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Abstract:

Biclustering is a method of grouping objects and attributes simultaneously in order to find multiple hidden patterns.

When dealing with a long time series, there is a low possibility of finding meaningful clusters of whole time sequence. However,
we may find more significant clusters containing partial time sequence by applying a biclustering method. This paper proposed a
new biclustering algorithm for time series data following an autoregressive moving average (ARMA) model. We assumed the
plaid model but modified the algorithm to incorporate the sequential nature of time series data. The maximum likelihood estima-
tion (MLE) method was used to estimate coefficients of ARMA in each bicluster. We applied the proposed method to several
synthetic data which were generated from different ARMA orders. Results from the experiments showed that the proposed method
compares favorably with other biclustering methods for time series data.
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1 Introduction

Clustering is an unsupervised learning method of
grouping homogeneous data and separating hetero-
geneous data. Traditional clustering methods find
homogeneous object groups or attribute groups as
shown in Fig. 1a. However, biclustering is a method
which finds groups having partial objects and attrib-
utes simultaneously as shown in Fig. 1b (Lee et al.,
2010). If partial attributes show a similar pattern, then
biclustering will group these attributes even if other
parts show a different pattern.

Time series data clustering is a method of
grouping data together showing similar time series
(Lee et al., 2010). Distance measure between two
time series is important in time series clustering.
Popular distance measures, such as the Euclidian
distance, Pearson correlation, and Minkowski dis-
tance, can be used only in the cases that all objects
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have equal lengths of time series (Liao, 2005). On the
other hand, dynamic time warping (DTW) is defined
as a distance measure for time series of unequal
length (Berndt and Clifford, 1994). Keogh and
Kasetty (2004) proposed a time series clustering
method using a Fourier transform. Model-based
clustering methods, based on autoregressive moving
average (ARMA) and autoregressive integrated
moving average (ARIMA), are also used in time se-
ries data clustering (Kalpakis et al., 2001; Xiong and
Yeung, 2004).

Obijects usually do not exhibit high correlation
over the whole time interval, but they may often show
a highly correlated pattern over partial intervals
(Zhang et al., 2005). Thus, a biclustering algorithm
can find more homogeneous groups than a traditional
time series clustering method.

In the past few years, several methods have been
proposed for the biclustering of time series data (Lee
et al., 2010). Zhang et al. (2005) proposed a time
series biclustering algorithm based on Cheng and
Church (2000) which considered inherent sequential
relationship between crucial time points. Madeira and
Oliveira (2005) investigated a biclustering algorithm
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for categorical time series data using a suffix tree.
Zhao and Zaki (2005) studied a clustering algorithm
considering 3D gene expression datasets. Xu et al.
(2009) proposed a 3D cluster model considering time
lags between correlated gene expression patterns.
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Objects
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Fig. 1 Traditional clustering solution (a) and bicluster-
ing solution (b) (Lee et al., 2010)

In this study, we proposed a new biclustering
method for time series data following the ARMA
model. The rest of this paper is organized as follows.
Some related work on the ARMA model and biclus-
tering are reviewed in Section 2. In Section 3, we
proposed a new time series biclustering method. In
Section 4, we applied the proposed method to syn-
thetic datasets for verification. The datasets included
extreme cases of structure of biclusters. The experi-
mental results and discussion are reported. Finally, we
concluded the paper in Section 5.

2 Related work
2.1 ARMA model

The ARMA model with autoregressive order p
and moving average order g is commonly denoted as

ARMA (p, g). Given a time series Xx={x},
ARMA (p, q) model takes the form as

P q
xt:¢O+Z¢jxt_j+29jst_j+gt, @
j=1 j=1

where n is the length of time series, ¢ is a constant
term, {¢o, du..., &, 61, Oa..., 05} is the set of
ARMA (p, q) coefficients, and {}; is a sequence
of independent and identically distributed white noise
terms (Xiong and Yeung, 2004). To estimate the
model parameters, the maximum likelihood estima-
tion (MLE) method is generally used (Wei, 2006).

