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ABSTRACT: Semantic Similarity relates to computing the similarity between different ontological concepts .Various
categories of semantic similarity measures have been proposed to determine how similar are they between any two concepts
within ontology. Information Content (IC) measure is one such among the category of measures. We analyze different
methods of calculating the IC value for any concept in ontology and discuss the similarity measures which use this IC value.
We select the best performing measure based on the previous work done on these measures and present its limitations. We
then propose new Information Content based Semantic Similarity Measure which applied on two datasets proving that it
performs better and provides more improved similarity value.
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1. Introduction

“Ontology is an explicit specification of a conceptualization” is a prominent definition by T.R. Gruber [1]. The  definition was
then extended by R. Studer et al [2] as “Ontology is an explicit, formal specification of a shared conceptualization of a domain
of interest”. Knowledge Representation is largely based on ontologies in the Semantic Web. This ontology forms a very
important layer of the semantic web architecture proposed by Tim Berners-Lee. Ontologies are very useful for enabling
knowledge level inter operation of agents, because meaningful interaction among agents can occur only when they share a
common interpretation of the vocabulary used in their communication.

Semantic Similarity is a measure which is used to compute the similarity between two concepts within ontology. This is
regarded as a research to be investigated in the fields of Data Processing, Artificial Intelligence, and of Linguistics. The field
of Information Retrieval is largely based on the similarity identification between documents, in particular [3]. We can distinguish
four methods to determine the semantic similarity in between concepts in ontology. The first approach computes similarity
based on conceptual distance (also called edge based method). The second approach uses the information content of
concepts for finding similarity (also called the node based method). The third approach is based on the features of the
compared concepts. The fourth approach is hybrid, which combines the above approaches.

The rest of the paper is organized as follows. Section 2 presents an overview of the four categories of semantic similarity
measures. Section 3 introduces the different methods to compute the Information Content (IC) value for a concept in
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ontology. Section 4 focuses on Information Content Based Semantic Similarity Measures. Section 5 includes the previous
work done on comparison of these measures and describes their limitations. Section 6 introduces a detaile delaboration of our
proposed measure. Section 7 includes experimental evaluations which show effectiveness of our proposed measure.
Conclusion and future work are described in Section 8.References are included in  Section 9.

2. Semantic Similarity Measures

Several approaches have been proposed for determining semantic similarity between concepts of ontology. They are divided
in to four main categories

Edge Counting Approach: This method measure the similarity between two concepts c1, c2 by determining the path linking
the terms in the taxonomy and the position of the terms in the taxonomy.

Information Content Approach: Similarity measure is based on the Information content of each concept. We mainly concentrate
on this category of measure in this paper.

Feature based Approach: Measure that consider the features of the concepts in order to compute similarity

Hybrid Approach: This method combine ideas from the above three approaches in order to compute semantic similarity
between c1 and c2.

We performed a survey [5] on the measures of all the four categories and compared eight different measures on two
benchmark datasets.

3. Computing the Information Content for a Concept in an Ontology

In view of the limitation of edge-counting approach, Resnik proposed to complement the taxonomical knowledge provided
by ontology with a measure of the information content of concepts computed from corpora like Word Net.

The similarity of two concepts is related to information they share in common as per the idea behind information content
method.

3.1 Computing IC Value using Concept Probabilities
As per Resnik [6] for any concept C the information content is given as

IC (C) = − log P (C) (1)

Where P (C) is the probability of the concept C in the corpora. The probability is computed as

P (C) = freq (C) /  N (2)

N is the total number of terms in the taxonomy which, in Word Net is the number of noun synsets. As per Word Net statistics
[7] the value is 82115. The frequency of any concept is given in Word Net as noun frequency within brackets as shown below
for the concept Milk. The frequency of concept milk is 20.

