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Abstract. In rough set theory, the problem of feature selection aims to
retain the discriminatory power of original features. Many feature selec-
tion algorithms have been proposed, however, quite often, these methods
are computationally time-consuming. To overcome this shortcoming, we
introduce a time-reduction strategy, which can be used to accelerate a
heuristic process of feature selection. Based on the proposed strategy, a
modified feature selection algorithm is designed. Experiments show that
this modified algorithm outperforms its original counterpart. It is worth
noting that the performance of the modified algorithm becomes more
visible when dealing with larger data sets.
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1 Introduction

Feature selection, also called attribute reduction, is a common problem in pattern
recognition, data mining and machine learning.

In the last twenty years, many techniques of attribute reduction have been
developed in rough set theory. The concept of the S-reduct proposed by Ziarko
provides a suite of reduction methods in the variable precision rough set model
[1]. An attribute reduction method was proposed for knowledge reduction in
random information systems [2]. Five kinds of attribute reducts and their re-
lationships in inconsistent systems were investigated by Kryszkiewicz [3], Li et
al. [4] and Mi et al. [5], respectively. By eliminating some rigorous conditions
required by the distribution reduct, a maximum distribution reduct was intro-
duced by Mi et al. in [5]. In order to obtain all attribute reducts of a given
data set, Skowron proposed a discernibility matrix method [6], in which any two
objects determine one feature subset that can distinguish them. According to
the discernibility matrix viewpoint, Qian et al. [7] and Shao et al. [8] provided
a technique of feature selection for interval ordered information systems and in-
complete ordered information systems, respectively. The above feature selection
methods are usually time consuming and intolerable to process large-scale data.
To support efficient feature selection, many heuristic attribute reduction meth-
ods have been developed in rough set theory, cf. [9-18]. Each of these methods
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preserves a particular property of a given information system. For convenience,
we review only four representative heuristic attribute reduction methods. Hu and
Cercone proposed a heuristic feature selection method, called positive-region re-
duction, which keeps the positive region of target decision unchanged [9]. As
Shannon’s information entropy was introduced to search reducts in the classical
rough set model [15], Wang et al. used its conditional entropy to calculate the
relative attribute reduction of a decision information system [16]. Liang et al.
defined new information entropy to measure the uncertainty of an information
system [12] and applied the entropy to reduce redundant features [13]. Qian and
Liang in [14] presented combination entropy for measuring the uncertainty of
information systems and used its conditional entropy to obtain a feature subset.

In this paper, we are not concerned on how to construct a heuristic function
for feature selection. Our objective is to focus on how to improve the time effi-
ciency of a heuristic attribute reduction algorithm. We employ a new rough set
framework, which is called positive approximation. The main advantage of this
approach stems from the fact that this framework is able to characterize the gran-
ulation structure of a rough set using a granulation order. Based on the positive
approximation, we develop a common strategy for improving the time efficiency
of a heuristic feature selection, which provides a vehicle of making algorithms of
rough set based feature selection techniques faster. By incorporating the strat-
egy into each of the two representative heuristic attribute reduction methods
(positive reduction and Shannon’s entropy based reduction), we construct their
modified versions. Numerical experiments show that each of the modified meth-
ods can choose the same feature subset as that of the corresponding original
method while greatly reducing computing time.

2 Preliminaries

In this section, we will review several basic concepts and positve approximation
in rough set theory. Throughout this paper, we suppose that the universe U is
a finite nonempty set.

Let U be a finite and non-empty set called the universe and R C U x U an
equivalence relation on U, then K = (U, R) is called an approximation space [19,
20]. Given an approximation space K = (U, R) and an arbitrary subset X C U,
one can construct a rough set of the set on the universe by elemental information
granules in the following definition:

{RX — U{[a]rllal € X},

RX = U{[z]rl[z]r N X # 0},

where RX and RX are called R-lower approximation and R-upper approxima-
tion with respect to R, respectively. The order pair (RX, RX) is called a rough
set of X with respect to the equivalence relation R.

