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Abstract Data Mining is used in different disciplines for search of patterns and
hidden models in databases. It is usually applied in business and marketing ar-
eas. This paper presents a Data Mining application in the superior education
area. The main contributions of this paper are, at first. a set of standard vari-
ables with effect in the academic performance of students, secondly. obtaining
predictive model based on Bayesian Network which determines with 96,55%
the probability of successful semester for students from Department of Informa-
tion Systems, Universidad del Bio-Bio. Chile.
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1 Introduction

Nowadays, of the superior education institutions generate a large amount of informa-
tion related with their students. This information corresponds to data used in the ad-
ministration of superior education organizations, as well as 10 academic backgrounds
and, information of courses among other subjects. This information is relevant in the
strategic decision taking of universities. However. there is a large uncenainty about
depth of knowledge as well as factors which directly affect the academic performance
of students [1]. The formerly mentioned makes complex 10 take policies intended 10
improve teaching/learning and so as reduce the student dropout rate. In fact, it’s
known that 40% of Chilean university students do not complete their studies, which is
mainly attributed to lack of maturity, social and economical problems among other
factors [2]. Even more, statistical data have been found in Chile and Latin America
which demonstrate that careers such as engineering. architecture and Jaws present a
graduation index under or equal 10 30%. Careers like medicine, Dentistry, basic level
education and special education show a graduation index over 69% [3].

On the other hand. the incorporation of Data Mining in the education area is recent.
However. most of the Data Mining applications in the education don't consider all
psycho-social variables which affect the student teaching/learning process. Throug_h
Data Mining application on Information Systems Department students from Universi-
dad del Bio-Bio, factors affecting teaching/leamning process are possible 1o be ob-
tained.

The main contributions of this paper are: first, to obtain set of standard variables
with impact in the academic success and, secondly, a predictive model by using
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Bayesian Networks. Our work is based on CRISP-DM methodology, and SPSS
Clementine and Weka are used to obtain predictive model.

This paper is organized as follow. Section 2 makes factorial analysis of surveys 10
students in order to establish the variables with impact on academic success of stu-
dents. Section 3 presents predictive model through cluster analysis. Finally, section 4
presents conclusions and future works.

2 Obtain Variables with Impact in Academic Success

Data Mining is a tool applied in different areas, such as, DNA Analysis and biomedi-
cal applications [4][5]. industrial sale and marketing [4][6], telecommunications
[4][7). banking processes [4]. financial industry [4] and medicine [8][9], among other
areas. Recently, the education area has been favored with the use of Data Mining
[l][]O][l]][]Z][l3][]4]. )

In Data Mining applications of education area, it is possible to find relationships
between admission tests and the academic success [15]. In [12] a global classification
model is obtained, which assigns the best tutor according to student profiles. In [1)
taxonomy of processes where the students are involved and the specific tools sup-
posed to support these processes is presented. On the other hand, in [5] university
success predictive tool for students entering to the university is presented. This pre-
dictive 100l is based on the use of neural networks.

However, varied factors have impact on academic success and desertion rate. In
[16] a categorization composed by five significant factors affecting desertion is pre-
sented. These factors are classified as psychological, sociological, economical, organ-
izational aspects being interactive between student and the institution. In [17] it is also
possible to find four groups of factors that impact desertion rate of Caribbean and
Latin America students. These are: external factors 1o the superior education system
and own factors of system and institutions, academic performance and personal prob-
lems of students. This categorization includes all the factors with impact in the stu-
dent desertion rate and their academic success.

Nevertheless, the works exposed in [1][10][11][12][13][14] do not consider all the
factors affecting the academic performance and desertion rate of students formerly
mentioned in [16] and [17].

One of the main contributions of this paper is 1o have a number of significant vari-
ables (factors), which impact the performance and academic success of Information
System Department students of the Universidad del Bio-Bio. Chile. However, 1o
reach this purpose, it was necessary 10 look for information from the University cor-
porate databases.

2.1 Obtain Non-available Data

Surveys were carried out to obtain information non available in databases. Five di-
mensional groups of data were established which were later standardized through the
analysis of main components (also well-known as factorial analysis). These dimen-
sions included student data (sex. age, university entrance year, number of subject
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matters renounced. number of failed subject matters and others); Learning and study
techniques of students (data about their individual learning styles, number of hours
dedicated 1o the study. use of the bibliographical material and relevance of group
learning and others): socio-economic aspects (the student's socio-economic informa-
tion), professor and used techniques (information regarding the styles and educational
models applied by professors in their classes): and the use of technological tools for
learning (information about impact of technological tools in the student’s learning).

The sample corresponds to stratified random sample. The population size corre-
sponded 10 614 students from Computing Civil Engineering and Information Comput-
ing Engineering. The number of students interviewed corresponded to 87. Given the
population sample, reliability level used corresponded 10 5%, with a 10% of error.

