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Abstract. Cluster ensemble is a promising technique for improving the
clustering results. An alternative to generate the cluster ensemble is to
use different representations of the data and different similarity measures
between objects. This way, it is produced a cluster ensemble conformed
by heterogeneous partitions obtained with different point of views of the
faced problem. This diversity enhances the cluster ensemble but, it re-
stricts the combination process since it makes difficult the use of the
original data. In this paper, in order to solve these limitations, we pro-
pose a unified representation of the objects taking into account the whole
information in the cluster ensemble. This representation allows working
with the original data of the problem regardless of the used generation
mechanism. Also, this new representation is embedded in the WKF [1]
algorithm making a more robust cluster ensemble method. Experimental
results with numerical, categorical and mixed datasets show the accuracy
of the proposed method.

Keywords: Cluster ensemble, object representation, similarity measure,
co-association matrix.

1 Introduction

Cluster ensemble has emerged as a good alternative to improve the quality of
clustering results. Traditionally, given a set of objects, a cluster ensemble method
consists in two principal steps: Generation, which is about the conformation
of a set of partitions of these objects, and Consensus Function, where a new
partition which is the integration of all partitions obtained in the generation
step, is computed.

In the generation step, different representations of the objects can be used
or the same representation with different similarity (dissimilarity) measures to
obtain each partition in the cluster ensemble. Then, if it is necessary to work with
the original data after the generation step, we have to deal with the following
questions: Which representation of the objects should be used? Which similarity
(dissimilarity) measure should be applied?

To the best of the authors knowledge, these questions have not been boarded
before. Taking into account these situations, and giving them an adequate treat-
ment, we can improve the quality of the clustering ensemble algorithms and
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enlarge their scope. Then, the main goal of this paper is to give an answer to
these questions. In order to do that, we present a new way of representing the
objects unifying the information in all partitions in the cluster ensemble. This
representation is based on a new similarity matrix, which is obtained from the
co-association of the objects in the clusters of the set of partitions, but taking
into account more information than the traditional co-association matrix [2] and
therefore expressing better the relationship between objects. By using this new
representation of the objects can be applied, for example, any distance function
and compute centroids in this new representation space, even when the original
data are mixed (composed by numerical and non-numerical attributes).

This paper is organized as follows: In section 2 some related works are pre-
sented, highlighting the method proposed in [1] called WKF, as well as the mo-
tivation and problem description are outlined. Section 3 introduces our proposal
and presents a modification of the WKF method with our new object represen-
tation embedded in the steps of this method. Experimental results are discussed
in Section 4 and finally in Section 5 are the conclusions of our research.

2 Problem Discussion

We will denote X = {x1, x2, . . . , xn} the set of objects, where each object is
a tuple of some d−dimensional feature space Ωd. P= {P1, P2, . . . , Pm} is a set
of partitions, where each Pi =

{
C1

i , C2
i , . . . , Cki

i

}
is a partition of the set of

objects X , and Cj
i is the jth cluster of the ith partition, for all i = 1, . . . , m.

The goal of clustering ensemble methods is to find a partition P ∗, which better
represents the properties of each partition in P.

Several clustering ensemble methods have been proposed in the literature, e.g.
Co-association methods [2] and Hyper-Graph methods [3]. In these methods, it
is not necessary to work with the original data after the generation step, i.e.,
once the set of partitions P is obtained, all the operations to obtain the consensus
partition P ∗ are achieved taking into account only the partitions in P.

For example, the co-association methods firstly compute the co-association
matrix C, where each cell has the following value:

Cij =
1
m

m∑
k=1

δ (Pk (xi) , Pk(xj)) (1)

Pk (xi) represents the associate label of the object xi in the partition Pk, and
δ (a, b) is 1, if a = b, and 0 otherwise. Then, the value in each position (i, j)
of this matrix is a measure about how many times the objects xi and xj are
in the same cluster for all partitions in P. Using the co-association matrix C as
the similarity measure between objects, the consensus partition is obtained by
applying a clustering algorithm.

The Hyper-graph methods start by representing each partition in the cluster
ensemble with a hyper-edge. Then, the problem is reduced into a hyper-graph
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partitioning problem. Three efficient heuristics CSPA, HGPA and MLCA are
presented in [3].

However, the set of objects X and their similarity (dissimilarity) values are
additional information that, if it is well-used, the combination results can be
improved. In other words, more complex methods that make use of this infor-
mation in order to achieve better results can be developed. This is the case of
the WKF method [1].

The WKF method uses the set of objects X and their similarities in an inter-
mediate step, between the generation and the consensus function called Qualita-
tive Analysis of the Cluster Ensemble (QACE). In this new step, it is estimated
the relevance of each partition for the cluster ensemble.

