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ABSTRACT

We participated in a complaint and diagnosis task of MedNLP
in NTCIR10. We extracted words of complaint/diagnosis
by using a hybrid approach with bootstrapping and pattern
matching with a medical term dictionary. It was possible
that part of the complaint’s or diagnosis’s expressions are
present in the extracted words. Therefore, our system con-
catenated the extracted words and their surrounding words
by heuristic rules and determined the final complaint’s or
diagnosis’s words. And our system estimated the modality
attribute of the extracted complaint/diagnosis by heuristic
rules also.
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1. INTRODUCTION

Medical documents have quickly shifted to electronic files
from paper, and there are high expectations for technology
to process the information in medical documents. If we can
extract the medical history of a customer who is going to
take out insurance, we can hope to increase the efficiency of
examinations.

Therefore, we aim to establish technology which automat-
ically extracts a patient’s complaint and diagnosis from a
medical history document. We propose a method to extract
words of complaint/diagnosis based on bootstrapping[3, 4]
which is one of methods for lexical acquisition.

2. RELATED WORK

Bootstrapping is one of the methods to achieve a vocab-
ulary from a small amount of training data. This method
alternately repeats extracting the target word(hereafter “in-
stance”) and generating the extracting pattern(hereafter “pat-
tern”). This produces a large number of instances from a
small number of correct instances.

Bootstrapping can be divided into the following two groups
on the basis of the extraction target.
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e extracting pairs of words in a particular relationship
(binary lexical relations)

e extracting words belonging to a particular category
(unary lexical relations)

Currently, Espresso[3] is well known as an effective method
for extracting pairs of words in a particular relationship.
Bootstrapping has a problem, called semantic drift which
transits to unrelated instances, if a polysemous instance has
been extracted as the iteration proceeds. Espresso has a
function that can suppress semantic drift. In particular,
this suppression has been achieved by introducing a con-
fidence score function using PMI(pointwise mutual infor-
mation). Espresso is intended to extract pairs of words
in a binary relation such as has-a and is-a. But, our tar-
get words, which are complaint/diagnosis in medical history
documents do not necessarily exist as pairs. Even if a pair
of words exists, the kinds of word differ in every sentence.
Therefore, Espresso can not exhaustively extract all words
of complaint/diagnosis.

Thelen et al.[4] proposed Basilisk as a method to extract
words that belong to a particular category. This method
extracts all patterns that match the correct words in the
corpus. They introduced their own score function based on
heuristics to score the extracted patterns and the instances
extracted by the patterns.

Extracting complaint/diagnosis in a medical history doc-
uments is equivalent to extracting words belonging to a
particular category. But we propose a method based on
Espresso as with Komachi et al.[1] in order to focus on the
suppression of the semantic drift.

3. PROPOSED APPROACH

There are various expressions used in complaint /diagnosis
in medical history documents. Therefore, we can not register
all variation of complaint/ diagnosis terms into a dictionary
in advance.

On the other hand, if we extract the target word by ma-
chine learning like bootstrapping, it is difficult to cover all
extracting patterns in detail with a limited number of medi-
cal history documents. And, sometimes a sentence contains
only complaint/diagnosis word. In this case, it is not pos-
sible to extract the word by examining the patterns around
the target word.

Then, we extract words of complaint/diagnosis by using
hybrid approach with bootstrapping and pattern matching
with a medical term dictionary. After extracting words, we
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Figure 1: System Architecture

estimate the modality attribute of the extracted words by
using information on parts around the words.

Our system is divided into four main modules as shown
in Figure 1.

e Pattern Matching Extractor
This module extracts complaint/diagnosis by pattern
matching with a medical dictionary.

e Bootstrapping Extractor
This module extracts complaint /diagnosis by bootstrap-

ping.

e Compound Term Optimizer
This module optimizes a compound term as complaint /
diagnosis.

e Modality Estimator
This module estimates the modality attribute of ex-
tracted complaint/diagnosis.

