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Abstract. Scatter Search is an evolutionary method that combines ex-
isting solutions to create new offspring as the well–known genetic algo-
rithms. This paper presents a Scatter Search with the aim of finding
biclusters from gene expression data. However, biclusters with certain
patterns are more interesting from a biological point of view. Therefore,
the proposed Scatter Search uses a measure based on linear correlations
among genes to evaluate the quality of biclusters. As it is usual in Scatter
Search methodology an improvement method is included which avoids
to find biclusters with negatively correlated genes. Experimental results
from yeast cell cycle and human B-cell lymphoma datasets are reported
showing a remarkable performance of the proposed method and measure.

Keywords: Gene Expression Data, Biclustering, Scatter Search,
Evolutionary Computation.

1 Introduction

Nowadays, the study of the process of how proteins are coded by genes is one of 
the most important research topics in Biology. This codification process is known 
as Gene Expression. DNA microarrays technology enables us to mesure the gene 
expression level under a specific group of conditions. Data mining techniques are 
needed to analyze the huge volume of all this biological information [1]. The goal 
of Biclustering techniques is to discover transcription factors which determine 
that a group of genes is co-expressed under a set of conditions.

Several biclustering methods have been proposed in the last few years [2]. For 
example, in [3] an iterative hierarchical clustering is separately applied to each 
dimension and biclusters are built by the combination of the obtained results 
for each dimension. The Cheng and Church algorithm [4] builds biclusters by 
adding or removing genes or conditions in order to improve the measure of 
quality called Mean Squared Residue (MSR). In [5], it is proposed an exhaustive 
biclusters enumeration by means of a bipartite graph-based model, in which 
nodes were added o removed in order to find subgraphs with maximum weights. 
The FLOC algorithm [6] improved the method presented in [4] by obtaining a 
set of biclusters simultaneously and by adding missing values techniques. In [7], a



simple linear model, in which normally distributed expression level for each gene
or condition was supposed, for gene expression data was applied. Evolutionary
computation techniques based on the MSR measure are used in [8,9] or Simulated
Annealing in [10]. But, although MSR is used in many algorithms as merit
function, it is not the most appropriate measure as the MSR measure can not
find scaling patterns when the variance of gene values is high in the bicluster [11].
Recently, the study of the nature of different patterns in biclusters has motivated
new techniques based on the search of hyperplanes in high–dimensional data
space as interesting patterns share the geometry of linear manifolds [12,13,14].
Other measures to evaluate biclusters have been proposed as fitness function for
optimization methods [15].

The gene expression level under a set of conditions can be seen as the values
of a discrete random variable. Thus, the linear dependency between two genes
can be studied by using the correlation coefficient between two random vari-
ables. This fact has motivated the use of the proposed measure in this paper.
This measure based on correlations among genes is the main term of the fitness
function proposed to evaluate the quality of biclusters in the Scatter Search.
Scatter Search is a population-based method that emphasizes systematic pro-
cesses against random procedures. Thus, the generation of the initial population
is not random but a generation method based on diversification [16] is used to
generate a set of diverse initial solutions. Moreover, Scatter Search includes an
improvement method with the aim of exploiting the diversity provided by the
generation and combination method.

This paper is organized as follows. The proposed Scatter Search is presented
and different steps such as the improvement method and the fitness function
are explained in details in Section 2. Some experimental results from two real
datasets are reported in Section 3. Finally, Section 4 outlines the main conclu-
sions of the paper and future works.

2 Description of the Algorithm

Scatter Search [16] is a population-based optimization metaheuristic which has
recently been applied to combinatorial and nonlinear optimization problems.
Optimization algorithms based on populations are search procedures where a
set of individuals that represent trial solutions evolves in order to find optimum
solutions of the problem. On the opposite to other evolutionary heuristics, Scat-
ter Search emphasizes systematic processes against random procedures. Scatter
Search uses strategies to diversify and to intensify the search in order to avoid
local minima and to find quality solutions.

