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Subgroup discovery is a broadly applicable data mining technique whose main objective is the search for
descriptions of subgroups of data that are statistically unusual with respect to a property of interest. The
obtaining of general rules describing as many instances as possible is preferred in subgroup discovery,
but this can lead to less accurate descriptions that incorrectly describe some instances. Under certain
conditions, these incorrectly-described instances can be grouped into exceptions.

A new post-processing methodology for the detection of exceptions associated to previously discov-
ered subgroups is presented in this paper. The purpose is to obtain a new description to improve the
accuracy of the initial subgroup and to describe new small spaces in data with unusual behaviour within
the subgroup. This post-processing methodology can be applied to the results of any subgroup discovery
algorithm.

A post-processing multiobjective evolutionary fuzzy system is developed following this methodology,
the Multiobjective Evolutionary Fuzzy system for the detection of Exceptions in Subgroups (MEFES). A
wide experimental study has been performed, supported by statistical tests, comparing the results
obtained by representative subgroup discovery algorithms with those obtained after applying the
post-processing algorithm. Finally, MEFES is applied in a real problem related to the description of the
behaviour of a type of solar cell in the Concentrating Photovoltaic area providing useful information to
the experts.

� 2013 Elsevier B.V. All rights reserved.
1. Introduction

Subgroup Discovery (SD) [42,62,36] is a supervised induction
technique which obtains descriptive rules through the use of
supervised learning. Its main objective is to extract descriptive
knowledge from data regarding a property of interest. In this
way, SD attempts to locate subgroups which have the most unu-
sual statistical characteristics with respect to the property of inter-
est and are as large as possible.

Rules extracted by SD algorithms are usually provided to the ex-
perts in the domain of the problem in order to improve their
understanding of the data. The aim is to find interesting rules, in
the sense that they provide unknown information, confirm infor-
mation known by intuition or even provide extraordinary knowl-
edge for experts. The knowledge extracted should be simple to
be useful for experts, and sometimes the search for simplicity in
SD algorithms can lead to a reduction of precision if general rules
with negative examples are obtained.

The description of these negative examples within SD could be
performed using rules with exceptions through an exception rule
mining task [39]. Detecting these exceptions may be relevant be-
cause SD tries to obtain general rules by describing as many exam-
ples as possible, but these general expressions are occasionally
already known by the expert. As a consequence, it appears that
search rules with low support may be more promising for interest-
ing knowledge [23]. So it would be very appropriated if these
exceptions within a rule could be described by means of a modified
rule. It would not only improve the accuracy of the rule but also of-
fer novel and valuable knowledge to the experts.

This paper presents a new post-processing methodology related
to the search for exceptions within subgroups previously obtained
by any SD algorithm. Exceptions composed of a small number of
examples corresponding to the opposite value of the target variable
are detected and described with disjuncts. Then, for each original
subgroup a new modified one is generated describing the initial
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Fig. 1. Subgroup describing value o of the target variable.

74 C.J. Carmona et al. / Knowledge-Based Systems 54 (2013) 73–85
subgroup and its exceptions. As the proposal is a post-processing
methodology, it can be used with the results of any SD algorithm.

The SD task usually implies the optimisation of different quality
measures related to precision, support, simplicity and interest as-
pects of SD descriptions, which are normally represented as rules.
Multiobjective evolutionary fuzzy systems [26] join the approxi-
mate reasoning characteristic of fuzzy systems [66] with the rule
learning abilities of multiobjective evolutionary algorithms
[14,19], optimising different objectives at the same time. In this pa-
per, to show the validity of the post-processing methodology, a
post-processing algorithm is implemented following this idea,
the Multiobjective Evolutionary Fuzzy system for detection of
Exceptions in Subgroups. MEFES works in fuzzy and/or crisp do-
mains because it obtains crisp or fuzzy modified subgroups
depending on the initial subgroups. The performance of MEFES is
verified through an experimental study comparing the results of
some representative SD algorithms versus the ones obtained once
the MEFES algorithm is applied as a post-processing stage. After-
wards, a case study related to the description of the behaviour of
a kind of Concentrating Photovoltaic Module is presented.

The paper is organised as follows: Section 2 describes the con-
cepts used in this paper. The new post-processing methodology
using rules with exceptions is introduced in Section 3, and MEFES,
an algorithm implementing it is presented in Section 4. In Section 5
the experimental study can be observed. Finally, concluding re-
marks are outlined in Section 6.

2. Related work

This section presents the main concepts necessary to under-
stand the methodology introduced, the SD data mining task, excep-
tion rule mining and multiobjective evolutionary fuzzy systems.

2.1. Subgroup discovery

The concept of SD was initially introduced by Kloesgen [42] and
Wrobel [62], and more formally defined by Siebes [55] (using the
name Data Surveying for the discovery of interesting subgroups).
It can be defined as [63]:

‘‘In subgroup discovery, we assume we are given a so-called
population of individuals (objects, customers, . . .) and a prop-
erty of those individuals we are interested in. The task of sub-
group 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 (distri-
butional) characteristics with respect to the property of
interest.’’.
The main objective of the SD task is to extract descriptive
knowledge concerning a property of interest from the data [46].
The knowledge is represented by patterns that may characterise
the data represented in such a way that domain experts can under-
stand them. Thus, in SD it is not necessary to obtain complete but
rather partial relations. A rule (R) is usually described as an in-
duced subgroup description. This can be formally defined as:

R : Cond! TargetVar ð1Þ

where TargetVar is a value of the variable of interest (target vari-
able) for the SD task and Cond is commonly a conjunction of fea-
tures (attribute-value pairs) describing a set of examples with an
unusual statistical distribution with respect to the TargetVar.

An example of a subgroup is represented in Fig. 1, where a tar-
get variable with two possible values is described (TargetVar = o
and TargetVar = x). In this representation a subgroup for the first
value of the target variable can be observed. It attempts to describe
a high number of objects with a single function (described in Fig. 1
as a grey circle). As can be noted the subgroup covers all the exam-
ples of the target value o, but it also covers some negative exam-
ples. However, the knowledge representation is simple and
valuable for the experts.

SD is halfway between predictive and descriptive data mining.
An important difference with classification tasks is that a SD model
attempts to describe knowledge through data, while a classifier at-
tempts to predict the target value for new data. Furthermore, the
model obtained by a SD algorithm must be simple and composed
of individual and interpretable rules because every rule is a chunk
of knowledge. However, a classifier usually considers the interac-
tion among rules in order to classify each new example. In fact,
SD together with contrast set mining [8] and emerging pattern
mining [22] have been grouped within Supervised Descriptive Rule
Induction [43], in which descriptive data mining processes whose
objective is to understand the underlying phenomena with respect
to a target variable are developed by means of supervised learning.

