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ABSTRACT
The target of the subtopic mining subtask of NTCIR-10 Intent-2 
Task is to return a ranked list of subtopics. To this end, this paper 
proposes a method to apply the rough set theory for redundancy 
reduction in subtopic mined from webpages. Besides, semantic 
similarity is used for subtopic relevance measure in the re-ranking 
process, computed with semantic features extracted by NLP tools 
and semantic dictionary. By using the reduction concept of rough 
set, we first construct rough set based model (RSBM) for subtopic 
mining. Next, we combine the rough set theory and semantic 
relevance into a new model (RS&SRM). Evaluation results show 
the effectiveness of our approach compared with a baseline 
frequency term based model (FTBM). The best performance is 
achieved by RS&SRM, with I-rec of 0.4046, D-nDCG of 0.4413 
and D#-nDCG of 0.4229 on the subtask of Chinese subtopic 
mining.  
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H.3 [INFORMATION STROAGE AND RETRIEVAL]: 
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Algorithms, Documentation, Experimentation 
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1. INTRODUCTION 
When user is searching information with query in the web, there 
are too few keywords in the query to express user’s true intent 
entirely, furthermore, the keyword of user’ query contain a certain 
extent of ambiguity [1], namely a query may refer to different 
interpretations and multiple aspects, which are called subtopics [2]
of user’ query. This kind of query causes that the search system 
could not recognize the true aspect associated with the query, so 
the subtopic mining is an important research issue of analyzing 
true intent of user’s to satisfy the need of  user . 

Major of subtopic mining methods commonly select the 
occurrence frequency of term in given relevant data collection as 
the primary factor during the mining process, such as cluster-
based model and query log based model. In order to mining 
subtopic for reflecting the intent of user’s query, we have to 
consider the need of user from the semantic factors besides of the 
frequency. There is a state that one term may have high frequency 
weight in data collection, but the term has no affection in 
expressing the intent of user’ query. This kind of term or subtopic 
is redundant subtopic from the point of semantics, whereas the 
terms are core subtopics. This state is called subtopic redundancy 
state. Another state is that some terms or subtopic appear in pairs, 
they are semantic interrelated with each other. Only if considering 
one single term or subtopic as the mining object, the subtopic 
mining result may miss semantic related subtopics and reflect the 
intent of user’ query incomplete. This state is called semantic 
related state. 

Rough set theory [3], proposed by Z. Pawlak has been applied to 
in many fields, such as data mining and knowledge discovery [4].  
This theory is a new Mathematical framework, which has the 
ability to deal with fuzzy and uncertainty problem. A fundamental 
principle of supporting this ability is the concept of attribute 
reduction [5], one of the most important research issues in recent 
years. To deal with subtopic redundancy state, in this paper we 
apply the rough set theory to eliminate the redundant subtopics 
and extract the core subtopics, because the subtopic is a kind of 
intent semantic knowledge of one query, which has uncertainty 
characteristics. By considering these characteristics and applying 
the basic concepts of rough set, we propose rough set based model 
(RSBM) to mine the subtopics from webpages of user’ query. 

Semantic relevance computing has been researched and applied 
for many years. The methods of semantic relevance computing 
include Edge-based, Static Analysis based, Node-based and so on. 
The Edge-based method defines the semantic relevance as the 
path length function [6] between two topic words in the 
topological structure of the classification system. In order to mine 
the semantic related subtopics after rough set based model 
(RSBM), in this paper we choose Normalized Google Distance [7] 
(NGD), which belongs to The Edge-based method, to calculate 
the semantic relevance between different candidate subtopics.  
According to this approach we construct rough set & semantic 
relevance model (RS&SRM) to discover the semantic related 
subtopics from candidate subtopics. 

The next sections are arranged as follows: section 2 describes the 
architecture of subtopic mining system and explains the subtopic 
mining models in detail, we illustrates how to use semantic 
similarity computing for the subtopic re-ranking in this section. 
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The section 3 presents the experimental results and discussion;
and the section 4 concludes the paper. 

2. SYSTEM DESCRIPTION 
Fig 1 shows the architecture of our subtopic mining system. The 
modules in this system and implementation details of each module 
are described as follows. 

