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Abstract—Collecting data is very easy now owing to fast 
computers and ease of Internet access. It raises the problem of 
the curse of dimensionality to supervised classification problems. 
In our previous work, an Intra-Prototype / Inter-Class 
Separability Ratio (IPICSR) model is proposed to select relevant 
features for semi-supervised classification problems. In this work, 
a new margin based feature selection model is proposed based on 
the IPICSR model for supervised classification problems. Owing 
to the nature of supervised classification problems, a more 
accurate class separating margin could be found by the classifier. 
We adopt this advantage in the new Intra-Prototype / Class 
Margin Separability Ratio (IPCMSR) model. Experimental 
results are promising when compared to several existing methods 
using 4 UCI datasets. 

Keywords—Supervised Feature Selection, Intra-Prototype / 
Class Margin, Separability Ratio

I. INTRODUCTION

Selecting relevant features is one of the fundamental 
problems of dealing with pattern classification problems [2]. 
However, owing to the ease of data collection, new datasets 
easily consist of over 1000 features. Some or many of such 
features may be redundant or irrelevant to the given 
classification problem. The feature selection problem is to 
select a subset of p features from the original set of n features 
by eliminating irrelevant or redundant features according to a 
selection criterion and a search strategy. According to the 
selection criterion, feature selection can be categorized into 
wrapper, filter and embedded approaches [3-8]. Wrapper 
feature selection approaches combine both the feature 
selection and output of the classification system [4]. Most of 
the wrappers employ the Leave-One-Out searching strategy 
[23]. In each step, evaluates the training accuracy when one of 
the features is left out, and then removes the feature yielding 
the least reduction in training accuracy. The evaluation of 
feature relevance of filter approaches uses only information 
from the given dataset, i.e. input features and class labels. 
There are also some hybrid approaches, such as the feature 
selection using the localized generalization error model which 
calculate the relevance based on an estimated generalization 

error of a feature subset [9, 10]. On the other hand, decision 
trees employ an embedded approach which embeds the feature 
selection process into its training algorithm. Feature subsets 
selected by wrapper and embedded approaches usually yield 
higher classification accuracies. However, wrapper and 
embedded approaches are computationally expensive and 
classifier dependant.  

According to the search strategy, filter feature selection 
methods could be categorized into exhaustive search, branch 
and bound [11], sequential forward/backward search, floating 
search [12], and score methods [13, 14]. Searching all possible 
combinations of n features to select the best feature subset is a 
NP-complete problem. The exhaustive method, therefore, 
usually is not a reasonable choice for dataset with large 
number of features. Sequential search method still has a large 
computational complexity for high dimensional data, but much 
smaller than that of the exhaustive one. Many score methods 
have been proposed in the literature to deal with these high 
dimension data, such as Fisher score [15], Pearson correlation 
coefficients, Laplacian score [13], and LSDF [14]. Score 
methods only compute a score for each feature according to a 
selection criterion, then selects the most discriminative p
features according to their scores. It is the most efficient 
feature selection search method. When dealing with high 
dimensional data. Therefore, the combination of filter and 
score methods is preferable to large datasets. Many filter 
methods, such as Fisher Score, LSDF, and Laplacian score 
(supervised) seek for feature subsets that yield a small 
intra-class variance and a large inter-class variance.  

Current methods made an assumption that all samples in 
the same class could be effectively represented by a single 
cluster (or prototype). However, this assumption may not be 
true in many real world applications [1, 24]. Therefore, we are 
motivated to propose the Intra-Prototype / Inter-Class 
Separability Ratio (IPICSR) model for semi-supervised feature 
selection problems in [1]. In contrast to existing methods, 
samples in one class are presented by several prototypes and 
the IPICSR prefers feature subsets yielding small 
intra-prototype distance and large inter-class distance. In 
supervised pattern classification problems, the separating Acknowledgement: This work is supported by a 985 project, South 
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margin between two classes could be more accurately obtained. 
More importantly, the separating margin is a more reliable 
measurement for the separability between two classes when 
compared to inter-class distance. We will demonstrate this 
idea later with a toy example. Therefore, we extend the 
IPICSR model to the Intra-Prototype / Class Margin 
Separability Ratio (IPCMSR) model in this work for 
supervised feature selection problems. The IPCMSR model is 
classifier independent and is scalable to large number of 
features. 