One of the most important aspects in a SD algorithm is the qual-
ity measures used to analyse the interest of the subgroups ob-
tained. Throughout the literature, a wide range of quality
measures have been employed, which can be divided into different
groups depending on their main objective [36]: complexity, gener-
ality, precision, and interest. Below is the definition of some quality
measures for a rule R, used later in this paper when analysing SD
algorithms:

� Significance [42], which indicates the importance of the find-
ings by measuring the relevance for all the values of the target
variable. It can be computed as:
SignðRÞ ¼ 2 �
Xnc

k¼1

TPk � log
TPk

ðTP þ FNÞk �
ðTPþFPÞk

N

ð2Þ
where nc is the number of values (or classes) of the target variable,
TP are true positives, FP are false positives, TN are true negatives, FN
are false negatives and N is the number of examples, i.e.
TP + FP + FN + TN.
� Unusualness [45], the quality measure most widely used in the

SD literature. It measures the generality, precision and interest
of the rule and is computed as:
UnusðRÞ ¼ TP þ FP
N

� TP
TP þ FP

� TP þ FN
N

� �
ð3Þ
� Sensitivity [42], which considers the proportion of actual
matches that have been described correctly. It can be computed
as:
SensðRÞ ¼ TP
TP þ FN

ð4Þ
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� Confidence [3], an accuracy measure usually employed in asso-
ciation rules, which can be measured as:
Conf ðRÞ ¼ TP
TP þ FP

ð5Þ
These quality measures have been used by different algorithms
in the literature. These SD algorithms can be classified into exten-
sions of classification algorithms (such as EXPLORA [42], MIDOS
[62] or CN2-SD [44]), extensions of association algorithms (such
as APRIORI-SD [41] or SD-MAP [7]) and evolutionary fuzzy systems
(SDIGA [40], MESDIF [9] or NMEEF-SD [10]). See [36] for an over-
view of SD algorithms and applications.

2.2. Exception rule mining

The discovery of useful knowledge from huge amounts of data
is the main concern of data mining. A class of knowledge that at-
tracts a lot of attention in data mining is exception. An exception
can be defined as something different from most of the rest [57].
Exception rule mining was introduced by Hussain et al. in [39] as
the extraction of rules with low support and high confidence.
The problem is that most data mining methods are focused on
obtaining general rules with high support and confidence, which
are considered as interesting. However, rules with low support
could provide interesting and extraordinary knowledge to the
experts.

When a rule represents a single instance it is typically called an
outlier. An outlier can be defined as an observation that deviates so
much from other observations as to arouse suspicions that it was
generated by a different mechanism [34]. Several studies have
examined outlier mining [53,2,64].

The interest in exception rule mining has attracted a lot of re-
search in the literature [16,57,23]. Two different approaches can
be distinguished when searching for exception rules:

� Directed: Obtains a set of exception rules each of which contra-
dicts a user-specified belief [47,50]. This is also called subjective
because it employs information supplied by the user in addition
to the dataset.
� Undirected: Extracts a set of pairs of an exception rule and a gen-

eral rule [39,56]. This is also called objective in the literature due
to the fact that it employs only the dataset.

A similar concept to the exceptions are small disjuncts [38]. A
small disjunct can be defined as a disjunct with low coverage
[38]. In [51,52,11,12] learning approaches for dealing with small
disjuncts are presented and the problems involved in data mining
processes with small disjuncts are analysed in [17,58,59]. How-
ever, exceptions are defined relative to the true (or correct) con-
cept whereas small disjunts are defined relative to the learned
concept, although both represent knowledge with low coverage.

One of the most important issues related to the detection of
exceptions, in the form of outliers, small disjuncts or others, is
the distinction of a reliable rule from a coincidental pattern. This
problem is especially important in the presence of noise in data.
Noisy data is meaningless data, and the term is often used as a syn-
onym for corrupt data. Noisy data can be caused for instance by
hardware failures, programming errors and incorrect input from
speech or optical character recognition programs. The problem is
that it is hard to distinguish between systematic noise and true
exceptions [60], and such distinction is usually left to the experts
[57].

Applied to the results of any SD algorithm, the detection of
exceptions could lead to an improvement in precision and descrip-
tion because small areas within subgroups with negative exam-
ples, i.e. incorrectly-described examples, are discovered and
described.

It is important to remark on the use of exceptions in the post-pro-
cessing methodology presented in this paper. Specifically, small
areas formed by examples with the opposite value of the target
variable of the initial subgroup are searched for, which describe
exceptions to the knowledge represented by the subgroup. In this
way, with the initial subgroup and its exceptions a new modified
subgroup is obtained where precision and description are improved
because exceptions (negative examples) are detected and described.
2.3. Multiobjective evolutionary fuzzy systems

An Evolutionary Fuzzy System (EFS) [35] is a well-known
hybridisation between a fuzzy system [66] and a learning process
based on evolutionary computation [24]. EFSs are also known as
genetic fuzzy systems (GFSs) since many of these systems are
based on the use of genetic algorithms. However, models pre-
sented in the literature also use genetic programming, evolution-
ary programming, or evolution strategies.

EFSs bind the approximate reasoning method of fuzzy systems
with the adaptation capabilities of evolutionary algorithms. On
the one hand, evolutionary algorithms are a robust technique in
learning and complex optimisation problems, and perform well
in approximating solutions. On the other hand, the use of fuzzy
systems allows us to work in continuous domains without requir-
ing a previous discretisation (which could cause a loss of quality),
also formalising the approximate reasoning typical of humans in a
computationally efficient manner. EFSs allow the optimisation of
the knowledge provided by the expert by means of linguistic vari-
ables and fuzzy rules, and the generation of some of the compo-
nents of fuzzy systems according to the information (often
partial) provided by the expert. Both fuzzy systems and evolution-
ary computation have shown an important ability to solve real-
world problems [33,65].

Fuzzy systems can face a wide range of problems due to their
flexibility, such as problems with multiple conflicting objectives.
In these kinds of problems, the improvement of one objective leads
to the deterioration of the others; as a consequence, a single solu-
tion that simultaneously optimises all objectives cannot usually
be found. This problem can be addressed through multiobjective
evolutionary algorithms (MOEAs) [14,19]. Multiobjective optimisa-
tion allows a set of fuzzy models with different trade-offs between
objectives to be obtained rather than a single (normally biased) fuz-
zy model. Then an expert (or an automatic decision making pro-
cess) selects, depending on the needs, the most suitable model.
These hybrid approaches are known as multiobjective evolutionary
fuzzy systems (MOEFSs). Recently, an overview of EFSs for multiob-
jective evolutionary algorithms have been presented in [26] where
the main contributions and a taxonomy for them are presented.

