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Abstract. While in traditional classification an instance of the data
set is only associated with one class, in multi-label classification this in-
stance can be associated with more than one class or label. Examples
of applications in this growing area are text categorization, functional
genomics and association of semantic information to audio or video con-
tent. One way to address these applications is the Problem Transfor-
mation methodology that transforms the multi-label problem into one
single-label classification problem, in order to apply traditional classifi-
cation methods. The aim of this contribution is to test the performance of
CO?RBFN, a cooperative-competitive evolutionary model for the design
of RBFNs, in a multi-label environment, using the problem transfor-
mation methodology. The results obtained by CO?RBFN, and by other
classical data mining methods, show that no algorithm outperforms the
other on all the data.

Keywords: Multi-label Classification, RBFNs, Problem Transforma-
tion.

1 Introduction

Recently, applications where an instance of the data set is associated with several
labels or classes have been growing. For example in text categorization, each
document can be classified as belonging to different predefined topics, such as
education and health, a movie may belong to the classes action and thriller, or
a song can be categorized as rock and pop. These data sets are called multi-label
data sets and the related classification task is called multi-label classification
[113)

The first applications [I1] in this area dealt with text categorization problems
but other examples are: functional genomics, semantic association of images,
scene classification, medical diagnosis or directed marketing.

The different approaches that address multi-label classification can be catego-
rized into two groups: Problem Transformation and Algorithm Adaptation. The
first group of algorithms transforms the multi-label problem into one single-label
classification problem. In the second group, classical algorithms are adapted to
handle multi-label data directly.
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Radial Basis Function Networks (RBFNs) are one of the most important
Artificial Neural Network (ANN) paradigms in the machine learning field. An
RBFN is a feed-forward ANN with a single layer of hidden units, called radial
basis functions (RBFs) [I]. The overall efficiency of RBFNs has been proved in
many areas [2] like pattern classification, function approximation and time series
prediction.

An important paradigm for RBFN design is Evolutionary Computation [6].
There are different proposals in this area with different scheme representa-
tions: Pittsburgh [8], where each individual is a whole RBFN, and cooperative-
competitive [12], where an individual represents a single RBF.

Authors have developed an algorithm for the cooperative-competitive design
of Radial Basis Functions Networks, CO?RBFN [10], that has been successfully
used in classical and imbalanced classification.

The purpose of the present paper is to test CO?RBFN in multi-label classifi-
cation, exploring this field. For this initial approach and based on the first group
of techniques mentioned, multi-label data sets are transformed into single-label
data sets. The results obtained are compared with other traditional techniques
in data mining.

The text is organized as follows. In Section 2, multi-label classification and
the solutions provided for it in the specialized bibliography are described. The
cooperative-competitive evolutionary model for the design of RBFNs applied to
classification problems, CO?RBFN, is described in Section 3. The analysis of the
experiments and the conclusions are shown in Sections 4 and 5.

2 Multi-label Classification

Classification is one of the most important applications of data mining. In a
classification environment, a mapping from an input space X" to a finite set of
classes L with L = {ly, 2, ...,l; }, must be established. Considering a training set
D with p patterns or instances:

D = {(xy,lu)|zy € X"l € Liu=1,...,p} (1)

where x,, is the feature vector and I, is the class it belongs to. When |L| = 2
the classifier is binary. If |L| > 2 a multi-class classifier is needed. In any case,
each instance is only associated with one of the classes.

However, there is an important number of problems where each instance can
be simultaneously associated with a subset of classes or labels Y C L. These
problems are known as multi-label classification problems. Even binary classifi-
cation and multi-class classification can be seen as special cases of multi-label
problems where the number of labels assigned to each instance is 1.

As mentioned previously, there are two main ways to address multi-label clas-
sification problems [I1]: Problem Transformation and Algorithm Adaptation ap-
proaches. With the problem transformation (algorithm independent) method,
the original problem is transformed into a set of single-label problems. The most
popular of these transformations are:
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— Label powerset (LP): This method considers as a single label the subset of la-
bels associated with each instance of the data set. Drawbacks of this method
include the fact that the data set obtained can contain a large number of
classes, and some of these classes can be associated with a limited number
of examples.