2.1 Preprocessing Module 
In order to mining the subtopics of textual contents which are 
extracted from relevant document collection of each target query, 
this module achieves to translate relevant documents into one 
formal representation which is convenient for subtopic mining.
For our mining models, documents are represented using the 
vector-space model, which is also called full text indexing [8]. In 
the vector space model, a vector is used to represent each item or 
document in a collection. Each component of the vector reflects a 
particular word, or term, associated with the given document.  
To construct the vector-space model for given relevant document 
collection of each query, this module purifies the relevant 
document collection of each query and extracts textual content.
Secondly, this module uses the LTP 1  tool to finish NLP 
procedures for document collection of each query, include 
sentence and word segmentation, POS tagging, syntactic parsing 
and named entity recognition (NER). At last this module 
eliminates stop words and some high frequency words. After all 
above of steps, all remaining words are called candidate terms of 
each document. In the vector-space model, the weight value 
assigned to each component of the vector reflects the importance 
of the term in representing the semantics of the document. How to 
compute the weight of each component will be explained in detail 
in section 2.3.1. 

2.2 Feature Extraction Module 
In order to semantic computing during subtopic mining and 
ranking, according to the vector-space model generated after 
preprocessing, we extract frequency distribution feature and 

                                                                
1 http://www.oschina.net/p/hit-ltp. 

semantic features of each candidate term in this module. Table 1
shows feature types and concrete descriptions. 
Term Frequency Distribution Feature (TF): this type of feature 
illustrates one term or word distribution state in the relevant 
document collection of one query, which is equal to the 
occurrence time in each document. We extract the TF feature from 
vector-space model which constructed in the preprocessing 
module. The formal representation of the jth term is a one-
dimensional vector as followed: 

1 2={tf ,tf ..tf ..}  0j j j ijTF i N                  (1) 
Where the N is equal to the total number of relevant document 
collection of one query.
Syntactic Symbol Feature (SSF): this feature illustrates the 
syntactic role which one term or word plays in one sentence. We
can extract the SSF feature from the results of syntactic parsing by 
LTP tool. We know that all symbols of syntactic component are 
finite set which includes “ADV”, “SUB” and other syntactic 
component symbols. This formal representation also is a one-
dimensional vector like TF feature, each value in vector is equal 
to the occurrence time which the syntactic component symbol of 
one term appears of finite symbol set in relevant document 
collection, the vector size is equal to the size of symbol set. The 
value of vector can be count by parsing process. For example, the 
occurrence time which the term “ ” plays the role of “SUB” in 
Webpages is M times, so the value corresponding to SUB
syntactic component symbol for the term “ ” is M in this 
feature vector. The concrete feature definition of the jth term is
determined as followed:

1 2={ss ,ss ..ss ..}  0j j j jkSSF k K
(2) 

The K is equal to the total number of syntactic symbol class in the 
formula 2. 
Synonym Term Feature (STF): we extract the feature also from 
Hownet. The features contain the similar words with term in 
semantic, so the feature is a word list for term. The formal 
representation is defined as followed: 
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1 2={st ,st ..st ..}  0j j j jiSTF i C
(3) 

Where the C is the number of synonym terms of the jth term.
Hypernym Hyponym Feature (HHF): we extract the feature from 
Hownet which is a Chinese semantic dictionary. The feature 
illustrates Hypernym-relation and Hyponym-relation between 
term and words of Hownet,2 these two kind of relations are built 
according to the sememe hierarchy in Hownet. This kind of 
feature contains the level ID of Hypernym, Hyponym and the term 
self.
The SSF, STF and HHF are semantic features of one term. These 
features include the semantic information of term and will be used 
for semantic computing in subtopic mining module and ranking 
module. TF is distribution feature which reflects the degree of 
affection between term and relevant document. 

Table 1. Description list of term feature sets 

Feature Description

TF Reflect the degree of affection the 
document

SSF Reflect the syntactic component 
distribution

STF Contain the similar semantic information

HHF Contain hierarchic semantic information

2.3 Subtopic Mining 
This section introduces three subtopic mining models during 
mining process, including frequency term based model, rough set 
based model and rough set & semantic relevance model. 

2.3.1 Frequency Term Based Model 
For discovering the subtopics from Webpages of one query, the 
basic method is extracting the most important terms in the 
document, and the frequency value of one term can reflect the 
degree which the term will be latent subtopic in one documents. 
After preprocessing module, for one query, the given relevant 
documents have been represented in a vector-space model. The 
frequency term based model mainly apply the term-weighting 
technique which is commonly called TF-IDF and used in 
Information Retrieval. The original TF-IDF equation for the 
weight of term j in document i is determined as followed:

= *log dfij ij
j

Nw tf
(4)

