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Abstract
The experimental analysis on the performance
of a proposed method is a crucial and necessary task to carry out in a research. This
paper is focused on the statistical analysis of
the results in the community of Genetic Based
Machine Learning.
Speciﬁcally, a non-parametric analysis can
be performed by using the average results obtained for each data set as sample, which supposes in a simpler analysis. We use the wellknown non-parametric statistical tests which
can be employed and we propose the use of the
most powerful statistical techniques to perform multiple comparisons among more than
two algorithms.

1

Introduction

In general, the classiﬁcation problem can be
covered by numerous techniques and algorithms, which belong to diﬀerent paradigms
of Machine Learning (ML). The new developments of methods for ML must be analyzed
with previous approaches by following a rigorous criterion, given that in any empirical comparison, the results depend on the choice of
the cases for studying, the conﬁguration of the
experimentation and the measurements of performance. Nowadays, the statistical validation
of published results is necessary to establish a

certain conclusion on an experimental analysis. Statistics allows us to determine whether
the results obtained are signiﬁcant with respect to the choices taken and whether the
conclusions remarked are supported by the experimentation carried out.
The use of statistical analysis is a necessity
and we can ﬁnd diﬀerent studies that propose
methods for conducting comparisons among
various approaches [7, 12].
Evolutionary rule-based systems are a type
of ML algorithms that evolve a set of rules
by means of evolutionary algorithms. They
receive the name of Genetic-Based Machine
Learning (GBML) or Learning Classiﬁer Systems (LCSs). We are interested in the study
of the most appropriate statistical techniques
for analyzing the experimentation of GBML
algorithms [13, 18].
In the specialized literature, GBMLs have
been analyzed by using statistical tests with
the objective of computing the level of signiﬁcance among the comparisons of the proposals with the other methods. The authors are usually familiarized with parametric and non-parametric tests for pairwise comparisons. Both Michigan and Pittsburgh approaches have been compared through parametric tests by means of paired t-tests by using the results obtained for all runs in each
data set individually [8, 4]. The use of these
type of tests is correct when we are interested
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in ﬁnding the diﬀerences between two methods, but they must not be used when we are
interested in comparisons that include more
than two methods. In the case of repeating
pairwise comparisons, there is an associated
error that grows agreeing with the number of
comparisons done, called the family-wise error rate (FWER), deﬁned as the probability of
at least one error in the family of hypotheses.
Some authors use the Bonferroni correction for
applying paired t-test in their works [14] and
multiple comparisons procedures [5] for controlling the FWER in parametrical statistics.
In this paper, we show a way for doing pairwise comparisons, showing the error probability achieved when we repeat pairwise comparisons and the control of the FWER. We
describe the multiple comparisons with powerful non-parametric procedures accompanied
with an empirical case study which includes
the comparison of 6 GBML algorithms.
In order to do that, this contribution is organized as follows. Section 2 presents the GBML
algorithms used, the experimental framework
and the results obtained by each method. Section 3 performs an experimental analysis based
on pairwise comparisons. In the case of multiple comparisons tests, we describe and use
them for analyzing the results in Section 4.
Finally, Section 5 concludes the paper.

2

Genetic Based Machine Learning
Algorithms for Classiﬁcation

This section is divided in two parts. First we
will introduce the diﬀerent GBML algorithms
employed in this work, giving an overall description of their characteristics, structure and
operation. Finally we will present our experimental results done over 14 diﬀerent data-sets
from UCI repository.
2.1

GBML Methods

In this paper we use GMBL systems in order
to perform classiﬁcation tasks. Speciﬁcally,
we have chosen 6 methods of Genetic Intervalar Rule Based Algorithms, such as Pittsburgh Genetic Intervalar Rule Learning Al-

gorithm (Pitts-GIRLA), Supervised Inductive
Algorithm (SIA), Genetic Algorithm based
Classiﬁer System (GASSIST) ADI and Intervalar, Hierarchical Decision Rules (HIDER)
and XCS.
In the following we will give a brief description of the diﬀerent approaches that we have
employed in our work.
1. Pittsburgh Genetic Intervalar Rule Learning Algorithm.
The Pitts-GIRLA Algorithm [6] is a
GBML method which makes use of the
Pittsburgh approach in order to perform
a classiﬁcation task. The main structure
of this algorithm is a generational GA, in
which for each generation the steps of selection, crossover, mutation and replacement are applied.
We initialize all the chromosomes at random, with values between the range of
each variable. The selection mechanism is
to choose two individuals at random between all the chromosomes of the population.
The ﬁtness of a particular chromosome
is simply the percentage of instances correctly classiﬁed by the chromosome’s rule
set (accuracy).
The best chromosome of the population is
always maintained as in the elitist scheme.
2. Supervised Inductive Algorithm.
SIA [15] is a GBML used for obtaining of
rules in classiﬁcation problems.
The conditions of the diﬀerent attributes
of a rule may have a “don’t care” value
a pair attribute-value if the attribute is
symbolic or an intervalar value if the attribute is numeric.
The main procedure of SIA begins with
an empty set of rules, then it selects an
example and builds the most speciﬁc rule
that matches that example. By means of
a GA it generalizes the condition part of
the rule and deletes all the examples covered by the new rule. This procedure continues until there are no more examples to
cover.
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To classify a new pattern, we compute
the distance of each rule to the example.
Then it belongs to the class of the rule
with the minimum distance measured.