In order 10 verify feasibility of factorial analysis. Kaiser-Meyer-Olkin (KMO) and
Barlett tests were carried out. KMO test obtained value of 0.6145. On the other hand,
Barlett test, specifically chi- square, the value obtained was 760,303: in freedom de-
grees the value obtained was 253 and. for significance the value obtained was 4308E-
52. These values assure feasibility to carry out analysis [18].

Factorial analysis was made with SPSS Clementine software Eight components
with correlated variables from surveys were found in this factorial analysis. These
eight components represent 70% from total variables. being significant percentage.
These components are in the Table 1 associated with the variables of the dimensional
groups. The components founded are standardized according to the correlatioq of
variables, that is, from highest to lowest. However. components Personal Information,
and Works are available the University database. Therefore. these components won't
be used to obtain models. However. Personal Information component is fundan:!ental
1o carry out mapping between existing data in database and non-available data in da-
tabases in order 10 join both data sources.

Tabla 1. Name of the components related with the dimensional groups

Name of component Dimensional Set

Personal Information Student daita

Time devoted 10 study Learning and study techniques of
Students

Work socio-economic aspecls

Team study or huernet the student's learning and their

study techniques
Use of technological learning
1o0ls
To undersiand the professor's Professor and used techniques
classes (10 learn in the classes)
Interest in the subject matier Learning of Students and their
Study techniques
Professors and techniques used
Auiendance the student's learning and their
. study techniques
Study of guides and from works Professor and used techniques
given by professor
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Other important item obtained from personal surveys was the definition of aca-
demic success. Here. a percentage of 95.34% determined that academic success corre-
sponds to the non failure of subject matters in academic semester. Nevertheless, it is
not possible to appreciate the incidence of the eight components in the definition of
academic success since components only reflect correlations among variables. In or-
der to standardize the incidence of the eight components on the academic success
definition. a second personal survey was carried out. Where preference 1 (the most
relevant component to achieve academic success) was 1o understand the professor's
classes (P1), the second preference corresponds 1o the component Arendance (P2),
the third preference corresponds 10 7ime devoted to study (P3), the fourth preference
corresponds 1o Study of guides (work sheets) and works given by professor (P4), the
fifth preference corresponds 10 Interest in subject matter (P5), and the last preference
corresponds to Study in group or by Internet (P6).

2.2 Data Joining

One of the most effective classifiers, in the sense that its performance is competitive
with state-of-the-art classifier, is so-called Naive Bayes (NB)[21]. NB supposes that
all the attributes are independent known the value of class variable value. Although
this supposition is not very realistic the classifier NB is one of the most usedand com-
petitive classifiers. An example of use of this classifier is for the use against the spam
or mail garbage [22].

The information existing on database corresponds both to Computing Civil Engi-
neering and Information Computing Engineering students. These data correspond to
the years 1998 and 2006. These data correspond 10 Admit Year, Birth Year, Number
of Applications for credit, Number of applications for failed subject matters, Accumu-
Jated transcript’s average. Accumulated Credits, failed subject matters and Renounced
subject matters.

In order 1o meet data from personal surveys with databases information, we pro-
ceeded 10 select a group of similar data among Personal Information, Admit Year,
Birth Year and Failed Subject Matters. This allowed a subset of 180 registrations. Af-
terwards, 87 registrations were randomly selected 10 generate predictive model.

3 Obtain Predictive Model

3.1 Bayesian Networks

Classification is one o the basic tasks in the data analysis patterns recognition. Classi-
fication requires the construction of classifier, which is a function that assigns a class
label to instances described by a set of attributes. The induction of classifiers from
data sets of preclassified instances is a central problem in machine learning. Numer-
ous approaches to this problem, which are based on various functional representations
su]ch as <]iecision trees, decision lists, neural networks, decision graphs and decision
rules [20].
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The Bayesian Networks allow the NB performance improvemenl as well as man-
age the independency assumptions among variables [20]. Bayesian T\.tetworks repre-
sent the qualitative knowledge of a model by means acyclic graph. Th‘ns knowledge is
articulated in the dependence/independence definition among the variables that com-
pose the model. Graphic representation for the model specification malfes the Bayes-
ian Networks 1o be a very attractive 100l for the knowledge representation, where the
representation of knowledge is important aspect of Data Mining [22]. Within the :n?sl
popular classifiers based on Bayesian Networks, we find the Tree Aug_mer?ted Naive
Bayes (TAN). TAN is a NB extension classifier, which seeks 1o maintain the _NB
computing simplicity but trying 1o improve the success rate during the classnﬁcanqn.
So, instead of supposing all the independent variables, certain dependgnces are adn?“-
ted among atiributes. Therefore it is supposed that attributes constitute a Bayesian
Networks with tree form. The advantage of restricting the topology from the net 10 a
tree, is that this structure can memorize easily [20][22]. Another popular classifier is
the Bayesian Network Augmented Naijve Bayes (BAN). BAN possesses the §ame phi-
losophy of the TAN, it proceeds learning a Bayesian Networks for the atiributes ex-

cluding the class and later on by adding the C class variable and edges from C toward
all the attributes is increased.

