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Abstract—A linear fuzzy clustering model based on Fuzzy c-
Medoids (FCMdd) was proposed for extracting intrinsic local
linear substructures from relational data. In the same way
with Non-Euclidean Relational Fuzzy (NERF) c-Means, β-spread
transformation was also proved to be useful for handling non-
Euclidean relational data in FCMdd-type linear clustering. In
this paper, the FCMdd-type linear clustering model is further
modified in order to handle incomplete data including missing
values. In several numerical experiments, it is demonstrated that
some pre-imputation strategies contribute to properly selecting
representative medoids of each cluster.
Keywords—relational clustering, linear fuzzy clustering, miss-

ing value.

I. INTRODUCTION

Relational data analysis is an important technique for
revealing intrinsic structure of relational data composed of
mutual relations among objects. Besides the basic fuzzy clus-
tering models for object-type data such as Fuzzy c-Means
(FCM) [1], which is a fuzzy extension of k-Means [2], several
relational fuzzy clustering models have been proposed for
extracting cluster substructures from relational data. Relational
Fuzzy c-Means (RFCM) [3] is the basic FCM-type relational
clustering model, which can be identified with FCM when
mutual relations are given by Euclidean distances. k-Medoids
approach [5] is an alternative of FCM-type clustering where
cluster prototypes are not given by mean vectors but are
chosen from object sets. Krishnapuram et al. [4] extended
(hard) k-Medoids to Fuzzy c-Medoids (FCMdd), in which the
chosen object called “medoid” is the representative object of
a cluster. FCMdd-type clustering models can easily be applied
to relational data matrices without calculating cluster centroids
in a intrinsic data space.
FCM-type linear fuzzy clustering models such as Fuzzy c-

Lines (FCL) [6] and its variants [7] use linear-shape prototypes
like lines, planes and linear varieties. Fitting lines or linear
varieties to data sets, the linear clustering models perform
fuzzy principal component analysis (fuzzy PCA) [8] in each
cluster [9]. Haga et al. [10] proposed an FCMdd-type linear
clustering model where each linear prototype is spanned by
several representative “medoids”.
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When relational data are not Euclidean, FCM-type and
FCMdd-type clustering models cannot be directly applied
because their algorithms are essentially designed for Eu-
clidean data space. Hathaway and Bezdek [11] proposed non-
Euclidean-type Relational Fuzzy (NERF) c-Means, in which
a spreading transformation called β-spread transformation is
performed in order to decrease the influences of non-Euclidean
relations. Yamamoto et al. [12] applied the β-spread transfor-
mation to FCMdd-type linear clustering and demonstrated that
a suitable data transformation is achieved by selecting proper
parameter values automatically.
In [13], Hathaway and Bezdek demonstrated that the β-

spread transformation is also useful for handling missing ele-
ments in relational data matrices, in which the bad influences
of imputation errors are decreased by β-spread transformation.
This paper demonstrates that the performance of FCMdd-
type linear fuzzy clustering for incomplete relational data can
also be improved by β-spread transformation through several
experiments.

II. FCMDD-TYPE LINEAR CLUSTERING FOR RELATIONAL
DATA

A. FCM-type Linear Clustering
Assume that we have m dimensional observations of n

samples xi = (xi1, . . . , xim)�, i = 1, . . . , n and that the goal
is to partition the n samples into C clusters. The objective
function for FCM-type clustering is defined as:

Lfcm =
C∑

c=1

n∑
i=1

uθ
ciDci (1)

where uci is the fuzzy membership degree of sample i to clus-
ter c, and θ is the fuzzification parameter. The larger the θ, the
fuzzier the membership assignment. The clustering criterion
Dci is the distance between sample i and the prototype of
cluster c. Besides point-type prototypes in FCM, FCL used
linear prototypes defined as:

Linec(bc,ac) = {x|x = bc + tac; t ∈ R}, (2)

where ac is the basis vector of the principal sub-space. The
clustering criterion is calculated as:

Dci = ||xi − bc||2 − |a�
c (xi − bc)|2. (3)
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The updating rules for membership uci and the cluster center
bc are derived as:

uci =

[
C∑

l=1

(
Dci

Dli

) 1
θ−1

]−1

, (4)

bc =
∑n

i=1 u
θ
cixi∑n

i=1 u
θ
ci

. (5)

The basis vectors ac are the principal eigenvectors of the
generalized fuzzy scatter matrix:

Sfc =
n∑

i=1

uθ
ci(xi − bc)(xi − bc)�. (6)

B. FCM-type Relational Clustering
When we have relational data composed of mutual relations

among samples D = {dij}, the FCM-type objective function
is redefined as [3]:

Lrfcm =
C∑

c=1

n∑
i=1

n∑
j=1

uθ
ciu

θ
cjd

2
ij

2
∑n

t=1 u
θ
ct

. (7)

