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Abstract. In recent years we have seen a vast increase in the volume of 
information published on weblog sites and also the creation of new web 
technologies where people discuss actual events. The need for automatic tools 
to organize this massive amount of information is clear, but the particular 
characteristics of weblogs such as shortness and overlapping vocabulary make 
this task difficult. In this work, we present a novel methodology to cluster 
weblog posts according to the topics discussed therein. This methodology is 
based on a generative probabilistic model in conjunction with a Self-Term 
Expansion methodology. We present our results which demonstrate a 
considerable improvement over the baseline. 
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1   Introduction 

In recent years the World Wide Web has shown huge changes as a tool of 
socialization, bringing up new services and applications such as weblogs, wikis as 
part of the Web 2.0 technologies. The blogosphere is a new medium of expression, 
becoming more popular all around the world. We can find weblogs in all subjects 
from sports, games to politics and finance.  

In order to manage the large amount of information published in the blogosphere, 
there is a clear need for systems that provide automatic organization of its content, in 
order to exploit the information more efficiently and retrieve only the information 
required for a particular user. Document clustering –the assignment of documents to 
previously unknown categories— has been used for this purpose [20]. We consider it 
more appropriate to employ clustering rather than classification, since the latter would 
require providing tags of categories in advance and in real scenarios we usually deal 
with information from the blogosphere without knowing the correct category tag. 

The focus of this research work is to study a novel approach for clustering weblog 
posts according to their topics of discussion. For this purpose, we have based our 
approach in a topic detection method. Topic detection and tracking is a well-studied 
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area [2] [3], which focuses on extraction of significant topics and events from news 
articles. We consider the topic detection task as the problem of finding the most 
prominent topics in a collection of documents; in general terms, identifying a set of 
words that constitute topics in a collection of documents. 

The main contribution in this work is a novel methodology of clustering weblog 
posts based on a topic detection model for text in conjunction with a Self-Term 
Expansion methodology [16]. In our approach we treat the weblog content purely as 
raw text, identifying the different topics inside of the documents and using this 
information in the clustering process.  

In [15], the features of weblogs are discussed, for instance, weblogs can be 
characterized as very short texts and with a general writing style. These are 
undesirable characteristics from a clustering perspective, as not enough discriminative 
information is provided. In order to tackle the particular characteristics of weblogs, 
we employ an expansion methodology, the Self-Term Expansion Methodology [16], 
that does not use external resources, relying only on information included in the 
corpus itself then. Our hypothesis states that the application of this methodology can 
improve the quality of topic clusters, and further that the improvement will be more 
significant where the corpus is composed of well-delimited categories which share a 
low percentage of vocabulary (wide domain corpus). 

The methodology we present consists of four parts. Firstly, it improves the 
representation of the text by means of a Self-Term Enriching Technique. External 
resources are not employed because we consider it difficult to identify appropriate 
linguistic resources for information such weblogs. Secondly, a Term Selection 
Technique is applied in order to select the most important and discriminative 
information of each category thereby reducing processing time for the next two steps. 
The third step is the use of the Latent Dirichlet Allocation method [5], which is a 
generative probabilistic model for discrete data. We use this model to construct a set 
of reference vectors which can be used as categories prototypes for a better and faster 
clustering process. Finally, we use the well-known Jaccard coefficient [14] as a 
similarity measure to form the clusters. 

The rest of this paper is organized as follows. Section 2 presents the related work. 
Section 3 describes the dataset used in the experiments. Section 4 explains our 
approach and the techniques used in our research work. Section 5 shows the obtained 
results. Section 6 provides an analysis of results and, finally, in Section 7 we present 
the conclusions. 

2   Related Work 

There are previous attempts on topic detection in online documents such as in [8], 
where the authors present a topic detection system composed of three modules that 
attempt to model events and reportage in news. The first module (pre-processing) is 
used to select and weight the features, i.e., words that are representative of short 
events. The clustering module is a hybrid technique that uses a slow accurate 
hierarchical method with a fast partitional algorithm. Finally, the last module is the 
presentation module which displays each cluster to the user.  
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The task of finding a set of topic in a collection of documents has also been 
attempted in [21]; the authors based their approach on the identification of clusters of 
keywords that are taken as representation of topics. They have employed the well-
known k-means algorithm to test some distance measures based on a distribution of 
words. The experiments were conducted using Wikipedia articles, reporting acceptable 
results, but the calculation of the distributions seems to be computational expensive.  