— Binary relevance (BR): This method, based on the one-against-all tech-
niques, creates a new data set for each label of the original data set. Thus,
for example, in the i — th data set, each instance associated with the label 4
is labelled as positive and the other instances are labelled as negative. As a
drawback, this method may not be capable of handling correlations between
labels.

Despite their possible drawbacks, BR and LP can achieve reasonably good
results and we will use them in our experimentation.

On the other hand, algorithm adaptation approaches modify existing algo-
rithms to manage multi-label data. For example, ML-kNN [15], a modification
of the well-known kNN algorithm, uses prior and posterior probabilities for the
frequency of labels within the k nearest neighbours, in order to determine the
label set of a test instance. In [4] the C4.5 algorithm was adapted by modifying
the calculation of its formula of entropy in order to manage multi-label data.
BP-MLL [16] introduces a new error function, in the Back-propagation algo-
rithm, in order to take into account multiple labels. A modification of the SVM
algorithm that minimizes the ranking loss measure is proposed in [5]. ML-RBF
[14] uses a clustering-based analysis for each label in order to place the neurons
of the net, and there is an output in the RBFN for each label.

3 CO2?RBFN: An Evolutionary Cooperative-Competitive
Hybrid Algorithm for RBFN Design

CO?RBFN [10] is an evolutionary cooperative-competitive hybrid algorithm for
the design of RBFNs. In this algorithm each individual of the population repre-
sents, with a real representation, an RBF and the entire population is responsible
for the final solution.

The individuals cooperate towards a definitive solution, but they must also
compete for survival. In this environment, in which the solution depends on the
behaviour of many components, the fitness of each individual is known as credit
assignment.

In order to measure the credit assignment of an individual, three factors have
been proposed: the RBF contribution to the network output, the error in the
basis function radius, and the degree of overlapping among RBFs.

The application of the operators is determined by a Fuzzy Rule-Based System.
The inputs of this system are the three parameters used for credit assignment
and the outputs are the operators’ application probability.

The main steps of CO?2RBFN, explained in the following subsections, are
shown in the pseudocode, in Algorithm [l For a wider explanation of the algo-
rithm see reference [10].
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Algorithm 1. Main steps of CO?RBFN

~NOo O W -

Initialize RBFN

Train RBFN

Evaluate RBFs

Apply operators to RBFs

Substitute the eliminated RBFs

Select the best RBFs

If the stop condition is not verified go to step 2

RBFN initialization. To define the initial network a specified number m of
neurons (i.e. the size of population) is considered. The center of each RBF is
randomly allocated to a different pattern of the training set. The RBF widths,
d;, will be set to half the average distance between the centres. Finally, the RBF
weights, w;;, are set to zero.

RBFN training. The Least Mean Square algorithm [I3] is used to calculate
the RBF weights.

RBF evaluation. A credit assignment mechanism is required in order to eval-
uate the role of each RBF ¢; in the cooperative-competitive environment. For
an RBF, three parameters, a; ,e; ,0; are defined:

— The contribution, a;, of the RBF ¢;, is determined by considering the weight,

w;, and the number of patterns of the training set inside its width, pi;:

_ |w| if pii>q
@i= { |w;| * (pi;/q) otherwise (2)
where q is the average of the pi; values minus the standard deviation of the
pi; values.
The error measure, e;, for each RBF ¢;, is obtained by counting the wrongly
classified patterns inside its radius:
pibc;

€;, = . (3)

b

where pibc; and pi; are the number of wrongly classified patterns and the
number of all patterns inside the RBF width respectively.

The overlapping of the RBF ¢; and the other RBFs is quantified by using
the parameter o;. This parameter is computed by taking into account the
fitness sharing methodology [6], whose aim is to maintain the diversity in
the population.