In order to extract the rule-list a realcoded GA is employed in the search process. Two genes will deﬁne the lower and
upper bounds of the rule attribute. One
rule is extracted in each iteration of the
GA and all the examples covered by that
rule are deleted. A parameter called Examples Pruning Factor (EPF) deﬁnes a
percentage of examples that can remain
uncovered. Thus, the termination criterion is reached when there are no more
examples to cover, depending on EPF.

3. XCS Algorithm.
XCS [16] is a LCS that evolves online a
set of rules that describe the feature space
accurately.
The set of rules has a ﬁxed maximum
size and it is initially built by generalizing
some of the input examples, and further,
they are evolved online. The result is that
the knowledge is represented by a set of
rules or classiﬁers with a certain ﬁtness.

The GA main operators are deﬁned in the
following:
(a) Crossover : Where the oﬀspring
takes values between the upper and
lower bounds of the parents.

When classifying unseen examples, each
rule that matches the input votes according its prediction and ﬁtness. The most
voted class is chosen to be the output.

(b) Mutation: Where a small value is
subtracted or added in the case of
lower and upper bound respectively.

4. GASSIST Algorithm

(c) Fitness Function: The ﬁtness function considers a two-objective optimization, trying to maximize the
number of correctly classiﬁed examples and to minimize the number of
errors.

GASSIST (Genetic Algorithms based
claSSIﬁer sySTem) [3] is a Pittsburghstyle Learning Classiﬁer System originally
inspired in GABIL from where it has
taken the semantically correct crossover
operator.
The core of the system consists of a Genetic Algorithm which evolve individuals
formed by a set of production rules. The
individuals are evaluated according to the
proportion of correct classiﬁed training
examples.
The representation for real-valued attributes is diﬀerent in each approach:
GASSIST-Intervalar uses intervalar rules
while Adaptive Discretization Intervals
Rule Representation [2] is used for
GASSIST-ADI.
5. HIDER Algorithm.
HIerarchical DEcision Rules (HIDER) [1],
produces a hierarchical set of rules, that
is, the rules are sequentially obtained and
must be, therefore, tried in order until one, whose conditions are satisﬁed, is
found.

2.2

Experimental Results

We have selected 14 data sets from UCI repository. Table 1 summarizes the properties of
these data sets. It shows, for each data set,
the number of examples (#Ex.), number of
attributes (#Atts.) and the number of classes
(#Cl.). In the case of presenting missing
values (cleveland and wisconsin) we have removed the instances with any missing value
before partitioning. We also add in the last
columns some of the Pitts-GIRLA parameters
which we have made problem-dependent in order to increase the performance of the algorithm. The rest of the parameters are the recommended by the respective authors.
The validation used is 10-fold cross validation (10fcv). We have repeated the experiments with diﬀerent random seeds 5 times.
Table 2 shows the results obtained for the
algorithms studied in this section over all data
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Table 1: Data Sets summary descriptions and Pitts-GIRLA problem-dependent parameters
Data Set Description
Data set
#Ex.
#Atts.
bupa (bup)
345
6
cleveland (cle)
297
13
ecoli (eco)
336
7
glass (gla)
214
9
haberman (hab)
306
3
iris (iri)
150
4
monk-2 (mon)
432
6
new-Thyroid (new)
215
5
pima (pim)
768
8
vehicle (veh)
846
18
vowel (vow)
988
13
wine (win)
178
13
wisconsin (wis)
683
9
yeast (yea)
1484
8

sets, considering the accuracy measure in test
data. The column named Mean shows the
average accuracy achieved and the column
named SD shows the associated standard deviation. We stress the best result for each dataset and the average one in boldface.

