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Abstract— Since online news articles are updated daily, hourly 
and sometimes every minute, therefore the data from online 
news articles are glowing rapidly. These data seem like a large 
corpus of text mining. This research focuses on Thai personal 
names that appear in the online news which sometimes have 
slightly different spelling but they actually refer to the same 
person. From the news data that were collected during 30 July 
2009 to 5 November 2009, there are a lot of name variations. 
The objective of this paper is to disambiguate Thai personal 
names by applying string matching techniques which are Guth, 
Levenshtein, Damerau-Levenshtein, Longest Common 
Substring and Longest Common Subsequence. The 
experimental results show that the Longest Common 
Subsequence was the most efficient technique for matching 
Thai personal name with the F-Score of 94.43%. After that, the 
two-scan labeling technique was used to identify the unique full 
Thai personal name. The results show that it can reduce the 
6,884 distinct personal names to 830 unique personal named 
entities which equals to 12.057% reduction. 
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I. INTRODUCTION

Nowadays, online news is wildly used in data mining and 
text mining because an enormous amount of data is updated 
everyday. Online news seems like a large corpus of data. 
There are many full personal names appear in online news, 
but it is difficult to identify the unique full personal name. 
One of the most common problems is spelling variations 
such as transcription differences and misspellings 
(mistyping). Misspellings can be categorized as insertion, 
deletion or omission, substitution and transposition [1]. 
Generally, such variations do not affect the phonetic 
structure of the name but still cause problems in matching 
names, this problem is called string matching problem. 

String matching has been extensively studied for the past 
30 years. It is an everlasting interesting topic in computer 
science. String matching is a fundamental issue in computer 
science and is widely used in many applications. String 
matching attempts to measures the similarity between 
strings. This is useful for applications ranging from database 
de-duplication and record linkage to terminology extraction 
and spell checking. 

This paper proposed the method to extract 
disambiguation of Thai personal named entity from online 
news articles. The proposed method composes of three 
processes. Firstly, extract personal named entity from online 
news articles. Secondly, matching personal name with five 

strings matching techniques and compare their performances. 
Thirdly, identify the unique personal name by using two-
scan labeling technique. 

II. VARIATION OF FULL THAI PERSONAL NAMES

Name variation is one of the major problems in 
identifying people, because it is not easy to determine 
whether a name variation is a different spelling of the same 
name or a name for a different person [2]. The same problem 
occurs with personal names in Thai language as well. This 
research investigates full Thai personal names that were 
appeared in the online news articles during 30 July 2009 to 5 
November 2009. Apparently, there were many variously 
spelled personal names that referred to the same person. 
Table I shows the variants of personal name called “  

” and the number of times that the name appeared in 
the online news articles during that period. 

TABLE I. VARIANTS OF PERSONAL NAME “  ” 

Variation No of appearance Variation No of appearance 

  4,418  1 

 29  1 

 15  1 

 14  1 

 9  1 

 4  1 

 3  1 

 2  1 

 2  1 

 1   
After applying name matching technique, we found some 

reasonable alternatives of the name, “  ” as shown 
in table 1. Consequently, all the alternative names of “  

” can be assumed that they refer to the same name. 

III. THAI PERSONAL NAMED ENTITY EXTRACTION

Named entity (NE) extraction is the task that identifies 
expressions such as entity names (person, organization, and 
location name), temporal expressions (date and time), and 
numerical expression (monetary values and percentages) [3]. 
Especially on person named entity, it is an important in some 
kinds of applications like a people search engine such as 
pipl.com.  

