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Abstract: All recent MEDLINE documents are indexed by Medical Subject Headings (MeSH). Computing semantic similarity
between two MeSH headings as well as two documents has become very important for many biomedical text mining applica-
tions. We develop an R package, MeSHSim, which can compute nine similarity measures between MeSH nodes, by which
similarity between MeSH Headings as well as MEDLINE documents can be computed. In addition, MeSHSim supports query-
ing hierarchy information of a MeSH heading and retrieving MeSH headings of a query document. It can be easily integrated
into pipelines for any biomedical text analysis tasks. MeSHSim is released under GPL(General Public License), and available
through Bioconductor and from Github at https://github.com/JingZhou2015/MeSHSim
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1 Introduction

MeSH (Medical Subject Headings) is a vocabulary the-

saurus, being controlled by National Library of Medicine

to index MEDLINE documents. MeSH consists of a set

of description terms, which are organized in a hierarchical

structure (called MeSH trees), where more general terms ap-

pear at nodes closer to the root and more specific terms ap-

pear at nodes closer to leaves [1]. Each MEDLINE doc-

ument is manually annotated with a set of (usually 10-15)

MeSH headings, including around three to five major head-

ings, representing main topics of the corresponding docu-

ment. Computing semantic similarities between two MeSH

headings as well as two documents (one document hav-

ing a set of MeSH headings) has been proved very useful

to improve the performance of many biomedical text min-

ing tasks, such as retrieval [2, 3], indexing [4] and clus-

tering [5, 6]. As such, MeSH semantic similarity is wide-

ly used, but there have been no available tools for comput-

ing similarity between MeSH headings and also MEDLINE

documents, except an online tool THE MESH SIMILARI-

TY (http://sce.uhcl.edu/biomedsim/). This tool (last updated

in 2011) cannot be used for computing similarity between t-

wo documents. Importantly, this is a web server, which can-

not be a building block of a text mining software on MED-

LINE documents. In this light, we provide an R package,

MeSHSim, to compute semantic similarity among MeSH

headings and also MEDLINE documents. MeSHSim can be

easily integrated into biomedical text mining applications,

which will be built by users.
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2 Implementation

Many measures of semantic similarity for MeSH with a

variety of interesting properties have been proposed. Gen-

erally we can divide these approaches into two types: path-

based and information content (IC)-based measures. In our

package we implement five path-based and four IC-based

similarity measures.

2.1 Path-based Similarity Measure
This kind of measurement is based on spread activation

theory proposed by [7], which assumes that the hierarchy of

heading is organized along the lines of semantic similarity.

The path-based measure computes the similarity as a func-

tion of the length of the path linking two headings.

2.1.1 SP: Shortest Path [8]

This measure is designed to find the gap between the local

path length and the maximum path length, and use it as the

semantic score.

SimSP = (MAX − L)/MAX (1)

where MAX is the maximum path length between two

headings in the hierarchy, L is the shortest path between two

headings.

2.1.2 WL: Weighted Links [9]

It extended the Shortest Path measure by introducing the

weighted edges in counting the path length.

SimWL =
WMAX −WL

WMAX
(2)

where WMAX = maxi,jWLij is the maximum weighted

path length, and

WLij =
∑

k∈pathij

1

Hk
(3)
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where Hk is the depth of node k in the hierarchy

2.1.3 WP: headingual similarity [10]

This measure is designed to find the nearest common an-

cestor of the two headings. The path length from this ances-

tor heading to the root of the ontology is scaled by the sum

of path length of the two headings.

SimWP =
2Hc

H1 +H2
(4)

where c is the nearest common ancestor of the two headings.

2.1.4 LC: Leacock and Chodorow [11]

This measure is to scale the shortest path by twice the

maximum depth of the hierarchy.

SimLC = 1− log(1 + L)

1 + 2D
(5)

where D is the maximum depth of the heading.

2.1.5 Li: Li et al [12]

The measure combines the shortest path and the depth of

the closest common ancestor in a non-linear function.