3

Performing
isons

Pairwise

Compar-

Our interest lies in presenting a way for analyzing the results oﬀered by the algorithms
in a certain study of GBML, by using nonparametric tests. This section is devoted to describe a non-parametric statistical procedure
for performing pairwise comparisons between
two algorithms, which is Wilcoxon’s signedrank test, Section 3.1; and to show the operation of this test in the case study presented,
Section 3.2.
3.1

Wilcoxon signed-ranks test

This is the analogous of the paired t-test in
non-parametric statistical procedures [13, 18];
therefore, it is a pairwise test that aims to detect signiﬁcant diﬀerences between two sample
means, that is, the behavior of two algorithms.
It computes two sums of ranks, R+ and R−
depending on the diﬀerence between two algorithms. If the results of the minimal of both
rankings is below a certain critical value for a
level of signiﬁcance α, then the algorithms are
signiﬁcantly diﬀerent. The critical value can
be checked at Table B.12 in [18].

#Cl.
2
5
8
7
2
3
2
3
2
4
11
3
2
10

Pitts-GIRLA
#R
#Gen
30
5000
40
5000
40
5000
20
10000
10
5000
20
5000
20
5000
20
10000
10
5000
20
10000
20
10000
20
10000
50
5000
20
10000

When the assumptions of the paired t-test
are met, Wilcoxon’s signed-ranks test is less
powerful than the paired t-test.
On the
other hand, when the assumptions are violated, Wilcoxon’s test can be even more powerful than the t-test. This allows us to apply it
over the means obtained by the algorithms in
each data set, without any assumptions about
the sample of results obtained.
3.2

Wilcoxon’s Test:
GBML

A case study in

In this section, we will perform the statistical
analysis by means of pairwise comparisons by
using the results of accuracy obtained by the
algorithms described in Section 2.
In order to compare the results between two
algorithms and get a determination of which
one is the best, we can perform Wilcoxon
signed-rank test for detecting diﬀerences in
both means. This statement must be enclosed
by a probability of error, that is the complement of the probability of reporting that two
systems are the same, called the p-value [18].
The computation of the p-value in Wilcoxon’s
distribution could be carried out by a normal
approximation. This test is well known and it
is usually included in standard statistics packages (such as SPSS, R, etc.).
Table 3 shows the results obtained in all
possible comparisons among the 6 algorithms
considered in the study. We stress in bold the
winner algorithm in each row when the p-value
associated is below 0.05.
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Table 2: Average of accuracy in test data for 10-fcv
Dat

Pitts-GIRLA
Mean
SD

SIA
Mean
SD

GASSIST ADI
Mean
SD

GASSIST Int.
Mean
SD

HIDER
Mean
SD

XCS
Mean
SD

bup
cle
eco
gla
hab
iri
mon
new
pim
veh
vow
win
wis
yea
Avg

59.22
55.83
73.67
62.47
69.97
94.93
62.36
91.40
64.85
45.93
24.67
70.39
76.55
37.23
63.53

57.94
51.94
79.20
73.71
66.33
95.20
67.01
94.51
70.13
69.44
99.21
95.19
96.69
52.24
76.34

61.96
55.18
79.67
63.24
73.48
96.13
66.65
92.67
74.60
66.03
42.48
93.02
95.61
52.93
72.40

65.82
55.42
75.79
62.24
73.79
94.80
66.22
90.21
74.44
64.04
42.44
90.90
95.88
50.19
71.58

61.86
55.45
84.22
69.62
74.85
96.40
67.19
93.82
74.73
65.93
72.48
94.76
96.53
57.81
76.12

58.28
30.18
78.80
57.45
73.13
95.07
67.15
92.52
74.27
63.69
34.04
93.94
95.52
36.39
67.89

6.41
3.76
8.50
11.04
12.45
5.14
11.65
4.99
11.61
10.95
5.48
21.99
22.69
8.77
10.39

9.32
6.84
5.94
10.92
5.92
4.27
2.35
4.63
5.82
5.58
0.74
6.05
2.36
3.67
5.31

8.91
6.38
5.35
10.72
5.67
3.83
4.43
4.62
5.39
4.83
4.70
6.06
2.80
4.15
5.56

The comparisons performed in this study
are independent, so they never have to be
considered in a whole. If we try to extract
from Table 3 a conclusion which involves more
than one comparison, we are losing control
on the FWER. For instance, the statement:
“The HIDER algorithm outperforms the PittsGIRLA, GASSIST-ADI, GASSIST-Intervalar
and XCS algorithms with a p-value lower than
0.05” is incorrect whereas we can not prove the
control of the FWER. The HIDER algorithm
really outperforms these four algorithms considering independent comparisons.
The true statistical signiﬁcation for combining pairwise comparisons is given by:

k−1
P (Accept_Ak = Ai |H0 true) =
i=1
k−1
[1 − P (Reject Ak = Ai |H0 true)] =
=1−
i=1
k−1
=1−