As advance preparations, we built a medical dictionary
based on public data and training data. Then, the system
extracted candidate complaint/diagnosis’s words by Pattern
Matching Extractor and Bootstrapping Extractor. Pattern
Matching Extractor extracts words by pattern matching with
the medical dictionary we built. Bootstrapping Extractor
extracts words by bootstrapping which learns training data.

In the extracted candidates, it is possibile that part of
the complaint/diagnosis’s expressions are extracted. There-
fore, Compound Term Optimizer concatenates the extracted
words and their surrounding words by heuristic rules and de-
termines the final complaint/diagnosis’s words.

Finally, Modality Estimator estimates the modality at-
tribute of the extracted complaint/diagnosis by heuristic
rules.

3.1 Extract Information

We aim to reduce omissions in extraction in pattern match-
ing with the dictionary by using achieved patterns in boot-
strapping.

3.1.1 Pattern Matching

We built a medical term dictionary based on master data
of injuries and diseases (in Japanese, 5%~ A % —) pro-
vided by an information service of medical fees!, and words
of complaint/diagnosis appearing in training data. In com-
plaint /diagnosis, common words are sometimes included.
For example, [HERSH | and [ 1 HUMERSG ) , T4 7T
YY) and T4 7)VZ VY AR | | Therefore, we perform

http:/ /www.iryohoken.go.jp/shinryohoshu/download Menu/
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Table 1: Extract Template Definition

TemplateName | [head] definition [ [tail] definition

Extract Templatel || (morph) (morph)

(morph) (morph) (morph)

morph) (morph)
morph) (morph) (morph)

(phrase) phrase)
(phrase) (phrase) phrase) (phrase)
Extract Template2
(morph) (morph) (morph) | (morph) (morph) (morph)
(phrase) phrase

(phrase) (phrase)

(
{
5
(morph) (morph) gmorph> (morph)
(
(
{

)
phrase) (phrase)
morph) (phrase)

pattern matching in order of length of word in order to ex-
tract a longer word preferentially.

In particular, we perform pattern matching for every sen-
tence of the target documents. For each word of the medical
term dictionary, the following processes are performed in or-
der of length of the word.

1. The system checks whether the word appears in the
sentence.

2. If the word appears in the sentence, the system ex-
tracts the start and end position in the sentence of the
part which was matched with the word. If the start
and end position do not overlap with all words of the
extracted lists, the system extracts the word and adds
the positions to the extracted lists.

3.1.2  Bootstrapping

Our method is based on the Espresso algorithm. Espresso
extracts pair of words that have a binary relation. But,
in this case, we have to extract single words belonging to
complaint /diagnosis category. Therefore, the pmi for degree
of confidence is computed by the following equation:

o |1, p|
pmi(i, p) = log R 1
where |7, *| is frequency of instance 7, |,p| is frequency
of pattern p, [i,p| is co-occurrence frequency of instance ¢
and pattern p.
To extract a single-relation word, we use the following
extracting template to generate a pattern from an instance.

| [head] (instance) [tail] |

[head] and [tail] intend expression pattern of each posi-
tion. We defined two extracting templates as a character
string to include in each pattern as shown in Table 1. We
hypothesized that characteristic information appears after
the word of complaint and diagnosis, Therefore, in Extract
Template2, we added (morph) (phrase) as a character string
to include in [tail] to Extract Templatel.

In the case of extracting a single-relation word, semantic
drift tends to occur often. One of the reasons for this is
because the pattern generated from a single word tends to
be simpler than the one generated from a pair of words.

