropout and the low graduation
methods for the groups formation of new students from rates have become an issue of growing interest for
the analysis of indicators of previous activities with the institutions of higher education and the educational
aim of achieving optimal groupings [10]. The way in which authorities [21]. The prolonged duration of the
the data results of test is presented to the students can undergraduate studies, in addition to generate higher
generate an emotional effect on them and you can become private costs to students and extra expenses in the case
a criterion for determining whether to continue or not in of the public institutions of higher education, involves a
the university [10]. delay in the entry to the labor market generating social

Other researches exploring how to collect educational and economic costs [21]. The loss of students cause to
data in virtual worlds, which can then be used to identify Universities serious financial problems to cause instability
behavior of students and teachers [11]. Exploratory in the source of their income [22]. The student dropout
analyses of data from the interactions in the virtual world becomes even more worrying since this can compromise
provided information on the perceptions and motivations a country's future in the medium and long term, as the
of the educational virtual worlds (EVW) users. After this accumulation of scientific knowledge and technology one
analysis, proposed lines of action aimed at increasing the of the determining factors of the socio-economic
efficiency of learning and facilitation of the adoption of development of a nation [23, 24]. The untying of the
the EVW [12]. educational system in any of their levels is a significant

Other authors examine the difficulties associated with problem [25]. This occurs mainly during the first three
the decision-making in educational contexts [13], due to months of the start of courses and relates to institutional
the complexity of having involved individual members and aspects and the program, as well as with personal motives
different actors with different objectives in learning of students [26]. The main causes of the untying of
activities. The e-participation can help resolve this students is  due  to  internal  and  external factors [25].
complexity. Other works dealt with the problem of how the The first refer to aspects related to the academic
evidence analysis of learning on mobile devices, where institutional, the seconds to aspects which has no direct
students not only interact with their peers and with the connection with this [26]. The gradual indifference or
contents, but also with its context [14]. The authors define discouragement against the proposed academic, the
a frame for the relations analysis between the different disruption of the academic proposal, issues of personal
types of interactions that take place in a stage of mobile nature, circumstances of the private life of the students,
learning and of the tasks that are pedagogically excellent academic issues associated with the level of expertise
for the learning activity. required to continue the courses against the requirement

Other researches analyzes the extent to which of some subjects, the option for other educational
instructional conditions influence the prediction of opportunities, are some of the factors that motivate more
academic success and conclude that it is essential to give dropouts [26].

number of students at the University and is a significant
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The dropout is strongly correlated with school The  announcements  that  a  teacher   enters  have
failure, which is a common problem requiring pediatric the  possibility  of  being  discussed  by  the   student, so
care for their influence on the overall health of a  comment  or  an  advertisement  or   public  message
adolescents and its relationship with risk factors, such as from  the  professor  is   associated   with   the  entry;
less information on pregnancy prevention and sexually which means  that  whenever  a student  enters  the
transmitted diseases, more sedentary and more early virtual  environment,  you  can  comment  on the
initiation of contact with drugs [27]. guidelines of the teacher. The results of the factor

MATERIALS AND METHODS demographic, access, forums, message and resources

An analysis of the different virtual courses of
formative research of the Universidad Católica Luis RESULTS AND DISCUSSION
Amigó was made, this courses provides access to a
virtual educational platform, "DICOM", which integrates For the creation of the predictive model was used
all the functionality of an LMS. Used technology and multivariate statistical techniques; factorial analysis and
sociodemographic variables. The technology variables logistic regression. The factorial analysis is a branch of
make reference to the use of the platform (forums, tasks, multivariate analysis that was developed initially by
resources, access and messages, teachers and students), phychologists  [28],  this  is  used to group the variables
the sociodemographic variables make reference to the age, by field of action and with the main purpose of reducing
gender and socioeconomic level. the set of the same and thus have few predictive

The courses taken as the basis for the creation of the variables, which have a greater influence on the desertion;
model were three; general information of the research with these was built a regression model combining
process and construction of study objects (AFI 01), different possibilities with order to achieve the best
theoretical  construction   in    investigative processes explanation of the possible variance [29]. The logistic
(AFI 02) and methodological design (AFI 03), which are regression model  is  appropriate  because  it  uses a
taught in all programs of engineering, communication, law, single dependent categorical variable and several
administration and education. In total 240 students were independent variables. The dependent variable taken into
characterized.  Considered for the case study courses account in this study is: deserter, the same that indicates
correspond to the second academic period of the year if a student abandonment (1) or not (2) his University
2016. program.

analysis   were   grouped   into   five  factors:

(Table 2). 

