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ABSTRACT
This paper presents a Genetic Algorithm to optimize a Fuzzy Sets
that model a phenomenon using Two Variables (GAFSP2V). The
Academic Student Performance has been considered as an
application phenomenon that is estimated by the average grade of
the first-semester university that represents the output variable.
The two input variables are: 1) the Average of high School (AS)
and 2) the Aptitude Test (AT). Three fuzzy sets described the above
variable. An individual (solution) is a set of fuzzy sets that are
optimized by using a Genetic Algorithm (GA). The GAFSP2V can
be extended such that more than two input variables can also be
applied in some other areas, i.e., social, economic, and engineering,
just for mentioning a few of them.
Keywords: Genetic Algorithms, Fuzzy Sets, Modeling

RESUMEN
los Conjuntos Difusos que modelan
variables (GAFSP2V).
calificaciones del primer semestre que representan la variable de
salida. Las variables de entrada son: 1) el promedio de procedencia
(AS) y 2) la prueba de aptitud (AT). Cada variable es descrita por
conjunto de conjuntos difusos los cuales son optimizados
empleando
GAFSP2V puede extenderse

Modelado

1. INTRODUCTION
Many techniques related with artificial intelligence
as Fuzzy Logic (FL) [1][2], artificial neural networks
[3], evolutionary algorithms [4][5], expert systems

[6], Etc. are attractive due to its effectiveness in
solving some complex problems in areas of control
[7], engineering [8], optimization [9], linguistic [10],
and others. Academic Performance (AP) is a
complex educational topic due it is a multifactorial
and nondeterministic phenomenon [11]. Also, it is
well known that the administrative policy of any
higher-education institution requires to improve
It is convenient to obtain an AP model that helps to
identify and opportunely take care of some problems
tention [13]. When
academic problems are identified, it can be
facilitated by the activation of institutional support
[14]. The
concept model is defined as a representation of an
object, system, or an idea [15]. In this sense, models
are used in communication, entertainment,
instruction, prediction and experimentation [16]. In
education, some models are used to classify learning
styles [17] that identify the weaknesses of students
on early stages of study [18]. Other approaches focus
on using student models to coordinate the computer
systems that help students, known as intelligent
tutors [19]. GA and FL techniques are used in this
work to obtain an AP model. GA is an evolutionary
algorithm that proposes the use of so
population that is refined. The idea is that the
ancestors can pass the best characteristics to their
descendants from generation to generation [20].
Therefore, is acceptable to think that the GA is
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robust, efficient and effective to solve some complex
problems and achieve optimized solutions [21].
On the other hand, FL has the facility to process
data, according to linguistic variables and degree of
memberships [22]. FL can model imprecise
reasoning and complex systems [23]. Specific
problems are resolved with a hybrid theory like GA
and FL [24] [25]. In this work, an extension of [26]
is presented. The enhancement considers two
variables to describe the AP phenomenon. These
variables know as input variables or explanatory
variables are the AS and the AT.
This work is organized as follows. Section 2
provides the theoretical fundament for the
development of GAFSP2V, and Section 3 describes
the GAFSP2V. An example of the application of
GAFSP2V is showed in Section 4. Finally,
conclusions and future work are presented in Section
5.

simplest and with enough characteristics to describe
the qualifiers u
The
features of the FS are shown in Figure 1. Each FS
has an associated label with it. The membership
function is on the ordinate axis, and it indicates the
degree of membership of x in the FS. The
intersection of FS is defined as [30],

2. BACKGROUND
Below it is presented the most relevant concepts of
the theoretical framework used to address the
problem of modeling. The FL is a type of logic that
allows an approximation of human reasoning
through Fuzzy Sets (FS) and Logical Rules (LR)
[27]. GA addresses the optimization problem [28].

2.2. Genetic Algorithm
GA is a formal approach to the evolutionary concept.
The GA used as a base is presented in [26], and that
is referred here as GAAP. GAAP seeks individuals
whose characteristics make a better description of
the AP phenomenon.
GAAP is described as follows. The initial population
is a set of individuals. Each one of them is a
candidate solution to the search that is done. The
individual that best describes the phenomenon is
searched. The population is updated in each iteration
(generation), and the individuals of the new
population are the best after they are subjected to a
filter that evaluates their adjustment measure. In
each iteration, the individuals are undergoing to the
recombination and alteration of characteristics. The
recombination occurs with the parent individuals
characteristics to generate a child. The modification
of characteristics occurs randomly throughout the
population and creates mutated individuals. Among
the parents, the children, and the mutated
individuals, those with better features are chosen, in
an amount equal to the size of the initial population.
Then, the proportion of the population remains
invariant in each generation.

2.1. Fuzzy Logic
FL, unlike bi-valued logic, is based on the idea that
every statement is valid but with a degree of
membership whose variation is between zero and
one [29]. The description of a variable is done with a
series of FS, where they are associated to a linguistic
label. These labels are qualifiers that involve
possibilistic uncertainty that refers to the fact of
boundaries between the qualifiers related for
describing something that is not well defined. The
FL attends to the statement that there is not a
reasonable number that says when a person is
representation between the qualifier and a degree of
membership for a given value, where trapezoidal and
triangular are most common forms. In this work,
ed because they are the

(1)

Fig. 1. FS Features [32]
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2.3. Adjustment Measurement Function
To make the adjustment measurement the magnitude
of the error, least squares, Etc., can be used. This
type of analysis is also known as a performance
measure or error measurement. In this work, the
Relative Error Magnitude (REM) is used [31],

where
(7)
Each FS has a label associated with it.
(8)

(2)
where MAP is the Measured AP, and the EAP is the
Estimated AP. The average operation is done for the
calculation of REM over multiple registers,

For the FSs proposed in Fig. 2, the medium qualifier
and the big qualifier describe a 60 score on the AT.
The degree of membership for the medium is higher
than the degree of membership for the big.