There are two kinds of attributes for a classification problem, which can be
characterized by a decision table S = (U,C' U D) with C N D = @, where an
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element of C is called a condition attribute, C' is called a condition attribute
set, an element of D is called a decision attribute, and D is called a decision
attribute set. Assume the objects are partitioned into r mutually exclusive crisp
subsets { X1, Xo, -, X} by the decision attributes D. Given any subset B C C
and Rp is the equivalence relation induced by B, then one can define the lower
and upper approximations of the decision attributes D as
{RBD ={RpXi,RpXs,---,RpX,},
RpX ={RpX1,RpXa,---,RpX,}.

Denoted by POSgE(D) = U:Zl RpX;, it is called the positive region of D with
respect to the condition attribute set B.

We define a partial relation < on the family {U/B | B C C'} as follows: U/P =<
U/Q (or U/Q = U/P) if and only if, for every P; € U/P, there exists Q; € U/Q
such that P; C Q;, where U/P = {Py, P,---,Pp} and U/Q = {Q1,Q2, -, Qn}
are partitions induced by P, @ C A, respectively [12]. In this case, we say that
@ is coarser than P, or P is finer than Q.

In the following, we review a particular set-approximation approach called
positive approximation [21], in which a target concept is approximated by a
positive granulation world. These concepts and properties will be helpful to
understand the notion of a granulation order and set approximation under a
granulation order.

Definition 1.[21] Let S = (U,C U D) be a decision table, X C U and P =
{Ri, Ry, -, R,} a family of attribute sets with Ry = Ry = --- = R, (R; € 24).
Let P, = {R1, Ry, -+, R;}, we define P;-lower approximation P;(X) and P;-
upper approximation P;(X) of P;i-positive approximation of X as

Pi(X) = URka,

Pi(X) = RX
where X1 = X and X = X — j_{ RjX; for k=2,3,-- . n,i=1,2,---,n.

Definition 2.[21] Let S = (U, CUD) be a decision table, P = {Ry, Ra,- -+, Ry}
a family of attribute sets with Ry = Ry = --- R, (R; € 2¢) and U/D =
{X1,Xs,---, X, }. Lower approximation and upper approximation of D with
respect to P are defined by

PD = {PX,,PX,,---,PX,},
PD = {PX,,PX,, -+, PX,}.

PD is also called the positive region of D with respect to the granulation order
P, denoted by POSY(D) = U,_, PXx

Theorem 1. Let S = (U,C U D) be a decision table, X C U and P =
{Ry, Ry, -+, R,} afamily of attribute sets with Ry = Ry = --- = R,, (R; € 29).
Let P; = {Ry, Ry, -+, R;}, then POSY (D) = POSP( )uposgzg( ),

where Uy = U and Uiy = U — POSE (D).
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3 A Time-Reduction Strategy to Feature Selection in
Rough Set Theory

For efficient feature selection, many heuristic attribute reduction methods have
been developed in rough set theory, see [9-18]. For convenience, we only focus
on the two representative attribute reduction methods.

Given a decision table S = (U, C'U D), one can obtain the condition partition
U/C = {X1,Xa,- -, X} and the decision partition U/D = {Y1,Ya2,---,Y,}.
Through these denotations, in what follows we review four types of significance
measures of attributes.

Hu and Cercone proposed a heuristic feature selection method, called positive-
region reduction (PR), which keeps the positive region of target decision un-
changed [9]. In this method, the significance measures of attributes are defined
as follows.

Definition 3. Let S = (U,C U D) be a decision table, B C C' and Va € B. The
significance measure of a in B is defined as

Sigi""*" (a, B, D) = vp(D) = v5—{a}(D),
where yp(D) = |Poﬁfl(D)|.

Definition 4. Let S = (U, C' U D) be a decision table, B C C' and Va € C — B.
The significance measure of a in B is defined as

Sigfuter (a, B, D) = Ypu(ay(D) — 15(D).

