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Abstract—Classical text clustering algorithms are usually
based on vector space model or its variants. Because of the high
computing complexity and the difficulty of controlling clustering
results, this kind of approaches are hard to be applied for the
purpose of the large scale text clustering, Clustering algorithms
based on frequent term sets make use of relationship among
documents and their shared frequent term sets to achieve high
accuracy and effectiveness in clustering. But since the number of
frequent terms is usually too large to reach the efficiency
requirement for large collection texts clustering, this paper
proposes a novel text clustering approach based on maximal
frequent term sets (MFTSC). This approach firstly mines
maximal frequent term sets from text set and then clusters texts
by following steps: at first, the maximal frequent term sets are
clustered based on the criterion of k-mismatch; then texts are
clustered according to term sets clustering results; finally, we
categorize the left texts uncovered in previous step into produced
text clusters Be compared with existing approaches, our
experimental results show an average gain of 10% on F-Measure
score with better performance on scalability and efficiency.

Keywords—Text Clustering, Text mining, Frequent Term
Sets, Maximal Frequent Term Sets

I INTRODUCTION

With the rapid development of the Internet, there are a huge
number of texts available on Word Wide Web. How to
efficiently organize and make use of these resources has been a
hot research topic in field of data mining and knowledge
discovering. Text clustering is an important method of
organizing information and has the ability of helping users to
understand the intrinsic structure of information by
unsupervised way. Existing text clustering algorithms usually
represent texts by some variants of basic Vector Space Model
(VSM). And most of the text clustering algorithms, such as
hierarchical agglomerative [1], probabilistic clustering [2], k-
means [1], bisecting k-means [1], self-organizing maps [3] etc.,
are derived from structured data clustering algorithms. Since
the high dimensionality of text vectors and uncontrollable of
clustering results based on vector space model, they are not so
suitable for the automatic organization of large scale text
collections.

Compared with vector space models, the document
clustering models based on frequent term sets (FTS)[4] that had
been proposed in recent years are more easier to control the

clustering results and also more efficient. Here the frequent
term sets are defined as the sets of terms co-occurring in more
than a threshold percentage of all documents [4]. For example,
let D be the text documents set and {movie, actor, actress, star}
occurs more than 5% of all the documents in D, so we call this
term set is frequent term set according to the threshold of 5%.
The set of documents which sharing the term set is called
supporting documents. The basic idea in FTS based text
clustering is that the documents that contain the same FTS tend
to be relevant and then should be grouped together. Since the
clustering algorithm is just relying on the relationship of
sharing on FTS, the dimensionality of algorithm features and
the computational complexity of clustering are greatly reduced.
And the shared FTS also provide good candidates to label text
clusters for the human understanding purpose.

To efficiently implement the basic idea of FTS based text
clustering, various algorithms had been proposed. The FTC
(Frequent Term-based Clustering) [4] algorithm mines all
frequent term sets and generates cluster candidates according to
the frequent term sets’ supporting documents sets. To discover
a clustering with a minimum overlap of the clusters, it follows
a greedy approach, i.e., it repeatedly picks up the candidate
cluster of which the supporting document sets has minimum
overlap with other candidates and the procedure is terminated
after all documents are covered. Though some extent of
successful, FTC just considers the overlap of FTS’ supporting
document sets, and the greedy approach can not ensure the
global optimum. The Frequent Itemset-based Hierarchical
Document Clustering (FIHC) [5] algorithm firstly generates
cluster candidates from all frequent term sets. Some documents
may belong to more than one cluster. It then judges “best”
cluster according to a score function, merges clusters and
generates hierarchical representations. However, FIHC has
high time and space complexity, especial for small threshold of
its min support value. On the other hand, small threshold for
min support value is necessary for the clustering algorithms to
achieve higher precision. So the balancing between precision
and scalability is a critical issue for FIHC algorithm.