If the mutual relation dij is given by the Euclidean distance
among samples i and j, the relational clustering model is
equivalent to FCM with object-type data. However, the clus-
tering model can derive only poor results if the relational
information is not Euclidean.
In order to transform a non-Euclidean matrix to one of

Euclidean form, Hathaway and Bezdek [11] considered the
following β-spread transformation:

Dβ = D + β × (M − I), (8)

where I is a unit matrix and β is a suitably chosen scalar. M
is a matrix whose elements are all 1. It was shown that Dβ is
Euclidean if PDβP with P = I − (1/n)M is negative semi-
definite, i.e., β is greater than or equal to the largest eigenvalue
of PDP . In NERF, β is gradually increased from 0 to a
certain value by considering the negative elements of clustering
criteria because negative values of the clustering criterion
signal the non-existence of Euclidean space and indicate that
the current value of β should be increased so that the basic
RFCM iteration can be continued.

C. FCMdd-type Linear Clustering
Assume that dij is the mutual Euclidean distance such that

dii = 0, dij ≥ 0, dij = dji, i, j = 0, . . . , n. (9)

FCMdd [4] is a fuzzy extension of k-Medoids, which performs
an FCM-like clustering by selecting bc from objects xi, i =
1, . . . , n. The representative objects are called ‘medoids’.
Haga et al. [10] applied the idea to linear fuzzy clustering, in

which two representative medoids are selected in each cluster
and the prototypical line is defined as:

Linec(xc1,xc2) = {x|x = xc1 + t(xc2 − xc1); t ∈ R}. (10)

The squared Euclidean distance between object i and the
prototypical line Linec is given as:

Dci = d2
i,c1 −

(d2
i,c1 − d2

i,c2 + d2
c1,c2)

2

4d2
c1,c2

. (11)

With fixed fuzzy memberships uci, the optimal representa-
tive medoids xc1 and xc2 in cluster c are derived by xq1 and
xq2 as follows:

(q1, q2) = arg
(k1,k2)

min
1≤k1,k2≤n

k1 �=k2

n∑
i=1

uθ
ciDci. (12)

In order to reduce the computational cost of the combinatorial
optimization problem, a simplified medoid search process was
also proposed such that medoids are selected from a subset Xc

of objects having large memberships as follows:

(q1, q2) = arg
(k1,k2)

min
xk1,xk2∈Xc

k1 �=k2

n∑
i=1

uθ
ciDci, (13)

where Xc = {xi : uci > Mmin}.
This linear fuzzy clustering model was also extended to the

2-D prototype case by spanning 2-D prototypical planes using
three medoids [10].
When D = dij is Non-Euclidean, the clustering criterion

of Eq.(11) can be negative. From the practical view point,
we have no trouble in operating the conventional FCMdd-
type linear clustering algorithm if all clustering criteria are
not negative. Yamamoto et al. [12] proposed a method for
automatically transforming non-Euclidean relational data with
β-spread transformation when clustering criteria have negative
value in FCMdd-type linear clustering. If all relational data
elements satisfy triangle inequality, clustering criteria are non-
negative, i.e., if triangle inequality (dc1,c2 ≤ di,c1 + di,c2)
is satisfied, the clustering criterion Dci is positive. For all
objects, the following triangle inequality transformed by β-
spread transformation should be satisfied.

dc1,c2 + β ≤ di,c1 + β + di,c2 + β. (14)

Then, the β should satisfy the following relation:

β ≥ dc1,c2 − di,c1 − di,c2. (15)

and, a plausible value of �β in a iteration step is obtained as:

�β = max{dc1,c2 − di,c1 − di,c2 − β}, (16)

where �β = 0 if �β < 0. Then, β is monotonically
increasing.
A sample procedure including the automated β-spread

transformation can be summarized as follows:

Step.1 Set β = 0. Randomly initialize the prototypical
medoids (two representative objects) of each cluster.

Step.2 Calculate the clustering criteria Dci .
Step.3 If there are at least one object that has Dci < 0,

update β = β + �β by Eq.(16).
Step.4 Update fuzzy memberships.
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Step.5 Search medoids in each cluster.
Step.6 Repeat Steps 2-5 until a certain stopping criterion is

satisfied.

III. APPLICATION TO INCOMPLETE RELATIONAL DATA
INCLUDING MISSING ELEMENTS

In real applications, relational data matrices may have
missing elements. In such cases, the FCMdd-type linear clus-
tering algorithm should be applied after imputing the missing
elements. Hathaway and Bezdek [13] demonstrated that the
β-spread transformation is also useful for handling missing
elements in relational data matrices, in which β-spread trans-
formation is responsible for decreasing the bad influences of
imputation errors. This paper considers the applicability of
several imputation techniques used in [13] in FCMdd-type
linear clustering.
Hathaway and Bezdek [13] used three imputation technique

based on triangle inequality-based approximation(TIBA).