Basically, the optimization process consists in the evolution of a set called
Reference Set. This set is initially built with the best solutions from the popula-
tion, according to the value of their fitness function, and the most scattered ones
from the population regarding the previous best solutions. This set is updated
by using the Combination Method and the Improvement Method until it does
not change. When the Reference Set is stable, it is rebuilt again. That is, the



building of the Reference Set is based on quality and diversity, but its updat-
ing is only guided by quality. Thus, diversity is introduced in the evolutionary
process when the initial population is generated and, mainly, when the reference
set is rebuilt in each step. The search intensification is due to the improvement
method where the solutions are improved by exploiting the knowledge of the
problem.

The pseudocode of the proposed Scatter Search for biclustering is presented in
Algorithm 1. The Scatter Search process is repeated numBi times where numBi
is the number of biclusters to be found and the best solution of the reference
set is stored in a set called Results for each iteration. Thus, the Results set is
formed by numBi biclusters and it is the output of the Algorithm 1.

2.1 Initialization Phase

Formally, a microarray is a real matrix M composed of N genes and L conditions.
The element (i, j) of the matrix means the level of expression of gene i under the
condition j. A bicluster B is a submatrix of the matrix M composed of n ≤ N
rows or genes and l ≤ L columns or conditions. Biclusters are encoded by binary
strings of length N + L. Each of the first N bits of the binary string is related
to the genes and the remaining L bits to the conditions from microarray as it
can be be seen in Fig. 1.

 C1 C2 C3 C4 C5 
G1 2.2 3.6 5.3 -2.6 0.3 
G2 1.3 1.5 -3.1 -2.1 2-2 
G3 4.7 1.0 1.0 7.9 0.4 
G4 -3.8 -0.3 2.2 3.1 1.4 
G5 7.5 1.0 1.0 2.1 -2.3
G6 0.4 1.0 1.0 0.4 0.3 
G7 3.2 8.3 -2.5 -2.5 3.1 
G8 2.5 3.1 4.1 0.3 0.1 
G9 3.1 0.4 6.9 9.2 0.2 
G10 0.3 0.5 0.3 0.3 -0.1

1.0 1.0 

1.0 1.0 

1.0 1.0 

bicluster

0010110000|01100

codification

microarray

Fig. 1. Microarray and bicluster {G3,G5,G6|C2,C3} with its codification

The initial population is generated with solutions as diverse as possible. Thus,
the diversification generation method [16] takes a binary string, xi with i =
1, . . . , n where n is the number of bits, as a seed solution and generates solutions
x′

i by the following rule:

x′
1+kh = 1 − x1+kh for k = 0, 1, 2, 3, . . . , �n/h� (1)

where �n/h� is the largest integer less or equal than n/h and h is an integer less
than n/5. All remaining bits of x′ are equal to that of x.



Algorithm 1. Scatter Search Algorithm for Biclustering
INPUT microarray M , number of biclusters to be found numBi, penalization factors

M1 and M2, maximum number of iterations numIter, size of the initial population
and size S of the reference set.

OUTPUT Set Results with numBi biclusters.
begin

num← 0, Results← ∅
while (num < numBi) do

Initialize population P
P ← Improvement Method (P )
//Building Reference Set
R1 ← S/2 best biclusters from P (according to the fitness function)
R2 ← S/2 most scattered biclusters, regarding R1, from P � R1 (according to a
distance).
RefSet← (R1 ∪R2)
P ← P � RefSet
//Initialization
stable ← FALSE, i← 0
while (i < numIter) do

while (NOT stable) do
A← RefSet
B ← Combination Method(RefSet)
B ← Improvement Method(B)
RefSet← S best biclusters from RefSet ∪B
if (A = RefSet) then

stable← TRUE
end if

end while
//Rebuilding Reference Set
R1 ← S/2 best biclusters from RefSet
R2 ← S/2 most scattered biclusters from P � R1

RefSet← (R1 ∪R2)
P ← P � RefSet
i← i + 1

end while
//Storage in Results
Results← the best one from RefSet
num← num + 1

end while
end

After generating all posible solutions with that seed, if more solutions are
necessary, the diversification generation method is applied again by using the
last solution as new seed.