As previously mentioned, the SD task has been successfully
tackled using different EFSs, such as SDIGA [40] (an evolutionary
fuzzy rule induction system based on the iterative rule-learning
(IRL) proposal [15], which evaluates the quality of the rules by
means of a weighted average of the measures selected), MESDIF
[9] (a multiobjective genetic algorithm for the extraction of fuzzy
SD rules based on the multiobjective SPEA2 [67] approach) or
NMEEF-SD [10] (a multiobjective genetic algorithm that obtains
fuzzy SD rules based on the NSGA-II approach [20]).
3. The methodology: A post-processing stage for improving
subgroups through the detection of exceptions

The main idea of the post-processing stage is to find exceptions
within each subgroup, i.e. incorrectly-described examples
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corresponding to a different value from the target variable, in order
to provide:

� an improvement in the accuracy of the SD models, because
possible errors of the model in the description of examples
are corrected, and
� new knowledge for the experts, because new spaces in the data

with unusual behaviour are delimited and described.

At first, it may seem that SD methods can find similar knowl-
edge by allowing enough complexity in the SD process. However
this is not so, because SD algorithms tend to obtain simple and
general rules and they usually cannot describe the relationship be-
tween a rule and its exceptions.

This concept is graphically explained below. A subgroup for the
target value o was represented in Fig. 1. This subgroup covers all
the examples of the value o of the target variable, but also covers
some examples of the other value of the target variable (value x).
The precision of this subgroup, measured as the examples correctly
described, is equal to 88.23% (the rule covers 17 examples, but only
15 of them correspond to the correct value of the target variable).
The purpose of the methodology presented in this study is to
search for exceptions formed by negative examples, i.e. examples
with a value for the target variable different to the subgroup. These
examples are exceptions of the subgroup and are shown in dark
grey in Fig. 2.

The methodology starts with a set of i subgroups obtained by
any SD algorithm (SR = {R1,R2, . . . , Ri}), where:

Ri : IF Condi THEN TargetVar ð6Þ

These subgroups will be processed in order to obtain exceptions
for each one through a two-step process:

1. Detection of exceptions associated with each rule. This stage con-
sists of searching for exceptions within the subgroups, i.e. those
exceptions which are more specific expressions than the initial
subgroup and which keep among all their variables the same
ones as the subgroup (but in this case for the opposite value
to the target variable) as can be observed in the following rule:
RExci
: IF Exci THEN TargetVar ð7Þ
For each initial subgroup, a set of exceptions is obtained. They are
represented by means of Exci, which is formed by a disjunction with
all the conditions of the exceptions obtained:
Exci : Exc1
i _ . . . _ Excni

i ð8Þ
where ni is the number of exceptions obtained for subgroup i. In this
way, two type of rules are considered: initial subgroup Ri and asso-
ciated exception RExci

. The exceptions obtained are evaluated in or-
der to cover the highest number of incorrectly-described examples
Fig. 2. Detection of exceptions within a subgroup.
within the subgroup. To do so, this methodology attempts to obtain
exceptions with high confidence (although they have low support),
corresponding to the opposite value of the target variable of Ri.

2. Generation of the modified subgroups. For each subgroup, a new
one is obtained considering the initial subgroup and the excep-
tions obtained in the previous step. A combination between the
rule 6 and expression 8 is performed. In order to simplify the
rules indicated previously into a single rule, and due to the fact
that the exceptions contain among their variables the same
ones as the subgroup, variables common between exceptions
and subgroups are deleted in exception expressions. Finally, a
subgroup with exceptions is constructed with the following
expression:
R0i : IF Condi AND Exci THEN TargetVar ð9Þ
where Condi represents the condition for Ri and Exci represents con-
ditions for exceptions associated to the rule Ri.

An important part is the evaluation of the subgroups with
exceptions, which must be performed considering the examples
covered by the initial subgroup without the examples covered by
its associated exceptions. So any algorithm developed to obtain
subgroups with exceptions will define new quality measures to
evaluate them. For an example of the definition of these quality
measures, refer to the next section in which the MEFES algorithm
is proposed in order to implement this methodology.

4. MEFES: Multiobjective Evolutionary Fuzzy system for
detection of Exceptions in Subgroups

MEFES uses a multiobjective evolutionary algorithm and fuzzy
logic to tackle the detection of exceptions in subgroups. It is able
to work in fuzzy and/or crisp domains, obtaining modified sub-
groups which are formed by initial subgroups and their exceptions.
Specifically, this algorithm will obtain crisp modified subgroups if
the initial subgroups are crisp and fuzzy subgroups if they are
fuzzy.

The main features of MEFES are presented below: Section 4.1
shows the individual representation of the algorithm, Section 4.2
describes the evolutionary algorithm and quality measures used
as objective vectors, Section 4.3 presents specific operators of the
MEFES algorithm, and finally Section 4.4 describes the operational
scheme of the algorithm.

4.1. Individual representation

MEFES uses an integer representation model with as many
genes as variables contained in the dataset, without considering
the target variable. It works with categorical and continuous vari-
ables, depending on the problem. When the features are continu-
ous MEFES is able to work with interval or fuzzy sets for them,
depending on whether the initial subgroup rules are crisp or fuzzy
rules. Below, the representation of the individuals for fuzzy and
crisp rules are presented in different subsections.

4.1.1. Fuzzy rules
In domains with continuous variables MEFES considers them as

linguistic variables, and the fuzzy sets corresponding to the lin-
guistic labels are those defined by the SD algorithm used previ-
ously. For instance, Fig. 3 shows a variable with uniform fuzzy
partitions with triangular membership functions corresponding
to five linguistic labels {Very Low,Low,Medium,High,Very High}.

Codification is performed according to the ‘‘Chromosome = Rule’’
approach [35], where only the antecedent is represented in the



Fig. 3. Example use of fuzzy logic for a variable with five linguistic labels.
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chromosome. The value of the target variable for the individuals is
considered to be the opposite value of the initial subgroup. For in-
stance, for a problem with 5 descriptive variables, if we consider
the rule IF x1 = 2AND x3 = 1THEN TargetVar as a previously obtained
fuzzy SD rule, Fig. 4 shows the codification of an exception of this
rule. The exception associated to the subgroup maintains the val-
ues of the attributes of the initial subgroup (these attributes are
highlighted in grey). Since the value 0 indicates that the variable
does not take part in the rule, exception has only one new attribute
defined. In this way, the exception IF x1 ¼ 2 AND x3 ¼ 1 AND x5 ¼
2 THEN TargetVar will be more specific than the initial subgroup.

In a fuzzy rule both categorical and continuous variables can
appear, where the latter are codified through linguistic variables,
as previously mentioned. For instance, we could consider in
Fig. 4 that x1 represents gender (categorical variable) with values
male and female which are represented through values 1 and 2,
respectively, x3 represents the weight (continuous variable) with
domain [30.5,130.5] which is considered as a linguistic variable
with 5 linguistic labels Very Low, Low, Medium, High and Very High
which are represented with 1, 2, 3, 4 and 5, respectively in the
chromosome, i.e. number 1 in the chromosome represents the Very
Low linguistic label, and finally, x5 is a numeric variable which rep-
resents the number of sons.
4.1.2. Crisp rules
Codification of individuals in crisp rules is also performed with

the ‘‘Chromosome = Rule’’ approach. The set of possible features for
these types of rules are both categorical and continuous, but previ-
ously discretised in the latter case. Thus a variable with categorical
values (male,female) would be represented through consecutive
numbers, one for each possible value of the variable (i.e. 1 repre-
senting male, 2 representing female, or 0 if the variable is not in-
volved in the rule).