In 1998 Charoenpornsawat et al. [4] proposed an 
approach to identify Thai proper names partially composed 
of known and unknown substrings using probabilistic 
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trigram models and the Winnow algorithm. The features 
used in the method were context words, collocations and part 
of speech (POS) tag, as well as heuristics information from 
dictionary and POS to generate named entity candidates to 
solve named entity boundary problem. The accuracy 
presented in the system was 92.17%. In 2004 Chanlekha and 
Kawtrakul [3] proposed an approach to extract Thai 
multiword named entity by using combination of rule-based, 
dictionary-based and statistical-based models to predict 
boundaries of named entities. The method applied Maximum 
Entropy model and incorporate knowledge, which are rules 
and dictionary to named entity extraction system such as 
extracting personal names, locating personal names and 
organization names. In 2009 Sutheebanjard and 
Premchaiswadi [5] proposed the method that uses front and 
rear context to automatically extract Thai personal named 
entity from plain text of online political, financial and sport 
news articles. This method uses neither word segmentation 
nor POS tagging process which can significantly reduce the 
effort and speed up the process in building the training 
corpus. Moreover, it also eliminates the effects on the 
efficiency of using word segmentation and POS tagging on 
named entity finding. The accuracy presented in the system 
was 91.720%. Thai named entity extraction method can be 
divided into three groups as follows: 

• Using word segmentation such as [3].  
• Using word segmentation and POS tagging such as 

[4], [6-7]. 
• Neither used word segmentation nor POS tagging 

such as [5]. 

IV. STRING MATCHING TECHNIQUES

String matching is a very important subject in the wider 
domain of text processing. String matching is the algorithms 
that try to find a place where one or several strings (also 
called patterns) are found within a larger string or text. There 
are many strings matching methods such as Guth, 
Levenshtein, Damerau-Levenshtein, Longest Common 
Substring and Longest Common Subsequence. 

A. Guth 

Guth’s algorithm [8] is a letter-by-letter matching 
algorithm. The algorithm is left to right sequence driven, and 
is essentially alphabetic but is independent of language and 
ethnic issues. Guth’s algorithm does not depend on 
recognition of phonetic similarity. It is able to identify 
variant spellings through the position of letters in names. It 
is, however, weak when comparing short names where one 
or two common vowels can produce a mismatch [10]. 

The algorithm first checks for the case that two names 
are identical, considering each name as a single character 
string. If this fails, the algorithm proceeds to compare the 
names letter-by-letter and when the program encounters 
different letters in the same position it then searches for 
matching letters in other positions. The comparison pattern is 
illustrated in table II [8-9]. 

TABLE II. GUTH MATCHING COMPARISONS

 Position of Name 1 Position of Name 2 
Test 1 X X 
Test 2 X X+1 
Test 3 X X+2 
Test 4 X X-1 
Test 5 X-1 X 
Test 6 X+1 X 
Test 7 X+2 X 
Test 8 X+1 X+1 
Test 9 X+2 X+2 

B. Levenshtein or edit distance 

Levenshtein or edit distance [11] is a measure of the 
similarity between two strings. It is obtained by finding the 
cheapest way to transform one string into another. 
Transformations are the one-step operations of insertion, 
deletion and substitution. It is defined to be the smallest 
number of edit operations (insertions, deletions and 
substitutions) required to change one string into another.  

For example, define the original strings as s1 and s2. The 
distance is the number of deletions, insertions, or 
substitutions required to transform s1 into s2.  

• If s1 is “test” and s2 is “test”, then Distance(s1,s2)=0, 
because no transformations are needed. The strings 
are already identical.  

• If s1 is “test” and s2 is “tent”, then Distance(s1,s2)=1, 
because one substitution (change “s” to “n”) is 
sufficient to transform s1 into s2. 

C. Damerau-Levenshtein distance 

Damerau-Levenshtein distance was introduced by 
Damerau [12] and Levenshtein [11]. A Damerau-
Levenshtein distance function is a variant of the Levenshtein 
distance function where the transposition operation counts as 
a single operation (in the Levenshtein distance, a 
transposition corresponds to two edits: one insert and one 
delete or two substitutions).  

D. Longest Common Substring 

The longest common substring is based on the notion of 
likeness measure between two strings. The likeness measure 
is obtained using a procedure which iteratively finds and 
removes the longest common substring between two strings. 
The likeness measure is based on the total length of the 
common portions of the name pairs compared to the length 
of the actual names [13]. This algorithm repeatedly finds and 
removes the longest common sub-string in the two strings 
compared, up to a minimum length (normally set to 2 or 3). 
For example, the two name strings ‘gail west’ and ‘vest 
abigail’ have a longest common sub-string ‘gail’. After it is 
removed, the two new strings are ‘ west’ and ‘vest abi’. In 
the second iteration the sub-string ‘est’ is removed, leaving ‘ 
w’ and ‘v abi’. The total length of the common sub-strings is 
now 7. If the minimum common length would be set to 1, 
then the common whitespace character would be counted 
towards the total common sub-strings length as well [2]. 