Applying operators to RBFs. In CO2RBFN four operators have been defined
in order to be applied to the RBF's:

— Operator Remove: eliminates an RBF.
— Operator Random Mutation: modifies the centre and width of an RBF in a

random quantity.
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— Operator Biased Mutation: modifies, using local information, the RBF trying
to locate it in the centre of the cluster of the represented class.
— Operator Null: in this case all the parameters of the RBF are maintained.

The operators are applied to the whole population of RBFs. The probability
for choosing an operator is determined by means of a Mandani-type fuzzy rule
based system [9] which represents expert knowledge about the operator applica-
tion in order to obtain a simple and accurate RBFN. The inputs of this system
are parameters a;, e; and o; used for defining the credit assignment of the RBF
¢;. These inputs are considered as linguistic variables va;, ve; and vo;. The out-
Puts, Premoves Prms Pom and Pnyuir, represent the probability of applying Remove,
Random Mutation, Biased Mutation and Null operators, respectively. Table [l
shows the rule base used to relate the antecedents and consequents described.

Table 1. Fuzzy rule base representing expert knowledge in the design of RBFNs

Antecedents Consequents Antecedents Consequents

Va Ve Vo |p7'emove Prm Pbm Pnull Va Ve Vo |p7'emove Prm Pbm Pnull
R1 L M-H M-H L L R6 H M-H M-H L L
R2 M M-L M-H M-L M-L. R7 L L M-H M-H M-H
R3 H L M-H M-H M-H RS M| M-L M-H M-L M-L
R4 L L M-H M-H M-H R9 H| M-H M-H L L

R5 M M-L M-H M-L M-L

Introduction of new RBFs. In this step, the eliminated RBF's are substituted
by new RBFs. The new RBF is located in the centre of the area with maximum
error or in a randomly chosen pattern with a probability of 0.5 respectively.

Replacement strategy. The replacement scheme determines which new RBF's
(obtained before the mutation) will be included in the new population. To do
so, the role of the mutated RBF in the net is compared with the original one
to determine the RBF with the best behaviour in order to include it in the
population.

4 Experimentation

The objective of this paper is to test our present evolutionary cooperative-
competitive algorithm for RBFN design, CO2RBFN, in the new multi-label
classification field while taking into account other typical data mining meth-
ods. With the conclusions obtained we can draw lines for future development.

With this purpose in mind, we have used the multi-label data mining software
and repository Mulan (http://mulan.sourceforge.net/index.html). In this site
you can find different multi-label methods, tools and data sets as well as the
possibility of using classical Weka learning methods [7].
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In order to test CO?2RBFN the data sets Emotions and Scene have been
chosen. In Emotions a piece of music must be classified in more than one class
and in Scene an image may belong to multiple semantic classes. Emotions has
593 instances, 72 numeric attributes and 6 labels. Scene has 2407 instances, 294
numeric attributes and 6 labels. As a first conclusion the high dimensionality of
the multi-label data sets must be highlighted.

Typical data-mining methods have been chosen for comparisons, specifically:
C4.5, KNN, Naive Bayes, MLLP, PART, RBFN and SVM. Their implementations
and references can be found in Weka [7]. These methods have been run with the
parameters recommended by their authors. For CO?RBFN the iterations of the
main loop have been established to 100 and the number of neurons in the range
between 10 and 20. These parameter values have been heuristically chosen.

To run CO?RBFN and the other classical data mining techniques with the
above data sets, we use the problem transformation methodology and concretely
the popular Binary Relevance and Label Powerset techniques. In this way, both
Emotions and Scene have been transformed with BR and LP.

General experimentation parameters, set up in MULAN, are ten-fold cross
validation (90% for training data set, 10% for test data set) and three repetitions
for obtaining the means values of the tables of test results. The measures used
in the results are the ones returned by Mulan software and are described in [I1].
For the measure Hamming Loss the lower the value the better, and for the other
the higher the value, the better. The best result appears in bold.

