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a b s t r a c t
Extraction of biologically-meaningful knowledge is one of the important and challenging tasks in bioinformatics, in particular computational analysis of DNA and protein sequences, in order to identify biological
function(s) and behaviour(s) of newly-extracted sequences. Computational intelligence techniques in
corporation with sequence-driven features have been applied to tackle the problem and help classify different functional classes of the sequences. In order to study this problem, subgroup discovery algorithms
together with a signal processing-based feature extraction method are applied, where the sequences are
represented as a signal. The applicability of this method has been studied through four different Neuraminidase genes of Inﬂuenza A subtypes, H1N1, H2N2, H3N2 and H5N1. The results yielded not only
higher predictive accuracy over these four classes of the proteins but also interpretable rule-based representation of the descriptive model with a signiﬁcantly reduced feature set driven by means of the signal
processing method. Subgroup discovery technique based on evolutionary fuzzy systems is expected to
open new areas of research in bioinformatics and further help identify and understand more focused
therapeutic protein targets.
© 2013 Elsevier B.V. All rights reserved.

1. Introduction
In recent years, decoding the rules that drive biological functions of the proteins directly from the primary structure of a protein
sequence has become a subject of intensive research, one example begin the Basic Local Alignment Search Tool (BLAST) [1]. Signal
processing techniques are also being used in bioinformatics to
extract information that is expected to match protein biological
functions, examples being the Resonant Recognition Model [2–4]
and Complex Resonant Recognition Model [5]. Our study is performed through subgroup discovery (SD) techniques in order to
search for similarities and differences between different subtypes
of Inﬂuenza A, from the proteins based on features extracted from
signal processing techniques. These results can then help to understand these subtypes of proteins in the pharmacological industry.
Signal processing techniques can generate large amounts of data
which can be related to protein biological functions. The Resonant Recognition Model and Complex Resonant Recognition Model
is only one technique that tries to identify which of the features
extracted are related to the protein biological function. A new
method is needed that is able to identify all the useful features that

∗ Corresponding author. Tel.: +34 953 211956; fax: +34 953 212472.
E-mail address: ccarmona@ujaen.es (C.J. Carmona).
1568-4946/$ – see front matter © 2013 Elsevier B.V. All rights reserved.
http://dx.doi.org/10.1016/j.asoc.2013.04.011

can be related to the characterisation of Inﬂuenza A virus problem
and discarding any ineffective or noisy data. For this problem, SD
[6,7] may be suitable because it could determine whether a feature
or a set of features extracted from protein sequences using signal
processing techniques can be used to characterise different protein
classes.
The SD data mining task is somewhere halfway between predictive and descriptive induction and its objective is to ﬁnd
interpretable rules to describe unusual relationships in the data.
Among the bibliography different SD algorithms applied to bioinformatic problems can be found [8–10] (speciﬁcally in cancer
environment). These problems were characterised by a high dimensionality with respect to the number of variables (between 7000
and 22,000), and a low number of examples (not more than 200
examples). In these papers, a good behaviour of the SD algorithms
in solving bioinformatic problems was presented, where novelty
and interpretable models were obtained.
Interpretability is a key factor for the SD algorithm where partial
relations with unusual and interesting behaviour instead of complete relations are more interesting for their simplicity. To do so, SD
algorithms allow to obtain knowledge that let us to better understand the problem under study. These algorithms tend to discard
non-relevant information, and although the primary objective of
any SD algorithm is not to predict but to describe, the obtained
rules are usually very accurate so they can be used to classify. These
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properties make it interesting to apply SD techniques for the classiﬁcation and characterisation of inﬂuenza A virus problem. In the
specialised bibliography of SD different approaches can be found
as can be observed in the review [11]. However, for this problem,
with a high number of features, the SD algorithms based on evolutionary fuzzy systems (EFSs) [12] have special relevance specially
for the use of fuzzy logic [13] and genetic algoritms [14] which
gives a high interpretability capacity and efﬁciency in the search
process. Using EFS for SD task has shown good results for problems
with large number of variables and for this reason, Inﬂuenza A virus
experts consider that SD algorithms based on EFSs could provide
useful information to the problem. Within the EFSs for SD, different
algorithms can be found SDIGA [15], MESDIF [16] and NMEEF-SD
[17], which have been applied in different real-world applications
like medicine [18] or e-learning [19] showing their good behaviour.
In addition, due to the nature of the problem, experts in the analysis of the Inﬂuenza A virus consider that EFSs could provide new
information to the problem.
In this paper, an exhaustive experimental study with the
NMEEF-SD algorithm is presented for the problem due to the
remaining EFSs for SD obtain results with low quality. The study
is tackled from two different perspectives. On the one hand, a complete study from the point of view of the SD task is performed to ﬁnd
the best parameters employed for the algorithm to solve the problem with respect to interpretability, novelty and precision. On the
other hand, a predictive analysis is performed to show the ability
of the NMEEF-SD algorithm to classify new proteins in the different virus studied. Finally, the model obtained by the NMEEF-SD
with the complete data set is presented in order to show the more
representative subgroups for the Inﬂuenza A virus problem.
The paper is organised as follows: Section 2 presents the
Inﬂuenza A Virus protein sequences, Section 3 describes the signal processing methods used to extract protein related features,
Section 4 describes the SD problem, Section 5 presents the characteristics of the SD algorithm used and the main contributions of
this algorithm to the Inﬂuenza A virus problem, Section 6 shows
the experimental study which examines the problem from two
perspectives: descriptive and predictive. Finally, some concluding
remarks are outlined in Section 7.
2. Protein sequences
Inﬂuenza A virus belongs to the Orthomyxoviridae family of
viruses and can affect mainly birds and some mammals. The
Inﬂuenza A virus genome consist of eight single genes; the hemagglutinin (HA) gene, the neuraminidase (NA) gene, the nucleoprotein
(NP) gene, the matrix proteins (M) gene, the non-structural proteins
(NS) gene and three RNA polymerase (PA, PB1, and PB2) genes.
Human pandemic outbreaks sometimes occur when Inﬂuenza A
virus’ are transmitted from wild birds to domestic poultry. During the twentieth century three major Inﬂuenza A pandemics were
recorded, caused by H1N1, H2N2, and H3N2 viruses. In addition
H5N1 virus is considered as a current pandemic threat. For this
analysis four different subtypes of Inﬂuenza A virus Neuraminidase
gene were used as this is the target for current antiviral drugs,
called neuraminidase inhibitors [20]. For Inﬂuenza A subtypes 200
H1N1 NA proteins from 2009, 76 H2N2 NA proteins from the period
1957–1968, 200 H3N2 NA proteins from the period 1968–2000 and
70 H5N1 NA proteins from the period 2005–2009 were collected
from the Inﬂuenza Virus Resource data set [21]. The relationship of Inﬂuenza A subtypes with respect of the NA gene is the
following:
• H1N1 from 2009 is the result of reassortment between the
Eurasian H1N1 Inﬂuenza A swine virus and the H1N2 swine virus