The rest of the paper is organized as follows: The IPCMSR 
model and its feature selection algorithm are introduced in 
Section 2. We compared the IPCMSR model with Fisher score, 
Pearson correlation coefficients, Laplacian score (supervised) 
and the IPICSR model using 7 UCI datasets and 2 face image 
recognition problems. The experiment results are discussed in 
Section 3. We give a conclusion in Section 4. 

II. SUPERVISED FEATURE SELECTION WITH IPCMSR
Given a set of training samples: X = {x1, x2,…, xm} and Y = 

{y1, y2,…, ym} where X, Y and m denote the set of input vectors 
of training samples, the set of corresponding class labels and 
the number of training samples, respectively. Let P = {p1,
p2,…, pm} be corresponding prototype labels for training 
samples. Let fri denotes the rth input feature of the ith sample xi,
i = 1,2,…,m; r=1,2,…,d, where d denotes the total number of 
features. Then, the IPCMSR model defines the relevance of 
the rth input feature as: 
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where Sij measures the similarity between xi and xj, Sij
P, Sij

M,
 and KNNd(xi) denote the intra-prototypes similarity, class 

margin similarity, a pre-selected constant and denotes the set 
of k nearest neighbors of the training sample xi belonging to 
different class, respectively. The closer xi and xj are, the larger 
Sij is, and vice versa. Equation (1) yields a smaller value when 
the rth feature is more relevant. The IPCMSR model favors 
features which samples within the same prototype located 
close together while the between class separating margin is 
large.  

The Supervised Feature Selection with IPCSMSR 
(SFS-IPCMSR) finds prototypes of samples for each class by a 
standard hierarchical clustering method. The hierarchical 
clustering method could be replaced by other existing 
clustering methods and it is transparent to SFS-IPCMSR. 
Equation (4) is adopted as the distance measurement in the 
supervised hierarchical clustering algorithm. 
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The hierarchical clustering algorithm outputs a tree 
structure known as the dendrogram [17] and the topology of 
dendrogram is a representation of the clustering process. 
Therefore, the dendrogram could be cut into any given number 
of clusters. The number of clusters is determined by finding the 
knee point of the curve of distance among clusters versus the 
number of clusters [18, 24].  

Finally, we rank features by Equation (1) and the 
SFS-IPCMSR returns a list of feature ranking in ascending 
order of relevance (Lr value). Therefore, user could select 
features using the ranking list. The algorithm of the 
SFS-IPCMSR is as follows: 

Algorithm: SFS-IPCMSR 
1. Input: input features X , target outputs Y , number of 

nearest neighbors k and the constant δ ;
2. Find prototypes information P by supervised hierarchical 

clustering algorithm;  
3. For the rth features, compute rL  using Equations (1); 
4. Output: the list of ranking of features in ascending order of 

the values of rL .

The number of features in the final feature subset could be 
decided by user. One may remove features with large Lr values 
as long as classification results are acceptable. If too many 
features are removed, the classifier will not be able to 
generalize the input-output mapping for the given supervised 
pattern classification problem.  
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III. EXPERIMENTAL RESULTS

In this section, the SFS-IPCMSR is evaluated on four UCI 
datasets [19]: Glass, Ionosphere, Mushroom and Sonar. Table 
1 shows the statistical information of these datasets. Twenty 
training and testing datasets are independently and randomly 
generated to run the experiment. For each dataset, 50% of 
samples are used for training and the rest are used as the 
testing dataset. The training and testing datasets are 
normalized to [0, 1] by a min-max normalization. The 
SFS-IPCMSR method is compared with the Laplacian Score 
(supervised), the Pearson correlation coefficients, the Fisher 
Score and the SFS-IPICSR in the paper [1]. In the Laplacian 
Score (supervised), nodes xi and xj are connected if they 
belong to the same class. Prototypes consisting of less than 
three samples in the supervised hierarchical clustering 
algorithm are abandoned because they are likely to be outliers. 
In the Laplacian Score (supervised), the SFS-IPCMSR, and 
the SFS-IPICSR, the δ  value is selected as the average 
distance between a point and its ith nearest neighbor where i = 
(log(m) + 1) [22]. The performances of all algorithms are 
measured by their testing accuracies on the testing datasets 
using their selected feature subsets. We employ the nearest 
neighborhood (1-NN) classifier with Euclidean distance as the 
classifier in the experiments.  