In this paper, we proposed a novel text clustering approach
based on maximal frequent term sets (MFTSC). The unique of
our approach is listed below:

At first, the proposed approach only relies on maximal
frequent term sets (MFTS). Instead of using all FTS, just using
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MFTS can greatly reduce the time consuming of text
clustering. The MFTS also tend to be longer and be more
meaningful for similarity measurement in text clustering.

Then a two-stage clustering process is executed in our
approach. Even though we only use MFTS, it may still be too
complex for large scale of text collections to execute the
clustering task. On the other hand, generating -cluster
candidates from all MFTS will cause a great amount of
redundancies. To address this problem, we cluster the MFTS
firstly. Then we define the supporting document set of a MFTS
cluster as the union of supporting document sets of all the
MFTS in this cluster. Documents are then being clustered
based on these supporting document sets.

Finally, the uncovered documents are clustered by
categorizing. After the two-stage clustering, some texts may
not be covered by any MFTS. These texts are finally classified
into existing text clusters.

The rest of this paper is organized as follows: Section 2
briefly introduces the concepts of FTS and the related FTS
mining algorithms. In section 3, the text clustering approach
based on maximal frequent term set is presented in detail. The
experimental results are shown in section 4 accompanied with
analysis. Finally we summarize our work and future research
issues in section 5.

II.  FREQUENT TERM SETS

Frequent term set and its mining algorithm are the
foundation of our approach. Here we just give a brief
introduction for their basic conceptions. For detail information
about FTS, please refer to [6].

A. Definition of Frequent Term Sets

Let I= {I,, I,...1,} be a set of n-terms, a set X < [ is called
a term set, or a k-term set if it contains k terms.

Let D= {D,, D,...D,,} be a set of documents, D; 1. The
support of a term set X in D is the proportion of documents that
contained X among the document set D, denoted as Supp(X).
The user can specify a minimum support value min_supp as a
threshold for selecting frequent term sets as below:

For the documents set D and minimum support min_supp,
the term set X is called frequent term set (FTS), if Supp(X) >
min_supp.

For the documents set D and a given minimum support
min_supp, the term set X is called maximal frequent term set
(MFTS), if X is frequent term set and forV(Y c /A X YY),

Supp(Y) < min_supp.

To illustrate above concepts, let’s see an example. Let /= {a,
b, c,d, e}, D= {D,, D,, D3, D,} and four documents as D, = {a,
b, ¢, e}, D= {a, b, c}, D; ={c, d}, D,={c, d, e}. We set the
min support threshold be 0.5. Then {a, b} is a 2-term set and
FTS. But {a, b} is not a MFTS because {a, b, c} is {a, b}’s
superset and {a, b, ¢} is frequent too. And the {a, b, c}’s
supporting documents set is {D;, D,}.

B.  Frequent Term Sets Mining

Apriori is the first frequent term sets mining algorithm
proposed by Agrawal et al [7]. It generates candidate k-term
sets from (k-1)-term sets and then checks if they are frequent or
not. But the time complexity of Apriori is too high to be
applied for large scale text collections. So in 2000, Han et al [8]
proposed the FP-Growth algorithm that mining frequent term
sets without generating candidate.

Based on FP-Growth, FP-Max algorithm in [9] improved
the efficiency of the mining process by only considering the
maximal frequent term sets. In this paper, the FP-Max
algorithm is also applied to mine maximal frequent term sets
from texts.

III.  THE PROPOSED CLUSTEING APPROACH

In this section we present the approach of clustering
documents based on MFTS. This approach consists of 3 stages.
At first, we cluster the MFTS based on the k-mismatch metric
defined on term sets. Then document clusters are produced
according to the FTS clusters’ support documents and then
merge the clusters whose document sets have a higher overlap.
Some documents may not be covered by any of the MFTS and
then can not be covered by any cluster. So our final stage is
classifying these documents into existing document clusters
according to the similarity between document and the cluster.