(3)
where N is the records number.
3. DESCRIPTION OF MODEL AND GAFSP2V
The Model of Academic Performance of student from
Two Explanatory Variables (MAP2V) has been
described previously to facilitate the GAFSP2V
explication.
3.1. MAP2V description
Model MAP2V is defined in general terms as the
model presented in [32],
(4)

The MAP2V is based on I) a set of fuzzy sets with
labels that describe Explanatory Variables (EV) and
AP, and II) a set of logical rules of if-then type.
I) Each variable is described by three
s
distributed in interest range.
(5)

Each FS is described by three parameters,

Fig. 2. FS that describe individual characteristics
[32].
II) EV and the AP are in the antecedent and
consequent of the logical rules, respectively. The
logical rules are generated with statements of the
form,
R1) The student with a small score in the AT and the student with a
small score in the AS have a low AP
R9) The student with a big score in the AT and the student with a
big score in the AS have a high AP

(6)

So, the MAP2V rules are like as,
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R1) if FSAT(small) and FSAS(small) then FSAP (low)
R2) if FSAT(small) and FSAS(medium) then FSAP (low)
R3) if FSAT(small) and FSAS(big) then FSAP(average)
R4) if FSAT(medium) and FSAS(small) then FSAP(low)
R5) if FSAS(medium) and FSAT(medium) then
FSAT(average)
R6) if FSAT(medium) and FSAS(big) then FSAP(high)
R7) if FSAT(big) and FSAS(small) then FSAP(average)
R8) if FSAT(big) and FSAS(medium) then FSAP(high)
R9) if FSAT(big) and FSAS(big) then FSAP(high)

(9)

antecedent and consequent genotype, i.e.,
. This genotype representation is used to
compute the mutation.
The population is defined as,
(13)

Since the rules do not change, different solutions are
available for
variations.
3.2. GAFSP2V description
The algorithm is an extension of [26]. The matrix M
is a member (individual) of the population P, i.e., M
P. Each member M has FSs, which are involved in
rules (9), and it is defined as,

where n is the population size.
The parameters of each fuzzy sets are on a specific
search space, and constraints bound these spaces.
These constraints are convenient because the
convergence could be fast, but this is not strictly
necessary for other problems. The following
description is FSAT's constraints that they are
equivalent for FSAS and FSAP.
(14)

(10)

where, for example,
(11)
Each M is a candidate solution. The M can be as two
blocks of fuzzy sets. In the first, antecedent fuzzy
sets are included. The second has consequent fuzzy
sets, i.e.,
This representation is used
to compute crosses. Then, the genetic representation
(genotype, (G)) has the form,
(12)

The initial population P(0) is randomly ordered
, and this makes sure a cross of features among
the
(15)

In the crossover step, a new population of sons Mc is
generated. Two parents generate two sons. Sons have
genes crossed of the parents as,
(16)

where
|
,
is a specific gene
that has a binary value. The G is represented by

Mc is added to parent population
generates
.

, and it
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(17)

if

is even number
if
is odd number

The mutate step generate a new population of sons
Md that is added to
(18)

The mutation is operated over , and
G. In
this step each M
could be mutated in
and/or
with 0.3 of probability predefined in this
case. Finally, n best individuals are selected from
using the measurement function (2). Here,
the rules (9) are used with each register and they
generated a number. The sum of this numbers (3) is
the indicator to select a new generation P(1) that
have the minimum values. P(0)
reproduced for P(1). The loop procedure stops if the
best individual does not change in eight generations.

FS with the best characteristics to describe MAP2V
are obtained (SMAP2V), Fig. 4. The characterization
of each FS is marked with correspondent numbers.
The numbers are organized in a matrix shown in
each figure in order not to confuse the FS's values.
The SMAP2V exhibits a solution surface (SS) in 3D
space. The SS is the one that best traces the AP
records shown in Fig. 3. Figure 5 shows the SS, and
the point corresponded with the AP obtained using
specific AT and AS values. For example, a student
who has 69 from AS and got 48.4 in AT, then the
real amount of AP is 76.29 (Fig. 3), and the
estimated value is 78.5 (Fig. 5). As it is observed, the
SS presents areas with pronounced slopes. The
above is because there are no records to obtain the
model that are located in those coordinates.

4. APPLICATION CASE
A case where the GAFSP2V is applied is shown.
The data are obtained of a database of a participated
higher education school. Here, 57 registers are got.
Each register has data about a student of his AT, AS,
and AP. For example, one student that has 48.4 in
AT and 69.1 of AS, obtained 76.29 in AP, Fig. 3.
Fig. 4. Optimized FSs of MAP2V
The equation (3) is the criterion that guarantees the
search of the best approximation of the MAP2V to
all the registers (real values) used in it, obtaining in
this case an MMER = 0.0537. Forty five records are
used (different from those shown in Figure 3) to
validate MAP2V and got an MMER = 0.066.
Fig. 3. Data to analysis
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Fig. 5. Solution surface (SS)
5. CONCLUSIONS
The GAFSP2V gives the best FS to describe the AP
phenomenon.
The
performance
indicator
measurement has been improved, although it
penalizes a little on such action using the model
obtained with the test data. The GAFSP2V can be
used in other study areas since the rules can be
expanded and the restrictions of the FSs placed in
GAAP can be modified.
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