Therefore, we focused on the expression characteristic of
complaint /diagnosis and developed a degree of coincidence
of composition information to degree of confidence for con-
trolling semantic drift. In particular, we multiplied pmi
score by a degree of composition’s coincidence of the ex-
tracted candidate instance and the correct instances. The
correct instances are the source of the pattern that extracts
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Table 2: Concat Rule for Compound Term

Target Pos [ Condition [ Concat Judge

TR post morph: 7, Ff Yes
other No

G- )V 7 7 X | post morph: T, A-7Z Yes
pre morph: A-7 Yes
other No

FEIEDA all No

Fral-mla 0 e

-1 e mll ] nT HE

%5 (other) target morph: #, & C A, 72%, & | No

PO al b, %, A, B, 5V, kb, 0-©

s - R other Yes

the candidate instance. The degree of composition’s coinci-
dence is computed based on Levenshtein distance by using
the following characteristics.

e part of speech of all the words

e surface and a part of speech of ending of the words

3.1.3  Hybrid Approach

We extracted the final complaint/diagnosis by using hy-
brid approach with bootstrapping and pattern matching with
medical term dictionary.

3.2 Optimize Compound Term

In the case of extracting words of complaint/diagnosis, we
have to extract not only formal disease names but also ‘Dis-
ease name + Verbal noun’ like ‘A I D S¥JiE’. In extracting
by pattern matching with a dictionary, it is not realistic to
register all possible terms into the dictionary in advance.
Only the name of the disease portion may be extracted also
by bootstrapping. Therefore, we concatenated the extracted
words and their surrounding words by rules. We made a rule
that determines whether or not to concatenate by a heuris-
tic rule based on the idea of generating a noun phrase of
maximal length. The concat rules are shown in Table 2.

3.3 Estimate Modality Attribute

We estimated the modality attribute of the extracted com-
plaint/ diagnosis by pattern matching with the words around
the word of complaint/diagnosis. This is the process of pat-
tern matching. In addition, we made various word lists as
shown in Table 3.

1. If the word which matches Family Word List ahead
of the extracted complaint/diagnosis is contained, a
modality attribute is determined as family.

2. The following processes are carried out on the word
located posterior to the extracted complaint/diagnosis
in the same phrase.

(a) If the word which matches Suspicion Word List
is contained, a modality attribute is determined
as suspicion.

(b) If the word which matches Negation Word List
or Negation Neighbor Word List is contained, a
modality attribute is determined as negation.

(c) If the word which matches Positive Word List
or Positive Neighbor Word List is contained, a
modality attribute is determined as positive.
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Table 3: Modality Attribute Rule

List Name ‘ Word List
Family Word List B MR8 BE A, 0, 26, Tl bR
Negation Word List | & U, L, &<, BV, B9, B o7z, e 51T, ie
B, T NT, SNT, A5NT, A5nd §5h
I, WD, O, EE, BB, 0 %, BN, daE, B
Jhe, B, i, TS
Suspicion Word List | BEVY, BA. , BA CK\Y, B A ST, WAk, [GRRTE,
BES, BEbh, BEo T, BibE, BEEI N, HETER, &
pATEY
BB, b0, otz B, RO, BDB, RN,
Rbohz, #bnd, Aohic, Aonic, B s
N, AFRAL ISR, B, D, fEo Tz, R0, 8755, &
Lok, EEV, 5D
Negation Neighbor )

UGE, BETE, 22Wr,  (space)

Positive Word List

Positive Neighbor
Word List.

3. The following processing is carried out on the depen-
dency phrase of the extracted complaint/diagnosis, and
the phrases behind the phrase.

(a) If the word which matches Suspicion Word List
is contained, a modality attribute is determined
as suspicion.

(b) If the word which matches Negation Word List is
contained, a modality attribute is determined as
naegation.

(c¢) If the word which matches Positive Word List is
contained, a modality attribute is determined as
positive.

4. If modality attribute is not determined, a modality
attribute is determined as positive.

4. EXPERIMENTS AND RESULTS

We participated in the complaint and diagnosis task of
MedNLP in NTCIR10[2].

4.1 Submitted Runs

We submitted three runs for complaint and diagnosis sub-
task as follows.

e bs_1
This is a hybrid approach by bootstrapping using Ex-
tract Templatel and pattern matching based on a dic-
tionary.

e bs 2
This is a hybrid approach by bootstrapping using Ex-
tract Template2 and pattern matching based on a dic-
tionary.

e dic
This is baseline method using only pattern matching
based on a dictionary.