When {& }; are distributed as normal distribu-

tion with variance %, the log likelihood function of x
is given by (Wei, 2006)

n
InL(& | x) = —%In(Znaz) —2%253, )
O a1

where @={¢, @1, ..., ¢, 01, 02, ..., Oy, o°} represents
the set of all model parameters. Because ¢; is not given,
it is estimated reclusively by (Xiong and Yeung,
2004)

p q
gt:Xt_¢0_z¢th—j_Z€jgt—j' 3)
j=1 j=1

2.2 Plaid model

Lazzeroni and Owen (2002) proposed the plaid
model. Let Z; be an element value of the ith object
and the jth attribute in the given data, then Z;; can be
modeled as

K
Z; :Wij0+ZWijkpikKjk * &jj 4)
k=1

where K is the number of biclusters, and &;; is a noise.
The value of pj is one if the ith object belonging to the
kth bicluster and is zero otherwise. Similarly, . is
one if the jth attribute belonging to the kth bicluster
and is equal to zero otherwise. pj and x; are called
membership parameters. iy is a bicluster value such
that yij=wuctagctBik. w denotes the mean effect in the
kth bicluster, aj and g denote the adjustments for the
ith object and the jth attribute in the kth bicluster,
respectively. ajc and Sjc become zero when pi and xijx
are zero. yijo is a background value.

To estimate the plaid model, Lazzeroni and
Owen (2002) formulated the following optimization
problem:

2
K
min ZZ[Z” —Z(//ijkpik’(jk] (5)
i j k=0
S.t. plk’ KJk :0, 1, Vi, j,k

However, it is very difficult to solve Eq. (5) directly,
so they took a method to extract each bicluster step by
step to solve the optimal problem as follows:
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min ZZ(Zi(jk) —Viik Pik K jk )2
i

s.t. pik, Kjk :O| 11 v'y jlkl

(6)

where Zi(jk) =Z; —zl:n:lo‘//ijmpim’fjm-

To solve the optimization problem in Eg. (6),
Lazzeroni and Owen (2002) used a linear program-
ming (LP) relaxation approach. Turner et al. (2005)
solved Eqg. (6) using the binary least square to find pi
and xj to avoid the problem of relaxation. There is no
closed form solution to Eq. (6). Therefore, the above
two studies provide a method which estimates (u, aijk,
Bi) and (pik, ki) iteratively.

3 Proposed method

We propose a new biclustering algorithm for
time series data following the ARMA model. The
model of the observed data is the same as shown in
Eqg. (4). However, the bicluster value, vy, is mod-

eled as
P g
Viik =¢|o+z¢jkzi,j—t +zgjkgi,j—t+gij’ ()
t=1 t=1

where g;~iid N(0, o).

In addition, there are some assumptions for
simplifying the model: (1) biclusters are not allowed
to be overlapped; (2) each object has a different con-
stant value in bicluster; and (3) all biclusters have the
same known ARMA order.

We modify the optimization problem as shown
in Eq. (8) to satisfy assumptions. The second as-
sumption restricts that each value include one bi-
cluster at most. The third assumption restricts bi-
clusters to a consecutive time period.

K 2
min ZZ[ZU _Z‘//ijkpik’(jk] , ®)
i k=1

St pik’ Kjk :0, 1, viyjyk!

K
zpleJk Sl, VI, j,
k=1

K(p+1)k =K (pr2)k =+=K(g-2)k =K(g-k =L,

As shown in Lazzeroni and Owen (2002) and
Turner et al. (2005), we also extracted each bicluster
step by step to solve the problem using Eq. (6) by
adding the second and third assumptions in Eqg. (8).

Now, we will explain how to find the mth bi-
cluster after finding (m—1) biclusters. We use an it-
erative method, which will be mentioned in subsec-
tion 3.1. Extracting biclusters is completed as soon as
the predefined number of biclusters is found, or when
we fail to find a bicluster five consecutive times.

3.1 Estimation of the ARMA model

Let p) and {7 denote values of membership

parameters after the hth iteration in the mth bicluster,
oM denotes the ARMA parameter after the hth it-

eration, and t//i(jm represents the estimated time series
value using @ and z{™.
Given p{i™ and «{y?, the ARMA model pa-

rameters can be updated using the reduced dataset, D,

corresponding to the objects for which p{"™ equals

one and the time points for which &{* equals one.

Let D have d time series, D ={x}",, and x; follows
p g
Xit:¢|O+Z¢jxi,t—j+z‘9jgi,t—j+git' )
j=1 j=1
Then, the likelihood function of D is given by

d
L@ D) =T L@ 1%).
i=1

(10)

So, the log likelihood function of D can be express as

d n

1(00;0) =~ Linrot) - Y
2 20° 3 j=1

(11)

To estimate the model parameters, we use the
MLE method, where we need to solve the following
equation:

aﬂz(@n&“’; D) =0, for m cO. (12)
o
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3.2 Initialization of membership parameters

Turner et al. (2005) proposed the initialization
by a two-means clustering. It is set to one if pj oOr xix
belongs to the smaller object or attribute cluster, and
otherwise it is set to zero. This is not appropriate for
our proposed method because consecutiveness of
time period is required.