Topic detection is also addressed in [18], where the authors present a method 
which uses blogger’s interests in order to extract topic words from weblogs. In this 
approach the authors assume that topic words are words commonly used by bloggers 
who share the same interests, and they use these topic words to compute similar 
interests between each two bloggers by using the cosine similarity measure. A topic 
score is assigned to each word. The processing time is also a problem in this 
approach, as they have pointed out, and the optimization for some of their calculations 
is needed. 

Recently, the clustering of weblogs has become an active topic of research; for 
instance in [13] the authors build a word-page matrix by downloading weblog pages 
and have applied the k-means clustering algorithm with different weights assigned to 
the title, body, and comment parts. In [1], the authors use weblog categories to build a 
category relation graph in order to join different categories; they use edges in the 
category relation graph to represent similarity between different categories and they 
represent nodes as categories. They also consider different values of link strengths 
and level of directories.  

Our approach is focused on detecting the topic clusters contained in the corpus 
itself, and the novel aspect is based on using a topic detection method to identify 
possible references that could be used in the clustering process, and the expansion 
methodology in order to improve the representation of the weblogs. 

3   Description of Dataset 

In this section, we describe the corpus used in our experiments. The corpus is a subset 
of the ICWSM 2009 Spinn3r Blog Dataset1, the content of the data includes metadata 
such as the blog’s homepage, timestamps, etc. The data is in XML format and 
according to the Spinn3r crawling2 documentation; it is further arranged into tiers, 
approximating search engine ranking to some degree.  

Even if the Spinn3r blog dataset contains several blogs sites in a number of 
different languages, we only focused the experiments carried out on the “Yahoo 
Answers”, weblog site3 – in which people share what they know and ask questions on 
any topic that matters to the user, in order to be answered by other users. We have 
extracted from this corpus two distinct subsets (see Fig. 1). The first subset contains 
10 categories with 25,596 posts and vocabulary size of 66,729. It may be considered 
as “narrow domain”, since the vocabulary in the categories is similar. The second 

                                                           
1 The corpus was initially made available for the 2009 Data Challenge at the 3rd International 

AAAI Conference on Weblogs and Social Media, 
http://www.icwsm.org/2009/data/ 

2 http://spinn3r.com/documentation/ 
3 http://answers.yahoo.com/ 
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subset contains 10 categories with 48,477 posts and a vocabulary size of 122,960 
terms. As opposed to the narrow domain subset, it may be considered “wide domain” 
because its categories have a low overlapping vocabulary. 
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 Singles_Dating 20,498 Celebrities 2,219 

Software 4,800 Marriage_Divorce 2,956 

Womens_Health 4,262 Languages 1,914 

Politics 2,527 Elections 3,628 

Dogs 3,205 Books_Authors 2,468 

Fig. 1. Topics of discussion of the two datasets (narrow and wide domain) 

Clustering of narrow domains brings additional challenges to the clustering 
process. Moreover, the shortness of this kind of data will make this task more 
difficult. The purpose of constructing two subsets with these characteristics is to 
demonstrate the effectiveness of our method across both wide and narrow domains, 
and also to test the relative effectiveness of the approach in each case. 

Regarding the categories tags, they were only used for gold standard construction 
purposes, and provide a better idea of the subsets used in our experiments. The posts 
are treated as raw text, i.e. we have not used any additional information provided by 
the XML tags. As a preprocessing step, we have removed stop words –high-frequency 
word that has not significant meaning in a phrase– and punctuation symbols as well. 

4   Methodology Proposed 

In this section, we present the techniques used in our approach in order to improve the 
quality of clusters. This methodology clusters weblog posts using prototypes as 
reference, therefore, we have also called this approach prototype/topic based 
clustering. Our approach is composed of three steps: the Self-Term Expansion 
Methodology (S-TEM), which consists of a Self-Term Enriching Technique and a 
Term Selection Technique. This is followed by the application of the Latent Dirichlet 
Allocation model and the prototype/topic based clustering process. 