As Shannon’s information entropy was introduced to search reducts in classi-
cal rough set model [15], Wang et al. used its conditional entropy to calculate the
relative attribute reduction of a decision information system [16]. This reduction
method is denoted by SCE. This conditional entropy reads as

H(D|B) = — le(Xi) le(Yj\Xi) log(p(Y;]X3)),

i= j=
where p(X;) = ||)fj|| and p(Y;|X;) = I)(Il;)?i}lljl. Using the conditional entropy, the
definitions of the significance measures are expressed in the following way.
Definition 5. Let S = (U, C U D) be a decision table, B C C and Va € B. The
significance measure of a in B is defined as

Sigy"*" (a, B, D) = H(D|B — {a}) — H(D|B).

Definition 6. Let S = (U,C U D) be a decision table, B C C' and Va € C — B.
The significance measure of a in B is defined as

Sigsue”(a, B, D) = H(D|B) — H(D|B U {a}).

All the definitions used above are used to select an attribute in a heuristic
feature selection algorithm. For a given decision table, the intersection of all
attribute reducts is said to be indispensable and is called the core. Each attribute
in the core must be in every attribute reduct of the decision table. The core may
be an empty set. The above two kinds of significance measures can be used to
find the core attributes. The following theorem is of interest with this regard.
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Theorem 2. Let S= (U, CUD) be a decision table and a € C. If Sigi{"*" (a,C, D)
>0 (A ={1,2}), then a is a core attribute of S in the context of type A.

In a heuristic feature selection algorithm, based on the above theorem, one
can find an attribute reduct by gradually adding selected attributes to the core
attributes. For more clear representation, we denote the significance measure of
an attribute by Sig%*“"(a, B, D,U) (A = {1,2}), which denotes the value of the
significance measure on the universe U.

Hence, we can construct an improving forward search algorithm based on the
positive approximation, which is formulated as follows. In this general algorithm
framework, we denote the evaluation function (stop criterion) by EFY(B, D) =
EFY(C, D). For example, if one adopts Shannon’s conditional entropy, then the
evaluation function is HY(B, D) = HY(C, D). That is to say, if EFY (B, D) =
EFY(C, D), then B is said to be an attribute reduct.

Algorithm 1. A general improved feature selection algorithm based on the
positive approximation (FSPA)

Input: Decision table S = (U,C U D);

Output: One reduct red.

Step 1: red «— @; //red is the pool to conserve the selected attributes

Step 2: Compute Sig™"*" (ay, C, D,U), k < |C|;

Step 3: Put ay, into red, where Sig""*" (ay, C, D,U) > 0;// These attributes
form the core of the given decision table

Step 4: i — 1, Ry =red, Py = {R1} and U; « U,

Step 5: While EFYi(red, D) # EFYi(C, D) Do

{Compute the positive region of positive approximation POSgi (D),
U =U- POSgi (D),
1—1+4+1,
red «— redU{ag}, where Sig°“**" (ag, red, D,U;) = max{Sig°***" (ax,
red, D,U;), a;, € C — red},
R, — R; U {a0}7
P; —{Ri,Ry,---,Ri} };

Step 6: return red and end.

Computing the significance measure of an attribute Sig™"*" (ax,C, D, U) is
one of key steps in FSPA, and its time complexity is O(|U|). Hence, the time
complexity of computing the core in Step 2 is O(|C||U|). In Step 5, we begin
with the core and add an attribute with the maximal significance into the set
in each stage until finding a reduct. This process is called a forward reduction
algorithm whose time complexity is O(Zlill |U;|(]C| — i+ 1)). Thus the time
complexity of FSPA is O(|U||C| + SV |ti|(|C| — i + 1)). However, the time
complexity of a classical heuristic algorithm is O(|U||C| + Zﬁ'l |U|(|C]—i+1)).
Obviously, the time complexity of FSPA is much lower than that of each of clas-
sical heuristic attribute reduction algorithms. Hence, one can draw a conclusion
that the general feature selection algorithm based on the positive approxima-
tion (FSPA) may largely reduce the time consumption for feature selection from
decision tables.
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Table 1. Data sets description