2.2 Biclusters Evaluation: Fitness Function

In this work, biclusters with shifting and scaling patterns are desired. A group
of genes has a shifting pattern when the expression values vary in the addition



of a fixed value for all the genes. A group of genes has a scaling pattern when
the expression values vary in the multiplication of a fixed value for all the genes.
Two genes show a shifting and scaling pattern if they are described from (2).

gY = αgX + β α, β ∈ R (2)

Consequently, two genes with shifting and scaling patterns are linearly depen-
dent.

The correlation coefficient between two variables X and Y measures the grade
of linear dependence between them. It is defined by:

ρ(X, Y ) =
cov(X, Y )

σXσY
=

∑n
i (xi − x)(yi − y)

nσXσY
(3)

where cov(X, Y ) is the covariance of the variables X and Y , x and y are the
average of the values of the variables X and Y and σX and σY are the standard
deviations of X and Y , respectively. The values for the correlation coefficient
vary between −1 and 1. If ρ(X, Y ) = 0, the variables X and Y are linearly
independent, and if ρ(X, Y ) = ±1 the variables are linearly dependent. When
the correlation value is equal to −1, the variables X and Y are dependent with
negative correlation, that is, when the values of the variable X increase the
values of the variable Y decrease linearly.

Given a bicluster B composed of N genes, B = [g1, . . . , gN ], the average
correlation of B, ρ(B), is defined as follows,

ρ(B) =
1

(
N
2

)

N∑

i=1

N∑

j=i+1

ρgigj (4)

where ρgigj is the correlation coefficient between the gene i and the gene j. Note
that ρgigj = ρgjgi , therefore, only

(
N
2

)
= N(N−1)

2 elements have been considered
in the aforementioned sum.
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Fig. 2. Biclusters with lowly–correlated and highly–correlated genes



Fig. 2 presents two biclusters along with their average correlations. It can
be observed that the bicluster with perfect shifting and scaling patterns has an
average correlation of 1 while that the bicluster without patterns has an average
correlation close to 0.

In this work, biclusters with highly–correlated genes and high volume are
preferred. Therefore, the fitness function used to evaluate the quality of biclusters
is defined by:

f(B) = (1 − ρ(B)) + σρ + M1

(
1

nG

)

+ M2

(
1

nC

)

(5)

where nG and nC are the number of genes and conditions of the bicluster B, re-
spectively, M1 and M2 are penalization factors to control the volume of the biclus-
ter B and σρ is the standard deviation of the values ρgi,gj from (4). The standard
deviation is included in order to avoid that the value of the average correlation
can be high for a bicluster and this bicluster can contain several non–correlated
genes with the remaining ones of the bicluster. Best biclusters are the ones with
the lowest value for the fitness function. Thus, it has been considered (1 − ρ(B))
to evaluate biclusters with highly–correlated genes as good biclusters.

2.3 Improvement Method

Scatter Search uses improvement methods when the solutions have to fulfill some
constraints or simply to improve them in order to intensify the search process.
This method depends on the problem under study and usually it consists in
classical local searches for continuous optimization problems.

The goal of this work is to find biclusters with shifting and scaling patterns.
Thus, biclusters with positively–correlated genes are only searched for. There-
fore, the proposed improvement method aims at extracting positively–correlated
genes either from biclusters of the initial population or from biclusters obtained
by the combination method. The pseudocode of the improvement method is
presented in the Algorithm 2.

2.4 Building and Rebuilding Method of the Reference Set

Reference set is initially built with the best solutions, according to the value of
their fitness function, and the most scattered ones from the population regard-
ing the previous best solutions. The Hamming distance is used to measure the
distance among biclusters in this work. After getting the stability of reference
set in the updating process, it is rebuilt to introduce diversity in the search pro-
cess. Thus, the reference set is rebuilt with the best biclusters from the updated
reference set, according to the fitness function, and the most distant from the
population regarding the previously chosen best solutions.