Previously, the representation of a fuzzy rule has been shown
for a concrete example in Fig. 4. The same figure can be considered
to illustrate the representation of a crisp rule. So x3 is now consid-
ered a categorical or discretised variable, and the number 1 repre-
sents the first value (or interval) of the variable. In this way,
subgroups with exceptions are described by means of crisp rules.
Fig. 4. Codification of an associated exception, where only the antecedent part of
the rule is represented by the chromosome.
4.2. Multiobjective evolutionary algorithm approach

The algorithm searches for small sets of examples within the
space delimited by the antecedent of a subgroup or rule that pos-
sess a value for the target variable different to the one established
in the consequent of the subgroup, i.e. the algorithm searches for
sets of incorrectly-described examples of the subgroup. This search
is performed through a multiobjective evolutionary algorithm with
the NSGA-II approach [20] (so using a non-dominated sort and
crowding distance as operators).

As mentioned, due to the fact that a subgroup must be covered
for the greatest number of instances of the target variable, it is pos-
sible that the subgroup has very specific areas with negative exam-
ples, which are exceptions within the subgroup. MEFES attempts to
search for these exceptions using confidence (Eq. 11) and and sen-
sitivity (Eq. 10), defined below as objective vectors:

� Sensitivity [42] measures the proportion of actual positives
which are correctly identified:
SensðExcÞ ¼ TP
TP þ FN

¼ nðTargetVar � CondÞ
nðTargetVarÞ

ð10Þ
where for exceptions TP + FN is nðTargetVarÞ, i.e. examples with the
opposite value to the target variable of the initial subgroup, and
TP ¼ nðTargetVar � CondÞ, i.e. examples covered by the exception
with the opposite value of the target variable to that of the
subgroup.
� Fuzzy confidence [40] measures the proportion of examples

described which are correctly identified with respect to the
opposite value of the target variable:
FCnf ðExcÞ ¼
P

Ek2E=Ek2TargetVarAPCðEk; ExcÞP
Ek2EAPCðEk; ExcÞ

ð11Þ
where E ¼ fEk ¼ ðek
1; e

k
2; . . . ; ek

v ; TargetVarkÞ/k = 1, . . . , N, TargetVark -
2 T} is a set of examples, N is the number of examples of the set,
v is the number of variables of the dataset, ek

v is the value for vari-
able v in example Ek, TargetVark is the value of the target variable of
the example Ek, and APC is the degree of compatibility between an
example and the antecedent part of an exception rule. In crisp
domains the degree of compatibility for an example and the ante-
cedent part of the rule is 1 or 0.

The use of these quality measures provides an improvement in
precision, unusualness and significance. In addition, confidence-
sensitivity (precision-recall) is widely used in machine learning
algorithms to study and improve the performance of the algo-
rithms in classification environments [18,27].



Fig. 6. Example of mutation in algorithm MEFES.
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The Pareto front obtained (front with non-dominated solutions)
at the end of the evolutionary process contains all different excep-
tions which reach a confidence threshold. With this requirement
the MEFES algorithm obtains only exceptions with high values in
the precision measure and describes specific areas with incor-
rectly-described examples.

4.3. Genetic operators

MEFES employs classical genetic operators to generate the off-
spring population, such as tournament selection [49] and multi-
point crossover [37].

Furthermore, the algorithm has been developed with specific
operators in order to increase the diversity in the population and
to guide the search towards good exceptions: oriented initialisa-
tion, oriented mutation and oriented re-initialisation based on
coverage:

� Oriented initialisation. The main objective of this operator is to
generate a population with individuals that contain the same
values as the initial subgroup in the variables taking part in it,
and new values for the remaining variables. To promote explo-
ration of unknown areas of the search space while obtaining not
very complex rules, part of the population is generated biased,
limiting the number of additional variables involved in the indi-
vidual, and the rest of the population is generated without this
limitation. In both cases the values of the additional variables in
the individuals are generated randomly. Fig. 5 shows an exam-
ple of generation of the population applying this operator. The
initial subgroup in the example has only two values in the chro-
mosome, so these values are copied directly in the new individ-
uals of the population (highlighted in grey). The remaining
values are generated randomly in the following way: For 75%
of the population, a maximum of 90% of the variables can take
part in the rule; the remaining 25% of the population is not
affected by this limitation and therefore additional values are
completely random. This procedure allows MEFES to begin the
evolutionary process with a set of highly specific rules, because
the individuals generated are rules with a high number of
variables.
� Oriented mutation. Oriented mutation is an operator derived

from standard mutation [31]. In this case, the modification is
related to the values of the initial subgroup which must be kept
Fig. 5. Scheme of function for the oriented initialisation.
in the individual, i.e. the values of the new individual corre-
sponding to those of the initial subgroup cannot be modified.
In Fig. 6 the mechanism of this operator is shown. As can be
observed in Fig. 6 the initial subgroup values are kept in the
chromosome and are not modified by this operator. Further-
more, the mutation of a variable which does not form part of
the initial subgroup does not always imply its removal in the
chromosome; i.e. a possible value is assigned to the variable
which is different to the actual one, but never 0.
� Oriented re-initialisation based on coverage. A previous definition

of this operator was employed for algorithm NMEEF-SD [10], in
which a verification on the Pareto is performed to see whether
it evolves or not before generating the population of the next
generation. It is considered that the Pareto evolves if it covers
at least one example of the subgroup not covered by the Pareto
of the previous generation. If the Pareto does not evolve all non-
repeated individuals of the Pareto are introduced into the pop-
ulation of the next generation and the remaining individuals (to
complete the population) are generated to cover examples of
the dataset not covered by the Pareto. Unlike the oriented ini-
tialisation operator, which obtains the values of the variables
of the new individuals at random, oriented re-initialisation
based on coverage uses examples not covered by the Pareto to
favour the evolution of the Pareto so that it covers new exam-
ples. In MEFES a modification of this operator is presented, as
the individuals generated must be a specification of the initial
subgroup. This means that all the individuals keep the values
of the initial subgroup, in addition to a number of new variables
taking part in the rule. The maximum number of new variables
is established by means of a parameter in the algorithm. In this
way, a non-covered example is selected randomly and the val-
ues of the individual are codified with respect to this example.

4.4. Operational scheme of MEFES

The operation of the algorithm can be observed in Fig. 7.
In the figure above, different variables are used:
Fig. 7. Operation scheme of algorithm MEFES.