SimLi = e−αL eβH − e−βH

eβH + e−βH
(6)

where α and β are parameters scaling the contribution of

shortest path length and depth respectively. H is the mini-

mum depth of the nearest common ancestor

2.2 Information-Content based Similarity Measure
The IC-based measure uses a corpus, i.e. a collection of

documents, with MeSH trees. That is, IC of MeSH heading

c, i.e. I(c), can be computed as I(v) = − log p(c), where

p(c) = freq(c)
N , freq(c) is the number of appearances of c in

a given corpus and N is the number of documents in a given

corpus.

2.2.1 Lord: Lord [13]

The first way to compare two headings is by using a mea-

sure that simply uses the probability of nearest common an-

cestor.

Simlord = 1− p(c) (7)

where c is the nearest common ancestor of heading c1 and

c2.

2.2.2 Resnik: Resnik [14]

This measure signifies that the more information two

headings share in common, the more similar they are.

SimResnik = I(c) (8)

2.2.3 Lin: Lin [15]

This measure is the same as WP, except that the informa-

tion content is used, instead of node depth.

SimLin =
2 ∗ I(c)

I(c1) + I(c2)
(9)

2.2.4 JC: Jiang and Conrath [16]

The measure defined a distance function as follows,

DistJC = I(c1) + I(c)− 2 ∗ I(c) (10)

We use an exponential function to transform the distance

into a similarity with constant λ. A large λ will yield a high

similarity value even for weakly related headings.

SimJC = e−
DistJC (c1,c2)

λ (11)

2.3 Semantic Similarity between MeSH Headings
As not all of the MeSH headings are represented by only

one tree node, two frameworks have been proposed to com-

pute the semantic similarity between two MeSH headings:

node-based framework first proposed by [5] and heading-

based framework.

2.3.1 Node-based Framework
Node-based framework uses the Average Maximum

Match(AMM) method proposed by [17]. Considering a gen-
eral case in which each MeSH main heading has one or mul-
tiple tree nodes, for each MeSH nodes v in main heading M ,
the maximum similarity between v and any MeSH nodes in
M ′ is used to represent its contribution to the similarity be-
tween M and M ′:

Sim(M,M ′) = (12)∑
v∈M

max
v′∈M′

Sim(v, v′) +
∑

v′∈M′
max
v∈M

Sim(v, v′)

|M |+ |M ′| ,

where |M | indicates the number of MeSH node in M .

2.3.2 Heading-based Framework

Heading-based framework treat each MeSH main heading

as a basic computational element, however many headings

could be mapped to not a single position on the tree structure;

so when projected to the tree structure, there might be several

position-position relationship for a MeSH heading pair and

we can calculate several candidate similarity scores. Typi-

cally, the heading-based similarity is computed by a simpler

idea given as follows [4]:

Sim(M,M ′) = max
v∈M,v′∈M ′

Sim(v, v′). (13)

2.4 Similarity between Two Documents (MeSH Head-
ing Sets)

As each MEDLINE article is marked by a set of MeSH
headings, the similarity between two documents can be mea-
sured by the similarity between two MeSH heading sets,
which relate to the two documents. Given two documents,
D and D′, the similarity between two MeSH headings can
be calculated by again the AMM as follows:

Sim(D,D′) = (14)∑
M∈D

max
M′∈D′

Sim(M,M ′) +
∑

M′∈D′
max
M∈D

Sim(M,M ′)

|D|+ |D′| ,

where |D| indicates the number of headings in document D.
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2.5 Required packages
MeSHSim needs three R packages: bitops, XML and R-

Curl, where bitops, used by RCurl, supports bitwise opera-

tions of integer vectors, XML supports reading XML docu-

ments and RCurl [18] is to fetch document information from

PubMed. They are freely available at CRAN (Comprehen-

sive R Archive Network).

Table 1: Nine functions in MeSHSim

name input output

nodeSim two MeSH nodes similarity

headingSim two MeSH headings similarity

headingSetSim two MeSH heading sets similarity

docSim two MEDLINE documents similarity

mnodeSim multiple MeSH nodes similarities

mheadingSim multiple MeSH headings similarities

nodeInfo MeSH node tree information

termInfo MeSH heading tree information

docInfo MEDLINE document document information

3 Functions and examples

Table 1 shows nine functions implemented in MeSHSim.