The idea is to assign a weight to each partition that represents how relevant
it is in the cluster ensemble. In this step, partitions which represent noise for
the cluster ensemble are detected, and its effect in the consensus partition is
minimized. The impact of this step in the final consensus partition is meaningful,
since by using the information obtained in this step, a fairer combination process
is achieved. In [1] the QACE step is performed by applying different cluster
validity indexes, where each one of them measures the fulfillment of a particular
property, e.g., compactness, separability, connectivity. Thus, to a partition that
behaves very different to the rest of the partitions with respect to this properties,
it is assigned a small weight, because it is probably a noisy partition obtained
by a not appropriate generation mechanism. Otherwise, if a partition has an
average behavior, it will have a higher weight assigned.

The consensus partition in the WKF method is computed by using a consen-
sus function able to work with the weights computed in the QACE step. For
this, each partition is represented by a graph. Furthermore, to obtain an exact
representation of the consensus into a Hilbert Space, a kernel function is used as
the similarity measure. Finally, an efficient stochastic search strategy is applied
to obtain the final consensus partition.

Despite of the advantages that the QACE step offers, it has the limitation
that the similarity between the objects must be computed on the original data
X. This may cause the appearance of some problems such as:

1. The partitions could be created by using different representations of the data,
either by completely different representations given by different modelings
of the problem, or the same representation, but using different subset of
features to obtain the partitions. Then, which representation of the data
should be used in the QACE step?

2. Besides, the partitions in the cluster ensemble could be obtained by using
different similarity (dissimilarity) measures but, which one should be used in
the QACE step? We would possibly also need to compute a distance between
objects in this step but, what can be done if we have not a distance defined
for our set of objects?

These problems are more complicated when the original data is mixed, because it
is difficult to apply cluster validity indexes to the partitions since it is difficult to
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embed the set of objects into a metric space. In this paper, we propose a solution
for these questions and it is incorporated in the steps of the WKF algorithm.

3 Generalized WKF

Firstly, we say that the fact that two objects belong to the same cluster in a
partition does not contribute with the same information for every partitions in
the cluster ensemble. For that reason, we will define the co-association signifi-
cance of two objects xi and xj that belong to the same cluster in some partition
P ∈ P. To compute this significance, we will take three factors into account:
the number of elements in the cluster to which xi and xj belong, the number of
clusters in the partition analyzed and the similarity (dissimilarity) of this objects
by using the same proximity measure used to conform the partition P . Then, we
say that two objects xi and xj , grouped in a cluster C of some partition P ∈ P,
which was obtained using the similarity measure ΓP , have a high co-association
significance if the following conditions are satisfied:

1. |C| is small (|C| is the number of elements in the cluster C)
2. |P | is large (|P | is the number of clusters in P )
3. ΓP (xi, xj) is large.

If the partition P was obtained by using a dissimilarity measure dP , we can easily
obtain an equivalent similarity measure ΓP by ΓP = 1

dP +1 . Then from now on,
we assume that the clustering algorithm applied to generate the partition P used
the similarity measure ΓP . Formally, we can define the co-association significance
as:

Definition 1. Given two objects xi, xj and a partition P , we define the co-
association significance of these objects in the partition P as:

CSP (xi, xj) =

{
|P |
|C| · ΓP (xi, xj), if ∃C ∈ P, such that xi ∈ C, xj ∈ C;
0, otherwise

which represents the significance that two objects xi and xj had been grouped
together in the same cluster or not, in the partition P .

Taking into account the co-association significance of each pair of objects in
X , in all partition in P, it is conformed the Weighted Co-Association Matrix
denoted by WC, where the (i, j) entry of the matrix has the following value:

WCi,j =
m∑

k=1

CSPk(xi, xj) (2)

The WC matrix is more expressive than the traditional co-association matrix
(1), because in the co-association matrix it is only taken into account if the
objects are together or not in the same cluster but, the rest of the information
given by the partition is not considered. Let us see an illustrative example:
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Example 1. Let PX be the set of all possible partitions of the set X . We can
define the order relationship nested in denoted by �, where P � P ′ if and
only if, for all cluster C′ ∈ P ′ there are clusters Ci1 , Ci2 , . . . , Cik

∈ P such
that C′ =

⋃k
j=1 Cij . The hierarchical clustering algorithms, like the Single Link

and Average Link, produce sequences of nested partitions where, if P � P ′

means that the criterion used to obtain P is stronger than the used to obtain
P ′. Then, the fact that a pair of objects belong to the same cluster in P , gives
more information about the likeness of these objects than the fact that they
had been grouped in the same cluster in the partition P ′. Using the traditional
co-association matrix (1) this information can not be extracted. However, by
using the weighted co-association (2) more significance is given to the partition
P since, if P � P ′ implies that |P | ≥ |P ′| and |C| ≤ |C′|. Then |P |

|C| ·ΓP (xi, xj) ≥
|P ′|
|C′| · ΓP ′(xi, xj) because in this case ΓP = ΓP ′ .