Table 1
Properties of the datasets used from the KEEL repository.

] Name nv nvD nvC nc N

1 Titanic 3 0 3 2 2201
2 Hayes-roth 4 4 0 3 132
3 Balance 4 0 4 3 625
4 Mammographic 5 5 0 2 961
5 Monk-2 6 6 0 2 432
6 Nursery 8 8 0 5 12,960
7 Saheart 9 4 5 2 462
8 Wisconsin 9 9 0 2 699
9 Tic-tac-toe 9 9 0 2 958

10 Page-blocks 10 6 4 5 5472
11 Heart 13 6 7 2 270
12 Cleveland 13 0 13 5 303
13 Australian 14 8 6 2 690
14 Crx 15 12 3 2 690
15 Housevotes 16 16 0 2 435
16 Hepatitis 19 13 6 2 155
17 Bands 19 6 13 2 539
18 German 20 20 0 2 1000
19 Thyroid 21 15 6 3 7200
20 Mushroom 22 22 0 2 8124
21 Wdbc 30 0 30 2 569
22 Dermatology 33 33 0 6 366
23 Ionosphere 34 0 34 2 351
24 Chess 36 36 0 2 3196
25 Sonar 60 0 60 2 208
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� Sb is the subgroup to analyse.
� NEva stores the number of evaluations.
� NGen indicates the number of generations.
� NumberEvaluations is an external parameter with the maximum

number of evaluations allowed in the algorithm (stop
condition).
� Pt is the parent population, Qt the offspring population and Rt

the union between parent and offspring populations.

Moreover, different functions can be found:

� size measures the number of subgroups.
� MeaConfidence(Sb) computes the confidence for the subgroup.
� GeneticOperators applies these operators to Pt in order to obtain

Qt.
� NEval determines the number of evaluations performed in the

generation of Qt.
� NonDominatedSort obtains non-dominated fronts for Rt.
� OrientedReInit applies the operator oriented re-initialisation

based on coverage.
� NonRepited deletes all individuals repeated in the Pareto front.

The evolutionary process ends when the algorithm reaches a
certain number of evaluations and MEFES returns the non-re-
peated individuals of the Pareto front (F1) which reach a confidence
threshold.

MEFES is executed as a post-processing step once for each sub-
group of the initial set. In this way, it obtains a set of associated
exceptions for each subgroup in the evolutionary process. Once
MEFES has been executed for each initial subgroup and their excep-
tions have been obtained, subgroups with exceptions are generated.
It is done by combining the initial subgroups with their associated
exceptions, as shown in Eq. 9. It is important to remark that the
number of modified subgroups is the same as the initial one.

4.5. Quality measures for the evaluation of subgroups with exceptions

As mentioned in Section 3, the quality measures used to evalu-
ate the subgroup with exceptions must be defined. According to
the main features of the algorithm introduced, new adapted
expressions for significance, unusualness, sensitivity and confi-
dence are defined below to evaluate each subgroup with excep-
tions finally obtained by MEFES:

� Significance of one subgroup with exceptions (R0i):
Sign0ðR0iÞ ¼ ð12Þ

2 �
Xnc

k¼1

ðTPR0i
Þ

k
� log

ðTPR0i
Þ

k

ððTP þ FNÞRi
Þ

k
�
ððTPþFPÞR0

i
Þ

k
N

where TPR0i
¼ TPRi

� FPExci
; TPRi

are the number of correctly-de-
scribed examples of the rule, FPExci

are the number of incorrectly-
described examples for the set of associated exceptions to the rule,
ðTP þ FNÞRi

are the number of examples for values of the target
variable, ðTP þ FPÞR0i ¼ ðTP þ FPÞRi

� ðTP þ FPÞExci
; ðTP þ FPÞRi

are the
number of examples covered by the rule and ðTP þ FPÞExci

are the
examples covered by the set of exceptions associated to the initial
rule.
� Unusualness of a subgroup with exceptions:
1 http://www.keel.es
Unus0ðR0iÞ ¼ ð13Þ
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�
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�
ðTP þ FPÞR0i

N

� Sensitivity for a subgroup with exceptions:
Sens0ðR0iÞ ¼
TPR0i

ðTP þ FNÞRi

ð14Þ
� Fuzzy confidence of a subgroup with exceptions:
FCnf 0ðR0iÞ ¼
P

Ek2E=Ek2TargetVarAPCðEk;R0iÞP
Ek2EAPCðEk;R0iÞ

ð15Þ
where APCðEk;R0iÞ ¼ APCðEk;RiÞ � APCðEk; ExciÞ.

5. Experimental study

The objective of this study is to show the advantages and
improvements given by the methodology presented, which is car-
ried out by means of MEFES, the algorithm implementing it. So this
section presents the results when MEFES is applied to the results of
some representative SD algorithms. To do so, first the experimental
framework used in this study is presented in Section 5.1. Next, in
Section 5.2 the results obtained for the algorithms employed and
their analysis are shown.

In Section 5.3 a study case related to Concentrating Photovoltaic
Technology is presented in order to show the advantages and
improvements obtained by the MEFES algorithm with the sub-
groups obtained by the NMEEF-SD algorithm.

5.1. Experimental framework

The experimentation was undertaken with datasets from KEEL
[6,5] repository 1. The properties of the datasets are presented in
Table 1, including: number of variables (nv), number of discrete
variables (nvD), number of continuous variables (nvC), number of
classes (nc) and number of examples (N). As can be observed there
are a wide variety of datasets, both complex (Chess,Mush-
rooms,Page � blocks or Nursery) and simple ones (Hepatitis,Monk-
2,Wisconsin, or Hayes-roth among others) being studied.

http://www.keel.es


Table 2
Parameters of the algorithms employed.

Algorithm Parameter Value

MEFES Population size 50
Evalutions 10000
Crossover probability 0.60
Mutation probability 0.10
Bias re-init. based on cov. 0.90
Minimum confidence 0.80
Representation of the rule Canonical
Linguistic labels 3

Apriori-SD Minimum support 0.03
Minimum confidence 0.60
Number of rules per class 3

NMEEF-SD Population size 50
Evaluations 10000
Crossover probability 0.60
Mutation probability 0.10
Minimum confidence 0.60
Representation of the rule Canonical
Linguistic labels 3
Objective1 Sensitivity
Objective2 Unusualness
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In order to show the advantages given by MEFES as a post-pro-
cessing methodology, two representative SD algorithms are em-
ployed: NMEEF-SD [10] and Apriori-SD [41]. The parameters
used are presented in Table 2.

In the experimental study, a ten-fold cross-validation (10-fcv)
procedure has been used to estimate the value of the quality mea-
sures in the results of each algorithm, with 3 runs for each exper-
iment for the non-deterministic algorithms. The results shown are
the average of the results of the different test partitions.