=1−

i=1

(1 − pHi )

(1)

From expression 1, and Table 3, we can
deduce that HIDER is better than PittsGIRLA, GASSIST-ADI, GASSIST-Intervalar
and XCS algorithms with a p-value of
p = 1 − ((1 − 0.001) · (1 − 0.002) · (1 − 0.008)·
·(1 − 0.001)) = 0.012
(2)
Hence, the previous statement has been conﬁrmed.

9.86
7.23
5.97
13.31
4.49
4.09
2.06
6.60
4.97
5.02
4.82
7.92
2.36
3.76
5.89

6.09
7.24
7.15
10.17
2.79
4.22
3.10
6.04
5.44
4.42
5.43
5.82
2.07
5.81
5.41

On the other hand, note that the algorithm SIA was not included. If we include
SIA within the multiple comparison, the error probability obtained is
p = 1 − ((1 − 0.001) · (1 − 0.002) · (1 − 0.008)·
·(1 − 0.001) · (1 − 0.331)) = 0.339
(3)
In this case, it is not possible to declare
that “HIDER algorithm obtains a signiﬁcantly
better performance than the remaining algorithms”, due to the error probability achieved,
p = 0.339, is too high.

4
p = P (Reject H0 |H0 true) =
= 1 − P (Accept H0 |H0 true) =
= 1 − P (Accept Ak = Ai , i = 1, . . . , k − 1|H0 true) =

8.01
6.00
7.59
10.59
6.45
3.88
3.62
6.64
4.48
5.13
4.90
6.88
2.51
6.27
5.92

Performing
isons

Multiple

Compar-

When a new proposal of GBML algorithm is
developed, it could be interesting to compare
it with previous proposals. Making pairwise
comparisons allows us to conduct this analysis, but the experiment wise error can not be
previously ﬁxed. Moreover, a pairwise comparison is not inﬂuenced by any external factor, whereas in a multiple comparison, the set
of algorithms chosen can determine the results
of the analysis.
Multiple Comparisons procedures are designed for allowing us to ﬁx the FWER before
performing the analysis and for taking into account all the inﬂuences that can exist within
the set of results for each algorithm. In the
same way as in the previous section, the basic
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Table 3: Wilcoxon’s test applied over the all possible comparisons between the 6 algorithms
Comparison

R+

R−

p-value

Pitts-GIRLA - GASSIST-ADI
Pitts-GIRLA - GASSIST-Intervalar
Pitts-GIRLA - HIDER
Pitts-GIRLA - SIA
Pitts-GIRLA - XCS
GASSIST-ADI - GASSIST-Intervalar
GASSIST-ADI - HIDER
GASSIST-ADI - SIA
GASSIST-ADI - XCS
GASSIST-Intervalar - HIDER
GASSIST-Intervalar - SIA
GASSIST-Intervalar - XCS
HIDER - SIA
HIDER - XCS
SIA - XCS

1
10
1
11
26
80
10
55
93
10
38
73
68
105
82

104
95
104
94
79
25
95
50
12
95
67
32
37
0
23

0.001
0.008
0.001
0.009
0.096
0.084
0.002
0.875
0.011
0.008
0.363
0.198
0.331
0.001
0.064

and advanced non-parametrical tests for multiple comparisons are described in Section 4.1
and their application on the case study is conducted in Section 4.2.
4.1

Friedman test and post-hoc tests

In order to perform a multiple comparison, it
is necessary to check whether all the results
obtained by the algorithms present any inequality. In the case of ﬁnding it, then we
can know, by using a post-hoc test, which algorithms partners average results are dissimilar. In the following, we describe the nonparametric tests used.
• The ﬁrst one is Friedman’s test [13],
which is a non-parametric test equivalent
to the repeated-measures ANOVA. Under the null-hypothesis, it states that all
the algorithms are equivalent, so a rejection of this hypothesis implies the existence of diﬀerences among the performance of all the algorithms studied. After this, a post-hoc test could be used in
order to ﬁnd whether the control or proposed algorithm presents statistical differences with regards to the remaining
methods in the comparison. The simplest
of them is Bonferroni-Dunn’s test, but it
is a very conservative procedure and we
can use more powerful tests that control
the FWER and reject more hypothesis
than Bonferroni-Dunn’s test; for example,
Holm’s method [10].