E. Longest Common Subsequence 

The longest common subsequence problem is to find a 
longest common subsequence of two given strings. Given 
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two sequences of strings, find the longest common 
subsequence present in both of them. A subsequence is a 
sequence that appears in the same relative order, but not 
necessarily contiguous. For example, in the string abcdefg, 
“abc”, “abg”, “bdf”, “aeg” are all subsequences. 

The longest common subsequence problem has what is 
called an “optimal substructure”; the problem can be broken 
down into smaller, simple sub-problems, which can be 
broken down into yet simpler sub-problems until the solution 
becomes trivial. There are two general approaches to the 
longest common subsequence problem. The dynamic 
programming approach takes quadratic time but linear space, 
while the nondynamic-programming approach takes less 
time but more space. Recently, XuYu xiang et al. [14] 
proposed the nondyamic-programming implementation with 
efficient in both time and space. 

V. THE PROPOSED METHOD

The proposed system is divided into 3 processes. The 
first process extracts Thai personal named entity from online 
news articles. The second process compares five string 
matching techniques in order to find the most efficient 
method for matching Thai personal name. The final process 
disambiguates Thai personal names by using two-scan
labeling technique. 

A. Thai personal named entity extraction 

To reduce times and efforts in building training corpus 
and eliminate the effects on the efficiency of using word 
segmentation and POS tagging, the method of Sutheebanjard 
and Premchaiswadi [5] was used to extract Thai personal 
named entity from online news articles. This method used 
plain text as the input of the system and applied contextual 
environment of Thai personal name to compare against the 
word list. The word list is a list of words that could possibly 
have the same contextual as Thai personal name, and then 
apply a simple rule base to recognize Thai personal name 
from plain text as shown in Fig. 1. 

Figure 1. Thai personal named entity extraction. 

B. The comparison of five string matching techniques  

In online news articles, there are variously spelled 
personal names that refer to the same person. The use of 
exact matching leads to poor results. This process compares 
the following five string matching techniques: 

• Guth 
• Levenshtein 
• Damerau-Levenshtein distance 
• Longest Common Substring 
• Longest Common Subsequence 
In order to measure string similarity among those 

methods, this experiment used string distances obtained from 
the Levenshtein and Damerau-Levenshtein techniques to 
calculate string similarity by using (1), and string distances 
obtained from Guth, Longest Common Substring and 
Longest Common Subsequence techniques to calculate string 
similarity by using (2). 
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Whereas:  
• sim(s1,s2) denotes similarity of string1 and string2; 

result value between 0.0 and 1.0 
• dist(s1,s2) denotes distance between string1 and 

string2 
• max(|s1|,|s2|) denotes maximum length between 

string1 and string2 
In addition, Precision (P), Recall (R), and F-measure (F) 

were computed to evaluate the performance of the proposed 
method by using (3), (4), and (5) respectively. 
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Whereas:  
TP (True positives) refers to positive examples correctly 

labeled as positives. FP (False positives) refers to negative 
examples incorrectly labeled as positive. TN (True 
negatives) corresponds to negatives correctly labeled as 
negative. Finally, FN (false negatives) refers to positive 
examples incorrectly labeled as negative [15], as 
summarized in table III. 

TABLE III. CONFUSION MATRIX

 Actual positive Actual negative 
Predicted positive TP FP 
Predicted negative FN TN 

By using string matching technique, every personal name 
was compared with one another. Therefore, it produced a 
bunch of many-to-many mappings pairs of personal names. 
After that, the following technique was used in order to 
identity unique full personal names. 
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C. Disambiguation of Thai personal name by using two-
scan labeling technique 

Identifying the occurrences of personal names is a 
difficult task because of the many-to-many names mapping 
process. To identify the unique personal name, this research 
applied the two-scan labeling technique which is widely used 
for labeling connected components in a binary image [16]. 
The two-scan labeling technique applied in this research is 
composed of two scans. The first scan was done in order to 
store the label equivalences of each personal name in a 2-D 
array. Then the provisional labels are replaced by the 
smallest equivalent label with use of the 2-D array during the 
second scan. For example, some variants of two personal 
names, “A” and “B” was shown in table IV. 