The quality measures presented in the tables are the averages of
the quality measures of the rulesets obtained corresponding to all
the datasets studied. For each quality measure, the result of each
dataset is computed as the average of the results of each rule of
the set (as defined in Eq. 2 for significance (Sign), in Eq. 3 for unusu-
alness (Unus), in Eq. 4 for sensitivity (Sens), and in Eq. 11 for confi-
dence (FCnf) respectively). However, for MEFES significance’ (Eq.
12), unusualness’ (Eq. 13), sensitivity’ (Eq. 14) and and confidence’
(Eq. 15) are used to deal with subgroups with exceptions, but these
quality measures are represented with the same acronyms to avoid
confusion.

A comparison of the results obtained by MEFES and SD algo-
rithms is using statistical tests to complete the experimental study,
i.e. Apriori-SD vs. Apriori-SD + MEFES and NMEEF-SD vs. NMEEF-
SD + MEFES. In [21,30] a set of simple, safe and robust non-para-
metric tests for statistical comparisons of classifiers are
recommended. In this analysis the Wilcoxon signed-ranks test
[61,54] is the test selected to make the comparison. A complete
description of the Wilcoxon signed ranks test and other non-para-
metric tests for pairwise and multiple comparisons, together with
software for their use is available in [28,29] and on the
complementary Website.2

5.2. Results of the experimental study and analysis based on the
statistical tests

The average results corresponding to the SD algorithms and to
the algorithms with the MEFES post-processing approach are pre-
sented in Table 3. In this table the Algorithm applied and the results
of the quality measures explained above are shown, where nr rep-
resents the number of subgroups, and nv represents the average of
variables for each subgroup (both initial in SD algorithm and mod-
ified in SD algorithm with MEFES). For reasons of brevity, the paper
2 http://sci2s.ugr.es/sicidm/.
only includes the average results and results of statistical tests. For
more details, please visit the Website http://simidat-web.ujaen.es/
MEFES associated with this study.

It is important to remark that algorithm Apriori-SD is not able
to handle large datasets, i.e. with more than 20 variables, like Chess,
Dermatology, Ionosphere, Mushroom, Sonar, Thyroid and Wdbd. To
illustrate this problem, a study with the dataset Dermatology using
different numbers of features in a feature selection approach is
presented in Fig. 8, where axis Y represents the execution time in
a logarithmic scale and axis X represents the number of features
selected. A feature selection process is applied to this dataset. It
is performed through a steady-state genetic algorithm with an
integer coding scheme for wrapper feature selection using k-nn
[13]. The experimentation considers the best set of features with
size 5, 8, 11, 14, 17 and 20.

As can be observed in Fig. 8 the execution time grows as the
number of features increases, and the growth is very high
when the number of features is above 20. Specifically,
considering that dataset Dermatology has 33 features it would be
unfeasible to execute it. Therefore, comparisons performed in this
experimental study for Apriori-SD vs. Apriori-SD + MEFES are
presented for datasets with less than 21 variables, i.e. from dataset
number 1 to 18. However, for algorithm NMEEF-SD vs. NMEEF-
SD + MEFES the complete list of datasets shown previously is
employed.

Results after applying the post-processing algorithm MEFES im-
prove on those obtained by the SD algorithms, as can be observed
in Table 3. It is interesting to remark that MEFES obtains more spe-
cific subgroups because the number of variables is higher than the
variables obtained initially. However, in the sensitivity measure
small reductions of the values of the original algorithms in compar-
ison with the results of the use of MEFES are obtained in all the
experiments. This is due to the fact that this quality measure quan-
tifies the ratio of examples covered of the target variable, and be-
cause subgroups with exceptions are more specific than the
original subgroups, it is not possible to improve the results of this
quality measure.

In order to analyse these statements in more detail, a Wilcon-
xon test is performed for the quality measures of significance,
unusualness, sensitivity and confidence. The results show the exis-
tence or not of significant differences between the algorithms for
each measure. The level of confidence used was a = 0.05 in all
the experiments.

In Table 4 the results of the Wilcoxon test for each quality mea-
sure can be observed with their respective positive (R+) and nega-
tive (R�) ranges, the correspondent p � value, and the result of the
Hypothesis. The results obtained show significant differences in the
majority of the quality measures and algorithms with the use of
the new post-processing approach, MEFES. Below, an analysis for
each quality measure is performed:

� With respect to significance, MEFES improves subgroup rules
because the hypothesis is rejected by the SD + MEFES algorithm,
i.e. the use of MEFES increments the values obtained by this
quality measure significantly.
� With respect to the unusualness quality measure, the results

obtained by the SD algorithms considered are improved signif-
icantly with the use of the MEFES in order to search for excep-
tions associated to the subgroups obtained initially. This quality
measure is one of the most widely used throughout the litera-
ture for SD algorithms.
� With confidence the same occurs as with unusualness, all the

hypotheses are rejected with the use of MEFES. In this way SD
rules extracted with Apriori-SD and NMEEF-SD can be signifi-
cantly improved with respect to confidence, with the excep-
tions extracted with the new MEFES approach.

http://simidat-web.ujaen.es/MEFES
http://simidat-web.ujaen.es/MEFES
http://sci2s.ugr.es/sicidm/


Table 3
Results of the algorithms.

Algorithm nr nv Sign Unus Sens FCnf

Apriori-SD 5.45 2.24 11.815 0.061 0.506 0.634
Apriori-SD + MEFES 5.45 5.52 12.278 0.068 0.489 0.658

NMEEF-SD 9.90 3.28 23.164 0.107 0.843 0.793
NMEEF-SD + MEFES 9.90 7.31 25.792 0.118 0.822 0.828

Fig. 8. Execution time for algorithm Apriori-SD for dataset Dermatology with different number of features selection.

Table 4
Wilcoxon test for the comparison of the results of Apriori-SD/NMEEF-SD + MEFES (R+) vs. Apriori-SD/MEFES-SD (R�).

SD Algorithm Measure R+ R� p � value Hypothesis

Apriori-SD Sign 99 21 0.027 Rejected by Apriori-SD + MEFES
Unus 110 10 0.005 Rejected by Apriori-SD + MEFES
Sens 0 105 0.001 Rejected by Apriori-SD
FCnf 112 8 0.003 Rejected by Apriori-SD + MEFES

NMEEF-SD Sign 319 6 0.000 Rejected by NMEEF-SD + MEFES
Unus 304 21 0.000 Rejected by NMEEF-SD + MEFES
Sens 0 231 0.000 Rejected by NMEEF-SD
FCnf 325 0 0.000 Rejected by NMEEF-SD + MEFES
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� In sensitivity the hypotheses are rejected for the SD algorithms
analysed. In this case, as we mentioned previously, this quality
measure quantifies the ratio of examples per target value cov-
ered, and it is impossible to improve these values. However,
the loss of sensitivity is offset by the increment in novelty and
precision.