Before initializing pi, we ensure that each mean
of time series is zero. In the next step, we use k-means
clustering with predefined k. We use a value which is
a predefined number of biclusters. We select a cluster
having the largest value which is the origin to centroid
distance. Then pj belonging to the selected cluster is
set to one.

To initialize i, we only use objects, which have
pik=1. We use k-means clustering with k=3. We select
a cluster having the largest value which is origin to
centroid distance and then we set all x; that lie be-
tween the minimum and maximum time points of the
selected cluster to one.

3.3 Updating membership parameters

To update membership parameters, we modify
the binary least square method. p{" can be updated
using the reduced dataset corresponding to the objects
for which «{™ equals one. We estimate time series

value for each object using ®{. If there is no con-

stant term, it is replaced by the mean of the time series.

If the ith object satisfies the following condition, p{
is set to one.

n<-n) > (zY,

o=

(13)
it V=1

where ¢, =Z{" -y, and 7 lies on (0,1) and

denotes the minimum proportion of explaining data.

To update xjm, there are two steps: extension and
reduction. We estimate time series value for each

object using ®" and D. The extension step applies

to time points having (" =0. Let T, be the start
time point and T, the end time point in D.
If the (Ts—1)th time point satisfies the following

conditions, &y _,, is set to one, and then we look for

the next time point until reaching the first time point.
Similarly, if the (Te—1)th time point satisfies Eq. (14),
then « ., is set to one and we look for the next time

point until reaching the final time point. z, lies on (0,1)
and denotes the minimum proportion of explaining
data.

D oeh<l-r) Y (zi§m>)2.

ie{ply =13 ic{pM =13

(14)

We define a new parameter C controlling the
connection in extension step. Let T; be a time point
satisfying Eq. (14). Let Ty be the time point closest to
T; and Ky =1 If the interval between T, and Ty is

smaller than C, then all «;j between «;, and «, are
t b

set to one. Otherwise, if time points do not satisfy
Eq. (14) for C consecutive times, we terminate the
extension step.

The reduction step applies to time points having

K =1. If the T, time point does not satisfy Eq.

(14), then xjn is set to zero and we look for the next
time point until reaching another side of bicluster. If
the time point satisfies Eq. (14), we terminate the
reduction step.

We update the ARMA model parameters and

membership parameters until oY and {7 are the

sameas pfy > and x| respectively. If Zi P <1

or ijim <min(p,q), then the bicluster is elimi-

nated because it is meaningless.

After extracting biclusters, we review the data
for overlapped biclusters. If overlapped biclusters
exist, we define a set, OL, which includes overlapped
objects. Let the kth and mth biclusters be included in
OL. If the ith object in OL satisfies Eq. (15), then
pim=0, otherwise p;=0.

ﬁi Z fijzk<ﬁi Z & (15)
i jim ie

Lo =13 {oim=1¢

where eijk=Zij—*I’ijk and sijm=Zij—¥’ijm.
After reviewing the data for overlapped bi-
clusters, we re-estimate ARMA parameters.



Lee et al. / J Zhejiang Univ-Sci A (Appl Phys & Eng) 2010 11(12):959-965 963

4 Numerical experiments

To validate the accuracy of the proposed method,
we conducted experiments with synthetic data.
4.1 Validation index

M; and M are different biclustering results from
the same data. M; consists of K; biclusters (j=1, 2). Let

B\ be the kth bicluster of M;, which consists of an

object set Ol and an attribute set A(. Then, M; can
be defined as (Lee et al., 2010)

—p) gh) @)

:{(Ol(j),Ai(,-)),(OénlAéi)),___,(o&jj),Agj) )} (16)

The F; index is a measure to evaluate the simi-
larity between two biclusters (Turner et al., 2005),
which is defined as
20 ~o@|[A® ~ AY)

1 1 2 2)| -
oA

R(B0.BY)= (17)

where F; index lies between 0 and 1. The F; index is
set to 1 if two biclusters are exactly the same, while it
is set to O if two biclusters are exclusive (Lee et al.,
2010).