A. minimax TIBA
The triangle inequality, which Euclidean relational data

always satisfy, is represented as follows:

dij ≤ dik + dkj . (17)

Assume that an element of relational matrix d̃ij is missing and
that it brings

d̃ij = d̃ji. (18)

Let Kij as the corresponding index set as

Kij = {k|dik and dkj exist}. (19)

Although it is very rare that Kij is empty, d̃ij is defined as
zero value if Kij is empty. For each k ∈ Kik, the triangle
inequality Eq.(17) is given as upper bound of d̃ij . In minimax
TIBA, missing elements are replaced with the minimum upper
bound of d̃ij :

d̃ij = d̃ji = min
k

{dik + dkj}. (20)

B. maximin TIBA
The triangle inequality is also represented as follows:

dik ≤ d̃ij + djk (21)
djk ≤ d̃ji + dik. (22)

and brings the following inequalities:

d̃ij ≥ dik − djk (23)
d̃ji ≥ djk − dik (24)

So, the lower bound of d̃ij is given as:

d̃ij ≥ |dik − djk|. (25)

In maximin TIBA, missing elements are replaced with the
maximum lower bound of d̃ij :

d̃ij = d̃ji = max
k

{|dik − djk|}. (26)
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Fig. 1. 2-D plots of artificial data set

C. Average TIBA
It is also reasonable to use the complement value of the

previous two imputation values. In average TIBA, the average
values of minimax TIBA and maximin TIBA is used for
imputing missing elements.
These imputation techniques based on triangle inequalities

can be easily applied to relational clustering problems. In the
next section, these three imputation approaches are compared
in FCMdd-type linear clustering tasks in conjunction with β-
spread transformation.

IV. NUMERICAL EXPERIMENTS
Several experimental results are shown in order to consider

the applicability of the three TIBA imputation techniques in
FCMdd-type linear clustering with β-spread transformation.

A. Artificial Data Set 1
First numerical experiment was performed using an arti-

ficially generated relational data set. The relational data set
composed of 60 objects was generated from a 2-D data set
shown in Fig. 1, in which objects form two line-shape clusters.
The first relational data matrix was generated by Euclidean
norm. The iterative algorithm was performed until the medoids
become unchanged and the model parameters were set as
(C, θ) = (2, 2). In order to demonstrate the characteristics
of the algorithm, the initial memberships were given in a
supervised manner, i.e., (u1i, u2i) = (0.9, 0.1) for the first
visual cluster and (u1i, u2i) = (0.1, 0.9) for the second one.
Figure 2 shows the cluster partition (maximum membership

partition) derived by FCMdd-based linear fuzzy clustering
without missing elements, where objects were partitioned into
two clusters of circles and times, smaller times has very fuzzy
memberships, and the medoids and prototypical lines are indi-
cated by black circles and lines, respectively. This Euclidean
relational data can be successfully partitioned without β-spread
transformation.
Next, incomplete relational data matrices were generated

by removing a part of off-diagonal elements so that Kij was
not empty. In order to protect tridiagonal parts of relational
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Fig. 2. Cluster partition of Euclidean data without missing elements

data, the maximum number of missing elements was set as
n2 − 3n+ 2.
Clustering results are depicted in Fig. 3. Each approx-

imation method could estimate cluster medoids for captur-
ing the two visual linear prototypes until the numbers of
missing elements are less than about 30%. Small crosses
having ambiguous memberships increased more than complete
relational data of Fig. 2. β-spread transformation performed
on each approximation, e.g. minimax TIBA: β = 0.04867,
maximin TIBA: β = 0.044286, average TIBA: β = 0.051706.
The maximum eigenvalues of PDP were also calculated as
minimax TIBA:0.053808, maximin TIBA:0.1711612, average
TIBA:0.083694. This results imply that the FCMdd-type linear
clustering can successfully extract linear substructures of in-
complete Euclidean relational data using β-spread transforma-
tion although the three imputation technique could regenerate
non-Euclidean relational matrices only.

B. Artificial Data Set 2
The second relational data matrix was generated by using

L1 norm from Fig. 1. Figure 4 shows the cluster partition
derived without missing elements. The linear substructures
were successfully estimated by using β-spread transformation
with β = 0.005808, which is much smaller than the maximum
eigenvalue of PDP 0.44933. In this way, β-spread transfor-
mation plays an important role for handling non-Euclidean
relational data in FCMdd-type linear clustering.
Next, incomplete relational data matrices were generated in

a same manner with the Euclidean case. Clustering results were
depicted in Fig. 5. Minimax TIBA and average TIBA could
extract linear prototypes until the numbers of missing elements
are less than about 60%, and maximin TIBA also could until
about 40%. The parameters β in β-spread transformation were
given as, minimax TIBA: β = 0.23344, maximin TIBA:
β = 0.137577, average TIBA: β = 0.165504. The derived β
values are still smaller than the maximum eigenvalues of PDP,
minimax TIBA:0.655306, maximin TIBA:0.427750, average
TIBA:0.619776. In this way, β-spread transformation also
works well in incomplete situations.
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(a) minimax TIBA (# missing: 500)
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(b) maximin TIBA (# missing: 400)
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(c) average TIBA (# missing: 500)