The initial population has to be updated too in the evolutionary process
by removing solutions which have already been considered in the building or
rebuilding of the reference set. When the initial population is empty, a new



Algorithm 2. Improvement Method
INPUT Bicluster B = [g1, . . . , gN ]
OUTPUT Bicluster B′ ⊆ B such that ρgi,gj ≥ 0 ∀gi, gj ∈ B′

begin
i← 1, B′ ← {gi}, R← {}
while (i ≤ N) do

j ← i + 1
while (j ≤ N) do

if (ρgi,gj > 0) then
if (gj �∈ R) then

B′ ← B′ ∪ {gj}
end if

else
R← R ∪ {gj}
B′ ← B′ \ {gj}

end if
j ← j + 1

end while
i← i + 1

end while
end

population is created by using the diversification generation method previously
explained.

2.5 Combination Method and Reference Set Updating

New solutions are introduced in the search process by the combination method.
Two solutions are combined by using a uniform crossover operator and a new one
is generated. All pairs of biclusters in the reference set are combined, generating
thus, S ∗ (S − 1)/2 new biclusters where S is the size of the reference set. This
crossover operator generates randomly a mask and the child is composed of
values from the first parent when there is a 1 in the mask, and from the second
parent when there is a 0.

After combining all pairs of biclusters, the best solutions from the joining of
the previous reference set and the new solutions are chosen. Hence, best solutions
according to the value of their fitness function remain in the reference set.

3 Experimental Results

Two well known data sets have been used to show the performance of the pro-
posed algorithm. The first data set is the human B-cells lymphoma expression
data with 4026 genes and 96 conditions [17]. The second one is the yeast Sac-
charomyces cerevisiae cell cycle expression with 2884 genes and 17 experimental
conditions [18]. Both data sets were used in [4] where original data were processed
by replacing missing values with random values.
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Fig. 3. Biclusters found by Algorithm 1 from lymphoma data set

The main parameters of the Algorithm 1 are as follows: 20 for the maximum
number of iterations of the Scatter Search, 10 for the size of the reference set,
200 for the number of solutions of the initial population and 10 for the number
of biclusters to be found in each execution. M1 and M2 are weights in order
to drive the search depending on the required size of biclusters. High values of
M1 and M2 may be used when biclusters with a lot of genes and conditions are
desired.

Fig. 3 presents several biclusters obtained by the application of the Scatter
Search to the Lymphoma dataset. These biclusters have been obtained with
different values for the weights M1 and M2 in order to test their influence. The
biclusters bi#1, bi#2 and bi#3 have been found with M1 = 1 and M2 = 1,
bi#4, bi#5 and bi#6 with M1 = 1 and M2 = 10 and bi#7, bi#8 and bi#9 with
M1 = 10 and M2 = 10. It can be observed how these weights determine the
number of genes and conditions of the biclusters. Note that shifting and scaling
patterns can clearly be appreciated in all biclusters.

Table 1 shows the information about the biclusters represented in Fig. 3. For
each bicluster an identifier of the bicluster, the number of genes, the number
of conditions, the volume, the average correlation, the standard deviation, the
MSR measure and the variance of gene values are presented. The variance of gene
values measures how different the values for the gene expression level are and if
this value is high then the MSR measure is high too [11]. It can be observed that



Table 1. Information about biclusters found by Algorithm 1 from lymphoma dataset

id. Genes Conditions Volume ρ(B) σρ(B) MSR Genes Variance
bi#1 8 9 72 0.92 0.5 2124.6 9742.3
bi#2 14 14 196 0.85 0.4 1657.4 6468.9
bi#3 12 12 144 0.84 0.4 1608.7 8184.2
bi#4 8 31 248 0.82 0.5 3337.4 20042.2
bi#5 10 24 240 0.77 0.4 1963.3 8007.5
bi#6 15 25 375 0.70 0.4 2389.5 7620.4
bi#7 44 26 1144 0.62 0.4 4800.0 11558.8
bi#8 47 27 1269 0.60 0.3 2779.3 6219.8
bi#9 58 20 1160 0.59 0.3 2878.0 6157.4

the higher volume for biclusters, the smaller value for the average correlation.
However, all biclusters present a high value for the average correlation which
indicates that such biclusters present shifting and scaling patterns. Moreover,
the standard deviation is low, that is, the correlation coefficients of each pair
of genes have similar values and they are close to the average correlation of the
bicluster. Therefore, all biclusters with a high average correlation do not contain
non–correlated genes as it can be observed in Fig. 3. Most of papers published
in the literature present algorithms based on the MSR measure and a bicluster
is considered a high—quality bicluster for the Lymphoma dataset if the value
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Fig. 4. Biclusters found by Algorithm 1 from yeast dataset



of its MSR is less than 1200 [4,8]. It can be noticed that the bicluster bi#4
has a value of MSR much greater than 1200 since its variance of gene values is
high. However, it can be considered a high–quality bicluster because it presents
shifting and scaling patterns as its average correlation is 0.82.