Table 1
Average percent identity.

H1N1
H2N2
H3N2
H5N1

H1N1

H2N2

H3N2

H5N1

93%
42%
40%
83%

–
96%
86%
43%

–
–
94%
41%

–
–
–
96%

[22]. H1N1 retains the NA gene from the Eurasian H1N1 Inﬂuenza
A swine virus.
• H2N2 from the period 1957–1968 is the result of reassortment
between existing human H1N1 and avian H2N2 viruses [22].
H2N2 retains the NA gene from the avian H2N2 virus.
• H3N2 from the period 1968–2000 is the result of reassortment
between circulating human H2N2 and avian H3 viruses [22].
H3N2 retains the NA gene from the human H2N2 virus.
• H5N1 from the period 2005–2009 was created by combining various Inﬂuenza A subtype virus’ [23], where H5N1 retains the NA
gene from the avian H1N1 virus.
Percentage identity is a measurement used to determine the
similarity between protein sequences. By using CLUSTALW, a freely
available online tool [22], pairwise percent identity of all the subtype Inﬂuenza NA genes was calculated. Table 1 shows the average
percentage identity between all the classes.
As Table 1 shows, the percent identity within each individual
Inﬂuenza subtype class is very high with 93%, 96%, 94% and 96% for
H1N1 NA, H2N2 NA, H3N2 NA and H5N1 NA Inﬂuenza A subtypes.
In contrast to the individual class, percent identity from different
classes may vary signiﬁcantly with high average percent identity
of 83% between H1N1 and H5N1 and 86% between H2N2. Very low
average percent identity was determined between H1N1 and H2N2
with 42%, H1N1 and H3N2 with 40%, H5N1 and H2N2 with 43%, and
ﬁnally H5N1 and H3N2 with 41% average percent identity.
3. Signal processing for protein sequence analysis
Using digital signal processing techniques the goal is to extract
information that can be related to biological functions of proteins.
Various methods have been used in bioinformatics for analysing
protein sequences in recent years where one of the most common
methods is the Resonant Recognition Model [2–4] and Complex Resonant Recognition Model [5]. Previous studies [24] used
Inﬂuenza A subtypes to analyse the HA gene with the resonant
recognition model aiming to identify new therapeutic targets for
drug development by better understanding the interaction of the
Inﬂuenza virus and its receptors.
In contrast to previous studies, the analysis was performed
directly on the absolute spectrum which derives by applying Discrete Fourier Transform (DFT) to each numerically encoded protein
sequence. Electron-ion interaction potential (EIIP) [25,26] amino

Table 2
EIIP values.
Amino acid

EIIP

Amino acid

EIIP

Leu
Ile
Asn
Gly
Glu
Val
Pro
His
Lys
Ala

0.0000
0.0000
0.0036
0.0050
0.0057
0.0058
0.0198
0.0242
0.0371
0.0373

Tyr
Trp
Gln
Met
Ser
Cys
Thr
Phe
Arg
Asp

0.0516
0.0548
0.0761
0.0823
0.0829
0.0829
0.0941
0.0946
0.0959
0.1263
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acid index as shown in Table 2 is used to express protein sequences
in order to numerical sequences to be able to apply DFT.
3.1. Preprocessing the protein sequences
By applying pre-processing techniques to the signals such as
zero-padding and windowing studies have shown that the features
extracted from signal processing techniques can be inﬂuenced [27].
Before applying DFT to the protein sequences, zero-padding and
windowing, used in signal processing needs to be considered.
The ﬁrst technique under investigation is the windowing where
a pre-calculated window is multiplied to the encoded numerical
sequences in order to reduce spectral leakage. For this study, the
Hamming window [28] is selected, and can be computed using Eq.
(1).
w = 0.54 − 0.46cos

 2(N − 1) 
N−1

(1)

The second technique under investigation is the zero-padding
[29,30] where to order to increase signal length a number of zero
elements are supplemented to the end of individual sequence. This
practice is necessary as the given protein sequences may not have
the same length.

Fig. 1. Models obtained with different data mining approaches for the same data
set.