Noun
(20)S: (n) milk (a white nutritious liquid secreted by mammals and used as food by human beings)

3.2 Computing IC Value using Concept Hyponyms
Seco et al [8] consider the hyponyms of the Word Net to calculate the Information Content value. They argue that the more
hyponyms a concept has the less information it express and concepts that are leaf nodes are the most specified in the
taxonomy hence the information they express is maximal. The Information Content value is computed as

ICWN(c) = 1 − [log (hypo (c) +1) / log (maxwn)] (3)



                     International Journal Web Applications   Volume   7  Number   3   September   2015                   87

Where the function hypo return the number of hyponyms of a given concept and maxwn is a constant that is set to the
maximum number of concepts in the taxonomy. For the concept milk hyponyms in wordnet can be shown as

Noun
S: (n) milk (a white nutritious liquid secreted by mammals and used as food by human beings) direct hyponym / full
hyponym
S: (n) sour milk (milk that has turned sour)
S: (n) pasteurized milk (milk that has been exposed briefly to high temperatures to destroy microorganisms and prevent
fermentation)
S: (n) cows’ milk (milk obtained from dairy cows)
S: (n) yak’s milk (the milk of a yak)
S: (n) goats’ milk (the milk of a goat)

If we consider the ontology itself instead of word net then number of hyponyms will be replaced by number of descendants
to calculate the IC value. The formula (3) can be reformed as

ICONT (c) = 1− [log (num_desc(c) + 1) / log (maxONT)] (4)

where num_desc(c) is the number of descendants for concept c and maxONT is the maximum number of concepts in the
ontology. This IC measure is normalized such that the information content values are in [0...1]. ICONT has maximum value 1
for the leaf concept and it decreases till the value is 0 for the root concept of the ontology. We use equation (4) for IC value
computation in our work.

3.3 Computing IC value using Concept Hyponyms & Meronyms
Saruladha et al [9] define a new method to compute the IC using not only the hyponyms as in equation (3) but also meronyms
as given below.

ICONT(c) = 1− [log (hypo(c) + mero (c) + 1) / log (maxONT)] (5)

The new measure is expressed by two functions namely hypo(C) and mero( C) which returns number of hyponyms and the
number of meronyms of concept C respectively.

This IC value will be high for the leaf concept and gradually decreases while moving upward in the taxonomy.

4. Information Content Based Semantic Similarity Measures

The IC value will now be used to find the semantic similarity value between any two concepts in ontology. The different
measures to compute similarity are

4.1 Resnik’s Measure
( 1995) Resnik proposed a measure [10] to find the semantic similarity between any two concepts c1 and c2 within ontology
as

SimRES (c1, c2) = IC (CCP (c1, c2)) (6)

CCP stands for the Closest Common Parent which is also called as LCS the Least Common Subsumer.

4.2 Jiang and Conrath Measure
(1997) This measure[11] is proposed using resnik’s measure

SimJC (c1, c2) =1− (IC (c1) + IC (c2) – 2*{ IC (CCP ( c1,c2))} (7)

This is based on quantifying the length of the taxonomical links as the difference between the IC of a concept and its
subsumer. When comparing term pairs, they compute their distance by subtracting the sum of the IC of each term alone from
the IC of their CCP.
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4.3 Lin’s Measure
(1998)As per Lin[12] the similarity between two terms should be measured as the ratio between the amount of information
needed to state their commonality and the information needed to fully describe them. His measure considers commonality in
the same manner as Resnik’s approach on one hand and the IC of each concept alone on the other hand.

SimLIN (c1, c2) = 2 * { IC (CCP( c1, c2))} / IC (c1) + IC (c2) (8)

4.4 Lord et al. Measure
(2003) This measure [13] is also proposed using resnik’s measure given as

SimLord (c1, c2) = 1− IC (CCP( c1, c2)) (9)

All the above 4 measures represented by equation (6) (7) (8) & (9) compute the IC value using concept probability given by
Resnik in (1) and (2).

4.5 Seco et al. Measure
(2004) This measure [7] considers the hyponyms of the Word Net to calculate the IC value given by equation (3). The
similarity function is obtained by normalizing and applying a linear transformation to the Jiang and Conrath formula.

This similarity also corresponds to Resnik’s similarity function but now accommodating ICWN values

4.6 Saruladha et al. Measure:
(2010) This measure termed as NIC in [8] is an extension of the Seco et al. Information content measure. The NIC measure uses
the hyponym relations (is-a relations) and meronym relations (Part-of relations) defined in Word Net to quantify the
informativeness of concepts. For a concept Milk hyponym relation can be buttermilk is-a kind of milk and meronym relation
can be milk has protein. This measure computes the IC value using equation (5). The similarity measure correspond to
Resnik’s, Jiang & Cornath and Lin’s similarity function but using the NIC value.