In Fig. 4 several biclusters found by the proposed Scatter Search from Yeast
dataset are shown. These biclusters have been obtained with values M1 = 1 and
M2 = 10 in order to obtain biclusters with a moderate volume. From a geometrical
point of view, it can be noticed that the genes present a similar behavior under a
set of conditions. Information about these biclusters is presented in Table 2. In the
literature, a bicluster is considered a high—quality bicluster for the Yeast dataset
if the value of its MSR is less than 300 [4,8]. However, it can be appreciated how
several biclusters that have values of MSR greater than 300 present high average
correlations, and therefore, shifting and scaling patterns.

Table 2. Information about biclusters found by Algorithm 1 from yeast dataset

id. Genes Conditions Volume ρ(B) σρ(B) MSR Genes variance
bi#1 8 15 120 0.83 0.3 273.4 1028.5
bi#2 9 17 153 0.74 0.4 306.6 1230.9
bi#3 9 14 126 0.84 0.4 367.8 1740.7
bi#4 14 15 210 0.76 0.4 257.7 854.0
bi#5 20 15 300 0.75 0.3 437.9 1367.5
bi#6 19 15 285 0.75 0.4 342.9 1119.4
bi#7 11 16 176 0.70 0.4 245.7 842.2
bi#8 23 15 345 0.68 0.4 369.4 991.7
bi#9 27 14 378 0.72 0.3 332.2 1038.0

Figs. 5 and 6 show the performance of the Scatter Search with and without
improvement method from Lymphoma dataset (Figures. 5a) and 5b), respec-
tively) and Yeast dataset (Figures. 6a) and 6b), respectively). The evolution
of the average fitness function, average correlation and average volume for all
biclusters of the reference set throughout the iterations is presented. It can be
observed how the average correlation increases when the fitness function de-
creases during the evolutionary process. When the improvement method is not
included in the Scatter Search scheme, the convergence of the fitness function to
an optimum solution is very slow and it is necessary more iterations. Obviously,
the improvement method leads to lower volumes for both datasets due to this
method just selects the positively–correlated genes by removing the negatively–
correlated genes.

Table 3 presents the average correlation and average volume for ten biclusters
obtained by the Algorithm 1, ignoring the improvement method and considering
it in order to show the importance of such method in the proposed Scatter Search.
Notice that the average correlation is lower when the improvement method is
not included due to the negatively–correlated genes can be considered.
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Fig. 5. Evolutionary process for Lymphoma dataset: a)improvement method consid-
ered; b) no improvement method considered
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Fig. 6. Evolutionary process for Yeast dataset: a)improvement method considered; b)
no improvement method considered

Table 3. Optimal solution with and without improvement method

With Improvement Method Without Improvement Method
Correlation Volume Correlation Volume

lymphoma 0.74 600 0.02 14110
yeast 0.80 154 0.16 7065

4 Conclusions

In this paper, a Scatter Search for finding biclusters from gene expression data
has been presented. The proposed Scatter Search has used as merit function
to evaluate biclusters a new measure based on correlations among genes with
the aim of obtaining biclusters with shifting and scaling patterns. Moreover
an improvement method, which consist in removing negatively–correlated genes
from biclusters, has been incorporated to intensify the search. Experimental
results from human B-cell lymphoma data set and yeast cell cycle data set have
been reported revealing the good convergence and remarkable performance of
the proposed method and measure.

Future works will focused on some improvements for the proposed algorithm
with regard to the overlapping among genes and the comparison with other
biclustering techniques using Gene Ontology Database [14].