Data sets Samples Features Classes
1 Mushroom 5644 22 2
2 Tic-tac-toe 958 9 2
3 Dermatology 358 34 6
4 Kr-vs-kp 3196 36 2
5 Breast-cancer-wisconsin 683 9 2
6 Backup-large.test 376 35 19

4 Experimental Analysis

Many heuristic feature selection methods have been developed for symbolic data
[9, 13-16]. The two heuristic algorithms mentioned in the above part are very
representative. The objective of the following experiments is to show the time
efficiencies of the proposed general framework for selecting a feature subset. The
data used in the experiments are outlined in Table 2, which were all downloaded
from UCI Repository of machine learning databases.

In this section, in order to compare the above two representative feature se-
lection algorithms (PR, SCE) with the modified ones, we employ six UCI data
sets from Table 2 to verify the performance of time reduction of the modified
algorithms, which are all symbolic data. For uniform treatment of all data sets,
we remove the objects with missing values.

For any heuristic feature selection algorithm in rough set theory, the compu-
tation of classification is the first key step. For convenient comparison, we still
adopt original classification algorithm with the time complexity O(|C||U|?). In
what follows, we apply each of the original algorithms along with its modified
version for searching attribute reducts. To distinguish the computational times,
we divide each of these six data sets into twenty parts of equal size. The first
part is regarded as the 1st data set, the combination of the first part and the
second part is viewed as the 2nd data set, the combination of the 2nd data set
and the third part is regarded as the 3rd data set, - - -, the combination of all
twenty parts is viewed as the 20th data set. These data sets can be used to
calculate time used by each of the original feature selection algorithms and the
corresponding modifications one and show it vis-a-vis the size of universe. These
algorithms are run on a personal computer with Windows XP with Pentium(R)
D 3.4GHz processor and 1.00GB memory. The software being used is Microsoft
Visual Studio 2005 and Visual C'#.

In the sequence of experiments, we compare PR with FSPA-PR on the six real
world data sets shown in Table 2. To be concise, we only display the experimental
results of the first two data sets in Table 2, which are also shown in Figures 1, 2.
In each of these figures, the x-coordinate pertains to the size of the data set (the
20 data sets starting from the smallest one), while the y-coordinate concerns the
computing time. Comparison SCE with FSPA-SCE on the first two data sets
are shown in Figures 3, 4.
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It is easy to note from Figures 1-4 that the computing time of each of these two
algorithms increases with the increase of the size of data. As one of the important
advantages of the FSPA, as shown in Figures 1-4, we see that the modified

algorithms are much

more faster than their original counterparts. Furthermore

the differences are profoundly larger when the size of the data set increases.
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5 Conclusions

To overcome the limitations of the existing feature selection schemes, in this
study, based on the positive approximation, a general heuristic feature selection
algorithm (FSPA) has been presented. Two representative heuristic feature selec-
tion algorithms encountered in rough set theory have been revised and modified.
Note that each of the modified algorithms can choose the same feature subset as
the original feature selection algorithm. Experimental studies pertaining to six
UCT data sets show that the modified algorithms can largely reduce computing
time of feature selection while producing the same results as those coming from
the original methods. The results show that the feature selection based on the
positive approximation can efficiently select a feature subset.
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References

1. Ziarko, W.: Variable precision rough set model. Journal of Computer and System
Science 46, 39-59 (1993)

2. Wu, W.Z., Zhang, M., Li, H.Z., Mi, J.S.: Knowledge reduction in random infor-
mation systems via Dempster-Shafer theory of evidence. Information Sciences 174,
143-164 (2005)