Friedman’s test way of working is described as follows: It ranks the algorithms
for each data set separately, the best performing algorithm getting the rank of 1,
the second best rank 2, and so on. In case
of ties average ranks are assigned.
Let rij be the rank of the j-th of k algorithms on the i-th of Nds data sets. The
Friedman test compares the
ranks
average
rj . Under
of algorithms, Rj = N1ds
i i
the null-hypothesis, which states that all
the algorithms are equivalent and so their
ranks Rj should be equal, the Friedman
statistic:



χ2F =

12Nds  2 k(k + 1)2
jRj −
k(k + 1)
4


(4)

is distributed according to χ2F with k − 1
degrees of freedom, when Nds and k are
big enough (as a rule of a thumb, Nds >
10 and k > 5).
• The second one of them is Iman and
Davenport’s test [11], which is a nonparametric test, derived from Friedman’s
test, less conservative than Friedman’s
statistic:
FF =

(Nds − 1)χ2F
Nds (K − 1) − χ2F

(5)

which is distributed according to the Fdistribution with k−1 and (k−1)(Nds −1)
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α(k − 1), the corresponding hypothesis is
rejected and we allow to compare p2 with
α(k − 2). If the second hypothesis is rejected, the test proceeds with the third,
and so on. As soon as a certain null hypothesis cannot be rejected, all the remain hypotheses are retained as well.

degrees of freedom. Statistical tables for
critical values can be found at [13, 18].
• Bonferroni-Dunn’s test: if the null hypothesis is rejected in any of the previous
tests, we can continue with BonferroniDunn’s procedure. It is similar to Dunnet’s test for ANOVA and it is used when
we want to compare a control algorithm
opposite to the remainder. The quality of
two algorithms is signiﬁcantly diﬀerent if
the corresponding average of rankings is
at least as great as its critical diﬀerence
(CD).


CD = qα

k(k + 1)
.
6Nds

(6)

The value of qα is the critical value of Q
for a multiple non-parametric comparison
with a control (Table B.16 in [18]).
• Holm’s test [10]: it is a multiple comparison procedure that can work with a control algorithm (normally, the best of them
is chosen) and compares it with the remaining methods. The test statistics for
comparing the i-th and j-th method using
this procedure is:


z = (Ri − Rj )/

k(k + 1)
6Nds

(7)

The z value is used to ﬁnd the corresponding probability from the table of
normal distribution, which is then compared with an appropriate level of conﬁdence α. In Bonferroni-Dunn comparison,
this α value is always α(k−1), but Holm’s
test adjusts the value for α in order to
compensate for multiple comparison and
control the FWER.
Holm’s test is a step-up procedure that
sequentially tests the hypotheses ordered
by their signiﬁcance. We will denote the
ordered p-values by p1 , p2 , ..., so that p1 ≤
p2 ≤ ... ≤ pk−1 . Holm’s test compares
each pi with α(k − i), starting from the
most signiﬁcant p value. If p1 is below

• Hochberg’s procedure [9]: It is a step-up
procedure that works in the opposite direction to Holm’s method, comparing the
largest p-value with α, the next largest
with α/2 and so forth until it encounters
a hypothesis that it can reject. All hypotheses with smaller p values are then
rejected as well. Hochberg’s method is
more powerful than Holm’s when the hypotheses to test are independent (in this
case they are independent given that we
compare a control algorithm with the remaining algorithms).
4.2

Friedman’s Test:
GBML

A case study in

This section presents the study of applying
multiple comparisons procedures to the results
of the use case described above. We will use
the results obtained in 10fcv and we will deﬁne
the control algorithm as the best performing
algorithm (which obtains the lowest value of
ranking, computed through Friedman’s test),
HIDER in our case. We set the experiment
wise error (level of signiﬁcance) in α = 0.05
and α = 0.10.
First of all, we have to test whether there exist signiﬁcant diﬀerences among all the means
of accuracy. Table 4 shows the result of applying Friedman’s and Iman-Davenport’s tests.
Given that the statistics of Friedman and
Iman-Davenport are greater than their associated critical values, there are signiﬁcant diﬀerences among the observed results with a probability error p ≤ 0.05. Attending to these results, a post-hoc statistical analysis is needed
in all cases.
Then, we will employ Bonferroni-Dunn’s
test to detect signiﬁcant diﬀerences for the
control algorithm HIDER. Figure 1 summarizes the ranking obtained by the Friedman
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Algorithm
Pitts-GIRLA
SIA
GASSIST-ADI
GASSIST-Intervalar
HIDER
XCS
Crit. Diﬀ. α = 0.05
Crit. Diﬀ. α = 0.10