Santamaria et al. (2007) proposed a validation
index to measure the similarity between two biclus-
tering results using the F; index as follows:

K
1 1
S(Ml,MZ)=?Zmax'f§lFl(Bi(l),Bj(2)). (18)

1 i=1

where S index lies between 0 and 1, and is set to 1 if
all biclusters in M; exactly reappear in M,. Because of
the ‘max’ operation, the S index is an asymmetric
measure (Lee et al., 2010).

4.2 Construction of synthetic data

We generated three different types of synthetic
datasets (Data I, Data Il, and Data Il1) to verify the
proposed method. The datasets have some common
properties. Biclusters in each dataset were generated
to have a stationary ARMA model, with eight dif-

ferent ARMA orders: (2, 0), (3, 0), (0, 2), (0, 3), (1, 1),
(1, 2), (2, 1), and (2, 2). Constant terms of ARMA
models are randomly generated between 2 and 3. The
true biclusters consist of 30 objects and 40 time points.
Background noises follow a standard normal distri-
bution. We generate 20 replications at each ARMA
order. Therefore, there are 160 different datasets in
each type of dataset.

The first type of dataset (Data I) contains one
bicluster, which consists of 100 objects and 100 time
points. Fig. 2 shows one example dataset from Data I.
The second type of dataset (Data Il) contains two
biclusters, each of which consists of 100 common
objects but 150 different time points as shown in
Fig. 3a. The third type of dataset (Data Ill) contains
two biclusters, each of which consists of 120 different
objects but 100 common time points as shown in
Fig. 3b.

Fig. 3 Synthetic data with two biclusters
Biclusters share the same objects (Data 1) (a) and the same
time points (Data 111) (b)

4.3 Experimental results for synthetic datasets

The proposed method was tested on three types
of datasets described in Section 4.2. Also, we ob-
tained a bicluster solution for each data using the
algorithm in (Lee et al., 2010) for the purpose of
comparison. This method is the modified biclustering
method for time series based on Turner et al. (2005)’s
method, which showed a better or similar perform-
ance as compared with the Turner’s method.

The maximum number of biclusters to be found
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was set to 2 for Data |, and 4 for other datasets. r; and
7, were set to 0.5. We repeated the proposed method
10 times for each value of Ce{0,1,2,3}. Let True be
the true bicluster solution and Exp be an obtained
bicluster solution.

As shown in Figs. 4a—4c, C has little effect on
the values of S(True, Exp). The proposed method
shows better results than Lee et al. (2010)’s method.
As shown in Fig. 4b, the performance is the lowest
when biclusters share the common objects.

—a— Proposed method, C=0
- @ - Proposed method, C=1
—4- Proposed method, C=2
-+- Proposed method, C=3
—&— Lee et al. (2010)
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ARMA order

Fig. 4 Means of S(True, Exp) value according to the
ARMA order (a) Data I, (b) Data 11, and (c) Data 111

Table 1 shows the number of failures in finding
biclusters at each dataset among 200 repetitions, as
shown in Figs. 4a—4c, the ARMA (2, 2) case shows
the lowest performance in all datasets. But Table 2
shows a relatively high value of S(Exp, True) and
S(True, Exp) if only successful results are
summarized.

Table 1 Number of failures in finding bicluster in each
dataset (the maximum value is 200)

ARMA (p, 9) (2,00 80 (02 (03
Datal Proposed method 0 5 0 0
Lee et al. (2010) 82 68 72 74
Data Il Proposed method 32 30 0 0

Leeetal. (2010) 69 43 74 101
Data Il Proposed method 0 0 0 0
Leeetal. (2010) 63 45 171 191

ARMA (p, 9) 11 12 21 22
Datal Proposed method 7 28 0 105
Leeetal. (2010) 52 44 61 91

Data Il Proposed method 33 47 11 125

Leeetal. (2010) 59 47 41 60
Data Ill Proposed method 0 82 0 110
Leeetal. (2010) 37 112 68 88

Table 2 Means of S(Exp, True) and S(True, Exp) value in
ARMA (2, 2) case when successfully finding biclusters

S(Exp, True) S(True, Exp)
Data | Data Il Data Il Data | Data Il Data Il

Proposed 097 092 066 098 052 0.68
method, C=0

Lee et al. 036 025 014 057 032 0.38
(2010)

5 Conclusions

We proposed a new biclustering algorithm for
time series data following the ARMA model. This
method used an MLE method to estimate the ARMA
parameters and modified the plaid model structure.
The proposed method may apply to long time series
data differently from other biclustering methods
which focus on microarray data.