Before presenting the approach, some notations are defined
firstly. Here we denote the set of MFTS as MFS= {MF,,
MF,...MF,}, set of FTS clusters as FCS= {FC,;, FC,...FC,},
set of document clusters as DCS= {DC;, DC,...DC;}.

A. Frequent Term Set Clustering Based on K-mismatch

Usually there are hundreds or more MFTS for a large scale
text collection. Generating cluster candidates directly by all
MFTS will get a great amount of redundancies. Table I shows a
small part of MFTS mined from a document set. Our idea of
clustering MFTS is based on the observation that MFTS can be
considered as short documents.

TABLE L EXAMPLE OF MAXIMAL FREQUENT TERM SET
NO. Maximal frequent term set Supporting document set
1 {move, actor, actress, director, role} {1,2,3,4,5,6,7}

{move, actor, actress,star} {1,2,3,4,8,9,10,11}

{actor, actress, director, role,star} {1,2,5,6,7,9,11,12,13}

{star, eath, planet,moon, satellite} {14,15,16,17,18,19,20}

{star, eath, planet,moon, human } {15,17,18,19,20,21,22,23}

N | B W] N

{human, planet, satellite} {18,19,20,23,24,25,26}

The MFTS clustering algorithm is based on k-mismatch
concept [11]. In our case, the k-mismatch term set of term set A
is defined as follow:

K — Mismatch(4) = {S e MFS|S-SNA|<K} 1)

For example, we have A= {a, b, ¢, d, e}, B={a, ¢, d, e, f},
C= {b, f, g, h} and k is 2, then B is A’s k-mismatch term set
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because B only has one term “f” that doesn’t present in A, but
C is not A’s k-mismatch term set.

Longer term sets which contain more terms may indicate
more specific topic, so the supporting documents are more
likely belonged to one cluster. The MFTS clustering algorithm
begins with the longest term set and is described in Algorithm
1.

Algorithm 1: Frequent term sets clustering algorithm
Input: MFTS set MFS, min longest threshold /
Output: MFTS cluster set F'CS
Let 4 =longest term set in MFS
While |[4]>h do:
Generate FC; by 4 , i++
Remove 4 out from MFS
For each MF; in MFS do:
If it is A’s k-mismatch term set, then
Put MF; into FC;
Remove MF; from MFS
Let 4 =longest term set in MFS

The algorithm iteratively picks the longest term set A,
group A and A’s k-mismatch term sets into a cluster and then
remove A and A’s k-mismatch term sets from MFS. When the
length of remained longest term set is less than a threshold /
(usually #=2k), the procedure is terminated.

TABLE IL EXAMPLE OF MAXIMAL FREQUENT TERM SET CLUSTERS
No. Max frequent term sets Supporting document set
1 1,2,3 {1,2,3,4,5,6,7,8,9,10,11,12,13}
2 4.5 {14,15,16,17,18,19,20,21,22,23}
3 6 {18,19,20,23,24,25,26}

Table II shows an example of MFTS clusters derived from
Table 1. The support set of each MFTS cluster is the union of
support of all MFTS.

B.  Documents Clustering Based on MFTS Clusters

After the first stage, we get the MFTS clusters, with the
corresponding term sets and support document sets. Document
clusters DCS are generated by the MFTS clusters FCS, and
each document cluster is composed by the support document
set of each MFTS cluster. But there are still too many clusters
and many redundancies existing in these clusters.

To remove redundancies and get the final clusters, some
clusters need to be merged. The merger of clusters is based on
the overlap of two clusters’ supporting document set. There are
many variants for set overlap definitions. Here we build our
calculation of set overlap based on the basic definition given
below:

Let cov(DC;) denoted the supporting document set covered
by cluster DC;, then we have:

| cov(DC;) Mcov(DC)) |
min(| cov(DC,) |,| cov(DC,) )

overlap(DC,,DC;) =

Above general definition may cause “Matthew effect” in
clustering documents, i.e., documents tend to be merged into a
bigger size clusters. To overcome this problem, we develop a
new definition for the overlap by introducing a parametera as

fellows:
overlap(DCS,,DCS ) =

| cov(DG) neov(DC)) |

3)
axmin( cov(DG) || cov(DC,) ) +(1=a)x,f| co(DG)) [ x| co(DC))|

Where a is the coefficient to balance the “Matthew effect”.
In this paper, a is set as 0.7 according to the algorithm
performance.