In Table [2] the average test results for BR transformation and the two data
sets are shown. Table Bl shows the results for the LP transformation.

Table 2. Average test results with Binary Relevance transformation

Data set Emotion
C4.5 CO’RBFN KNN MLP Naive Bayes PART RBFN SVM

Hamming Loss 0.247 0.204 0.235 0.215 0.252 0.257 0.229 0.244
Subset Accuracy 0.184 0.270 0.268 0.270  0.206 0.157 0.213 0.180
Example-Based Recall ~ 0.599  0.612  0.626 0.646 0.773  0.614 0.630 0.441
Example-Based Accuracy 0.462  0.514  0.514 0.525 0.529 0.456 0.494 0.391

Data set Scene
C4.5 CO’RBFN KNN MLP Naive Bayes PART RBFN SVM
Hamming Loss 0.137 0.141 0.111 0.100 0.242 0.119 0.139 0.126
Subset Accuracy 0.427 0.365 0.629 0.566 0.169 0.477 0.369 0.306

Example-Based Recall ~ 0.634  0.457 0.693 0.706 0.858 0.668 0.484 0.325
Example-Based Accuracy 0.535  0.419  0.674 0.647 0.453 0.578 0.437 0.323

As can be observed, from the tables of results there is no one a method that
outperforms the others, neither for BR transformation nor for the LP trans-
formation. CO2RBFN achieves its best results for the Emotions data set (in-
dependently of the transformation used), outperforming the other methods in
four measures. For the BR transformation of Scene, CO?RBFN achieves results
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Table 3. Average test results with Label Powerset transformation

Data set Emotions
C4.5 CO?’RBFN KNN MLP Naive Bayes PART RBFN SVM

Hamming Loss 0.277  0.243 0.235 0.234 0.233 0.293 0.217 0.281
Subset Accuracy 0.207 0.301 0.268 0.278 0.268 0.209 0.298 0.271
Example-Based Recall 0.541 0.653 0.626 0.630 0.630 0.526 0.647 0.595
Example-Based Accuracy 0.438  0.522  0.514 0.518 0.512 0.424 0.542 0.473

Data set Scene
C4.5 CO?’RBFN KNN MLP Naive Bayes PART RBFN SVM
Hamming Loss 0.144 0.186 0.111 0.114 0.137 0.139 0.116 0.095
Subset Accuracy 0.547  0.427  0.629 0.641 0.537 0.563 0.621 0.688

Example-Based Recall ~ 0.609  0.454  0.693 0.701 0.678 0.626 0.677 0.720
Example-Based Accuracy 0.589  0.454  0.674 0.684 0.615 0.605 0.662 0.720

similar to other methods. The worst results for CO?RBFN are for the LP trans-
formation of Scene. It must be highlighted the right accuracy achieved by the
other RBFN design method and therefore the good behaviour of the RBFN
models in multi-label classification tasks. In any case, CO?RBFN is the method
with more best results (bold) in individual measures, along with SVM.

In summary, when transformations are applied to multi-label data sets in
order to solve the associated classification problem, no algorithm outperforms
the other on all the data.

5 Conclusions

In many real classification data sets, instances can be associated to more than one
class. These data sets are called multi-label data sets. Examples of related appli-
cations are text categorization and association of semantic information to audio
or video content. We can distinguish two ways to solve a multi-label problem:
Problem Transformation and Algorithm Adaptation. With the first approach
the original data set is transformed into single-label data-sets in order to apply
traditional classification methods. The other method involves adapting classical
algorithms in order to manage multi-label data.

In this paper a first approach to multi-label classification, CO?RBFN, a
cooperative-competitive evolutionary model for the design of RBFNSs, is tested
with multi-label data sets. The results of CO?2RBFN, and other data mining
methods chosen for comparison, show that no algorithm outperforms the other
on all the data. This behaviour may be due to the drawbacks described for trans-
formation problem methods or to the intrinsic characteristics of the multi-label
data sets.