Acknowledgments

The financial support given by the Spanish Ministry of Science and Technology,
project TIN2007-68084-C00 and by the Junta de Andalucía, project P07-TIC-
02611 is acknowledged.

References

1. Larranaga, P., et al.: Machine learning in bioinformatics. Briefings in Bioinformat-
ics 7(1), 86–112 (2006)

2. Busygin, S., Prokopyev, O., Pardalos, P.: Biclustering in data mining. Computers
and Operations Research 35(9), 2964–2987 (2008)

3. Getz, G., Levine, E., Domany, E.: Couple two-way clustering analysis of gene mi-
croarray data. In: Proceedings of the National Academy of Sciences (PNAS) of the
USA, pp. 12079–12084 (2000)

4. Cheng, Y., Church, G.: Biclustering of Expression Data. In: Proceedings of the
Eighth International Conference on Intelligent Systems for Molecular Biology,
vol. 8, pp. 93–103 (2000)

5. Tanay, A., Sharan, R., Shamir, R.: Discovering statistically significant biclusters
in gene expression data. Bioinformatics 18(90001), 136–144 (2002)

6. Yang, J., Wang, H., Wang, W., Yu, P.: Enhanced biclustering on expression data.
In: 3rd IEEE Simposium on Bioinformatics and Bioengeneering, pp. 321–327 (2003)

7. Bergmann, S., Ihmels, J., Barkai, N.: Iterative signature algorithm for the analysis
of large-scale gene expression data. Physical Review E 67(031902) (2003)

8. Divina, F., Aguilar-Ruiz, J.: Biclustering of Expression Data with Evolutionary
Computation. IEEE Transactions on Knowledge and Data Engineering 18(5), 590–
602 (2006)

9. Mitra, S., Banka, H.: Multi-objective evolutionary biclustering of gene expression
data. Pattern Recognition 39(12), 2464–2477 (2006)

10. Bryan, K.: Biclustering of Expression Data Using Simulated Annealing. In: Pro-
ceedings of the 18th IEEE International Symposium on Computer-Based Medical
Systems, USA, pp. 383–388 (2005)

11. Aguilar-Ruiz, J.: Shifting and scaling patterns from gene expression data. Bioin-
formatics 21(20), 3840–3845 (2005)

12. Harpaz, R., Haralick, R.: Mining Subspace Correlations. In: IEEE Symposium on
Computational Intelligence and Data Mining, pp. 335–342 (2007)

13. Zhao, H., Liew, A., Xie, X., Yan, H.: A new geometric biclustering algorithm based
on the Hough transform for analysis of large-scale microarray data. Journal of
Theoretical Biology 251(2), 264–274 (2008)

14. Gan, X., Liew, A., Yan, H.: Discovering biclusters in gene expression data based
on high-dimensional linear geometries. BMC Bioinformatics 9(209), 1–15 (2008)

15. Nepomuceno, J.A., Troncoso Lora, A., Aguilar-Ruiz, J.S., García-Gutiérrez, J.:
Biclusters Evaluation Based on Shifting and Scaling Patterns. In: Yin, H., Tino,
P., Corchado, E., Byrne, W., Yao, X. (eds.) IDEAL 2007. LNCS, vol. 4881, pp.
840–849. Springer, Heidelberg (2007)

16. Marti, R., Laguna, M.: Scatter Search. In: Methodology and Implementation in C.
Kluwer Academic Publishers, Boston (2003)

17. Alizadeh, A., et al.: Distinct types of diffuse large B-cell lymphoma identified by
gene expression profiling. Nature 403, 503–511 (2000)

18. Cho, R., et al.: A Genome-Wide Transcriptional Analysis of the Mitotic Cell Cycle.
Molecular Cell 2(1), 65–73 (1998)

https://www.researchgate.net/publication/220866815

	Correlation–Based Scatter Search for Discovering Biclusters from Gene Expression Data
	Introduction
	Description of the Algorithm
	Initialization Phase
	Biclusters Evaluation: Fitness Function
	Improvement Method
	Building and Rebuilding Method of the Reference Set
	Combination Method and Reference Set Updating

	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