4. Subgroup discovery
SD [6,7] is a broadly applicable data mining task aimed at discovering interesting and relevant relationships between properties
of a data set with respect to a speciﬁc property which is of interest
to the user.
The following subsections present the main elements and properties of SD: Section 4.1 presents an introduction to SD task and
Section 4.2 shows the utility of the EFSs in solving the SD problem.
4.1. Introduction to the subgroup discovery task

3.2. Discrete Fourier transform
The concept of SD was initially introduced by Kloesgen [6] and
Wrobel [7]. It can be deﬁned in this way [31]:

The Discrete Fourier transform (DFT) is deﬁned as follows:
X(n) =

N−1


x(m)e−j(2/N)nm ,

n = 1, 2, . . . , N/2

(2)

m=0

where x(m) is the mth member of the numerical series, N is the
total number of points in the series, and X(n) are coefﬁcients of the
DFT. The following formula determines the maximal frequency in
the spectrum:
F=

1
2d

(3)

where F is the maximal frequency of all signals and d is the
distance between points of the sequence.
If it is assumed that all points of the sequence are equidistant
with distance d = 1 then the maximum frequency in the spectrum
can be found as F = 1/2(1) = 0.5. This indicates that the frequency
range does not depend on the number of points in the sequence
but only on the resolution of the spectrum. The output of DFT is a
complex sequence and can be represented as follows:
X(n) = (R(n) + I(n)j),

n = 1, 2, . . . , N/2

(4)

where R(n) is the real part of the sequence and I(n)j the Imaginary part.
The ﬁnal step is calculating absolute spectrum from DFT complex sequence, which can be formulated as follows:



2

Sa (n) = X(n)X ∗ (n) = X(n) ,

n = 1, 2, . . . , N/2

(5)

where Sa is the absolute spectrum for a speciﬁc protein, X(n) are
the DFT coefﬁcients of the series x(n) and X * (n) are the complex
conjugate. Next Eq. (6) is used to scale absolute spectrum:



V=

L
C (n)
n=0 a

L

(6)

where L is the number of points in the Absolute (Sa ) spectrum.
For the analysis of Inﬂuenza A virus proteins, as the sequences
have different lengths zero-padding was used to extend all protein
sequences to N = 512; thus the output of absolute spectrum (Eq. (5))
is 256 features.

“In subgroup discovery, we assume we are given a so-called population of individuals (objects, customer, . . .) and a property of
those individuals we are interested in. The task of subgroup discovery is then to discover the subgroups of the population that
are statistically “most interesting”, i.e. are as large as possible
and have the most unusual statistical (distributional) characteristics with respect to the property of interest.”
Hence the main property is the search for relationships between
a group of variables with respect to a target variable, where the
objective is the extraction of partial relationships with unusual and
interest behaviour instead of complete relations.
An induced subgroup can be represented by a rule (R):
R : Cond

→

Class

where Class is a value for the variable of interest for the SD task,
and Cond is commonly a conjunction of features (attribute-value
pairs) which is able to describe an unusual statistical distribution
with respect to the Class.
SD is somewhere halfway between predictive and descriptive
induction and it is differentiated from classiﬁcation techniques
basically because SD attempts to describe knowledge for the data
while a classiﬁer attempts to predict it. Furthermore, the model
obtained by a SD algorithm is usually simple and interpretable,
while that obtained by a classiﬁer is usually more complex and
precise.
As can be observed in Fig. 1 the model obtained by the classiﬁer
– Fig. 1(a) – is more complex than the model obtained by the SD
approach – Fig. 1(b) –. In addition, the accuracy of the classiﬁcation
model is greater than the accuracy obtained by the SD model, but
with respect to the interpretability the best results are obtained by
the SD model. In conclusion, a SD algorithm obtains simple models
for describing unusual and signiﬁcant behaviour of the data with a
good level of accuracy.
The election of quality measures is one of the most important
elements in order to apply a SD algorithm [32]. Throughout
the literature there was an absence of consensus with respect
to the use of quality measures in SD, for example in [6,33–35]
authors used different quality measures in order to analyse SD
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algorithms. However, in [11] an overview of the quality measures
used throughout the literature are presented with respect to the
characterisation of them, i.e. considering deﬁnitions presented and
properties desired by SD algorithms, an approach must satisfy:
interpretability, novelty and good relation between sensitivityconﬁdence. Therefore, in this paper the following quality measures
are used in order to analyse quality of the algorithms employed:
• Sensitivity [6] is used to quantify the quality of individual rules
according to the individual patterns of interest covered. This is
a measure with characteristics of precision and generality and it
can be computed as:
Sens(R) =

tp
tp
=
tp + tn
Pos

(7)

where tp are the examples correctly classiﬁed, and Pos are the
examples of the Class speciﬁed by the rule.
• Unusualness [36], which attempts to obtain a tradeoff between
generality, interest and precision in the results, and can be computed as:
Unus(R) =

tp + fp
·
ns

 tp

tp + fp

−

Pos
ns



(8)

where fp are the examples incorrectly classiﬁed, and ns are the
examples of the data set.
• Conﬁdence [37] measures the relative frequency of examples
satisfying the complete rule among those satisfying only the
antecedent. In this paper one modiﬁed conﬁdence measure for
fuzzy rules, Fuzzy Conﬁdence [15] is used, which computes the
conﬁdence for fuzzy subgroups. It is deﬁned as:



FCnf (R) =

E k ∈E/E k ∈Class



E k ∈E

APC(E k , R)

APC(E k , R)

(9)

where APC (Antecedent Part Compatibility) is the degree of
compatibility between an example and the antecedent part of
a fuzzy rule, i.e. the degree of membership for the example to
the fuzzy subspace delimited by the antecedent part of the rule
and Ek is a set of examples, where Class is the value of the target
variable for the example Ek (i.e. the class for this example).
• Signiﬁcance [6] which indicates the signiﬁcance of a ﬁnding, if
measured by the likelihood ratio of a rule, and it can be computed
as:
Sign(R) = 2 ·

nc

k=1

tpk · log

tpk
Posk · (tpk + fpk )/(ns )