Table 1: summarizes some uses of the LA in the education [4, 17].

Agent Use

Students To personalize electronic learning (e-learning); to recommend activities, resources and learning tasks to the students so that
they improve moreover its learning; to suggest interesting learning experiences; to suggest linkage, to generate adaptable
suggestions, to recommend courses and pertinent debates, to improve the processes and learning patterns.

Teachers To analyze the students behavior; to detect the students who need support; to predict the students yield; to classify the students
under groups; to find regular and irregular patterns; to find the errors of major frequency; to determine more effective activities;
to improve the adaptation and personalización of courses; to identify possible candidates for deserting. To improve the
education processes, to evaluate the academic progress, to predict of the future yield and to detect potential problems.
To evaluate programs and institutions. To understand the learning behaviors in order to execute suitable interventions.

Developers of courses To evaluate and to maintain educational software; to improve the learning ability of the students; to evaluate the structure of
the courses and its efficacy in the learning process; to compare informational advancing skills to be able to recommend the most
useful for every specific task, etc.

Organizations To improve the decision making processes in the higher education institutions to optimize the efficiency and to achieve
specific targets; to suggest certain courses that might be valuable for every class of students; to find the most profitable
way of improving the student retention; to help to select in the admission processes, etc.

Administrators To develop the best way of organizing the institutional resources (human and material) and its educational offer; to use more
efficiently the available resources; to improve the educational programs and to determine the efficacy of the learning approach
over a distance; to evaluate the teachers and the plans of study; to establish parameters to improve the efficacy of the web sites
and its adaptation to the users. To improve the briefcase of courses, decision making of marketing, hirings, evaluations of
performance, etc.

Source: [4, 17].
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Table 2: Factor analysis results
Components
----------------------------------------------------------------------------------------------

Variable C1 C2 C3 C4 C5 Factors
Age 0, 75 Demographic
Gender 0, 84
Socioeconomic level 0, 73
Time on the platform 0, 85 Access
Number of entries 0, 81
Number of comments in ads 0, 67
Number of participations in forums 0, 68 Forums
Number of replies in forums 0, 71
Number of messages sent to colleagues of courses 0, 69 Message
Number of messages sent to professor 0, 72
Number of tasks submitted 0, 84 Resources
Number of resource downloads 0, 79
Source: author elaboration

Table 3: Presents the model's coefficients obtained from the logistic regression
B S.E Wald df Sig Exp(B)

Step 1? FAC1-1 , 028 , 302 0, 32 1 , 642 1, 048
FAC2-1 -, 421 , 210 4, 527 1 , 038 , 735
FAC3-1 -, 518 , 650 3, 154 1 , 147 , 391
FAC4-1 -, 742 , 157 9, 785 1 , 734 , 412
FAC5-1 -, 339 , 231 10, 458 1 , 002 , 618
Constant -, 598 , 198 15, 156 1 , 000 , 612

Source: author elaboration.

Table 4: Presents the odds ratio of the model variables
Odds ratio (OR) Interpretation

FAC2-1 -, 421 For each unit increase in this variable, the probability of failing to not fail decreases 2.38 (1/0, 421) times
FAC3-1 -, 518 For each unit increase in this variable, the probability of failing to not fail decreases 1.93 (1/0, 518) times
FAC4-1 -, 742 For each unit increase in this variable, the probability of failing to not fail decreases 1.35 (1/0, 742) times
FAC5-1 -, 339 For each unit increase in this variable, the probability of failing to not fail decreases 2.95 (1/0, 339) times
Source: author elaboration

The variable that measures the demographic information (FAC1-1) does not reach significative values by what was
excluded from the final model. The level reached by the prediction model was of 67, 4% and the explained variance was
17.3%. The resulting model was:

The  resulting  factors  show  that  have  been study time in line. In short, the tutorials are the most
grouped on the basis of the area to which refers the important element of the teacher student relationship,
variable. since it allows to build relationships that generate

CONCLUSIONS classmates.
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