SimNIC-RES (c1, c2) = NIC (CCP ( c1, c2)) (11)

SimNIC-JC(c1, c2) = (NIC (c1) + NIC (c2) – 2*{ NIC (CCP ( c1, c2))} / 2 (12)

SimNIC-LIN (c1, c2) = 2*{ NIC (CCP(c1, c2))} / NIC (c1)+NIC (c2)  (13)

4.7 Seddiqui et al Measure
(2010) This measure [14] considers the relation of properties, property function and restrictions for any concept in ontology.
The similarity function is similar to that of Seco (10) but the IC value computation id different.

SimSeco(c1, c2) = 1 −
2

ICwn (c1) + ICwn(c2) − 2*IC (CCP(c1, c2))

ICrel = log (rel (c) + 1) / log (total_rel + 1) (15)

Where “rel” stands for the relation of properties, property function and restrictions, rel (c) denotes the number of relations
of a concept c and total_rel represents the total number of relations available in the ontology.

4.8 Meng et al Measure
(2012) This measure[15] used to calculate word sense similarity is based on Lin’s method.

Therefore, it is considered to be an information content based semantic similarity measure.

SimSedi (c1, c2) = 1 −
ICrel (c1) + ICrel (c2) –  2 * IC (CCP(c1, c2))

2

(10)

(14)
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SimMeng (c1, c2) = eSim Lin – 1 (16)

In Lin’s method, the values are in [0,1]. the values of SimMeng new are in [0, e −1].

5. Related Work on Comparison of IC based Measures

Resnik’s , Jiang & Conrath , Lord’s and Lin’s measures are considered as four basic IC based semantic similarity  measures as
they lay foundation for many other measures in this category. Many comparisons have been done on these measures over
different datasets to test which measure perform well in computing the semantic similarity value. We consider the work done
by Ted Pedersen [16] and Angelos Hliaoutakis [17]. The dataset used by them for comparison is the same on which our work
is done and tested.

5.1 Pedersen’s Comparison
Measures of semantic similarity and relatedness could be evaluated both directly and indirectly. The direct method compares
the results of the measures relative to human judgments. This is denoted as a direct method of comparison. In the research
[14] a test bed of 30 pairs of medical terms were created. They were scored by physicians and medical coders in to four broad
categories of relatedness. Values from not related at all (1) to very closely related (4). Three information content measures
were compared, with Lin showing considerably a higher level of correlation to the physicians and medical coders. Both Jiang
& Conrath and Resnik performed at little lower levels than Lin, but at identical levels with each other.

5.2 Hliaoutakis Comparison
The semantic similarity comparison is done on both Word Net and MeSH in [15]. Undergraduate students 38 in strength were
given 30 pairs of nouns used in the experiment by Miller and Charles [18] [19]. They were asked to rate the similarity of each
pair on a scale from 0 (not similar) through 4 (perfect synonymy). The average rating of each pair represented a good estimate
of how similar the two words are. Similarly a set of 49 pairs were proposed, together with an estimate of similarity between 0
(not similar) and 4 (perfect similarity) for each pair taken by medical experts. A form-based interface with all pairs of concepts
was made available on the Web [20]. All the methods implemented were integrated into a semantic similarity system which is
available on the Web [21]. The evaluation resulted in correlation values ranking the measures as shown in Table 1 below.

Measure Correlation(Rank) Word Net Correlation(Rank) MeSH

Resnik 0.79 0.7

Lin 0.82 (2) 0.72 (1)

Lord 0.79 0.7

Jiang & Cornath 0.83 (1) 0.71 (2)

Table 1. Correlation values for WorNet and MeSH

Measure Correlation(Rank)Miller& Charles Correlation(Rank) Pedersen’s

Resnik 0.803 0.364

Lin 0.844 (2) 0.386 (2)

Lord 0.814 0.376

Jiang & Cornath 0.890 (1) 0.406 (1)

Table 2. Correlation values for Miller & Charles dataset and part of Pedersen’s dataset
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We also performed a survey [5] and compared 8 different measures which include all the above 4 IC measures on two
datasets. First dataset was 30 pairs of nouns used in the experiment by Miller and Charles [18] [19]. Second dataset is
randomly selected 12 pairs of terms from the original dataset of Pedersen [16] such that physician’s judgment ranges from 4
to 1. The evaluation resulted in correlation values ranking the measures as shown in Table 2 below.