Where tfij is the frequency of occurrence of term j in document i; 
idf = log N/ dfj is the inverse document frequency; N is the total 
number of relevant documents for the query; dfj is the document 
frequency where term j occurs. 
But in the long document, the frequency of occurrence of some 
terms can be very high, which produce relatively higher weight 
for these terms. So we need modified the representation of tfij to 
smooth the weight value distribution, the modified calculation 
equation is determined as followed: 

= * log -log +1ij ij jw N df
(5)

In this formula, the values of μij are calculated as followed: 

2 http://www.keenage.com/ 
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Where tfi is the total number of terms in document i.
For each term in the vector- space, we calculation the total weight 
of the term in the given relevant document collection of one query 
by the following equation: 

=1
=

N

j ij
i

W w
                                               (7) 

Where N is the total number of relevant documents for the query. 
We rank the term list by the value of Wj, and select the top terms 
as the subtopics of the query.
2.3.2 Rough Set Based Model 
Constructing rough set based model (RSBM) mainly is based on 
the attributes reduction method of the rough set theory. 
According to the uncertainty characteristics between subtopic 
and query, rough set based model (RSBM) applies the subtopic 
reduction method to mine the core subtopics, which have a great 
of affection in expressing the intent of user’ query. 
As the basic concepts of rough set theory, the information system 
about the relationship between subtopic and document can be
represented as: RS = {U, S, V, f}; where U is a nonempty finite set 
of documents, S is a nonempty finite set of candidate subtopic, V
is the set of attribute values, and f is an information function 
which decide the subtopic value of the each document x of U.
The formal expression of V and f can be determined as followed: 

aa A
V Vaa A

Va (8) 

:f U S V (9) 
With every subset B of candidate subtopics set S, We associate a 
binary relation I(B), called B-indiscernibility relation, the concrete 
defined as: 

, | , = y, ,I B x y U U f x b f b b B
 (10) 

The I(B) is an equivalence relation and We donate the 
equivalence class of I(B) including the document x as [x]B . And 
for any document subset X of U, the B-lower and B-upper 
approximation of X in S respectively are determined as followed:

|
B

L BX x U x X
(11) 

|
B

U BX x U x X
(12)

If a subtopic b of subset B, which is subset of candidate subtopic
set S, is superfluous in subset B if I(B)=I(B-{b}), otherwise the 
subtopic b is indispensable in subset B. The collection of all 
indispensable subtopics in candidate subtopic set S is called the 
core subtopics set. we say that subset B is independent in 
candidate subtopic set S if every subtopic in subset B is 
indispensable in subset B. the subtopic subset B of S is called a 
reduction if subset B is independent and I(B)=I(S). The subtopics 
from all the reductions in candidate subtopic set S is denoted as 



the core subtopic of the candidate subtopic set S. all the above of 
illustrated are the concept of the subtopic reduction. 
The subtopic reduction process of this model applies the attribute 
reduction algorithm [9] which is based on attribute frequency to 
our mining model. This algorithm uses the properties of frequency 
as the attribute importance to reduce the attribute set and get the 
core attribute list. In rough set based model, we select the 
occurrence frequency of candidate subtopic in webpages as the 
most important factor for mining the core subtopic of user’ query. 

2.3.3 Rough Set & Semantic Relevance Model 
After mining the subtopic mining by rough set based model 
(RSBM), we can get the most interrelated subtopics with user’
query, but the result list of subtopic only coverage a part of 
subtopic, some semantic relevance subtopic has been reduced by 
the reduction algorithm. Furthermore, there are some subtopic 
pairs like <Si,Sj>, they are relevant in semantic. In rough set 
theory and semantic relevance model, we use the NGD [7] 
method computing the semantic relevance between the different 
subtopics to make the subtopic result express more complete 
intent of user’ query. The NGD formula [7] is showed as followed: 

1 2 1 2

1 2

max log , ,
, =

log -min{log , log }i j

f S f S f S S
NGD S S

M f S f S (13) 
Where M is the total number of document collection; the f(S1) and 
f(S2) are respectively frequency in the Webpages; f(S1,S2) is the 
time of co-occurrence in the document set. The value of NGD is 
in the range of [0,1]. The smaller the value of NGD is, the more 
the degree of semantic relevance is. By integrating the semantic 
relevance computing with rough set based model (RSBM), we 
construct rough set and semantic relevance model (RS&SRM).  