Once we have the matrix WC, it can be considered as a new representation
of the objects, where each object xi ∈ X is represented by a vector of R

n,
xi = {WCi,1, WCi,2, . . . , WCi,n}. The representation by dis(similarities) is ex-
tensively studied in [4]. This way, all the information about the possible different
representations and proximity measures, used in the generation step, are sum-
marized in the new representation of the objects. Even, when only one represen-
tation of the set of objects, and only one similarity measure in the generation
step are used, this new representation can give advantages, e.g. when the original
data is mixed. In this case, the new representation as a vector of R

n allows the
use of the mathematical tools for vectorial spaces that have not to be available
for the original data representation.

In [5], a comparison of different cluster ensemble techniques is achieved.
Among other techniques, the co-association matrix (1) is used as a new rep-
resentation of the objects, obtaining the best results. Then, as an alternative,
the new weighted co-association matrix can be used instead of the traditional
co-association matrix in the co-association cluster ensemble methods [2]. The
results should be better since the WC matrix has more information about the
real relationship between the objects in the set of partitions P.

However, the main goal of the construction of the matrix WC is for obtaining
a new representation of the objects that allows to use the WKF method without
any constraint in the generation step.

3.1 Steps of the Generalized WKF Algorithm

In order to embed our object representation into the WKF methodology, it is
necessary to incorporate an intermediate step where the matrix WC is computed
and used as a new representation of the objects. We call the algorithm with this
modification as GWKF and its principal steps are:

1. Given a set of objects X , generate a set of partitions P of these objects, by us-
ing different clustering algorithms, different initialization of the parameters,
even using different representation of the objects, and different similarity
(dissimilarity) measures to obtain each partition.
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2. With the information in P, compute the weighted co-association matrix (2),
and use it as a new representation of the set of objects X .

3. Apply the QACE, where any kind of indexes can be used without taking
into account the original type of data of the problem or the way that the
partitions in the cluster ensemble were generated. The indexes are applied
by using the new data representation and can be used any distance function
(e.g., the Euclidean distance).

4. Compute an associated weight to each partition by using the indexes defined
previously.

5. Apply the consensus function as in [1]. This consensus function automatically
selects the appropriate number of clusters in the consensus partition.

4 Experimental Results

In the experiments, we used 7 datasets from the UCI Machine Learning Repos-
itory [8]. The characteristics of all datasets are given in Table 1. We denote
our method (given by the steps in the previous section) by GWKF. Also, in
order to apply the QACE step, we use three simple indexes [6]: Variance, Con-
nectivity and Dunn Index. Each one of them measures the fulfillment of a spe-
cific property. The Variance is a way to measure the compactness of the clus-
ters in the partition. The Connectivity evaluates the degree of connectedness
of clusters in the partition, by measuring how many neighbors of one object
belong to the same cluster that the object. The Dunn Index is a measure of
the ratio between the smallest inter-cluster distance and the largest intra-cluster
distance.

The three indexes use a distance function defined over the set of objects X .
Then, if it is used the WKF algorithm, these indexes can not be applied to a
dataset for which there is not defined an appropriate distance function. However,
by using the GWKF, we can apply this indexes to any dataset without taking
into account the type of data because, after the generation step the objects are
represented as vectors of R

n by using the Weighted Co-Association Matrix (2).
After that, any distance function can be applied, we use the Euclidean distance.

Table 1. Overview of datasets

Name Type #Inst. #Attrib. #Classes Inst-per-classes

Iris Numerical 150 4 3 50-50-50

Digits Numerical 100 64 10 10-11-11-11-12-5-8-12-9-11

Breast-Cancer Numerical 683 9 2 444-239

Zoo Mixed 101 18 7 41-20-5-13-4-8-10

Auto Mixed 205 26 7 0-3-22-67-54-32-27

Soybeans Categorical 47 21 4 10-10-10-17

Votes Categorical 435 16 2 267-168
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4.1 Analysis of the Experimental Results

Firstly, we show the behavior of our method (GWKF) in numerical datasets
and we compare the results with several clustering ensemble methods (see Table
2). EA-SL and EA-CL are the co-association methods [2] using the Single-Link
and Complete-Link algorithm, CSPA, HPGA and MCLA are the three hyper-
graph methods proposed in [3]. In this experiment, it is generated the cluster
ensemble always using the same representation of the objects, and by applying
the k-Means algorithm 20 times with different parameters initialization. This
experiment shows the good performance of the GWKF method in comparison
with the other cluster ensemble methods and how the final results of the GWKF
method are very close to the results of the WKF method.