As observed from the related work done, the two measures Lin and Jiang & Conrath show higher level of correlation ranking
1 or 2. Hence we consider only these two measures in our work. Analyzing the IC-based methods, we notice that these
measures consider Information Content of the Closest Common Parent (CCP) for a given pair of concepts whose semantic
similarity is computed. If both concepts subsume more than one super concept (i.e. inherit from several is-a hierarchies), then
all possible IC values are calculated, and then the highest value is kept for consideration. But for complex and large
taxonomies, covering thousands of interrelated concepts including several overlapping hierarchies, and an extensive use of
multiple inheritances (i.e. a concept is subsumed by several super concepts) considering only the IC value of CCP would
naturally waste a great amount of explicit knowledge. Examples for such a large ontology with several concepts showing
multiple inheritances are MeSH.owl Ontology [22] and Human.owl Ontology [23].

MeSH ontology is an OWL ontology which is used as a benchmark for several experimental analyses. Human.owl is OAEI
bench mark dataset.

6. Proposed Measure

The formula we consider to compute the IC value of any concept in our work is given in equation (4) because we consider
purely the OWL ontology.

ICONT (c) = 1− [log (num_desc (c) +1) / log (maxONT)]

The existing measures which we consider for our work are

SimLIN (c1, c2) = 2*{ IC (CCP( c1, c2))} / IC (c1) + IC (c2)
SimJC (c1, c2) =1− [ (IC (c1) + IC (c2) – 2 *{ IC (CCP ( c1, c2))}] / 2

A small snippet of MeSH ontology with computed IC values for few concepts can be shown in Figure 1 below.

Figure 1. Snippet of MeSH ontology with computed IC values



                     International Journal Web Applications   Volume   7  Number   3   September   2015                   91

We can observe that the IC value is 1 for the leaf concept and it gradqually decreases moving upward along a path and
becomes 0 at the root node.

In order to address the limitation mentioned above we propose a measure which considers the IC values of all subsumed
concepts. This idea has been already implemented on Edge based measures for semantic similarity and proved to be efficient
[24]. The proposed measures can be given as

K is number of common parents along all paths for the concepts (c1, c2) whose similarity is computed. The following
algorithm shows the working of the measure proposed in the above two equations for any two concepts of an input
Ontology.

Algorithm SemSim_ASC_IC (C1, C2)

Input: O (Input Ontology), C1, C2 (any two concepts of O)

Output: Semantic Similarity between C1 and C2

1. Let C be set of all concepts of O & rt be the root of O

2. Initialize MaxOnt : Constant representing the total number of concepts in ontology O

3. For  C1, C2 ∈ C

a. Retreive the value of num_desc(Ci) from database

b. Compute IC (Ci)  =  

c. Extract SP1i: Set of all parent nodes for C1 along path i

SP2i: Set of all parent nodes for C2 along pathi

d. ∀ paths i find CP (C1, C2): Common Parent

(i) Retreive the value of num_desc(Cp) from database

(ii) call step 3b for all Cp values

4. Using all IC values computed in step 3 find the similarity by following equations

Where K is number of common parents

While implementing existing measures if both the compared concepts subsume more than one super concept, then we

(17)

(18)
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consider the IC value of the most informative super concept (i.e. the highest value). For example concepts like tea, coffee are
subsumed by two super concepts Beverage and Plant_preparation. In such case we take the IC value as 0.71 shown in Figure
1.

7. Experimental Evaluation

The two datasets used in experiment evaluation are

Dataset 1: MeSH Ontology: MeSH (Medical Subject Headings) is the National Library of Medicine’s controlled vocabulary
thesaurus. It consists of sets of terms naming descriptors (concepts) in a hierarchical structure that permits searching at
various levels of specificity. There are 27,455 descriptors in 2015 MeSH [25].