2.4 Semantic Similarity Re-ranking 
Generally, the ranking of subtopic list is accord to one weigh 
value from subtopic mining processing. But the subtopic list 
usually exacts redundant and similar subtopics in semantic, this is 
one problem in the result; another problem is that some subtopics 
are not relevant to the query, although with high weight value in 
the list. In order to solve these two problems and improve the 
quality of ranking, we carry on Re-ranking to the subtopic list by 
the semantic similarity computing. During the processing of 
semantic similarity computing, we apply the four types of term 
feature which are described in section 2.2 to calculate the 
similarity value. The concrete similarity equation is determined as 
followed: 

q, = sim TF ,TF + sim ,

                                 + sim , + sim HHF ,HHF

p q p p q

p q p q

SIM term term SSF SSF

STF STF
 (14)

In this formula, the weights of computing similarity of the 
different types of feature have the condition as followed and each 
weight cannot be zero: 

+ + + =1  (15)
Where the values of alpha, beta, gamma and lambda are decided 
by computing the similarity of small sample data set with different 
values, such as <0.25 0.25 0.25 0.25> , <0.25 0.3 0.3 0.15> and  
so on. At last, we choose the values of <0.3 0.3 0.15 0.25> as the 
final weights for similarity calculation in our submitted runs. The
similarity of feature TF reflects the distribution relationship 
between different terms. The similarity of SSF reflects the 
syntactic symbol distribution of one term. TF and SSF are all 

distribution features for one term in different units, text and 
sentence. By using these distributional features, we can put the 
similar distributional terms together to rank. The similarity of STF
feature reflects same or similar semantic degree between two 
terms, by using this feature, we can delete the reduction terms 
with same semantic. By using the HHF feature, we can rank the 
terms under same or similar classification together.   
For the feature vector of TF, SSF and STF, the similarity is 
calculated by the cosine of the angle between the feature vectors 
vp and vq. The calculation formula is as followed: 

=1

2 2

=1 =1

sim(v ,v )=
t

pk qkk
p q t t

pk qk
k k

v v

v v
(16)

And for the similarity of the HHF features HHFp and HHFq is
computed based on Hownet API. 
At last, if the semantic similarity between termp and termq is
greater with the similarity threshold SV, we merge termp and
termq into one term, and the corresponding weight in the subtopic 
list is the sum of weightp and weightq. In our paper, the value of 
the similarity threshold SV is 0.75. 

3. EXPERIMENTS AND DISCUSSION 
In the task of subtopic mining, there are totally 200 test queries, 
including 100 queries for INTENT-2. We use those queries do 
different runs to compare the different subtopic mining models of 
our system. 

Table 2 shows the run name list, the corresponding subtopic 
mining model; Table 3 shows the official result of our subtopic 
mining system by different mining models. According the mining 
result, we can know rough set and semantic relevance model 
(RS&SRM) has the best performance comparing with other two 
models. And frequency term based model (FTBM) performs better 
than rough set based model (RSBM). The frequency term based 
model (FTBM) is the baseline to mine the subtopic by using the 
distribution feature of the candidate terms in the given document. 
This method mainly selects the frequency of the term as the 
subtopic weight during mining process. 

Table 2. Subtopic mining subtask run

Run name Model name Description

ICRCS-S-C-1A FTBM Frequency Term Based 
Model

ICRCS-S-C-2A RSBM Rough Set Based Model

ICRCS-S-C-3A RS&SRM Rough set & Semantic 
Relevance Model

Table 3. Results of Chinese subtopic mining 

Run name I-rec D-nDCG D#-nDCG

ICRCS-S-C-1A 0.3821 0.4219 0.4020

ICRCS-S-C-2A 0.3704 0.4024 0.3864

ICRCS-S-C-3A 0.4046 0.4413 0.4229



According to the result in Table 3, the core subtopics mined by
rough set based model (RSBM) has lower I-rec, because the core 
subtopics set is just a few part of candidate subtopic set. Besides, 
the core subtopics can reflect the intent of user’ query very well,
but the remainder ones may be not relevant to user’ query. For 
example in Table 4, a user query “ ” which is a famous 
movie name, the topmost subtopics in the list are about multiple 
aspects of the query and reflect some attributes of this movie 
query to some extent, whereas the ones at the end of list are not 
associated with “ ” query about movie topic, just include 
the query keywords in the subtopic string. This state may be 
caused by the excessive reduction during the algorithm of rough 
set based model.