4.1   Self-Term Expansion Methodology 

The Self-Term Expansion Methodology [16] comprises a twofold process: the Self-
Term Enriching Technique, which is a process of replacing terms with a set of co-
related terms, and a Term Selection Technique with the role of identifying the 
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relevant features. The idea behind Term Expansion has been studied in previous 
works such as [17] and [9] in which external resources have been employed. Term 
expansion has been used in many areas of natural language processing as in word 
disambiguation in [4], in which WordNet [7] is used in order to expand all the senses 
of a word. However, in the particular case of the S-TEM methodology, we use only 
the information being clustered to perform the term expansion, i.e., no external 
resource is employed. 

The technique consists of replacing terms of a web post with a set of co-related 
terms. We consider it particularly important to use the intrinsic information of the 
data set itself. A co-occurrence list is calculated from the target dataset by applying 
the Pointwise Mutual Information (PMI) [14]. PMI provides a value of relationship 
between two words; however, the level of this relationship must be empirically 
adjusted for each task. In this work, we found PMI equal or greater than 3 to be the 
best threshold. This threshold was established empirically. In other experiments [16], 
a threshold of 6 was used; however, in weblog documents correlated terms are rarely 
found. This list will be used to expand every term of the original corpus. 

The Self-Term Enriching Technique is defined formally in [16] as follows: Let D 
= {d1, d2, . . . , dn} be a document collection with vocabulary V(D). Let us consider a 
subset of V (D)×V (D) of co-related terms as RT= {(ti, tj)|ti, tj V(D)} The RT 
expansion of D is D’ = {d’1, d’2, . . . , d’n}, such that for all di  D, it satisfies two 
properties: 1) if tj  di then tj  d’i, and 2) if tj di then t’j d’i, with (tj , t’j)  RT. 
If RT is calculated by using the same target dataset, then we say that D’ is the Self-
Term Expansion version of D. The degree of co-occurrence between a pair of terms is 
determined by a co-ocurrence method, this method is based on the assumption that 
two words are semantically similar if they occur in similar contexts [10]. 

The Term Selection Technique helps us to identify the best features for the 
clustering process. However, it is also useful to reduce the computing time of the 
clustering algorithms. In particular, we have used Document Frequency (DF) [19], 
which assigns the value DF(t) to each term t, where DF(t) means the number of posts 
in a collection, where t occurs. The Document Frequency technique assumes that low 
frequency terms will rarely appear in other documents; therefore, they will not have 
significance on the prediction of the class of a document.  

4.2   Latent Dirichlet Allocation Model 

In general, a topic model is a hierarchical Bayesian model that associates each 
document to a probability distribution over topics. The Latent Dirichlet Allocation 
(LDA) model [5] is derived from the idea of discovering short descriptions of the 
members of a collection, in particular discrete data, in order to allow efficient 
processing of huge collections, while keeping the essential statistical relationships that 
may be used in other tasks such as classification.  

There are other sophisticated approaches that use dimensionality reduction 
techniques such as Latent Semantic Indexing (LSI) [6], which can achieve significant 
compression in large corpora using single value decomposition of the X matrix to 
identify a linear subspace in the space of tf-idf features by capturing most of the 
variance in the corpora. An alternative model is probabilistic Latent Semantic Index 
(pLSI) [11], in which the main idea is to model each word in a document as a sample 
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5   Experiments 

In this section, we present the experiments and results using the approach proposed in 
this research work. These experiments were carried out over the two subsets described 
in Section 3. 

5.1   Wide Domain Subset 

Fig. 3 presents a comparison of our approach against the baseline for the wide domain 
corpus. We have obtained the baseline by generating the prototypes with the LDA 
method from the original posts, i.e., without using the S-TEM methodology in the 
construction of the prototypes, and finally, clustering the posts with the Jaccard 
coefficient. We have summarized the results in the graph showing the minimum, 
maximum and average F-measure value obtained from the different percentage of 
vocabulary selected (from 10% to 90% with steps of 10%) with the Term Selection 
Technique in the S-TEM methodology. 