The first four functions compute pairwise similarities, which

takes a value between zero and one, higher values being

more similar. For example, nodeSim (the default parameter

of “method” is SP, standing for Shortest Path), headingSim
and headingSetSim (the default parameter of “frame” is “n-

ode”, standing for node-based framework) are executed as

follows:

> nodeSim("C01.252.400","C01.539.757",method="SP")
[1] 0.8

> headingSim("Hip","Hand",method="WL",frame="node")
[1] 0.763113

> sa<-c("Body Regions", "Abdominal Cavity")
> sb<-c("Lumbosacral Region", "Body Regions")
> headingSetSim(sa, sb, method="JC", frame="node")
[1] 0.666128

docSim shows the similarity between two documents (P-

MID).

> docSim("2189633", "18974831",frame="heading")
[1] 0.1

The next two functions compute the similarities of al-

l pairs of multiple inputs at once. Examples are as follows:

> la<-c("B03.440.450.425.800.200",
"B01.650.940.800.575")

> lb<-c("B03.440.400.425.340",
"B03.440.400.425.117.800",
"B03.440.400.425.127.100")

> mnodeSim(la,lb,method="Lord")
[,1] [,2] [,3]

[1,] 0.9962991 0.9962991 0.9962991
[2,] 0.8354435 0.8354435 0.8354435

> la<-c("Lumbosacral Region", "Body Regions")
> lb<-c("Body Regions","Abdomen")
> mheadingSim(la,lb,method="Resnik", frame="node")

[,1] [,2]
[1,] 0.2967087 0.3772228
[2,] 0.2967087 0.2967087

The rest three functions show information on queries. n-
odeInfo and termInfo are to query MeSH tree information of

a given MeSH node and MeSH heading, respectively. The

default setting of “brief” is “TRUE”, which is to retrieve the

whole MeSH tree information including the path to root n-

ode and all the child nodes of the given MeSH node or head-

ing. docInfo outputs the title, abstract and MeSH headings of

a query document, while the default setting of “verbose” is

“TRUE” that is to output all MeSH heading without the title

and abstract. Also “major” can be set at “TRUE” to output

major MeSH headings only.

> nodeInfo("B03.440", brief=TRUE)
$B03
[1] "Bacteria"
$B03.440
[1] "Gram-Negative Bacteria"

> termInfo("Americas", brief=TRUE)
[[1]]
[[1]]$Z01
[1] "Geographic Locations"
[[1]]$Z01.107
[1] "Americas"

> docInfo("111123",verbose=TRUE,major=TRUE)
[1] "Title: Antibiotic accountability."
[1] "Abstract: NA"
[1] "MeSH Headings:"
[1] "Anti-Bacterial Agents" "Drug Utilization"

4 Application on Biomedical Document Cluster-
ing

As each MEDLINE document corresponds to an MeSH

heading set, it has been demonstrated that MeSH plays a

critical role in MEDLINE document clustering as one of the

most informative field [19, 20]. Here, by integrating MeSH

semantic similarity into MEDLINE documents clustering,

we demonstrated a typical application of the MeSHSim. We

choose two popular methods to incorporate MeSH seman-

tic similarity. One of them is proposed by [5] using linear

combination (LCM), the other one, called Semi-supervised

Normalized Cut (SSNCut)[6].

In the LCM, we first normalize content similarity matrix

Scon of MEDLINE documents as Scon
nor , and semantic sim-

ilarity matrix Ssem of MeSH headings of articles as Ssem
nor ,

which calculated by function headingSetSim or docSim in

the MeSHSim package. Besides, the contents (title and ab-

stract) of documents can be retrieved by function docInfo.

Then, we combine the similarity matrixes linearly by using

weight as follows,

SLCM = (1− ω)Scon
nor + ωSsem

nor (15)

where SLCM is the integrated similarity matrix over which

we cluster documents using Normalized Cut (NCut).

In the SSNCut, it has been demonstrated that MeSH se-

mantic similarity can improve performance of MEDLINE

documents clustering using semi-supervised learning, which

takes advantage of a small amount of prior knowledge to

guide clustering process and boost clustering performance.

SSNCut consists of the following four steps.

(1) Using function docSim or headingSetSim to calculate

the MeSH semantic similarity Simsem(di, dj) for all

pairs of documents (i.e. di, dj ∈ D) in data set.
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(2) Using cut-off trick on Simsem to generate prior con-

straints for semi-supervised clustering algorithm. For

simplicity, we denote ML as must-link set and CL as

cannot-link set.