Table 4. Subtopic list of query “ ”

Subtopic list

……..
……

Because of considering rough set based model and semantic 
relevance computing, the RS&SRM deal with the subtopic with 
another one as a subtopic pair <Si ,Sk>, not just one single 
subtopic. The RS&SRM can mine semantic related subtopics and 
put them together in the result list, so the subtopic from this 
model can express more complete intent of user’ query on the 
semantic aspect and cluster relevant subtopics together to some 
extent. For example, a user query “ ” which is a famous 
historic war between Japan and Russia. Table 5 shows semantic 
related subtopics of this query, topmost subtopics are all semantic 
attributes of this war such as the time and place; the next two 
subtopics are about the historic aspect of this war; the last 
subtopics of subtopic list are about investigative aspects of this 
war.

Table 5. Semantic related subtopic pairs of query “ ”

Subtopic list
....

1904
....

....

The rough set and semantic relevance model (RS&SRM) reflects 
better performance than FTBM, it proves that applying the rough 
set and semantic relevance together are have more effectiveness in 
subtopic mining. 

4. CONCLUSIONS 
This paper presents the ICRCS system for subtopic mining 
subtask. We apply the knowledge reduction concept of rough set 
theory to construct rough set based model (RSBM) to extract the 
core subtopics from relevant webpages of user’ query. By
incorporating semantic relevance and RSBM, we propose the 
rough set theory and semantic relevance model (RS&SRM) to
mine semantic related subtopics from the candidate subtopics. For 
subtopic ranking, our system achieves subtopic re-ranking by 
computing semantic similarity with semantic features. Evaluation 
results prove that our models, based on rough set theory and 
semantic relevance, have better performance comparing with the
baseline method frequency term based model (FTBM). 

Our future work includes changing term-document representation 
into the topic-space model. Besides, we will add clustering 
processing to classify the candidate subtopics and try to train the 
similarity weight value and the threshold by machine learning. 

5. ACKNOWLEDGMENTS 
This work is supported in part by the National Natural Science 
Foundation of China (No. 61272383).

6. REFERENCES 
[1] Spa¨rck-Jones, K., Robertson, S. E., and Sanderson, M. 2007. 

Ambiguous requests: implications for retrieval tests, systems 
and theories. SIGIR Forum. 41, 2 (Dec. 2007), ACM, New 
York, NY, USA, 8-17. DOI= 
http://dl.acm.org/citation.cfm?id=1328964.1328965 

[2] Wang, C. J., Lin, Y. W., Tsai, M. F., and Chen, H. H., 2012. 
Mining subtopics from different aspects for diversifying 
search results. Information Retrieval. (Dec. 2012). 1-32. 
DOI=http://link.springer.com/article/10.1007/s10791-012-
9215-y 

[3] Pawlak, Z. 1995. Rough sets. In Proceedings of the 1995 
ACM 23rd annual conference on Computer science 
(Nashville, USA, February 28 - March 2, 1995). CSC '95. 
ACM, New York, NY, 262-264. DOI= 
http://dl.acm.org/citation.cfm?id=277421 

[4] Xie, G., Zhang, J., Lai, K., and Yu, L 2008. Variable 
precision rough set for group decision-making: An 
application, International Journal of Approximate Reasoning. 
49, 2 (Oct. 2008), 331-343. DOI= 
http://dx.doi.org/10.1016/j.ijar.2007.04.005 

[5] Yao, Y.Y., and Zhao, Y. 2008. Attribute reduction in 
decision-theoretic rough set models, Information Sciences. 
178, 1, (Sep. 2008), 3356-3373. DOI= 
http://dx.doi.org/10.1016/j.ins.2008.05.010 

[6] Rada, R., Mili, H., Bicknell, E., et al. 1989. Development 
and application of a metric on semantic nets, IEEE 
Transactions on Systems, Man and Cybernetics. 19, 1, (Feb. 
1989), 17-30.

[7] Cilibrasi, R. L., and Vitanyi, P. M. B. 2007. The Google 
Similarity Distance. IEEE Trans.on Knowl. and Data Eng. 19, 
3 (Mar. 2007), 370–383.



[8] Merkl, D. 1998. Text classification with self-organizing 
maps: Some lessons learned. Neurocomputing. 21, 1-3, 
(Nov. 1998), 61-77. DOI= 
http://dx.doi.org/10.1016/S0925-2312(98)00032-0 

[9] Chen, Y. Y., Qiu, J. L., and et al. 2012. A parallel rough set 
attribute reduction algorithm based on attribute frequency. 
In Proceedings of the 2012 9th International Conference on 
Fuzzy Systems and Knowledge Discovery. (Chongqing, 
China, May 29-31, 2012). FSKD’2012. IEEE, 211-215.



<<
  /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 /Error
  /CompatibilityLevel 1.4
  /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 true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /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 true
  /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 true
  /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 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 [612.000 792.000]
>> setpagedevice