 

Fig. 3. Clustering results using the “wide” domain corpus 

The objective of using this selection is to reduce the noise (terms included in more 
than one category that can be highly correlated with discriminative information) 
generated by the enriching technique and to highlight the most important features of each 
category. We have obtained the best results when we have selected 10% of vocabulary 
(achieving an F-measure value of 0.53). It means that after the enriching process, it only 
needs 10% of the vocabulary to generate the best prototypes. We have also confirmed 
that in all the cases we have outperformed the baseline (0.26 in the best case). We have 
limited the number of terms selected by the LDA method from 100 to 3,000 terms per 
topic in order to confirm the minimum number of terms for the prototype which can give 
us acceptable results in the clustering process. Furthermore, by reducing the number of 
terms, we can reduce the processing time for the clustering task. 

5.2  Narrow Domain Subset 

In Fig. 4 we present the improvement that the S-TEM methodology provides to this 
clustering approach for the narrow domain corpus. In this particular case the gap 
between the baseline and the average is smaller. 
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Fig. 4. Clustering results using the “narrow” domain corpus 

In other words, the performance of our methodology is not as high as that obtained 
with wide domain, but in any case we still achieve an improvement. We consider that 
the reduced improvement in this domain is due to the fact that when the enrichment 
process expands the corpus, it introduces some noisy terms, i.e., terms that share 
many categories in this kind of domain. Even if we have used the Term Selection 
Technique to avoid this noisy information, it is difficult to highlight the discriminative 
information of each category. All of this makes the clustering task more difficult. 
Therefore, the size of the each document (in this case, weblog posts) is another 
important factor involved in this complex clustering process. 

6   Analysis of Results 

In this section, we discuss the results obtained in the experiments. As we expected we 
have obtained the best results with the wide domain corpus, because the categories 
share a low percentage of vocabulary. On the other hand, the narrow domain has a 
very high overlapping vocabulary between categories, which is a very important 
factor reflected in the clustering process. We have found out that the S-TEM 
methodology can help the generation of prototypes because the LDA has taken 
advantage of the expansion methodology. The improvement of the representation that 
S-TEM gives to the narrow domain posts is less because of the high overlapping 
vocabulary, and also the noise introduced by the enriching process derived from the 
Pointwise Mutual Information that is based on the frequency of correlated terms. It is 
also important to mention that we have outperformed the baseline in both cases 
(narrow and wide domain).  

An additional aspect found in our experiment and shown in Figures 3 and 4 is that 
using nearly a thousand terms per category in the prototypes is good enough to get 
acceptable result the clustering process this may impact in the processing time due to 
we can manage relatively low-dimension vectors. 

7   Conclusions and Further Work 

We have presented a novel methodology to cluster weblogs based on a generative 
probabilistic model (LDA) in conjunction with an enriching methodology (S-TEM) 
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applied to two different kind of corpus, one considered as “narrow” domain with very 
similar categories, and other considered as “wide” domain with low overlapping 
vocabulary or dissimilar categories.  

We have confirmed that our approach works well with wide domain corpora 
obtaining 0.53 in F-measure with just 10% of the vocabulary to generate the best 
prototypes and it has also shown improved results (albeit with a smaller gain) with 
narrow domains. Finally, due to the simplicity of the clustering method used, our 
approach has shown acceptable ranges in the processing time. 

In future work, we plan to modify our approach and cluster the expanded posts 
used in the generation of the prototypes with the objective of giving better 
information to the clustering process and improve representation of the post in 
particular in narrow domain. We are also interested in working on the scalability of 
our approach in order to be able to manage data sets with huge number of documents 
and classes. To further this aim, we are intending to adapt the approach described in 
[12]. 
 
Acknowledgments. The work of the fourth author has been partially supported by the 
TEXTENTERPRISE 2.0 TIN2009-13391-C04-03 research project and the work of 
the first author by the Mexican Council of Science and Technology (CONACYT). 

References 

1. Agrawal, N., Galan, M., Liu, H., Subramanya, S.: Clustering blogs with collective 
wisdom. In: Proc. of the International Conference on Web Engineering, pp. 336–339. 
IEEE Computer Society, USA (2008) 

2. Allan, J., Carbonell, J.G., Doddington, G., Yamron, J., Yang, Y.: Topic Detection and 
Tracking Pilot Study: Final Report. In: Proc. DARPA Broadcast News Transcription and 
Understanding Workshop (1998) 

3. Allan, J., Papka, R., Lavrenko, V.: On-line new event detection and tracking. In: Proc. 
SIGIR International Conference on Research and Development in Information Retrieval, 
pp. 37–45. ACM, NY (1998) 