3.2 Predictive Model

In order 10 predict if a student will reach academic success, nominal variable disap-
proved subject matter has been selected. This variable allows us to predict the disap-
proval of a student per semester. To obtain this predictive model Bayesian Nelworks
has been selected. Bayesian Networks possess several advantages, like thg generation
of a simple analysis model. even more, is one of the most solid theorellcal_focuses
[19]. On the other hand, Bayesian Networks provide more exact model, that is; more
classification tests more robust model in the time. .

In order to generate tests for model, cross validation has been selected since the tu;
plas amount 1o validate model is not big. However, the amount is s:gmﬁcam 10 lo:(a
population. On the other hand. 10 validate mode] the parameters delivered by Weba
have been considered. these parameters are Correclty Classified Instantes, Mean A -
solute Error, Root mean squared error, Relative absolute error and Root relative
squared error. .
P?lgorithm selected for model construction corresponds to the a}gorithm K2 Wlﬂl; '::g
parents. K2 is TAN algorithm extension which allows generation of classifier :._
on Bayesian Networks. On the other hand, K2 has been selecle_d by the understan 138
that gives 10 the model. because TAN generates a classification tree where a n::y ot’
only has a predecessor, while K2 generates a graph. where a node possesses

redecessors.
pTable 2 and Table 3 allow a view of results for K2 algorithm with one father. hKrfz
with two parents, and the TAN algorithm. Here, we can observe that the K2 al]gorﬂos-
with a single father possesses higher percentage of classified instances. It also p -
sesses the lowest absolute relative error and the smallest square relative error. Never
theless, this algorithm has been discarded and we have se]eclefi the _K2 Wll}t: TWOﬁP;’&
ents since resulting model is more descriptive for analysts. Besides, it must be no
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that in obtained model. nodes correspond to all the variables affecting the academic
performance. These are the same variables in Table 1, by adding them the variable
Admit Year, Age. Sex, N¢ of Disapprove Courses Last Semester, Preference 4, Pref-

erence 5. and Preference 6. The nodes number reaches the 19 variables.

By checking models, 84 cases were correctly classified from a total of 87 instances,
and 3 cases were wrongly classified.

On the other hand, classifications summary with 87 cases is possible 1o be obtained
from confusion matrix. Total of 34 classified instances obtained in this matrix were
positive. It means a higher probability to fail in these 34 instances. On the other hand,
a total of 50 instances classified obtained were negative, which indicates the probabil-

ity of not failing.
Tabla 2. Weka Results for the Data Mining Process
Algorithm Description Correctly ~ Mean absolute
Classified  error
Instances
Hill Climber Maximum 97.7011%  0.0547
Parents ]
Hill Climber Maximum 93.1034% 0.0828
. Parents 2
K2 Maximum 97.7011%  0.0547
Parents ]
K2 Maximum 96.5517%  0.0547
Parents 2
TAN 93.1034% 0.0764
K2 Maximum 95.4023%  0.0606
Parents 2.
simulate
BAN
Tabla 3. Weka Results for the Data Mining Process
Algorithm Root Relative Root relative
mean absolute error  squared error
squared er-
ror

Hill Climber 0.1485
Hill Climber 0.2083

K2 0.1363
K2 0.1645
TAN 0.2103

K2 0.1756

11.3012 %
17.1831 %
11.3562 %
11.9203 %
15.8646 %

12.58

30.2492 %
42.4263 %
27.7728 %
33.5125%
42.8381 %
35.7676 %
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4 Conclusions and Future Work

In this paper, we have presented the development of a Data Mining Application in the
Information Sysiem Department of the Universidad del Bio-Bio, Chile. Here, we have
tried to include most of the variables that have influence on the academic success and
in the student desertion rates. For this purpose. we have appealed to non-existing data
in the university database through personal surveys. Later on. this information has
been joined 1o the University database data. Joining these data, a group of eight corre-
lated variables denominated components has been obtained. It is important to delimit
the existing error margin in this procedure for joining data from personal surveys and
databases. However. this procedure is justified since there is no Data warehouse with
every data which affect the student performance and the student retention rate )

Nevertheless, we think it is a good approach of variables affecting the academic
performance of students. Moreover, one of the main contributions of this work is to
have a group of eight standardized variables that have impact in academic success of
Information System Department Students.

On the other hand, predictive model has been obtained, based on Bayesian Net-
works which predicts 96.5517% of probability if a student will reprove some subject
matter in the semester. Nevertheless, we think it is a good approach of variables af-
fecting the academic performance of students. Moreover, one of the main contribu-
tions of this work is 10 have a group of eight standardized variables that have impact
in academic success of Information System Department Students.

On the other hand, predictive model has been obtained, based on Bayesian Net-

works which predicts 96,5517% of probability if a student will reprove some subject
matter in the semester .
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