The text clustering procedure iteratively merges those
clusters among them the overlap value is greater than the
threshold and is terminated until there is no clusters satisfy the
merge condition or the number of clusters achieves specified
value.

C. Uncovered Docuemnts Classification

In the FTS mining procedure, there is a small part of
documents that do not contain any FTS. And even more
documents may be missed by MFTS. Our experiment results
show that there are about 5%-20% documents are not covered
by any cluster and the proportion is depended on the threshold
of min support.

Because we have already constructed clusters that cover
most of documents, so classifying those uncovered documents
into existing document clusters is a natural way to address
above problem. For this purpose, we define the similarity
between document and cluster as follows:

Let D; be uncovered document, DC;is j”’ cluster and 7 is the
set of frequent terms in DC;, #f(D;,I,) denotes the frequent of
term /;in D; , then we have:

sim(Di,DCj)=;sz(Di=1k) )

‘Ikel

A document is directly classified into the cluster that owns
the maximum similarity value with the document.

IV. EXPERIMENTS AND RESULTS

In this section, we evaluate the performance of proposed
clustering algorithm in terms of accuracy and scalability. The
program is run on Windows XP with Intel Core 2 Quad
2.39GHz CPU, and 2GB memory.
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A. Data Set

To be comparable, two widely used data sets are applied.
One is from the Classic4 data set [12], which contains 5476
documents from 4 classes: CACM, CISI, CRAN and MED.
The other data set is from Reuters Distribution 1.0[13], which
contains 21578 articles from Reuter news service. The dataset
Cl1, C2, C3, C4 are chosen from Classic4, while R1, R2, R3,
R4, R5, R6, R7, R8 are chosen from Reuters. The data sets are
different in document size, cluster size, number of classes, and
category distributions.

TABLE IIL EXPERIMENT DATA SET

Data Num | Num | Min Max Avg Avg N um of
set of of c!ass c!ass c!ass doc. unique

doc. class. | size size size length | term
R1 450 5 39 142 90 114 4424
R2 2371 | 6 36 1954 | 455 78 8738
R3 268 6 20 106 44 124 3427
R4 206 6 18 61 34 84 2390
R5 802 10 8 301 80 136 5570
R6 4061 10 33 2494 | 406 75 6169
R7 1644 | 13 16 581 126 105 7121
R8 3750 | 24 13 1616 156 84 12018
C1 407 4 87 118 101 67 4885
C2 1273 | 4 247 365 318 66 8080
C3 428 4 41 229 107 76 5544
Cc4 597 4 47 432 149 65 5602

B.  Evaluation Measure

In this paper, the widely used F is adopted for the algorithm
evaluation. Each cluster is as if it was the result of a query and
each class is treated as if it was the relevant documents set of a
query [1].

For cluster j and class i, the recall and precision are defined
below:

n;
Recall(i, j) = 5
n;
ny;
Precision(i, j) = — 6)
n

J

Where n;; is the number of documents in class i which are
clustered in cluster j, n; is the number of documents in class i
and n; is the number of documents in cluster j.

The F measure of cluster j and class i is defined as follow:

Fi, j) = 2* Recall(i, j)* Precision(i, j)
+/ Recall(i, j)+ Precision(i, j)

(N

For the entire clustering result, the F measure is obtained by
using the weighted sum of maximum F measure in each class.

Fzz%max{F(i,j)} (®)

Where n is the total number of documents.