In this way, the analysis previously performed with the average
values is confirmed by the results shown in Table 3. So, applying
MEFES to the subgroups obtained by the SD algorithms studied im-
prove the results with respect to the quality measures with preci-
sion components. Despite the fact that the algorithm covers fewer
examples for the target value analysed than the initial subgroup,
confidence, unusualness and significance are incremented signifi-
cantly. Therefore it is important to note that knowledge about
examples included in the space covered (or described) by the rule
that does not verify the condition in the consequent is also ex-
tracted. This allows us to increase our knowledge about the prob-
lem under study (as shown in the next section with a real-world
problem).
5.3. Case study: Concentrating Photovoltaic Technology; Performance
and Characterisation

The problem is described and the results of the experimental
study are analysed.

5.3.1. Introduction to the problem
In recent years, Photovoltaic (PV) technology has experienced a

major boost. PV technology is a method of generating electrical
power by converting solar radiation into direct current electricity
using solar panels composed of a number of solar cells containing
a semiconductor material. From 2008 to 2012, prices of crystalline
silicon modules have decreased from 3.5 2/W to 0.7 2 /W [25]. The
combination of a long period of research, the realisation of pilot
projects, the elaboration of legal frameworks in industrialised
countries to support the installation and development of this tech-
nology and the economies of scale explain the present situation.
Furthermore, as a consequence of the very high rate of maturity
conventional PV technology is in an advanced place on its learning
curve, which shows how in the last 30 years the module price has



Fig. 9. Automatic Test & Measurement System.

82 C.J. Carmona et al. / Knowledge-Based Systems 54 (2013) 73–85
decreased by about 20% with each doubling of the cumulated mod-
ule production [1].

However, conventional PV technology based on the use of flat-
plate and different materials now has little capacity of increasing
its efficiency. In the last ten years the efficiency of average com-
mercial silicon modules has only increased from about 12% to
15% [1].

Concentrating Photovoltaic (CPV) Technology is an alternative
to the conventional Photovoltaic for electric generation. CPV tech-
nology is based on using concentrated sunlight to produce electric-
ity in a cheaper way by means of High Efficiency Multi-junction
solar cells, specifically designed for this type of technology. The
efficiency of this type of solar cells has experienced a fast evolu-
tion,3 from 32.6% in 2000 to 43.5% in 2012 [32] and has a very strong
potential of increasing in the next few years. The forecasts are to ob-
tain around 50% in 2015 [4]. This fact would entail a decrease of the
amount of material used, and consequently a decrease of the costs
[48]. Another characteristic of CPV technology is the need to use
solar trackers, allowing an important increment of the energy gener-
ated by the system with a lower cost. Despite of these expectations,
several significant obstacles to the development of CPV technology
currently still remain:

� The lack of CPV normalisation and standardisation.
� The complexity and variety of solar cells.
� The lack of knowledge of the influence of meteorological

parameters on the performance of High Efficiency Multi-junc-
tion Solar Cells. In fact, in real projects the productivity of this
type of technology has been below expectations.
� The lack of detailed experimental and operational data about

real outdoor performance.
� The development of complex regression models for

performance.

So it is necessary to deepen the study and knowledge of CPV
technology in order to jump from an initial stage, in which it is cur-
rently immersed, to a commercialisation and market stage and so
pave the way toward a swift and sustained growth of this
technology.

Concerning CPV technology, experts consider that the most
interesting parameter to analyze is the Maximum Module Power
(Pm). Therefore the study focuses on gaining knowledge about this
variable. For each kind of solar cell, the manufacturer measures the
CPV module under certain atmospheric conditions (called Standard
Test Conditions, STC) and provides the Pm,STC. Nevertheless, in a real
operation these conditions are not satisfied and the performance of
the CPV module can be very different from that indicated by the
manufacturer. It is known that Pm is highly influenced by atmo-
spheric conditions, but it is necessary to know what happens with
the combination of real atmospheric conditions. This knowledge
can be very useful for predicting energy production in a certain
period of time.
Table 5
Characteristics of data collected by the Automatic Test & Measurement System.

Variable Name Range Unit

Pm Maximum module power [0,150] W
Tamb Ambient temperature [�3,50] �C
DNI Direct normal irradiance [143,1034] W/

m2

Ws Wind speed [0,30] m/s
G Incident global irradiance [290,1410] W/

m2
5.3.2. Experimental study
Experts in CPV of the University of Jaen have designed an Auto-

matic Test & Measurement System (Fig. 9) which is able to simul-
taneously measure Pm of the CPV modules and the outdoor
atmospheric conditions that influence the performance of the
module. The characteristics of data collected, recorded every
5 min, are shown in Table 5.

The measures were taken on the terrace of the Technical Insti-
tute at the University of Jaen, and the experimental campaign ran
3 http://www.nrel.gov/ncpv/images/efficiency_chart.jpg.
from June 2009 to November 2012 (Fig. 10). The dataset for the
CPV solar module analysed in this section has 28,182 examples.

For the type of solar module under study, Pm values under 7.5 W
are not significant, and the samples of the dataset with these val-
ues have been removed. Pm values have been discretised in four
different intervals according to the Pm,STC provided by the manufac-
turer for this kind of module (150 W) and the expert criteria. These
intervals are depicted in Table 6, where Pm range are the values of
the intervals defined on Pm (in W) and % Pm range is the percentage
with respect to the maximum power established by the manufac-
turer (150 W).

Theoretically, Pm must vary from 7.5 W to 150 W and so, this
discretisation allows us to analyse the performance of the Pm in
the most representative intervals and the influence of meteorolog-
ical conditions not only for sunny days but also for cloudy days.

Once the data have been collected and the dataset constructed,
experiments were conducted to obtain subgroups able to provide
new information to the experts about the target variable, Pm. First,
the NMEEF-SD algorithm was applied to obtain rules describing
subgroups, and the results were applied to the post-processing
algorithm MEFES in order to obtain subgroup description rules
with exceptions.

In Table 7 the initial subgroups obtained by NMEEF-SD, excep-
tions for the subgroups obtained by MEFES and modified sub-
groups are presented. The data mining process is performed
using seven linguistic labels for continuous variables, determined
by experts. As can be observed, NMEEF-SD obtains three sub-
groups, describing general knowledge about three of the four val-
ues for the target variable. Knowledge about the fourth interval
has not been extracted due to the low number of samples belong-
ing to this target value (only 106 of the 28182 samples belong to
this class value).

The rules obtained are simple and consider only one variable in
the antecedent part. For each one of these fuzzy rules which de-
scribe subgroups, MEFES obtains a different number of exceptions
(1, 3 and 4, respectively), describing exceptional knowledge within
APE Spectral irradiance distribution of G,
described through average photon energy

[1.6,1.95]

http://www.nrel.gov/ncpv/images/efficiency_chart.jpg


Fig. 10. Solar tracker at High Technical School of the University of Jaen.

Table 6
Intervals defined by experts for Pm variable.