Ranking
5.071
2.857
2.857
4.000
1.714
4.500
1.822
1.645

Figure 1: Rankings obtained through Friedman’s test and graphical representation of Bonferroni-Dunn’s
procedure considering HIDER as control

Table 4: Results of the Friedman and ImanDavenport Tests (α = 0.05)

10fcv

Friedman

Value

I-D

Value

Value

in χ2

Value

in FF

30.939

11.071

10.297

2.356

test and the critical diﬀerence of BonferroniDunn’s procedure, with the two levels of significance deﬁned above. It also displays a graphical representation composed by bars whose
height is proportional to the average ranking
obtained for each algorithm. If we choose the
smallest of them (which corresponds to the
best algorithm), and we sum its height with
the critical diﬀerence obtained by BonferroniDunn (CD value), representing its result by
using a cut line that goes through all the
graphic, those bars above the line belong to
algorithms whose behaviour are signiﬁcantly
worse than the contributed by the control algorithm.
We will apply more powerful procedures,
such as Holm’s and Hochbergs’s, for comparing the control algorithm with the rest of algorithms. Table 5 shows all the possible hypotheses of comparison between the control algorithm and the remaining, ordered by their
p-value and associated with their level of signiﬁcance α. Both Holm’s and Hochberg’s procedures can be easily visualized by using the
Table 5, and they coincide in the set of hypotheses rejected. Holm’s method accepts the
hypothesis number 2, and therefore it also ac-

cepts the number 1. Hochberg’s procedure
ﬁnds that the hypothesis number 3 is the ﬁrst
which must be rejected, so the number 4 and
5 are also rejected and the two ﬁrst are maintained as accepted.
For a level of signiﬁcance of α = 0.05 and
α = 0.10, the three post-hoc tests used obtain the same result. They state that the
HIDER algorithm outperforms Pitts-GIRLA,
XCS and GASSIST-Intervalar. However, the
power of Hochberg’s or Holm’s method has
been pointed out as better than BonferroniDunn’s one. On the other hand, it is very
interesting to know the exact p-value associated with each hypothesis for which it can be
rejected. In the following, we will describe the
method for computing these exact p-values for
each test procedure, which are called “adjusted
p-values” [17].
• The adjusted p-value for BonferroniDunn’s test (also known as the Bonferroni correction) is calculated by pBonf =
(k − 1)pi .
• The adjusted p-value for Holm’s procedure is computed by pHolm = (k − i)pi .
Once computed all of them for all hypotheses, it is not possible to ﬁnd an adjusted p-value for the hypothesis i lower
than for the hypothesis j, j < i. In this
case, the adjusted p-value for hypothesis
i is set equal to the associated to the hypothesis j.
• The adjusted p-value for Hochberg’s
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Table 5: Holm/Hochberg Table (HIDER is the control algorithm)
i
5
4
3
2
1

algorithm
Pitts-GIRLA
XCS
GASSIST-Intervalar
SIA
GASSIST-ADI

z
4.748
3.940
3.232
1.616
1.616

p
2.057 · 10−6
8.162 · 10−5
0.00123
0.10604
0.10604

method is computed with the same formula as Holm’s, and the same restriction
is applied in the process, but in the opposite sense, that is, it is not possible to
ﬁnd an adjusted p-value for the hypothesis i lower than for the hypothesis j, j > i.
Table 6 shows all the adjusted p-values for
each comparison that involves the control algorithm. Obviously, the procedure that needs
the lowest level of conﬁdence α for stating that
HIDER algorithm is signiﬁcantly better than
the rest of methods is Hochberg’s procedure,
with a minimal α = 0.10604.
In Section 3.2 we computed the p-value controlling the FWER with Wilcoxon’s test, by
using HIDER as control algorithm and under
the consideration of comparing it with the remaining methods. The result obtained was
p = 0.339.
In this case, Holm’s and Hochberg’s procedures are able to distinguish the HIDER algorithm as the best performing with a lower
p-value, indicating that they are powerful
tests in a multiple comparisons environment.
Hochberg’s method behaves the best.