4. Banerjee, S., Pedersen, T.: An adapted Lesk algorithm for word sense disambiguation 
using WordNet. In: Gelbukh, A. (ed.) CICLing 2006. LNCS, vol. 3878, pp. 136–145. 
Springer, Heidelberg (2006) 

5. Blei, D.M., Ng, A.Y., Jordan, M.I.: Latent Dirichlet Allocation. The Journal of Marchine 
Learning Research, JMLR.org 3, 993–1022 (2003) 

6. Deerwester, S., Dumais, S., Landauer, T., Furnas, G., Harshman, R.: Indexing by latent 
semantic analysis. Journal of American Society of Information Science 41, 391–407 
(1990) 

7. Fellbaum, C.: WordNet: An Electronic Lexical Database. MIT Press, Cambridge (1998) 
8. Flynn, C., Dunnion, J.: Topic Detection in the News Domain. In: Proc. of the 2004 

International Symposium on Information and Communication Technologies, pp. 103–108. 
ACM, New York (2004) 

9. Grefenstette, G.: Explorations in Automatic Thesaurus Discovery. Kluwer Ac., Dordrecht 
(1994) 

10. Harris, Z.: Distributional structure. Word 10(23), 146–162 (1954) 



 Clustering Weblogs on the Basis of a Topic Detection Method 351 

11. Hofman, T.: Probabilistic latent semantic indexing. In: Proc. of the Twenty-Second Annual 
International SIGIR Conference, pp. 50–57. ACM, NY (1999) 

12. Karp, R.M., Rabin, M.O.: Efficient Randomized Pattern-Matching Algorithms. IBM 
Journal of Research and Development 31(2), 249–260 (1987) 

13. Li, B., Xu, S., Zhang, J.: Enhancing Clustering Blog Documents by Utilizing 
Author/Reader Comments. In: ACM Southeast Regional Conference, pp. 94–99 (2007) 

14. Manning, D.C., Schutze, H.: Foundations of Statistical Natural Language Processing. MIT 
Press, Cambridge (1999) 

15. Perez-Tellez, F., Pinto, D., Cardiff, J., Rosso, P.: Characterizing Weblog Corpora. In: 
Horacek, H., Métais, E., Muñoz, R., Wolska, M. (eds.) NLPIS 2010. LNCS, vol. 5723, pp. 
299–300. Springer, Heidelberg (2010) 

16. Pinto, D.: On Clustering and Evaluation of Narrow Domain Short-Text Corpora. PhD 
dissertation, Universidad Politecnica de Valencia, Spain (2008) 

17. Qiu, Y., Frei, H.P.: Concept based query expansion. In: Proc. of the 16th Annual 
International ACM SIGIR Conference on Research and Development in Information 
Retrieval, pp. 160–169. ACM, New York (1993) 

18. Sekiguchi, Y., Kawashima, H., Okuda, H., Oku, M.: Topic Detection from Blog 
Documents Using Users’ Interests. In: Proc. of the 7th International Conference on Mobile 
Data Management (2006) 

19. Spärck, J.K.: A statistical interpretation of term specificity and its application in retrieval. 
Journal of Documentation 28, 11–21 (1972) 

20. Steinbach, M., Karypis, G., Kumar, V.: A comparison of document clustering techniques. 
In: KDD Workshop on Text Mining (2000) 

21. Wartena, C., Brussee, R.: Topic Detection by Clustering Keywords. In: Proc. of the 19th 
International Conference on Database and Expert Systems Application, pp. 54–58. IEEE 
Computer Society, USA (2008) 


	Clustering Weblogs on the Basis of a Topic Detection Method
	Introduction
	Related Work
	Description of Dataset
	Methodology Proposed
	Self-Term Expansion Methodology
	Latent Dirichlet Allocation Model
	Clustering Weblog Posts Using the Prototypes as References

	Experiments
	Wide Domain Subset
	Narrow Domain Subset

	Analysis of Results
	Conclusions and Further Work
	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
  /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 149
  /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 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 true
  /GrayImageMinResolution 149
  /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 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 true
  /MonoImageMinResolution 599
  /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

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /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.)
    /DEU <>
  >>
  /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 /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