(10)

where nc is the number of Classes to study. It must be noted that
although each rule is for a speciﬁc Class, the signiﬁcance measures the novelty in the distribution impartially, i.e. signiﬁcance
of a rule is calculated for all values of the Class although rule is
obtained for one value of the Class.
With this group of measures and the study of interpretability of
the subgroups obtained the quality of a SD model can be calculated
and analysed in a correct and quantiﬁable way.
4.2. The use of evolutionary fuzzy systems to ﬁnd unusual
relations in the characterisation of Inﬂuenza A virus
Different studies aiming to solve real problems using classical SD approaches in the bioinformatic domain [8–10] have been
presented throughout the literature. More speciﬁcally, the main
objective of these studies were to obtain gene expression subgroups
in order to detect diagnoses related to the cancer. Bioinformatic
domains are characterised by the high dimensionality of the data
set where a wide number of variables and a low number of instances

can usually be found. This high dimensionality characteristic is a
problem when we are trying to obtain accurate and precise models
for the algorithms, and in general the models obtained have a high
number of rules and variables, making it difﬁcult to describe the
data correctly. In this case, the SD algorithms obtain simple rules
with a high level of precision and accuracy. This property makes
them very suitable for solving the characterisation of Inﬂuenza
A virus. A large number of algorithms can be observed in the
literature for SD: algorithms based on classiﬁcation approaches,
algorithms based on association approaches and evolutionary algorithms. However, in this paper EFSs are used because:
• All variables are real and in this situation the fuzzy sets lets us
represent knowledge in an intuitive way and closer to human
reasoning, which makes knowledge extracted and represented
in the rules – in this case, fuzzy rules – more interpretable.
• The huge dimensionality of the data is a problem for algorithms
such as Apriori-SD or CN2-SD, and it is impossible to obtain
results with them. SD algorithsm based on EFSs can handle these
kind of problem properly.
EFSs are basically fuzzy systems augmented by a learning
process based on evolutionary computation [12], which includes
genetic algorithms, genetic programming and evolutionary strategies, among other evolutionary algorithms [38].
Fuzzy systems are one of the most important areas for the application of the fuzzy set theory [13]. Usually these systems consider a
model structure in the form of fuzzy rules. The use of these systems
in the algorithms avoids the need to perform a previous discretisation to analyse the data, because this previous step could lead to a
loss of information in the model obtained. Furthermore, the interpretability of the rules is improved because the experts can study
the behaviour of different properties of the problem with linguistic labels such as Low, Normal or High, depending on the deﬁnition
of the problem, instead of numbers or intervals. Within the specialised literature a wide number of papers related to the use of
fuzzy logic can be observed such as [39–41].
On the other hand, evolutionary algorithms [42] imitate the
principles of natural evolution in order to form searching processes. The most widely used are the genetic algorithms which
are inspired by natural evolution processes [43]. This type of algorithms has solved different problems in real domains, for instance
in satisﬁability problems [44], in multi-depot homogenous locomotive assignment with time windows [45], in problems of minimum
energy broadcast in wireless ad hoc networks [46] or for improving
prediction accuracy in gene classiﬁcation [47], among others.
As we mentioned previously, there are different EFSs for solving SD task: SDIGA [15], MESDIF [16] and NMEEF-SD [17]. Despite
the good behaviour of this group of algorithms in resolving the
SD problem, in this paper the NMEEF-SD algorithm is employed
because
• it is a novel approach which obtains signiﬁcant and accurate
results, and
• MESDIF and SDIGA obtain results with low quality in previous
analysis performed in this problem.
In the following section the main properties of the NMEEF-SD
algorithm are shown.
5. NMEEF-SD: Non-dominated Multi-objective Evolutionary
algorithm for Extracting Fuzzy rules in Subgroup Discovery
NMEEF-SD [17] is an EFS whose objective is to extract descriptive fuzzy and/or crisp rules for the SD task, depending on
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Very Low
1.0

Low

Medium

High

Very High

0.5

0.0

1.0

Fig. 2. Example of fuzzy partition for a continuous variable with ﬁve labels.

the type of variables present in the problem. It is based on a
multi-objective approach, the NSGA-II [48] algorithm, which is a
computationally fast multi-objective evolutionary algorithm based
on a non-dominated sorting approach, and also on the use of
elitism.
Below in Section 5.1 the most important properties of the algorithm are detailed, and ﬁnally in Section 5.2 the contribution of
NMEEF-SD to the problem of the Inﬂuenza A virus Subtype protein
can be observed.
5.1. Main properties of the algorithm
In NMEEF-SD algorithm fuzzy logic is used to represent the continuous variables. This use of linguistic variables allows us in data
mining processes to use numerical features without the need to
increase the interpretability of the extracted knowledge through
discretisation. The continuous variables are considered linguistic,
and the fuzzy sets corresponding to the linguistic labels can be
speciﬁed by the user or deﬁned by means of a uniform partition,
if the expert knowledge is not available. Due to the absence of
knowledge related to the discretisation provided by the experts,
uniform partitions with triangular membership functions are used,
as shown in Fig. 2 for a variable with ﬁve linguistic labels such as
{Very Low, Low, Medium, High, Very High}, which could be represented as Xm : {LL1m , LL2m , LL3m LL4m LL5m }, too. In this paper, NMEEF-SD
has been employed with different number of linguistic labels in
order to study and analyse the results obtained.
With respect to the representation of the rule, NMEEF-SD
employs the “Chromosome = Rule” approach, where only the
antecedent is represented in the chromosome and the consequent
is preﬁxed to one of the possible values of the target feature in the
evolution. The algorithm must therefore be executed as many times
as the number of different values the target variable contains. It uses
an integer representation model with as many genes as variables
contained in the original data set without considering the target
variable. Thus the set of possible values for the categorical features
is that indicated by the problem, and for numerical variables it is
the set of linguistic terms determined heuristically or with expert
information.
Therefore, a fuzzy rule describing a subgroup is represented as:
R : If X1 is Low1 and X7 is Medium7 then Classj
considering the following:
• {Xm /m = 1, . . . , nv } is a set of features used to describe the subgroups, where nv is the number of features. These variables can
be categorical or numerical.
• {Classj /j = 1, . . ., nc } is a set of values for the target variable, where
nc is the number of values.
In the multi-objective approach, the quality measures considered as objectives in the evolutionary process are selected
depending on the nature of the problem to solve. In this paper,
NMEEF-SD uses Sensitivity (Eq. (7)) and Unusualness (Eq. (8)) as
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Generate the initial (parents) population
while (numberofevaluations) is not reached do
Generate offspring population
Join the parent and offspring population in a combined one
Generate all non-dominated fronts of the combined population
if Pareto front (Front 1) evolves then
Apply NSGA-II evolution
else
Apply Re-initialisation Based On Coverage
end if
end while
Return the individuals of the Pareto front which reach a fuzzy
confidence threshold
Fig. 3. Operation scheme of NMEEF-SD algorithm.