C. Experimental Results

1) Accuracy: To compare our approach’s accuracy, we also
executed bisecting k-means (BKM) [1], and FIHC [5] on the
same data sets. We chose BKM because it outperforms k-
means and agglomerative hierarchical clustering algorithms,
according to paper [1]. FIHC is chosen because it is based on
frequent term set too. We obtained FIHC version 1.0 from the
inventor of FIHC and downloaded the CLUTO toolkit [14] to
perform BKM.

The same number of clusters for all the algorithms is given.
Because the performance of BKM is in some extent depended
on the initial setup, so we execute 10 times and then take the
average on F-measures. For each run of BKM, it randomly
selects initial point and picks biggest cluster to divide. The
FIHC is executed with the default parameters provided in [5].
The min support of FIHC is set to 0.05.

One advantage of the proposed MFTSC approach is that
under the same limitation of computing complexity, it can
cluster documents with smaller min support than FIHC and
then is expected to get more precision results. Here we set the
min support for each group of data as the smallest min support
that every data set in the group can be executed normally, i.e.,
the min support for Classic group is 0.01 and 0.03 for Reuters.

—&—[IHC —#—BKMeans METSC

1
° 0.8 —A ’\ A
b
2 06| 8 — p
H - N
e 0.4 -/

0.2 ! ! !

Rl R2 R3 R4 R5 R6 R7 R8 Cl1 C2 C3 (4
Data Set

Figure 1. Comparison of clustering algorithms’ accuracy

Figure 1 shows that the MFTSC outperforms BKM and
FIHC in most data sets and has great improvement than BKM
for large number of classes (for example, RS, R6, R7, RS).

The BKM performs well when the number of classes is
small, but has a worse performance than both MFTSC and
FIHC when number of clusters is increased. Compared with
FIHC, MFTSC can mine frequent term sets with a smaller
support threshold, so MFTSC can get frequent term sets
combination of more terms and the average length of frequent
term sets is longer. With more terms and longer frequent term
sets, it may reveal more and stronger relationship between
documents. It is helpful for similarity calculation among
documents. The experimental results show that MFTSC has an
average 10% improvement over FIHC.
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The min support is an important factor in FTS based
clustering. For a given data set, smaller min support means
more frequent term sets been mined and better accuracy
performance is expected respectively. At the same time, it also
takes more clustering time for smaller min support (as shown in
Figure 2). We conduct our experiment on the Reuter data set
with the min support value various from 0.03 to 0.05 and show
the results in Table I'V. The results show that MFTSC performs
better with the smaller min support in most case.

TABLE IV. EFFECT OF MIN SUPPORT ON F MEASURE OF MFTSC
g:tta RI |R2 |R3 |R4 |R5 |R6 |R7 |R8 | Avg

0.03 | 0.62 | 0.82 | 0.84 | 048 | 0.66 | 0.75 | 0.48 | 0.55 | 0.65

0.04 | 0.60 | 0.69 | 0.85 | 0.55 | 0.67 | 0.70 | 0.53 | 0.44 | 0.63

0.05 | 046 | 0.64 | 0.85 | 0.68 | 0.67 | 0.74 | 0.51 | 0.38 | 0.62

2) Efficiency and Scalability: The running time of FIHC
and MFTSC are compared with various min supports and
results are shown by Figure 2. Since MFTSC only takes use of
MEFTS, it is expected to comsume less time than FIHC for the
same min support value. The experiment is executed on the
data set R6 that contains 4061 documents.

——FIHC —®—MFTSC
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Run Time (sec)

20 ‘\\‘-— -m N

0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1

Min support threshold (%)

Figure 2. Running time of FIHC and MFTSC with respect to documents size

The results shown on Fig. 2 proved our expectation. It
should be noted that with the increasing of min support value,
the difference of time consuming for these two algorithms
become not so significant. But for smaller min support, the
advantage of MFTSC becomes more obvious. E.g., for the min
support of 0.02, the running time of MFTSC is 7.5 seconds
while which of FIHC is 159 seconds. The running time of
FIHC with the 0.01 min support can’t be obtained because the
program runs out of memory and terminated with exception.