As a future line of research we propose an in-deep analysis of the multi-label
problem in order to carry out our developments, taking into account characteris-
tics such as high dimensionality, correlations among labels and the interpretabil-
ity of the results obtained.



48

A.J. Rivera et al.

Acknowledgments. Supported by the Spanish Ministry of Science and Tech-
nology under the Project TIN2008-06681-C06-02, FEDER founds, and the An-
dalusian Research Plan TIC-3928.

References

10.

11.

12.

13.

14.

15.

16.

Broomhead, D., Lowe, D.: Multivariable functional interpolation and adaptive net-
works. Complex Systems 2, 321-355 (1988)

Buchtala, O., Klimek, M., Sick, B.: Evolutionary optimization of radial basis func-
tion classifiers for data mining applications. IEEE Transactions on System, Man
and Cybernetics B 35(5), 928-947 (2005)

Carvalho, A.C.P.L.F., Freitas, A.A.: Foundations of Computational Intelligence. In:
Abraham, A., Hassanien, A.-E., Snésel, V. (eds.) Foundations of Computational
Intelligence Volume 5. SCI, vol. 205, pp. 177-195. Springer, Heidelberg (2009)
Clare, A., King, R.: Knowledge discovery in multi-label phenotype data. In: Siebes,
A., De Raedt, L. (eds.) PKDD 2001. LNCS (LNAI), vol. 2168, pp. 42-53. Springer,
Heidelberg (2001)

Elisseeff, A., Weston, J.: A kernel method for multi-labelled classification. Advances
in Neural Information Processing Systems 14 (2002)

Goldberg, D.: Genetic Algorithms in Search, Optimization and Machine Learning.
Addison-Wesley, Reading (1989)

Hall, M., Frank, E., Holmes, G., Pfahringer, B., Reutemann, P., Witten, I.H.: The
weka data mining software: An update. SIGKDD Explorations 11(1) (2009)
Harpham, C., Dawson, C.W., Brown, M.R.: A review of genetic algorithms applied
to training radial basis function networks. Neural Computing and Applications 13,
193-201 (2004)

Mandani, E., Assilian, S.: An experiment in linguistic synthesis with a fuzzy logic
controller. International Journal of Man-Machine Studies 7(1), 1-13 (1975)
Pérez-Godoy, M.D., Rivera, A.J., del Jesus, M.J., Berlanga, F.J.. CO?RBFN:
An evolutionary cooperative-competitive RBFN design algorithm for classification
problems. Soft Computing 14(9), 953-971 (2010)

Tsoumakas, G., Katakis, I., Vlahavas, I.: Mining Multi-label Data. In: Data Mining
and Knowledge Discovery Handbook, 2nd edn., pp. 667-668. Springer, Heidelberg
(2010)

Whitehead, B., Choate, T.: Cooperative-competitive genetic evolution of radial
basis function centers and widths for time series prediction. IEEE Transactions on
Neural Networks 7(4), 869-880 (1996)

Widrow, B., Lehr, M.A.: 30 years of adaptive neural networks: perceptron, mada-
line and backpropagation. Proceedings of the IEEE 78(9), 1415-1442 (1990)
Zhang, M.L.: Ml-rbf: Rbf neural networks for multi-label learning. Neural Process-
ing Letters 29(2), 61-74 (2009)

Zhang, M.L., Zhou, Z.H.: Ml-knn: A lazy learning approach to multi-label learning.
Pattern Recognition 40, 2038-2048 (2007)

Zhang, Y., Burer, S., Street, W.N.: Ensemble pruning via semi-definite program-
ming. Journal of Machine Learning Research 7, 1315-1338 (2006)



	Multi-label Testing for CO2RBFN: A First Approach to the Problem Transformation Methodology for Multi-label Classification
	Introduction
	Multi-label Classification
	CO2RBFN: An Evolutionary Cooperative-Competitive Hybrid Algorithm for RBFN Design
	Experimentation
	Conclusions



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile (Color Management Off)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 290
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 290
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.03333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 800
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2400
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