objectives. These quality measures are employed because both
measures have precision and generality features and Unusualness
also provides interest to the process of rules extraction (these properties are analysed in the review [11]). With respect to the set of
rules extracted, NMEEF-SD returns Pareto ﬁltered with respect to a
minimum conﬁdence threshold (deﬁned as parameter), i.e. NMEEFSD obtains a Pareto for a value of the Class where the individuals
(rules) are ﬁltered through a value of conﬁdence. With the application of this ﬁlter, only rules with high conﬁdence are considered.
This set of rules can be provided to the expert to describe and characterise this vale for the class. In the Inﬂuenza A virus problem the
objective is to obtain rules to describe and predict all the class values. For this reason the NMEEF-SD algorithm is executed for all the
class values and the ﬁnal rule set (and so classiﬁcation system) is
the union of fuzzy rule set obtained for each class value (that is, the
fuzzy rules in Pareto which exceed the conﬁdence threshold).
A single operation scheme of the NMEEF-SD algorithm can be
observed in Fig. 3. A complete description for the algorithm can be
found in [17].
5.2. Contribution of the NMEEF-SD algorithm to the Inﬂuenza A
virus problem
The main drawback of the classiﬁers in solving the bioinformatic
problem is in general the lack of interpretability for the models
obtained, because these models are extracted with accuracy as the
main objective and the majority of situations are complex and use
a wide number of variables to describe the different classes of the
data set. In this way it is very difﬁcult for the experts to analyse and
understand the behaviour of the different classes studied.
However the SD algorithms extract very simple and interpretable models where only some rules with a low number of
variables for each class are obtained. The use of the NMEEF-SD algorithm in this problem also facilitates the analysis to the experts
because it uses linguistic labels in all the variables of the data set.
The search for unusual and interesting rules for the SD algorithms is another advantage provided by the NMEEF-SD algorithm.
The use of unusualness (Eq. (8)) and sensitivity (Eq. (7)) as objective
vectors in the multi-objective approach also provides a maximisation, not only for these measures but also for other measures in SD
such as signiﬁcance and conﬁdence, because unusualness and sensitivity have precision, novelty and generality properties in their
deﬁnitions. Therefore, NMEEF-SD contributes to the extraction of
novelty and signiﬁcance as well as knowledge about relationships
between the properties of the problem and different types of the
Inﬂuenza A virus.
Finally, the NMEEF-SD algorithm can be also studied as a
classiﬁer to see the behaviour of the algorithm in predicting new
protein sequences introduced into the data set. Thus the experts
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Table 3
Parameters for the NMEEF-SD algorithm.

studied in the problem, incorporating an exhaustive analysis of
the subgroups extracted.

Parameters employed by the NMEEF-SD algorithm
Population size=50, Evalutions = 10000, Crossover probability=0.60,
Linguistic labels = 3, 5, 7 and 9, Mutation probability=0.1,
Re-initialisation based on coverage (50% of biased), Minimum
conﬁdence = 0.2, 0.4 and 0.6, and Representation of the rule = Canonical

can distinguish different groups of proteins with simple and single
rules, obtained to enable the experts to evaluate the data through
an exhaustive description of the problem.
6. Experimental study
The main objective of this paper is to ﬁnd unusual and interesting relationships among different proteins in the Inﬂuenza
A virus problem with respect to the different classes of these
virus. Within these relationships different similarities/differences
between several subtypes of the Inﬂuenza A virus can give the
experts information to understand these subtypes of virus. The
problem is analysed and studied with a SD approach, the NMEEF-SD
algorithm.
As mentioned above, the problem has a high dimensionality and
is composed of 256 features and 546 proteins sequences, where the
proteins are distributed in the classes with 200 for class H1N1, 76
for H2N2, 200 for H3N2 and 70 for class H5N1.
All features used have a real domain and are therefore continuous features, i.e. 256 continuous variables. The NMEEF-SD
algorithm considers the continuous variables as linguistic fuzzy
variables with fuzzy logic. More speciﬁcally, as mentioned above,
in this paper uniform partitions with triangular membership functions are used.
The parameters employed by the NMEEF-SD are presented in
Table 3.
Due to the non-deterministic nature of the NMEEF-SD, the algorithm is executed ﬁve times for each data set with a 5-fold cross
validation. In this way, the results shown are the average of the
results obtained for each data set for the different executions, i.e.
the average of the 25 executions. Therefore, the following average
results in the experimental study in the tables can be observed:
the number of linguistic labels employed, the minimum conﬁdence
threshold used (MinCnf ), number of rules (Rules), number of variables (Vars), signiﬁcance (SIGN), unusualness (UNUS), sensitivity
(SENS) and conﬁdence (CONF).
The experimental study is divided into two subsections: First,
in Section 6.1 the results obtained by the NMEEF-SD algorithm are
studied from several points of view: SD analysis and predictive
analysis. Finally, in Section 6.2 a descriptive analysis is performed
for the complete data set with respect to the different classes