Dataset 2: Human Ontology: This dataset is taken from the Anatomy track of OAEI Ontology Alignment Evaluation Initiative
2015 Campaign.

We compare the existing measures of Lin and Jiang & Conrath with our proposed measure over 15 concept pairs of the two
benchmark datasets shown in table 3.

The comparison shows for the concepts like (cheese, ice-cream),(eye, chin),(lung, liver) the similarity value is same for both
existing and proposed measures because they are subsumed by only one super concept. Thus our measure gives the same
best result as of Lin and Jiang&Conrath for such concepts. Our proposed measure shows good improvement in the similarity
value, for the concepts which are subsumed by many super concepts.

For example consider the concept pairs (milk, tea), (milk, coffee), and (tea, coffee). The similarity value is same for the pairs
(milk, tea) & (milk, coffee) for the measures [0.79 for Lin and 0.82 for JC]. But in both the cases the similarity of (tea, coffee) is
less compared to them [0.71]. But when we looked at the semantics (meaning) of these terms in Google [26] we observed the
similarity between tea, coffee is more rather than the similarity between milk, tea and milk, coffee.

The ontology shows tea & coffee are not only beverage but also prepared out of plants. They subsume from two super
concepts. Our proposed measure shows more similarity between tea, coffee [1.39] than milk, tea and milk, coffee considering
all the subsumed super concepts (common parents).

In another example we could observe the existing measures show same similarity[0.74] for the concepts cheese, butter and
cheese, ice cream. But the similarity must be more for cheese,butter as they both are dairy products. Our proposed measures

Table 3. Comparison of Lin and Jiang&Conrath measure with proposed measure
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show a high similarity of 1.27 for cheese,butter. Table 3 shows many such noticeable differences in similarity values. We
explain only the food & beverage concept of the MeSH ontology dataset. The comparison graph for the concepts explained
is shown in Figure 2, below.

Figure 2. Comparison of 4 measures on 5 concept pairs. 1.(tea, coffee) 2.(milk, tea). 3.(milk, coffee) 4.(cheese, butter)
5. (cheese,icecream)

Semantic similarity measures play a key role in ontology alignment/mapping, Information Retrieval, Information Integration
and other applications involving comparison between the concepts. Ontology mapping aims to find the concepts which are
similar between any two ontology’s of some specific domain. These measures help in computing the similarity. They also
provide necessary Semantic context information for information retrieval applications.

8. Conclusions and Future Work

In this work we presented a brief on the different methods to compute the information content for ontological concepts.
Using these methods we explained eight different information content based semantic similarity measures. We then choose
two best performing measures among them and present their limitation. We propose new measures and algorithm for semantic
similarity calculation. On two datasets we prove that our measure showing better results. This new proposed measure can be
applied in category of hybrid semantic similarity where measures which are combination of both edge based and information
content based are existing.

References

[1]  Gruber, Thomas, R.. (1993). Toward Principles for the Design of Ontologies Used for Knowledge sharing .Technical
Report KSL 93-04, Knowledge Systems Laboratory, Stanford University.

[2] Rudi Studer., Richard Benjamins, V., Dieter Fensel. (1998). Knowledge Engineering: Principles and Methods. Data &
Knowledge Engineering  25 (1–2) March 1998, 161–197.

[3] Baeza-Yates, R., Ribeiro-Neto, B. (1999). Modern Information Retrieval. ACM Press; Addison-Wesley: New York; Harlow,
England; Reading, Mass.

[4] Angelos Hliaoutakis, Giannis Varelas, Epimeneidis Voutsakis, Euripides G. M. Petrakis, Evangelos Milios. (2006). Information
Retrieval by Semantic Similarity, Intern. Journal on Semantic Web and Information Systems (IJSWIS), 3 (3) 55–73, July/
Sept.Special Issue of Multimedia Semantics.