4.2 Experimental Results

Table 4 shows the official results on test sets of complaint
and diagnosis subtask. Table 5 shows the experimental re-
sults on training sets. In the experiment, we evaluated in
2-fold cross validation.
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Table 4: Complaint and Diagnosis Subtask Formal

Run Results
Methods | Precision Recall F-measure Accuracy

bs_1 79.44  77.38 78.40 94.56
bs_2 7891 78.14 78.52 94.57
dic 80.00  76.19 78.05 94.43

Table 5: Experimental Results
Methods | Precision Recall F-measure

bs_1 85.73  74.61 79.79
bs_2 85.02  75.61 80.04
dic 83.71  73.54 78.29

4.3 Result Analysis

Proposed method bs_2’s f-measure scores the highest in
both experiments in training data and formal run. But the
difference between bs_2 and dic which extracts based on pat-
tern matching with a dictionary, is only 0.47 points, and no
big effect from bootstrapping was acquired.

The f-measure of bs_2 used Extract Template2 was slightly
higher than the one of bs_1 that used Extract Templatel.
This means that it is effective to actively use the features
of the expression which is located behind the words of com-
plaint /diagnosis.

Since we added words of complaint/diagnosis in the train-
ing data into the dictionary used in the formal run, in formal
run there were more words in the dictionary as compared to
the dictionary used in the experiments. As a result, in all
methods, forma run’s recall is higher than that of the exper-
iments.

On the other hand, in all methods, formal run’s preci-
sion is less than the experiments’. This may be due to the
following two possibilities.

e Difference of context
Even though the same word is used, in some cases it
should not be extracted by the context. Therefore, it
is suspected that the error of such extraction increased
with the increase in number of words in the dictionary.

e Difference in the use scene of bootstrapping

In general, bootstrapping is applied to extract words
from a large corpus with a small amount of train-
ing data. But the conditions in this task are differ-
ent from the general scene of bootstrapping. Because
while there is a large amount of training data, the cor-
pus amount is small in this task. Therefore, increasing
the number of pieces of training data above a certain
amount did not lead to the generation of the appropri-
ate pattern, and rather, it is suspected that it gener-
ated incorrect patterns.

S. CONCLUSION AND FUTURE WORK

We proposed a method to extract words of complaint/diagnosis

by using a hybrid approach with bootstrapping and pattern
matching with a medical term dictionary.
As mentioned above, even though the words in the dictio-

nary that have been registered in advance as complaint/diagnosis

appear in the document, in some cases they should not be
extracted by the context. To deal with such cases, further
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work is needed to explicitly exclude them from the candidate
words for extraction by learning negative example pattern
from the training data.

Moreover, further work is needed to suppress the genera-
tion of incorrect patterns in bootstrapping. It is important
not to select instances which would generate a generic pat-
tern as correct instances with the role of the training data.
In selecting instances, we will apply the result of learning
the pattern negative examples.

6. REFERENCES

[1] M. Komachi and H. Suzuki. Improving Semi-supervised
Acquisition of Semantic Knowledge from Query Logs.
Transactions of the Japanese Society for Artificial
Intelligence, pages 217-225, 2008.

[2] M. Morita, Y. Kano, T. Ohkuma, M. Miyabe, and
E. Aramaki. Overview of the NTCIR-10 MedNLP
Task. In NTCIR-10 Proceedings, 2013.

[3] P. Pantel and M. Pennacchiotti. Espresso: leveraging
generic patterns for automatically harvesting semantic
relations. In Proceedings of the 21st International
Conference on Computational Linguistics and the 44th
annual meeting of the Association for Computational
Linguistics, pages 113—-120, 2006.

[4] M. Thelen and E. Riloff. A bootstrapping method for
learning semantic lexicons using extraction pattern
contexts. In Proceedings of the ACL-02 conference on
Empirical methods in natural language processing,
pages 214-221, 2002.




<<
  /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