6.1. Analysis of the results obtained by the NMEEF-SD algorithm
Due to the complexity of the problem and the absence of knowledge by experts about the discretisation for the features in this
problem, it is necessary to use different numbers of linguistic labels
and minimum conﬁdence thresholds in order to ﬁnd the conﬁguration of the algorithm which obtains the best results. Therefore in
this experimental study 3, 5, 7 and 9 linguistic labels are studied
with different minimum conﬁdence thresholds for each one (0.2,
0.4 and 0.6).
In this way the NMEEF-SD algorithm is executed 25 times for
each combination of parameters, and the average is shown for each
row in Table 4. The best results for each quality measure are highlighted.
In Table 4 the best results are obtained with the use of 3 linguistic
labels and more speciﬁcally with the use of a minimum conﬁdence
threshold of 0.6, as can be observed. However, the number of rules
obtained is lower than the number of classes analysed in the data
set, which indicates that there is some class without rules. An analysis of the subgroups extracted by the algorithm for each class with
3 linguistic labels is presented in Table 5, where all rules extracted
in the cross validation are represented. In this way is tested the
obtaining of rules for all values of the class.
As mentioned previously in the analysis of Table 4 and with the
results shown in Table 5, the number of subgroups obtained for a
minimum conﬁdence threshold of 0.6 indicates that there are not
enough subgroups to describe all the classes. This is because the
conﬁdence threshold is too high to obtain good results in all the
classes. Therefore, the results obtained in this conﬁguration must
be discarded.
In summary, the best results obtained for the NMEEF-SD
algorithm are obtained with 3 linguistic labels and minimum conﬁdence of 0.2 and 0.4. To complete this statement, an analysis related
to the SD task for each class in these conﬁgurations is presented
below:
• The subgroups obtained for Class H1N1 have a high interpretability because the number of variables is low; in general the
subgroups obtained have less than 3 variables (considering class
as a variable too). The values for signiﬁcance and unusualness are
the highest with respect to the values obtained in the remaining
class. Furthermore, the relationship between sensitivity and conﬁdence is very good because the algorithm obtains subgroups
where all the protein sequences for the class are covered and the
conﬁdence is close to 85%.

Table 4
Results obtained for the NMEEF-SD algorithm in the experimental study for the Inﬂuenza A virus problem.
LLs

MinCnf

Rules

Vars

SIGN

UNUS

SENS

CONF

3

0.2
0.4
0.6

4.60
3.80
2.60

2.79
2.65
2.73

57.945
61.653
66.967

0.153
0.174
0.190

1.000
1.000
1.000

0.747
0.811
0.849

5

0.2
0.4
0.6

3.40
3.00
2.20

2.13
2.17
2.10

47.628
50.925
54.155

0.125
0.134
0.148

0.990
0.992
1.000

0.708
0.767
0.807

7

0.2
0.4
0.6

3.00
2.40
1.60

2.28
2.42
2.37

47.832
47.094
52.038

0.110
0.113
0.127

0.963
0.939
0.938

0.760
0.854
0.911

9

0.2
0.4
0.6

1.60
1.40
0.60

2.00
2.00
0.80

40.257
39.211
17.191

0.092
0.099
0.048

0.952
0.944
0.378

0.585
0.631
0.394
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Table 5
Results obtained for the NMEEF-SD algorithm for each class in the experimental study for the Inﬂuenza A virus problem with 3 linguistic labels.
MinCnf

Class

Rules

Vars

SIGN

UNUS

SENS

CONF

0.2

H1N1
H2N2
H3N2
H5N1

8.00
5.00
6.00
5.00

2.88
3.20
2.50
2.60

69.868
44.562
64.036
44.907

0.199
0.101
0.178
0.102

1.000
1.000
1.000
1.000

0.849
0.543
0.812
0.717

0.4

H1N1
H2N2
H3N2
H5N1

8.00
3.00
5.00
3.00

2.88
2.33
2.40
3.00

69.868
41.860
67.831
45.190

0.199
0.107
0.193
0.104

1.000
1.000
1.000
1.000

0.849
0.601
0.835
0.768

0.6

H1N1
H2N2
H3N2
H5N1

7.00
0.00
5.00
1.00

3.00
0.00
2.40
3.00

70.349
0.000
67.831
44.923

0.202
0.000
0.193
0.101

1.000
0.000
1.000
1.000

0.867
0.000
0.835
0.867

Table 6
Predictive results obtained by the NMEEF-SD algorithm with 3 linguistic labels and a minimum conﬁdence of 0.2 for the Inﬂuenza A virus problem.
Class
H1N1
H2N2
H3N2
H5N1

H1N1
0.975 ± 0.055
0.000 ± 0.000
0.000 ± 0.000
0.271 ± 0.424

H2N2
0.000 ± 0.000
0.799 ± 0.413
0.132 ± 0.086
0.000 ± 0.000

• For Class H2N2 the subgroups with the lowest number of variables are obtained, so the interpretability is excellent. The values
of signiﬁcance and unusualness are also high considering that this
class has a low number of protein sequences. The level of sensitivity obtained by the subgroups extracted is the maximum and
the conﬁdence value is good because the subgroups exceed 60%.
• In Class H3N2 the best subgroups are obtained together with Class
H1N1s, where the interpretability and the values of signiﬁcance,
unusualness, sensitivity and conﬁdence are very high.
• Class H5N1 is the class with the lowest number of protein
sequences. In spite of this problem, the results of sensitivity and
conﬁdence are very interesting because the subgroups cover the
total examples of the class with a good level of conﬁdence (more
than 70%). The results for the signiﬁcance and unusualness are
also very high.