Table 2. Clustering error rate of different clustering ensemble methods

Dataset Ens(Ave) EA-SL EA-AL CSPA HPGA MCLA WKF GWKF

Iris 18.1 11.1 11.1 13.3 37.3 11.2 10.6 10.8

Breast-Cancer 3.9 4.0 4.0 17.3 49.9 3.8 3.7 3.7

Digits 27.4 56.6 23.2 18.1 40.7 18.5 22.1 20.6

The WKF method can not be applied if the data is mixed or in the generation
step were used different representations of the objects. In these cases, the GWKF
method gains more importance, because it is able to deal with any type of data
and any kind of generation mechanism keeping the good performance of the
WKF method.

On the other hand, in Table 3, we compare the GWKF with simple cluster-
ing algorithms (in this case the k-Means) in two different mixed datasets with
different ensemble sizes (H). In this experiment, the partitions are obtained by
using random subset of features and applying the k-Means algorithm with a
fixed number of clusters (k). The results show that our algorithm obtains lower
errors rate than the average error rate of the k-Means algorithm.

Table 3. Cluster ensemble average error rate and GWKF error rate in mixed datasets

Dataset H k Ensemble(Ave.) GWKF

Zoo 10 7 26.8 20.7

Zoo 20 7 24.3 19.1

Auto 10 7 62.0 57.3

Auto 20 7 61.3 54.5

Finally, we compare our method with 4 algorithms proposed in [7] (CSPA-
METIS, CSPA-SPEC, CSBA-METIS and CSBA-SPEC), all of them designed
to work with categorical data. In this experiment, we use 2 categorical datasets,
and the partitions were generated by using different sets of random features (see
Table 4). As in the previous experiment, the original WKF method is not able to
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Table 4. Clustering error rate using categorical data

Dataset k Ens(Ave) CSPA-ME CSPA-SP CBPA-ME CBPA-SP GWKF

Votes 2 13.7 14.0 13.5 14.0 14.2 11.4

Soybeans 4 24.4 10.6 12.3 12.8 15.3 6.3

work with this generation mechanism, this dataset and the indexes defined for
the experiments. However, the GWKF method extends the good performance of
the WFF method to this kind of situations.

5 Conclusions

In this paper, the problem about what representation of the objects and what
similarity measure should be used in the consensus step, in the cases that many
representations and similarity measures are used in the generation step is for-
mulated and solved. A new object representation is proposed, which summarizes
the whole information in the set of partitions. This is possible thanks to the def-
inition of a new way of measuring the co-association between objects, which is
more expressive about the real similarity between objects in the cluster ensem-
ble than the classical co-association. The new representation is embedded in the
WKF method enlarging its scope and obtaining the Generalized WKF method.
The experiments with numerical, categorical and mixed datasets respectively
and by using different generation mechanisms, show the good performance of
the proposed method.

References

[1] Vega-Pons, S., Correa-Morris, J., Ruiz-Shulcloper, J.: Weighted cluster ensemble
using a kernel consensus function. In: Ruiz-Shulcloper, J., Kropatsch, W.G. (eds.)
CIARP 2008. LNCS, vol. 5197, pp. 195–202. Springer, Heidelberg (2008)

[2] Fred, A.L.N., Jain, A.K.: Combining multiple clustering using evidence accumula-
tion. IEEE Trans. on Pat. Analysis and Machine Intelligence 27, 835–850 (2005)

[3] Strehl, A., Ghosh, J.: Cluster ensembles: a knowledge reuse framework for combin-
ing multiple partitions. J. Mach. Learn. Res. 3, 583–617 (2002)

[4] Pekalska, E., Duin, R.P.W.: The Dissimilarity Representation for Pattern Recog-
nition: Foundations And Applications. In: Machine Perception and Artificial Intel-
ligence. World Scientific Publishing Co., Singapore (2005)

[5] Kuncheva, L., Hadjitodorov, S., Todorova, L.: Experimental comparison of cluster
ensemble methods. In: Int. Conference on Information Fusion, pp. 1–7 (2006)

[6] Handl, J., Knowles, J., Kell, D.: Computational cluster validation in post- genomic
data analysis. Bioinformatics 21, 3201–3212 (2005)

[7] Al-Razgan, M., Domeniconi, C.: Random subspace ensembles for clustering cate-
gorical data. Studies in Computational Intelligence (SCI) 126, 31–48 (2008)

[8] UCI machine learning repository,
http://archive.ics.uci.edu/ml/datasets.html

http://archive.ics.uci.edu/ml/datasets.html

	Clustering Ensemble Method for Heterogeneous Partitions
	Introduction
	Problem Discussion
	Generalized WKF
	Steps of the Generalized WKF Algorithm

	Experimental Results
	Analysis of the Experimental Results

	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /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 /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /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

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