TABLE IV. THE RESULTS OF FIRST SCAN AND SECOND SCANLABELING

First Scan Second Scan 
Name1 Name2 Label of 

Name1 
Label of 
Name2 

Label of 
Name1 

Label of 
Name2 

A1 A2 1 2 1 1 
A1 A3 1 3 1 1 
A2 A3 2 3 1 1 
A2 A4 2 4 1 1 
A5 A6 5 6 1 1 
A1 A5 1 5 1 1 
B1 B2 7 8 7 7 
A7 A1 9 1 1 1 
A7 A8 9 10 1 1 
B2 B3 8 11 7 7 

VI. EXPERIMENTAL RESULTS

In this experiment, Thai online news articles were 
collected from 30 July 2009 to 5 November 2009, 99 days in 
totals. During that time frame, there were 26,797 online news 
articles consisting of 9,231 economic news articles, 9,468 
political news articles, 11,213 breaking news articles and 
2,747 stock news articles. 

The experimental results can be categorized into three 
parts. The first part used the method of Sutheebanjard and 
Premchaiswadi [5] to extract full personal name from 26,797 
online news articles, and a total of 57,361 personal names 
were found. And among these 57,361 personal names, there 
were distinct 6,884 personal names. 

The second part is to evaluate the efficiency of the five 
string matching techniques from the distinct 6,884 personal 
names obtained from the first part. The experimental results 
from computing the Precision, recall and F-Score at different 
similarity levels are shown in Fig. 2-4 and table V-VII. 

The final part was to find the unique personal named 
entity by applying two-scan labeling technique on the pairs 
of personal names. Among the 2,609 correct pairs of 
personal names, there were 830 unique personal named 
entities. The top ten personal names that have the most 
number of pairs and name variation are shown in table VIII. 

Precision

Similarlity

Pr
ec
is
io
n

Figure 2. Precision at different similarity measure level. 

Recall

Similarlity

R
ec
al
l

Figure 3. Recall at different similarity measure level. 

F-Score

Similarlity

F-
S
co
re

Figure 4. F-score at different similarity measure level. 

VII. CONCLUSION

This research proposed an efficient method to 
disambiguate Thai personal name entity in online news 
articles. This research also compared the performance of five 
string matching techniques in matching full Thai personal 
names. The results show that the Longest Common 
Subsequence technique yields the best results in matching 
full Thai personal names at the similarity level of 0.8 with F-
Score of 94.43%. After that, the two-scan labeling technique 
was used to identity unique full personal names. With the 
success of this research, the 6,884 distinct personal names 
were reduced to 830 unique personal named entities, which 
equals to 12.057% reduction. Therefore, it can be concluded 
that the proposed method can reduce Thai personal name 
variations in the online news articles. 
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TABLE V. PRECISION AT DIFFERENT SIMILARITY MEASURE LEVEL