Interval Pm range % Pm range

1 [7.5,64.5] [5%,43%]
2 (64.5,93] (43%,62%]
3 (93,121.5] (62%,81%]
4 (121.5,150] (81%,100%]

Table 8
Results obtained in Concentrating Photovoltaic Module dataset.

Rule Sign Unus Sens Conf

R1 2790.523 0.049 0.796 0.786
R01 2793.111 0.049 0.796 0.788

R2 4092.492 0.095 0.942 0.811
R02 4095.232 0.095 0.942 0.812

R3 2462.399 0.095 0.974 0.696
R03 3091.127 0.110 0.973 0.720

Without exceptions 3115.138 0.080 0.904 0.764
With exceptions 3326.490 0.085 0.903 0.773
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these general rules. Finally, with the initial subgroup and the dis-
junction of exceptions modified subgroups are generated. Table 8
presents the results obtained by the initial subgroups and modified
subgroups with respect to the quality measures analysed in this
paper (Sign,Unus,Sens,Conf).

Analysing this table with respect to the quality measures, the
following can be observed:

� The initial subgroups have a good confidence since the majority
of examples are well described.
� Exceptions cover new examples that were previously incor-

rectly described by the initial subgroup, i.e. the number of
examples correctly covered by the modified subgroups has
increased. In this way, the confidence of the subgroups is
improved.
� The subgroups with exceptions are relevant and interesting

because they have a high level of confidence, since some rare
cases have been detected.
� Modified subgroups give new information to experts for specific

cases within the problem which describe and improve results
obtained by the SD algorithm.

According to the results, CPV experts have established that:
Table 7
Initial subgroups (obtained by NMEEF-SD), exceptions, and subgroups with exceptions ob

Initial subgroup Exceptions (Exci ¼ Exc1
Ri
_ . . . _ E

R1:IF DNI = Low THEN Pm = I1 Exc1
R1

: G = High ^ Ws = Very Low

R2: IF DNI = Med THEN Pm = I2 Exc1
R2

: APE = Very Low ^ G = Lo

Exc2
R2

: APE = Low ^ Tamb = High

Exc3
R2

: APE = Very Low

R3:IF G = High THEN Pm = I3 Exc1R3 : Ws = Extremely Low ^
Exc2R3 : DNI = Med
Exc3R3 : Tamb = High ^ DNI = Me
Exc4R3 : Ws = Very Low ^ Tamb =
Exc5R3 : APE = Very High ^ DNI
� Consequent I1 (interval 1) covers the performance of the CPV
module at sunrise, sunset and strong cloudy days. Usually under
these conditions the Pm of the CPV module must be low (as
established in interval 1), but this subgroup presents an excep-
tion which can be relevant. As opposed to conventional PV, in
CPV technology the influence of Tamb in the Pm has always been
considered negligible. In this case, for a medium DNI value if the
ambient temperature is low, the Pm of the module increases.
� Consequent I2 (interval 2) corresponds to the performance of

the module during moderate sunny and cloudy days. This sub-
group has three exceptions. They explain that if APE is low
(sunny days) and ambient temperature is high, the Pm does
not belong to the interval 1. In this sense, CPV performance is
similar to that of the conventional PV.
� Consequent I3 (interval 3) covers the performance of the mod-

ule during a sunny day. In this subgroup it is possible to extract
relevant information concerning the APE variable. This parame-
ter is not considered in the study of conventional PV technology
but in CPV, as a consequence of the special solar cells used, the
spectral mismatch is a hot issue and experts think that it is a
crucial parameter for explaining the performance of the CPV
module. In this specific case exception shows that high values
of APE improve the performance of the CPV module.

The result with respect to interval 3 induces us to analyse in
more detail the influence of the APE in the performance of the
CPV module. APE values offer information about the spectral distri-
bution of the irradiance collected by the CPV module, and it is very
useful to analyse the fitting of the spectral response of the solar
cells.
6. Conclusions

A new methodology to improve the subgroups obtained by any
SD algorithm by means of a post-processing stage is presented in
this paper. This methodology is related to the detection of
tained by MEFES in the dataset CPV Module.

xcni
Ri

) Modified subgroup

^ Tamb = Low R01: IF DNI = Low ^ ExcR1 THEN Pm = I1

w R02:IF DNI = Med ^ExcR2THENPm ¼ I2

DNI = Med R03: IF G = High ^ ExcR3 THEN Pm = I3

d
High ^ DNI = Med

= Med
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exceptions and has two objectives: on the one hand, to describe
new small spaces in the data with unusual behaviour within sub-
groups; and on the other hand, to increase the accuracy of the sub-
groups by detecting exceptions within the subgroups which can be
interesting for the experts.

In order to validate this new post-processing methodology for
the SD task, the MEFES algorithm is presented, a multiobjective
evolutionary fuzzy algorithm. MEFES searches for examples within
the subgroups which were incorrectly described by the model ob-
tained by a SD algorithm in a previous step. It is aimed at improv-
ing the confidence and accuracy of the initial subgroups, using an
oriented initialisation of the individuals, an oriented mutation
operator, and an oriented re-initialisation based on coverage.

The improvement provided by the MEFES algorithm can be ob-
served in a complete experimental study, supported by statistical
tests. As a result, the values obtained for the quality measures with
accuracy components are improved in both classical and evolu-
tionary SD algorithms. The rules obtained by the post-processing
algorithm allow the experts to analyse not only the subgroups with
exceptions extracted by the new approach, but also the exceptions
generated within each initial subgroup. It is important to highlight
that MEFES discovers examples with different behaviour within
subgroups. In this way, in an environment with the presence of
rare cases this algorithm improves the results obtained by any
SD algorithm because these rare cases could usually lead to a loss
of accuracy [60], also representing knowledge which is usually
interesting for the experts.

The MEFES algorithm is applied to the results obtained by
NMEEF-SD to improve its results and moreover to extract excep-
tional knowledge related to the characterisation of CPV modules.
The results confirm some relationships between atmospheric vari-
ables and Pm suspected (but not previously verified) by CPV ex-
perts, as well as some new knowledge. The knowledge extracted
on interval 3 is especially interesting because it refers to high val-
ues of Pm in which the characterisation of the behaviour of the
module is more interesting. For this interval the subgroup and
exceptions obtained induce us to further analyse the influence of
the APE in the performance of the CPV module. APE values offer
information about the fitting between the spectral response of
the solar cells and the spectral distribution of the irradiance col-
lected by the CPV module.

In summary, the multiobjective evolutionary algorithm MEFES
improves the results obtained by a previous SD algorithm, using
confidence and sensitivity to guide the genetic search. Furthermore,
not only the quality measures used in the evolutionary process are
improved but also other quality measures considered in the SD task.
Moreover, this algorithm can be applied to real-world problems
where experts need to obtain general and specific information of
the domain in order to improve the analysis and description.
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