3. Kryszkiewicz, M.: Comparative study of alternative type of knowledge reduction
in inconsistent systems. International Journal of Intelligent Systems 16, 105-120
(2001)

4. Li, D.Y., Zhang, B., Leung, Y.: On knowledge reduction in inconsistent decision in-
formation systems. International Journal of Uncertainty Fuzziness and Knowledge-
Based Systems 12(5), 651-672 (2004)

5. Mi, J.S., Wu, W.Z., Zhang, W.X.: Comparative studies of knowledge reductions in
inconsistent systems. Fuzzy Systems and Mathematics 17(3), 5460 (2003)

6. Skowron, A.: Extracting laws from decision tables: a rough set approach. Compu-
tational Intelligence 11, 371-388 (1995)

7. Qian, Y.H., Liang, J.Y., Dang, C.Y.: Interval ordered information systems. Com-
puters & Mathematics with Applications 56, 1994-2009 (2008)

8. Shao, M.W., Zhang, W.X.: Dominance relation and rules in an incomplete ordered
information system. International Journal of Intelligent Systems 20, 13-27 (2005)

9. Hu, X.H., Cercone, N.: Learning in relational databases: a rough set approach.
International Journal of Computational Intelligence 11(2), 323-338 (1995)

10. Hu, Q.H., Xie, Z.X., Yu, D.R.: Hybrid attribute reduction based on a novel fuzzy-
rough model and information granulation. Pattern Recognition 40, 3509-3521
(2007)

11. Hu, Q.H., Yu, D.R., Xie, Z.X.: Information-preserving hybrid data reduction based
on fuzzy-rough techniques. Pattern Recognition Letters 27(5), 414423 (2006)

12. Liang, J.Y., Chin, K.S., Dang, C.Y., Yam Richid, C.M.: A new method for measur-
ing uncertainty and fuzziness in rough set theory. International Journal of General
Systems 31(4), 331-342 (2002)



13.

14.

15.

16.

17.

18.

19.

20.

21.

A Time-Reduction Strategy to Feature Selection in Rough Set Theory 119

Liang, J.Y., Xu, Z.B.: The algorithm on knowledge reduction in incomplete infor-
mation systems. International Journal of Uncertainty, Fuzziness and Knowledge-
Based Systems 10(1), 95-103 (2002)

Qian, Y.H., Liang, J.Y.: Combination entropy and combination granulation in
rough set theory. International Journal of Uncertainty, Fuzziness and Knowledge-
Based Systems 16(2), 179-193 (2008)

Slezak, D.: Approximate entropy reducts. Fundamenta Informaticae 53(3-4), 365—
390 (2002)

Wang, G.Y., Yu, H., Yang, D.C.: Decision table reduction based on conditional
information entropy. Chinese Journal of Computers 25(7), 759-766 (2002)

Wang, G.Y., Zhao, J., An, J.J.: A comparative study of algebra viewpoint and
information viewpoint in attribute reduction. Fundamenta Informaticae 68(3), 289
301 (2005)

Wu, S.X., Li, M.Q., Huang, W.T., Liu, S.F.: An improved heuristic algorithm of
attribute reduction in rough set. Journal of Systems Science and Information 2(3),
557-562 (2004)

Pawlak, Z.: Rough Sets: Theoretical Aspects of Reasoning about Data, System The-
ory. In: Knowledge Engineering and Problem Solving. Kluwer, Dordrecht (1991)
Pawlak, Z., Skowron, A.: Rudiments of rough sets. Information Sciences 177, 3-27
(2007)

Qian, Y.H., Liang, J.Y., Dang, C.Y.: Converse approximation and rule extration
from decision tables in rough set theory. Computers & Mathematics with Applica-
tions 55, 1754-1765 (2008)



	A Time-Reduction Strategy to Feature Selection in Rough Set Theory
	Introduction
	Preliminaries
	A Time-Reduction Strategy to Feature Selection in Rough Set Theory
	Experimental Analysis
	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