Similarity Level 0.60 0.65 0.70 0.75 0.80 0.85 0.90

Guth 90.79 96.25 98.30 99.42 99.84 99.74 100 

Levenshtein 57.56 78.14 88.42 94.67 98.49 99.58 100

Damerau-Levenshtein 57.41 78.06 88.34 94.65 98.51 99.59 100 

Longest Common Substring 31.00 54.06 72.08 86.01 93.06 96.23 97.57 

Longest Common Subsequence 33.58 61.28 79.70 91.13 97.43 99.47 100 

TABLE VI. RECALL AT DIFFERENT SIMILARITY MEASURE LEVEL

Similarity Level 0.60 0.65 0.70 0.75 0.80 0.85 0.90

Guth 86.93 85.51 82.06 72.29 48.49 14.53 1.03 

Levenshtein 98.54 97.55 95.75 93.25 87.70 72.33 46.34 

Damerau-Levenshtein 98.62 97.62 95.82 93.60 88.92 74.28 47.80 

Longest Common Substring 98.31 97.24 94.60 90.95 84.25 68.53 44.54 

Longest Common Subsequence 99.20 98.70 97.51 96.13 91.61 79.30 52.59 

TABLE VII. F-SCORE AT DIFFERENT SIMILARITY MEASURE LEVEL

Similarity Level 0.60 0.65 0.70 0.75 0.80 0.85 0.90

Guth 88.82 90.56 89.45 83.71 65.27 25.36 2.05 

Levenshtein 72.67 86.77 91.94 93.96 92.78 83.79 63.33 

Damerau-Levenshtein 72.57 86.75 91.93 94.12 93.47 85.09 64.68 

Longest Common Substring 47.14 69.49 81.82 88.41 88.43 80.05 61.16 

Longest Common Subsequence 50.17 75.61 87.71 93.56 94.43 88.25 68.93 

TABLE VIII. TOP TEN OF UNIQUE PERSONAL NAMES

No Personal Name No. of pairs of 
personal name 

No. of variance 

1   190 19 

2  91 13 

3  78 12 

4  66 11 

5  55 10 

6  48 10 

7  45 10 

8  36 8 

9  28 7 

10  28 7 

REFERENCES

[1] C. Snae, “A comparison and analysis of name matching algorithms,” 
Proceedings of world academy of science, engineering and technilogy 
vol. 21, January 2007. 

[2] P. Christen, “A comparison of personal name matching techniques 
and practical issues,” ICDM Workshops, December 2006.  

[3] H. Chanlekha, A. Kawtrakul, “Thai named entity extraction by 
incorporating maximum entropy model with simple heuristic 
information,” 1st International Joint Conference on Natural Language 
Processing, 2004. 

[4] P.Charoenpornsawat, B. Kijsirikul, and S. Meknavin, “Feature-based 
proper name identification in Thai,” National Computer Science and 
Engineering Conference: NCSEC’98, Thailand, 1998. 

[5] P. Sutheebanjard and W. Premchaiswadi, “Thai personal named 
entity extraction without using word segmentation or POS tagging,” . 
Natural Language Processing, SNLP'09, pp. 221 – 226, October 2009. 

[6] H. Chanlekha, A. Kawtrakul, P. Varasrai and I. Mulasas, “Statistical 
and heuristic rule based model for Thai named entity recognition,” in 
Natural Language Processing, SNLP'02, 2002. 

[7] B. Kijsirikul, “Comparing Winnow and RIPPER in Thai named-entity 
identification,” Natural Language Processing Pacific Rim Symposium 
1999 (NLPRS’99), Bejing, China, 1999. 

[8] G.J.A. Guth, "Surname spellings and computerized record linkage," 
Historical Methods Newsletter, vol. 10, pp.10-19, 1976. 

[9] A. J. Lait and B. Randell, “An assessment of name matching 
algorithms,” Society of Indexers Genealogical Group, Newsletter 
Contents, SIGGNL issues 17, 1998. 

[10] G. De Brou and M. Olsen, “The Guth algorithm and the nominal 
record linkage of multi-ethnic populations,” Historical Methods, vol. 
19, pp.20-24, 1986. 

[11] V. I. Levenshtein, “Binary codes capable of correcting deletions, 
insertions and reversals,” Sov. Phys. Dokl., vol. 6, pp. 707-710, 1966. 

[12] Fred J. Damerau, “A technique for computer detection and correction 
of spelling errors,” Communications of the ACM 7, 1964. 

[13] C. Friedman and R. Sideli, “Tolerating spelling errors during patient 
validation,” Computer an dbiomedical research 25, 486-509, 1992. 

[14] X. Xiang, D. Zhang and J. Qin, “An improve algorithm for the 
longest common subsequence problem,” International Conference on 
Convergence Information Technology, pp.637-639, November 2007. 

[15] J. Davis and M. Goadrich, “The relationship between precision-recall 
and ROC curves,” 23rd international conference on Machine learning, 
pp.233-240, Pittsburgh, Pennsylvania, June 2006. 

[16] L. He, Y. Chao and K. Suzuki, “A run-based two-scan labeling 
algorithm, ” IEEE Transaction on Image Processing vol. 17, 2008. 

V3-306 2010 2nd International Conference on Computer Engineering and Technology [Volume 3]



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /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 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /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 150
  /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 1200
  /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

  /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 "Recommended"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