5

Conclusions

In this contribution we have studied the use
of statistical techniques in the analysis of the
behaviour of Genetic Based Machine Learning
algorithms in classiﬁcation problems, analyzing the use of non-parametric statistical tests.
We have shown how to use Friedman,
Iman-Davenport, Bonferroni-Dunn, Holm,
Hochberg, and Wilcoxon’s tests; which on the
whole, are a good tool for the analysis of algorithms’ performance. We have employed these
procedures to carry out a comparison in a case
study composed by an experimentation that

α/i, α = 0.05
0.01000
0.01250
0.01667
0.02500
0.05000

α/i, α = 0.10
0.02000
0.02500
0.03333
0.05000
0.10000

involves several data sets and 6 well-known
GBML algorithms.
As main conclusion on the use of nonparametric statistical methods for analyzing
results, we emphasize the use of the most
appropriate test depending on the circumstances and type of comparison and we recommend using two of the most powerful statistical techniques for multiple comparisons, such
as Holm’s and Hochberg’s.

Acknowledgments
This research has been supported by the
project TIN2005-08386-C05-01.

References
[1] Aguilar-Ruiz, S., Giraldez, R., Riquelme
J.C., Natural Encoding for Evolutionary
Supervised Learning, IEEE Transactions
on Evolutionary Computation, In press.
[2] Bacardit, J., Garrell, J.M., Analysis and
Improvements of the Adaptive Discretization Intervals Knowledge Representation,
in Genetic and Evolutionary Computation
Conference (GECCO 2004), LNCS 3103,
2004, pp. 726-738.
[3] Bacardit, J., Garrell, J.M., Bloat control and generalization pressure using the
minimum description length principle for
a Pittsburgh approach Learning Classiﬁer System, in Advances at the frontier of
Learning Classiﬁer Systems, LNCS 4339,
2007, pp.61-80.
[4] Bernadó-Mansilla, E., Ho., T.K., Domain
of competence of XCS classiﬁer system
in complexity measurement space, IEEE

104

II Congreso Español de Informática

Table 6: Adjusted p-values by comparing HIDER with the remaining algorithms
i
1
2
3
4
5

algorithm
Pitts-GIRLA
XCS
GASSIST-Intervalar
SIA
GASSIST-ADI

unadjusted p
2.057 · 10−6
8.162 · 10−5
0.00123
0.10604
0.10604

Transactions on Evolutionary Computation, Vol. 9, No. 1, 2005, pp. 82-104.
[5] Butz, M.V., Kovacs, T., Lanzi, P.L., Wilson S.W., Toward a theory of generalization and learning in XCS, IEEE Transactions on Evolutionary Computation, Vol. 8,
No. 1, 2004, pp. 28-46.
[6] Corcoran, A.L., Sen, S., Using real-valued
genetic algorithms to evolve rule sets for
classiﬁcation, in IEEE Conference on Evolutionary Computation, 1994, pp.120-124.
[7] Demšar, J., Statistical Comparisons of
Classiﬁers over Multiple Data Sets, Journal of Machine Learning Research, Vol. 7,
2006, pp. 1-30.
[8] Giráldez, R., Aguilar-Ruiz, J.S, Feature inﬂuence for evolutionary learning, in Genetic and Evolutionary Computation Conference (GECCO 2005), 2005, pp.11391145.

pBonf
1.029 · 10−5
4.081 · 10−4
0.00615
0.5302
0.5302

pHolm
1.029 · 10−5
3.265 · 10−4
0.00369
0.21208
0.21208

pHoch
1.029 · 10−5
3.265 · 10−4
0.00369
0.10604
0.10604

[12] Markatou, M., Tian, H., Biswas, S.,
Hripcsak, G., Analysis of Variance of
Cross-Validation Estimators of the Generalization Error, Journal of Machine Learning Research, Vol. 6, 2005, pp. 1127-1168.
[13] Sheskin, D.J., Handbook of Parametric
and Nonparametric Statistical Procedures.
CRC Press. 2003.
[14] Tan, K.C., Yu, Q., Ang, J.H., A coevolutionary algorithm for rules discovery in
data mining, International Journal of Systems Science, Vol. 37, No. 12, 2006, pp.
835-864.
[15] Venturini, G., SIA: a Supervised Inductive Algorithm with Genetic Search for
Learning Attributes based Concepts, in
Machine Learning ECML-93, LNAI 667,
1993, pp.280-296.

[9] Hochberg, Y., A sharper Bonferroni procedure for multiple tests of signiﬁcance,
Biometrika, Vol. 75, 1998, pp. 811-818.

[16] Wilson, S.W., Classiﬁer Fitness Based on
Accuracy, Evolutionary Computation, Vol.
3, No. 2, 1995, pp. 149-175.

[10] Holm, S., A simple sequentially rejective multiple test procedure, Scandinavian
Journal of Statistics, Vol. 6, 1979, pp. 6570.

[17] Wright, S.P., Adjusted P-Values for Simultaneous Inference, Biometrics, Vol. 48,
1992, pp. 1005-1013.