Despite the fact that the objective of the NMEEF-SD algorithm
is to obtain general and unusual rules to describe interesting relationships between the properties of the proteins with respect to
different types of virus, the algorithm also has good behaviour as a
classiﬁer, as can be observed in the following analysis.
Table 6 shows the confusion matrix for the accuracy of the model
extracted by the NMEEF-SD with three linguistic labels and a minimum conﬁdence threshold of 0.2, and Table 7 shows the confusion
matrix of the model with the same linguistic labels and 0.4 of
minimum conﬁdence. The results presented in both tables are the
average of the 5-fold cross validation and the standard deviation
for each one.
The total accuracy for the complete data set is of 0.872 ± 0.051
for Table 6, and 0.797 ± 0.069 for Table 7. As can be observed in
this study, the model extracted by the NMEEF-SD algorithm obtains

H3N2
0.000 ± 0.000
0.201 ± 0.413
0.868 ± 0.086
0.000 ± 0.000

H5N1
0.025 ± 0.055
0.000 ± 0.000
0.000 ± 0.000
0.729 ± 0.424

good precision for classifying new examples, although the objective
of the algorithm is not to obtain a classiﬁer but rather a set of fuzzy
rules which describe knowledge about the problem and where
the conﬁguration of the algorithm with 0.2 minimum conﬁdence
threshold obtains the best results. In conclusion, NMEEF-SD shows
the good behaviour of the SD algorithms in searching for unusual
and novel relationships in real world applications and their excellence as classiﬁers, more speciﬁcally in relation to the Inﬂuenza A
virus. Moreover, the behaviour shown for the algorithm gives the
experts suitable information to study this virus from other points
of view. The main property of the algorithm is a high interpretability (low number of variables used among the total number) which
facilitates the analysis. A speciﬁc analysis for each subtype of virus
can be observed below:
• For H1N1 subtype class the average accuracy is 0.965±0.055
where the misclassiﬁed proteins were the same as H5N1.
• For H2N2 subtype class the average accuracy is 0.799±0.413
where the misclassiﬁed proteins were the same as H3N2.
• For H3N2 subtype class the average accuracy is 0.868±0.086
where the misclassiﬁed proteins were the same as H2N2.
• For H5N1 subtype class the average accuracy is 0.729±0.424
where the misclassiﬁed proteins were the same as H1N1.

This analysis shows a strong correlation between the features
extracted from the protein sequences using absolute spectrum and
protein percentage identity between classes, as shown in Table 1.
Only subtype classes that present high percentage identity between
them as H1N1 with H5N1 subtype (83%) and H2N2 with H3N2
subtype (86%) were partially misclassiﬁed.

Table 7
Predictive results obtained by the NMEEF-SD algorithm with 3 linguistic labels and a minimum conﬁdence of 0.4 for the Inﬂuenza A virus problem.
Class
H1N1
H2N2
H3N2
H5N1

H1N1
0.975 ± 0.056
0.107 ± 0.174
0.032 ± 0.025
0.629 ± 0.458

H2N2
0.000 ± 0.000
0.413 ± 0.537
0.043 ± 0.112
0.000 ± 0.000

H3N2
0.000 ± 0.000
0.481 ± 0.457
0.925 ± 0.106
0.029 ± 0.064

H5N1
0.025 ± 0.056
0.000 ± 0.000
0.000 ± 0.000
0.343 ± 0.480
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Table 8
Subgroups obtained for the NMEEF-SD algorithm for each class. Results associated with each subgroup in the complete data set.
Subgroup

SIGN

UNUS

SENS

CONF

IF (f44 = Low AND f97 = Low) THEN Cl = H1N1
IF (f9 = Low AND f54 = Low AND f153 = Low AND f217 = Low) THEN Cl = H2N2
IF (f8 = Low) THEN Cl = H3N2
IF (f141 = Low AND f207 = Low AND f219 = Low) THEN Cl = H3N2
IF (f115 = Low) THEN Cl = H5N1

363.485
227.960
373.894
309.357
188.813

0.224
0.105
0.182
0.196
0.097

1.000
1.000
1.000
0.995
1.000

0.966
0.600
0.730
0.966
0.677

6.2. Fuzzy subgroups extracted by the NMEEF-SD
Once determined that NMEEF-SD with 3 linguistic labels and a
minimum conﬁdence threshold of 0.2 obtains the best results for
the Inﬂuenza A virus problem, a new experiment was performed
using the complete data set in order to analyse the subgroups
obtained by the NMEEF-SD.
Table 8 shows the subgroups obtained for the NMEEF-SD algorithm for each class with 3 linguistic labels and a minimum
conﬁdence of 0.2, where the variable fx corresponds to the feature number x. In addition, the table presents the results for each
subgroup.
As can be observed in Table 8 the good results of unusualness and
signiﬁcance show the innovation brought by these subgroups to the

problem. Furthermore, the sensitivity obtained for the majority of
the subgroups is the maximum level and the conﬁdence is very high
with values higher than 0.600 and some very close to the maximum
level. These good relations between the values of sensitivity and
conﬁdence represent subgroups of high quality. In addition, the
interpretability of these rules is excellent with subgroups which in
any case do not exceed four features.
Other methods that use signal processing techniques to extract
biologically related features in order to characterise protein
sequences like the Resonant Recognition Model in the HA gene
[24] and the Complex Resonant Recognition for the NA gene [5]
use informational spectrum analysis to retrieve these features. The
extracted features are then used to characterise a speciﬁc class or
compare it with another protein class based on common frequency