We applied the proposed method to some syn-
thetic data, which included extreme cases with shar-
ing whole objects or time points between biclusters.
Experimental results showed a good performance for
a small ARMA order. However, the ARMA (2, 2) case
showed some unstable results.

We are planning to modify the proposed method
to obtain more stable biclustering results regardless of
the ARMA order and for determining the suitable
ARMA order in the future work. Also, we will apply
the proposed method to some real data such as eco-
nomic time series data.



Lee et al. / J Zhejiang Univ-Sci A (Appl Phys & Eng) 2010 11(12):959-965 965

References

Berndt, D.J., Clifford, J., 1994. Using Dynamic Time Warping
to Find Patterns in Time Series. Association for the Ad-
vancement of Artificial Intelligence Technical Report,
WS-94-03, Seattle, USA, p.359-370.

Cheng, Y., Church, G., 2000. Biclustering of Expression Data.
Proceedings of the 8th International Conference on Intel-
ligent Systems for Molecular Biology, California, USA,
p.93-103.

Kalpakis, K., Gada, D., Puttagunta, V., 2001. Distance Meas-
ures for Effective Clustering of ARIMA Time-series.
Proceedings of the IEEE International Conference on
Data Mining, California, USA, p.273-280. [d0i:10.1109/
ICDM.2001.989529]

Keogh, E., Kasetty, S., 2004. On the need for time series data
mining benchmarks: a survey and empirical demonstra-
tion. Data Mining and Knowledge Discovery, 7(4):349-
371. [doi:10.1023/A:1024988512476]

Lazzeroni, L., Owen, A., 2002. Plaid models for gene expres-
sion data. Statistica Sinica, 12:61-86.

Lee, J., Lee, Y., Jun, C.H., 2010. A biclustering method for
time series analysis. Industrial Engineering & Manage-
ment Systems, 9:129-138.

Liao, T.W., 2005. Clustering of time series data—a survey.
Pattern Recognition, 38(11):1857-1874. [doi:10.1016/j.
patcog.2005.01.025]

Madeira, S.C., Oliveira, A.L., 2005. A linear time biclustering
algorithm for time series gene expression data. LNCS,
3692:39-52. [d0i:10.1007/11557067_4]

Santamaria, R., Quintales, R., Theorén, R., 2007. Method to
Bicluster Validation and Comparison in Microarray Data.
Intelligent Data Engineering and Automated Learning-
ideal 8th International Conference, Birmingham, UK,
p.780-789.

Turner, H., Bailey, T., Krzanowski, W., 2005. Improved bi-
clustering of microarray data demonstrated through sys-
tematic performance tests. Computational Statistics and
Data Analysis, 48(2):235-254. [doi:10.1016/j.csda.2004.
02.003]

Wei, W.W.S., 2006. Time Series Analysis: Univariate and
Multivariate Methods. Addison-Wesley, USA.

Xiong, Y., Yeung, D.Y., 2004. Time series clustering with
ARMA mixtures. Pattern Recognition, 37(8):1675-1689.
[doi:10.1016/j.patcog.2003.12.018]

Xu, X., Lu, Y., Tan, K.L., Tung, A.K.H., 2009. Finding
Time-lagged 3D Clusters. Proceedings of the IEEE In-
ternational Conference on Data Engineering, Shanghai,
China, p.445-456. [doi:10.1109/ICDE.2009.80]

Zhang, Y., Zha, H., Chu, C., 2005. A Time-series Biclustering
Algorithm for Revealing Co-regulated Genes. Proceed-
ings of the International Conference on Information
Technology, Coding and Computing, Las Vegas, USA,
1:32-37. [doi:10.1109/ITCC.2005.46]

Zhao, L., Zaki, M.J., 2005. Tricluster: an Effective Algorithm
for Mining Coherent Clusters in 3D Microarray Data.
Proceedings of the ACM SIGMOD International Con-
ference on Management of Data, Maryland, USA,
p.694-705. [doi:10.1145/1066157.1066236]




<<
  /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 0.0000
  /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 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /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 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for on-screen display, e-mail, and the Internet.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <FEFF004a006f0062006f007000740069006f006e007300200066006f00720020004100630072006f006200610074002000440069007300740069006c006c0065007200200037000d00500072006f006400750063006500730020005000440046002000660069006c0065007300200077006800690063006800200061007200650020007500730065006400200066006f00720020006f006e006c0069006e0065002e000d0028006300290020003200300031003000200053007000720069006e006700650072002d005600650072006c0061006700200047006d006200480020>
  >>
  /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 /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