Figure 1. Average testing accuracies vs. different number of selected 
features for Glass

Figures 1 to 4 show plots of testing accuracies versus 
numbers of selected features for different datasets using 
different methods. The IPCMSR feature selection method 
achieves the highest testing accuracies on all datasets. Table 2 
shows the averaged testing accuracy over different number of 
selected features. Table 2 indicates that the Pearson correlation 
coefficients method performs the worst because it can not 
capture feature relevance when features are not linearly 
correlated. On the one hand, the IPCMSR model outperforms 
Laplacian Score (supervised), Pearson correlation coefficients 
and Fisher Score methods in all datasets. The IPICSR model 

performs worse than the IPCMSR model while outperforming 
other existing feature selection methods. These indicate that 
the multi-prototypes representation of samples in the same 
class is a significant improvement to current single-cluster 
based filter type feature selection methods. The proposed 
IPCMSR model outperforms the IPICSR model because it is 
particularly designed for supervised classification problems by 
making use of class separating margin provided by the 
supervised training dataset. In supervised classification 
problems, experimental results support our assumption that 
features yielding a large class separating margin while a small 
intra-prototype distance are more relevant. 

Figure 2. Average testing accuracies vs. different number of selected 
features for Ionosphere 

Figure 3. Average testing accuracies vs. different number of selected 
features for, Mushroom 
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Figure 4. Average testing accuracies vs. different number of selected 
features for Sonar

Datasets Number of 
Samples 

Dimension Number 
of classe
s

Glass 214 9 4 
Ionosphere 351 34 2 
Mushroom 476 166 2 
Sonar 208 60 2 

TABLE I. THE STATISTICS OF GLASS, IONOSPHERE, MUSHROOM, SONAR,
VEHICLE, WDBC, AND WINE DATASETS

Datasets Lap.  
Score  

Corr. Fisher 
Score 

IPICSR IPCMSR 

Glass 61.21 60.89 60.91 61.95 64.85 
Ionosphere 85.12 85.86 86.27 86.25 86.67 
Mushroom 78.96 79.10 79.97 79.64 81.49 
Sonar 80.11 79.65 78.85 80.83 81.01 

TABLE II. AVERAGE TESTING ACCURACIES OF DIFFERENT FEATURE 
SELECTION METHODS

IV. CONCLUSION

We proposed the Intra-Prototypes / Class Margin 
Separability Ratio (IPCMSR) Model to select relevant features 
for supervised classification problems. The IPCMSR model 
prefers features that yield a small intra-prototype distance 
while yielding a large margin distance between classes. Four 
UCI datasets are used to examine the performance of the 
IPCMSR model. Experimental results show that the proposed 
IPCMSR feature selection method achieves highest testing 
accuracy than other off-the-shelf filter type feature selection 
methods. This supports our intuitive idea that real world 
datasets may consists of more than one prototype in each class 
of samples. Moreover, the proposed IPCMSR model 

outperforms the IPICSR model which is designed for 
semi-supervised learning and ignores class margin 
information.  

One of the important future works is to determine a 
stopping criterion for determining the number of features in 
the final feature subset. One of the possible ways may be 
incorporate the localized generalization error model in [10] to 
estimate the generalization capability of those intermediate 
feature subsets and select the one yielding lowest localized 
generalization error. Further investigation is needed to merge 
these two models. 

REFERENCES

[1] D.S. Yeung, J. Wang, W.W.Y. Ng, “IPIC Separability Ratio for 
Semi-Supervised Feature Selection”, Accepted by International 
Conference on Machine Learning and Cybernetics, 2009 

[2] R. O. Duda, P. E. Hart and D. G. Stork, “Pattern Classification”, 2nd

edition, Wiley-Interscience, 2000  
[3] I. Guyon and A. Elisseeff. “An introduction to variable and feature 

selection”, Journal of Machine Learning Research, vol. 3, pp. 
1157-1182, 2003. 

[4] R. Kohavi and G. H. John. “Wrappers for feature subset selection”, 
Artificial Intelligence, vol. 97, pp. 273-324, 1997. 