(a) Linguistic representation for ƒ8

(b) Linguistic representation for ƒ9

(c) Linguistic representation for ƒ44

(d) Linguistic representation for ƒ54

(e) Linguistic representation for ƒ97

(f) Linguistic representation for ƒ115

(g) Linguistic representation forƒ141

(h) Linguistic representation for ƒ153

(i) Linguistic representation for ƒ207

(j) Linguistic representation for ƒ217

(k) Linguistic representation for ƒ219

Fig. 4. Linguistic representations of the continuous feature of the model extracted by the NMEEF-SD algorithm
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peak [5]. By using the NMEEF-SD algorithm simple rules, as Table 8
shows, can be extracted based on the features retrieved from an
absolute spectrum. By using these features new knowledge can
be extracted and associated to the Inﬂuenza A proteins sequences.
These rules created on the basis of the features extracted can then
help in the understanding and development of therapies. For the
Inﬂuenza A problem the rules created are based on 11 features of
the absolute spectrum for all subtype classes. For example, for an
unknown protein sequence to be able to determine in which subgroup it belongs only 11 features of the absolute spectrum need to
be considered and not the whole spectrum, where for the Inﬂuenza
A problem it consists of 256 variables. The importance of this outcome is that by using the NMEEF-SD algorithm biologically related
positions are selected in the absolute spectrum of a problem and a
model is constructed with simple rules in order to characterise all
protein classes. A detailed analysis for the subgroups extracted for
each subtype of virus is shown below:
• For the H1N1 Inﬂuenza A subtype one rule with two features is
obtained to describe this subtype, features 44 and 97. For feature 44, as Fig. 4(c) shows, the linguistic label Low is associated
to points −0.0125, 0.0 and 0.0125, and for feature 97, as Fig. 4(e)
shows, the linguistic label Low is associated to points −0.0785,
0.0006 and 0.0791. The SD results obtained for this virus are
very good with all the examples covered with a 96.6% of success. In addition, the unusualness and signiﬁcance values are
very high which shows an unusual behaviour of these properties,
enabling the experts to characterise this subtype of virus. The
interpretability of this subgroup is excellent with one subgroup
represented by only two variables.
• One subgroup with four features is obtained for the H2N2
Inﬂuenza A subtype to describe this virus with the features 9,
54, 153 and 217. For feature 9, as Fig. 4(b) shows, the linguistic
label Low is associated to points −0.0333, 0.0015 and 0.0348, for
feature 54, as Fig. 4(d) shows, the linguistic label Low is associated
to points −0.0551, 0.0068 and 0.0619, for feature 153, as Fig. 4(h)
shows, the linguistic label Low is associated to points −0.0424,
0.0002 and 0.0426, and ﬁnally, for feature 217, as Fig. 4(j) shows,
the linguistic label Low is associated to −0.0334, 0.0 and 0.0334.
All the examples for this subtype of virus are covered because
the sensitivity is equal to 100.0%, with a 60.0% degree of success. The value of signiﬁcance indicates a relative signiﬁcance of
this subtype of virus with respect to the others. Despite this subtype having a low number of instances the unusualness value is
important.
• For the H3N2 Inﬂuenza A subtype two rules are obtained to
describe this subtype. For the ﬁrst rule feature 8 is used and
for the second rule features 141, 207 and 219. For feature 8, as
Fig. 4(a) shows, the linguistic label Low is associated to the points
−0.0380, 0.006 and 0.0386, for feature 141, as Fig. 4(g) shows,
the linguistic label Low is associated to −0.0243, 0.0 and 0.0243,
for feature 207, as Fig. 4(i) shows, the linguistic label Low is associated to the points −0.0409, 0.0021 and 0.0430, and ﬁnally, for
feature 219, as Fig. 4(k) shows, the linguistic label Low is associated to the points −0.04, 0.0 and 0.04. To represent this subtype of
virus two different subgroups can be observed. On the one hand,
a general subgroup with only one feature where all the examples
for the subtypes are covered with 73.0% of proteins covered correctly and with excellent results in signiﬁcance with respect to
other subgroups. On the other hand, a more speciﬁc subgroup is
obtained with three features where 99.5% of proteins are covered
with 96.6% of success. This relationship between sensitivity and
conﬁdence yields a good rule for describing and classifying new
instances of this type of virus.
• For the H5N1 Inﬂuenza A subtype one feature of the absolute
spectra was created to classify this subtype, feature 115. For
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feature 115, as Fig. 4(f) shows, the linguistic label Low is associated to the points −0.0422, 0.0006 and 0.0428. This subgroup
covers all the proteins of this subtype with a success rate of
67.7%. The results for signiﬁcance and unusualness are interesting
considering that this subtype has the lowest number of instances
of the data set. The interpretability of this subgroup is excellent
with one subgroup is extracted with only one variable.
7. Conclusions and future work
In this paper, the Inﬂuenza A virus problem is tackled through
a SD algorithm which is able to provide novel knowledge to the
experts. The main objective of the paper was to ﬁnd interpretable
knowledge in the Inﬂuenza A virus problem in order to describe
unusual behaviour in several subtypes of this virus.
For this purpose, one of the most representative SD algorithms
was applied, the NMEEF-SD algorithm. NMEEF-SD is based on an
EFS which is suitable for extracting rules with few features, i.e.
interpretable, in order to facilitate the comprehensibility of the
subgroups because the algorithm also uses fuzzy logic to analyse
the features. On the one hand the fuzzy logic with linguistic labels
avoids a previous discretisation of the variables in the data set, and
increases the interpretability of the knowledge extracted.
The results obtained for the algorithm show a good behaviour
for this real-world problem from two points of view:
• Descriptive: The NMEEF-SD obtains representative subgroups for
each subtype of the virus. These subgroups show an unusual and
signiﬁcant behaviour and also represent the total examples for
each class, i.e. good values of sensitivity, with a good value of
conﬁdence.
• Predictive: the algorithm obtains a good level of precision in
order to classify new proteins to be included in the data set. Furthermore, the rules extracted in order to classify new examples
are very interpretable because the algorithm employs linguistic labels to represent the continuous features, and because the
number of features for each subgroup is very low.
This paper offers the community a new point of view in the analysis of the Inﬂuenza A virus with a novel technique characterised
by its interpretability, which obtains simple rules to represent different subtypes of the virus. In this way the model can classify
an unknown protein sequence in a subtype of virus with only 11
features of the absolute spectrum instead of the whole spectrum,
which consists of 256 features. Therefore the study shows similarities/differences between different subtypes of the Inﬂuenza A virus
which can then help experts to the understanding of the Inﬂuenza
A virus domain.
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