(3) Calculate content similarity Simcon(di, dj) for all pairs

of documents (i.e. di, dj ∈ D,) in document data set.

(4) Perform semi-supervised clustering using SSCNut over

Scon, ML and CL.

4.1 Data set
In order to demonstrate the usefulness of the MeSHSim,

we collected and generated a MEDLINE document data set

TREC2005 extracted from TREC genomics track 2005. The

organisation provides 50 topics to query relevant documents

from the TREC Genomics 2005 corpus containing 4,591,008

documents [21]. In our experiments, we regard these 50 top-

ics as true clusters of relevant documents. Then, we remove

the topics having only nine or fewer documents to avoid very

small clusters, and further remove documents that are rele-

vant to more than one topic. We then obtain a basic data set

of 2,317 documents in 24 topics.

4.2 Evaluation criteria
To evaluate clustering performance, we choose the Nor-

malized Mutual Information (NMI) which is a popular and

well-accepted criteria in clustering domain. Since there are

multiple version of NMI, we use the squared version pro-

posed by [22] defined as follows,

NMI(P ;C) =
I(P ;C)√

H(P ) ∗H(C)
(16)

where P and C are the predicted labels and true labels, re-

spectively. I(P ;C) = H(P )−H(P |C) is the mutual infor-

mation between P and C. H(.) stands for entropy.

4.3 Results
Table 2 reports the clustering results using the LCM. The

first column shows result using NCut over Scon
nor without

MeSH similarity. The other four columns presents result-

s based on SLCM , and the numbers in the titles imply the

weights ω of MeSH semantic similarity Ssem
nor .

It is obvious that the LCM outperforms the NCut using

only content similarity. For example, the NMI of LCM is

improved to 0.8210 at least, and 0.8518 at most, while the

NMI of NCut is only 0.8022. It is demonstrated that MeSH-

Sim package is able to help analyze MELDINE documents.

Table 2: LCM results of TREC2005.

NCut LCM0.3 LCM0.4 LCM0.5 LCM0.6

0.8022 0.8302 0.8518 0.8286 0.8210

Table 3: SSNCut results of TREC2005.

NCut SSNCut0.5% SSNCut1% SSNCut2% SSNCut5%
0.8022 0.8719 0.8770 0.8756 0.8671

Table 3 shows the clustering results using the SSNCut.

The last four columns list results combining MeSH similar-

ity. The percentage numbers are the ratio of generated con-

straints using cut-off trick. For example, SSNCut1% means

http://ir.ohsu.edu/genomics

the pairs of documents, whose MeSH similarities are within

top 1%, are connected with must-links, while those with-

in bottom 1% are used to generate cannot-links. Note that

we use the “JC” method and “node” based framework in the

function headingSetSim to calculate MeSH-based similari-

ties over MEDLINE articles.

As shown in the Table 3, the SSNCut outperforms NCut at

all the four percentages of constraints. For instance, the NMI

of SSNCut is boosted to 0.8671 at least, and 0.8770 at most,

while the NMI of NCut is only 0.8022. Thus, we can see

that our MeSHSim package is able to provide convenience

for researchers to do MEDLINE documents clustering.

5 Conclusion

The measures of the semantic similarities for MeSH on-

tology facilitate users to compare MEDLINE documents,

and therefore have became an significant prior knowledge

in many text mining approaches in biomedical domain.

The MeSHSim package implemented nine typical MeSH

ontology-based semantic similarity measures in the power-

ful R system. Compared with the few existing related tools,

like the online server THE MESH SIMILARITY, the MeSH-

Sim can be easily integrated into pipelines for other biomed-

ical text analysis task to improve their performance, such as

information retrieval, biomedical document clustering and

citation searching process. Other utilities, such as function-

s for querying MeSH heading information and retrieving

MEDLINE documents, should offer a straightforward way

to study MeSH tree and MEDLINE documents.
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[4] A. Névéol, K. Zeng, and O. Bodenreider, “Besides precision

& recall: exploring alternative approaches to evaluating an

automatic indexing tool for MEDLINE,” AMIA Annu Symp
Proc., pp. 589–593, 2006.