[5] A. Blum and P. Langley, “Selection of relevant features and examples in 
machine learning” Artificial Intelligence, vol. 97, pp. 245–271, 1997. 

[6] R. Battiti, “Using mutual information for selecting features in supervised 
neural net learning,” IEEE Trans. on Neural Networks, vol. 5, 
pp.537-550, 1994. 

[7] N. Kwak and C-H. Choi, “Input Feature Selection by Mutual 
Information Based on Parzen Window”, IEEE Trans. Pattern Analysis 
and Machine Intelligence, vol. 24, pp. 1667-1671, 2002. 

[8] H. Peng, F. Long, C. Ding, “Feature Selection Based on Mutual 
Information: Criteria of Max-Dependency, Max-Relevance, and 
Min-Redundancy”, IEEE Trans. Pattern Analysis and Machine 
Intelligence, vol. 27,, pp. 1226-1238, 2005. 

[9] D. S. Yeung, W. W. Y. Ng, D. Wang, E. C. C.Tsang, X-Z. Wang,
“Localized Generalization Error Model and Its Application to 
Architecture Selection for Radial Basis Function Neural Network”, IEEE 
Trans. on Neural Networks, vol. 18, pp. 1294-1305, 2007 

[10] W. W. Y. Ng, D. S. Yeung, M. Firth, E.C.C. Tsang and X-Z. Wang, 
“Feature selection using localized generalization error for supervised 
classification problems using RBFNN”, Pattern Recognition, vol. 41, pp. 
3706 – 3719, 2008 

[11] B. Yu, and B. Yuan, “ A more efficient branch and bound algorithm for 
feature selection”, Pattern Recognition, vol. 26, pp. 883-889, 1993 

[12] P. Pudil, J. Novovicova, and J. Kittler, “ Floating search methods in 
feature selection”, Pattern Recognition Letters, vol. 15, pp. 1119-1125, 
1994 

[13] X. He, D. Cai, and P. Niyogi. “Laplacian score for feature selection”, 
Proc. of Advances in Neural Information Processing Systems, 2005. 

[14] J. Zhao, K. Lu, X. He, “Locality sensitive semi-supervised feature 
selection”, Neurocomputing, 71, pp. 1842-1849, 2008 

[15] C.M. Bishop, “Neural Networks for Pattern Recognition”, Oxford 
University Press, 1995. 

[16] F.R.K. Chung, Spectral graph theory, AMS, 1997. 
[17] S. Everitt, S. Landau.and M. Leese, “Cluster analysis”, London: Hodder, 

2001. 
[18] Salvador, S., Chan, P. “Determining the number of clusters/segments in 

hierarchical clustering/segmentation algorithms”, Proceedings of the 
16th IEEE international conference on tools with AI, pp. 576–584, 2004. 

[19] C. Blake, E. Keogh, and C.J. Merz. UCI repository of machine learning 
databases. [http://www.ics.uci.edu/~mlearn/MLRepository.html], 
Department of Information and Computer Science, University of 
California, Irvine, 1998. 

220



[20] F. Samaria, and A. Harter. “Parameterisation of a Stochastic Model for 
Human Face Identification”, Proceedings of 2nd IEEE Workshop on 
Applications of Computer Vision, pp. 138 - 142 1994 

[21] A.S. Georghiades, P.N. Belhumeur, and D.J. Kriegman, “From few to 
many: Illumination cone models for face recognition under variable 
lighting and pose”, IEEE Transactions on Pattern Analysis and Machine 
Intelligence, vol. 23, pp. 643–660, 2001. 

[22] U. Von Luxburg, “A Tutorial on Spectral Clustering”, Statistics and 
Computing vol. 17, pp. 395-416, 2007 

[23] J. Bi, K.P. Bennett, M. Embrechts, C.M. Breneman and M. Song, 
“Dimensionality reduction via sparse support vector machines”, Journal 
of Machine Learning Resaerch, pp. 1229 – 1243, 2003 

[24] D.S. Yeung, D. Wang, W.W.Y. Ng, E.C.C. Tsang and X-Z Wang, 
“Structured Large Margin Machine: Sensitive to Data Distribution”, 
Machine Learning, vol. 68, pp. 171 – 200, 2007 

221



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /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 /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /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 1200
  /MonoImageMinResolutionPolicy /OK
  /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 (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