[11] Iman, R.L., Davenport, J.M., Approximations of the critical region of the Friedman statistic, Communications in Statistics, Vol. 18, 1980, pp. 571-595.

[18] Zar, J.H., Biostatistical Analysis. Prentice Hall. 1999.

vi

II Congreso Español de Informática

Statistical Comparisons by Means of Non-Parametric Tests: A Case Study on
Genetic Based Machine Learning .................................................................................. 95
Salvador García, Francisco Herrera, Alberto Fernández, Universidad de Granada
Alicia D. Benítez, Universidad de Huelva

Mining the True Structure of Software ........................................................................ 105
Fernando Berzal, Juan-Carlos Cubero, Aída Jiménez, Universidad de Granada

Método Basado en Redes Neuronales Wavelet para Eliminar Ruido en
Espectros Estelares....................................................................................................... 115
Hugo Adrián García Elías, José Federico Ramírez Cruz, Instituto Tecnológico de Apizaco,
(México)

InterClus: Clustering basado en la Vecindad de la Interacción Gen-Gen.................... 121
Norberto Díaz-Díaz, Jorge García, Universidad de Sevilla
Jesús S. Aguilar-Ruiz, Universidad Pablo de Olavide

Pseudobagging: Improving class discovery by adapting bagging techniques to
clustering algorithms.................................................................................................... 131
Karina Gibert, Luís Oliva, Miquel Sànchez-Marré, Universitat Politècnica de Catalunya
Isaac Pinyol, Universitat Autónoma de Barcelona

Hacia la Ingeniería de Data Mining: Un modelo de proceso para el desarrollo
de proyectos ................................................................................................................. 139
Gonzalo Mariscal, Óscar Marbán, Ángel L. González, Javier Segovia, Universidad Politécnica
de Madrid

Clasificación Morfológica de Galaxias Mediante Métodos de Reducción de
Dimensionalidad y Ensamble de Clasificadores.......................................................... 149
Hugo Adrián García Elías, Óscar Flores Conde, Instituto Tecnológico de Apizaco, (México)

The role of the Boxplot based Discretization in the conceptual interpretation of
a hierarchical cluster .................................................................................................... 157
Karina Gibert, Alejandra Pérez-Bonilla, Universitat Politècnica de Catalunya

MD para la predicción de los niveles de ozono troposférico ....................................... 167
Joaquín Ordieres, Fernando Alba Elías, Francisco J. Martínez de Pisón, Universidad de la Rioja
Ana González Marcos, Universidad de León

Minería de datos aplicada a un sistema de modelización híbrido................................ 177
J.M. Cadenas, M.C. Garrido, E. Muñoz, E. Serrano, Universidad de Murcia

El paquete AMORE para el entrenamiento de redes neuronales ................................. 195
Joaquín Ordieres, Fernando Alba Elías, Francisco J. Martínez de Pisón, Universidad de la Rioja
Manuel Castejon Limas, Universidad de León

On combining Learning Vector Quantization and the Bayesian classifiers for
natural textured images ................................................................................................ 195
María Guijarro, Gonzalo Pajares, Universidad Complutense de Madrid
Raquel Abreu, Universidad Nacional Educación a Distancia

Actas del
IV Taller de Minería de Datos y Aprendizaje
[TAMIDA 2007]
Editores
Francisco J. Ferrer-Troyano
Alicia Troncoso
José C. Riquelme
Taller organizado por
Red Española de Minería de Datos y Aprendizaje
Entidades colaboradoras

Proyecto TIN 2006-27675-E

ACTAS DEL IV TALLER DE MINERÍA DE DATOS Y APRENDIZAJE (TAMIDA 2007)
No está permitida la reproducción total o parcial de este libro, ni su tratamiento informático, ni la
transmisión de ninguna forma o por cualquier otro medio, ya sea electrónico, mecánico, por
fotocopia, por registro u otros medios, sin el permiso previo y por escrito de los titulares del
Copyright.
Derechos reservados ©2007 respecto a la primera edición en español, por LOS AUTORES
Derechos reservados ©2007International Thomson Editores Spain, S.A.
Magallanes, 25; 28015 Madrid (ESPAÑA)
Teléfono 91 4463350
Fax: 91 4456218
clientes@paraninfo.es
ISBN: 978-84-9732-602-5
Depósito legal: MMaquetación: Los Autores
Coordinación del proyecto: @LIBROTEX
Portada: Estudio Dixi
Impresión y encuademación: FER Fotocomposición, S. A.
IMPRESO EN ESPAÑA-PRINTED IN SPAIN