[5] S. Zhu, J. Zeng, and H. Mamitsuka, “Enhancing MEDLINE

document clustering by incorporating MeSH semantic simi-

larity.” Bioinformatics, vol. 25, no. 15, pp. 1944–1951, 2009.

[6] J. Gu, W. Feng, J. Zeng, H. Mamitsuka, and S. Zhu, “Efficien-

t semisupervised medline document clustering with mesh-

semantic and global-content constraints,” IEEE Trans. Cyber-
netics, pp. 1265–1276, 2013.

[7] P. R. Cohen and R. Kjeldsen, “Information retrieval by con-

strained spreading activation in semantic networks,” Informa-
tion processing & management, vol. 23, no. 4, pp. 255–268,

1987.

[8] H. Bulskov, R. Knappe, and T. Andreasen, “On measuring

similarity for conceptual querying.” Proceedings of the 5th
International Conference on Flexible Query Answering Sys-
tems (FQAS), vol. 2522, pp. 100–111, 2002.

[9] R. Richardson, A. Smeaton, and J. Murphy, “Using wordnet

as a knowledge base for measuring semantic similarity be-

tween words,” 1994.

8538



[10] Z. Wu and M. Palmer, “Verbs semantics and lexical selec-

tion.” In Proceedings of the 32nd Annual Meeting of the As-
sociations for Computational Linguistics (ACL’94), pp. 133–

138, 1994.

[11] C. Leacock and M. Chodorow, “Filling in a sparse training s-

pace forword sense identification.” In Proceedings of the 32nd
Annual Meeting of the Associations for Computational Lin-
guistics(ACL94), 1994.

[12] Y. Li, Z. A. Bandar, and D. McLean, “An approach for mea-

suring semantic similarity between words using multiple in-

formation sources.” IEEE Transactions on Knowledge and
Data Engineering, vol. 15, no. 4, pp. 871–882, 2003.

[13] P. Lord, R. Stevens, A. Brass, and C. Goble, “Investigating

semantic similarity measures across the gene ontology: the

relationship between sequence and annotation.” Bioinformat-
ics, vol. 19, no. 10, pp. 1275–1283, 2003.

[14] O. Resnik, “Semantic similarity in a taxonomy: An

information-based measure and its application to problems of

ambiguity and natural language.” Journal of Artificial Intelli-
gence Research, vol. 19, pp. 95–1130, 1999.

[15] D. Lin, “Principle-based parsing without overgeneration,”

in Proceedings of the 31st Annual Meeting on Association
for Computational Linguistics, ser. ACL ’93. Stroudsburg,

PA, USA: Association for Computational Linguistics, 1993,

pp. 112–120. [Online]. Available: http://dx.doi.org/10.3115/

981574.981590

[16] J. Jiang and D. Conrath, “Semantic similarity based on corpus

statistics and lexical taxonomy.” In Proceedings of the Inter-
national Conference on Research in Computational Linguis-
tic, Taiwan, 1998.

[17] J. Z. Wang, Z. Du, R. Payattakool, P. S. Yu, and C.-F. Chen,

“A new method to measure the semantic similarity of GO

terms,” Bioinformatics, vol. 23, no. 10, pp. 1274–1281, 2007.

[18] D. Lang, “R as a web client-the rcurl package.” Journal of
Statistical Software, 2007.

[19] S. Zhu, I. Takigawa, J. Zeng, and H. Mamitsuka, “Field in-

dependent probabilistic model for clustering multi-field doc-

uments,” Information Processing & Management, vol. 45,

no. 5, pp. 555–570, 2009.

[20] X. Huang, X. Zheng, W. Yuan, F. Wang, and S. Zhu, “En-

hanced clustering of biomedical documents using ensemble

non-negative matrix factorization,” Information Sciences, vol.

181, no. 11, pp. 2293–2302, 2011.

[21] W. Hersh, A. Cohen, J. Yang, R. T. Bhupatiraju, P. Roberts,

and M. Hearst, “Trec 2005 genomics track overview,” in In
TREC 2005 notebook, 2005, pp. 14–25.

[22] A. Strehl and J. Ghosh, “Cluster ensembles—a knowledge

reuse framework for combining multiple partitions,” The
Journal of Machine Learning Research, vol. 3, pp. 583–617,

2003.

8539



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /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 true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