To evaluate the scalability of MFTSC, we randomly select
documents from Reuter dataset to create 10 data sets with the
number of document increase from 1000 to 10000. Two min
support values 0.03 and 0.05 are experimented. Fig. 3 shows
that the running time of both FIHC and MFTSC is linear with
respect to the number of documents. But the running time of
MFTSC grows at a lower rate and the time advantage is more
obvious when the number of documents is larger.
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V. CONCLUSION

This paper presents a text clustering approach based on
frequent term sets. Compared with existing clustering
algorithms based on frequent term sets, the proposed algorithm
MFTS is only based on the maximal frequent term sets and
two-stage clustering procedure is proposed for the frequent
term sets and the documents clustering correspondingly. The
uncovered documents are finally classified into existing
clusters based on document-cluster similarity. Our experiment
results show the improvement of our approach on both
efficiency and scalability.

There are still a lot of issues for future research, which
include but not limited to the refinement of overlap measure for
document clustering, the document-cluster similarity
computing and the efficiency improvement of MFTSC for huge
scale of document collections.

ACKNOWLEDGMENT

This investigation was supported in part by the National
Natural Science Foundation of China (No. 60703015) and the
National 863 Program of China (No. 2006AA01Z197).

REFERENCES
[1] M. Steinbach, G. Karypis, V. Kumar. “A comparison of document
clustering techniques”. Technical Report, University of Minnesota
,2000: 00-34.

[2] S.F. Zhu, 1. Takigawa, S.Q. Zhang, H. Mamitsuka. “A probabilistic
model for clustering text documents with multiple fields”. 29th

European Conference on IR Research, Proceedings. 2007: 331-342.

[3] R. Freeman, H.J. Yin. “Self-organizing maps for hierarchical tree view
document vlustering using contextual information”. Proceedings of the

IEEE International Joint Conference on Neural Networks. 2002:123-128.

[4] F. Beil, M. Ester, X.W. Xu. “Frequent term-based text clustering”.
Proceedings of ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining. 2002:436-442.

[5] B.C.M. Fung, K. Wang, M. Ester. “Hierarchical document clustering
using frequent itemsets”. Proceedings of SIAM International Conference

on Data Mining”. 2003:59-69.

[6] Bart Goethals. “Survey on frequent pattern mining”. Technical Report:
Helsinki Institute for Infrmation Technology, 2003:1-5.



(7]

(8]

]

R. Agrawal, R. Srikant R. “Fast algorithms for mining association rules
in large databases”. Proc. VLDB 94, Chile, 1994: 487-499.

J. Han, J. Pei, Y.W. Yin, R. Mao. “Mining frequent patterns without
candidate generation”. Proceeding of Special Interest Group on

Management of Data. 2000:1-12.

G. Grahne, J.F. Zhu. “High performance mining of maximal frequent
itemsets”. Proceedings of the 6th SIAM International Workshop on High
Performance Data Mining. 2003:311-337.

1602

[10]

(1]

[12]
[13]
[14]

E.H. Han, D. Boley, M. Gini, R. Gross, et al. “WebACE: A web agent

for document categorization and Conference on

Autonomous Agents. 1997:408 — 415.

exploration”.

G.M. Landau, U. Vishkin, “Fast parallel and serial approximate string
matching”, Journal of Algorithms, 10 (2). 1989:157-169.

ftp:/ftp.cs.cornell.edu/pub/smart.
http://kdd.ics.uci.edu/databases/reuters2 1578/reuters21578 . html.

G. Karypis. “Cluto 2.0 clustering toolkit”, April 2002. http://www-
users.cs.umn.edu/~ karypis/cluto/.




<<
  /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