Fig. 3. Comparison of cluster partitions from relational data imputed by three
TIBA (Euclid norm)

C. Ekman’s Color Similarities Data

Third, the proposed algorithm is applied to the Ekman’s
color similarities data [14]. The 14 × 14 data matrix is
composed of mutual similarities among 14 different colors. In
this experiment, mutual similarities sij are first transformed
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Fig. 4. Cluster partition of L1 norms without missing elements

into dis-similarity measure as follows:

dij = max
k,l

skl − sij . (27)

In the proposed algorithm, parameters were set as C = 2,
θ = 2.0. Figure 6 shows the derived cluster partitions on the 2-
D plane constructed by multi-dimensional scaling (MDS) [15].
Minimax TIBA and average TIBA derived a same cluster
partition, in which colors from purple to blue belonged to the
first cluster while colors from yellow, green to red belonged to
another cluster. Other colors equally belonged to both classes.
This cluster partition is almost similar to the case without
missing elements. Maximin TIBA also derived a similar par-
tition to the other imputation technique, but this partition was
more ambiguous. The parameters β in β-spread transformation
were given as, minimax TIBA: β = 275.085, maximin TIBA:
β = 59.776, average TIBA: β = 134.000. The derived β
values are still smaller than the maximum eigenvalues of PDP,
minimax TIBA:430.8659, maximin TIBA:150.667, average
TIBA:192.596. Here, maximin TIBA gave a much smaller β
value than the maximum eigenvalues of PDP. It may be the
reason why it derived a very ambiguous partition.

D. Rothkopf Morse Code Confusion Data
Fourth, the proposed approach is applied to the classical

Rothkopf Morse code confusion data [16]. The (36 × 36)
relational data is composed of confusion rates among 36 Morse
code signals (26 letters and 10 digits). Before the experiment,
the asymmetric relational data matrix, whose element sij

represents the percentage of trials that i was identified as j,
was transformed into a symmetric relational data matrix as
follows:

dij = sii + sjj − sij − sji (28)

The model parameters were set as C = 3, θ = 2.0.
Clustering results are depicted in Fig. 7, which constructed
on the 2-D plane by MDS. Minimax TIBA and average TIBA
allowed with 30 % missing values or fewer. Maximin TIBA
resulted in a good partition with 10 % missing values or
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(a) minimax TIBA (# missing: 1000)
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(b) maximin TIBA (# missing: 700)
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(c) average TIBA (# missing: 1100)

Fig. 5. Comparison of cluster partition from relational data imputed by three
TIBA (L1 norm)

fewer. The parameters β in β-spread transformation were
given as, minimax TIBA: β = 226.945, maximin TIBA:
β = 91.523, average TIBA: β = 0.0. The derived β
values are still smaller than the maximum eigenvalues of
PDP, minimax TIBA:460.808, maximin TIBA:173.284, aver-
age TIBA:132.503. In this experiment, average TIBA was the
best imputation method of the three TIBA, because average
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TIBA did not need β-spread transformation. However, a similar
partition was derived with β-spread transformation even when
missing values were imputed by other methods.
In this way, β-spread transformation also works well with

incomplete real world data.

V. CONCLUSION
This paper considered the applicability of β-spread transfor-

mation for handling incomplete relational data in FCMdd-type
linear clustering. In numerical experiments, three imputation
techniques of minimax TIBA, maximin TIBA and average
TIBA were compared using two artificially generated data
sets and a real one. The experimental results indicated that
β-spread transformation still works well for incomplete data
while minimax TIBA and average TIBA seem to be better than
maximin TIBA. It is because that relational data imputed by
maximin TIBA were more non-Euclidean.
A potential future work is extension to the case of multi-

dimensional prototype models.
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Fig. 6. Comparison of cluster partition from incomplete Ekman’s color data
imputed by three TIBA
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Fig. 7. Comparison of cluster partition from incomplete Rothkopf Morse
Code Confusion Data imputed by three TIBA

798



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /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 false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /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 false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /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 ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. 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 (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /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 true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks true
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName (Japan Color 2001 Coated)
      /DestinationProfileSelector /WorkingCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 400
        /LineArtTextResolution 1200
        /PresetName <FEFF005B9AD889E367905EA6005D>
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 0
      /MarksWeight 0.283460
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /JapaneseWithCircle
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed true
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