[5] Ayesha Banu., Syeda Sameen Fatima., Khaleel Ur Raham Khan. (2013). A Survey and Comparison of WordNet Based



94              International Journal Web Applications   Volume   7   Number  3  September   2015

Semantic Similarity Measures, International Journal of Computer Science and Technology (IJCST). 4 (2) 456-461, April -
June.

[6] Philip Resnik. (1995).Using information content to evaluate semantic similarity in taxonomy. In: Proceeding IJCAI’95
Proceedings of the 14th international joint conference on Artificial intelligence, 1, 448-453.

[7] https://wordnet.princeton.edu/wordnet/man/wnstats.7WN.html

[8] Seco, N., Veale, T., Hayes, J. (2004). an Intrinsic Information Content Metric for Semantic Similarity in WordNet. 16th

Eureopean Conference on Artificial Intelligence, ECAI 2004.

[9] Saruladha, K., Aghila, G., Sajina Raj.(2010). A New Semantic Similarity Metric for Solving Sparse Data Problem in Ontology
based Information Retrieval System. IJCSI International Journal of Computer Science Issues,  7 (3) No 11.

[10] Philip Resnik. (1999). Semantic Similarity in Taxonomy: An Information-Based Measure and its Application to Problems
of Ambiguity in Natural Language. Journal of Artificial Intelligence Research 11 (1999) 95-130.

[11] Jiang, J. J., Conrath, D. W. (1997). Semantic Similarity Based on Corpus Statistics and Lexical Taxonomy. International
Conference on Research in Computational Linguistics, ROCLING X, Taipei, Taiwan, 19-33

[12] Lin, D. (1998). An Information-Theoretic Definition of Similarity.15th International Conference on Machine Learning
(ICML98), Madison, Wisconsin, USA, Morgan Kaufmann, p. 296-304.

[13] Lord, P.W., Stevens, R. D., Brass, A., Goble, C.A. (2003).Investigating Semantic Similarity Measures across the Gene
Ontology: The Relationship between Sequence and Annotation. Bioinformatics, 19 (10) 1275-83, 2003.

[14]  Seddiqui, Md. Hanif., Aono, Masaki  (2010). Metric of Intrinsic Information Content for Measuring Semantic Similarity
in an Ontology. In: Proceedings 7th Asia-Pacific Conference on Conceptual Modeling (APCCM 2010), Brisbane, Australia.

[15] Meng, Lingling., Junzhong, Gu. (2012). A New Method for Calculating Word Sense Similarity in WordNet. International
Journal of Signal Processing, Image Processing and Pattern Recognition 5 (3) September.

[16] Pedersen, Ted., Serguei, V. S., Pakhomov., Siddharth Patwardhan., Christopher, G. Chute. (2006). Measures of semantic
similarity and relatedness in the biomedical domain. Journal of Biomedical Informatics.

[17] Hliaoutakis, Angelos ., Varelas, Giannis .,  Voutsakis, Epimeneidis., Euripides, G. M., Petrakis., Evangelos Milios. (2006).
Information Retrieval by Semantic Similarity. International Journal on Semantic Web and Information Systems (IJSWIS), 3
(3) 55–73, July/September ,Special Issue of Multimedia Semantics

[18] http://www.tandfonline.com/doi/abs/10.1080/01690969108406936

[19] Mario JARMASZ, Stan SZPAKOWICZ. (2012). Roget’s Thesaurus and Semantic Similarity. In: Proceedings of Conference
on Recent Advances in Natural Language Processing.

[20] http://www.intelligence.tuc.gr/mesh/

[21] http://www.intelligence.tuc.gr/similarity/

[22] http://bike.snu.ac.kr/sites/default/files/meshonto.owl

[23] http://oaei.ontologymatching.org/2015/anatomy/index.html

[24] Ayesha Banu., Syeda Sameen Fatima., Khaleel Ur Raham Khan. (2014). A New Ontology-Based Semantic Similarity
Measure for Concepts Subsumed by Multiple Super Concepts. International Journal of Web Applications,  6 (1), March.

[25] https://www.nlm.nih.gov/pubs/factsheets/mesh.html

[26] https://www.google.co.in/#q=meaning+of+milk



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /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 false
  /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

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. 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 Adobe PDF documents for quality printing on desktop printers and proofers.  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 /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


