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Abstract—Most of the existing data mining algorithms handle 

databases consisting of single table to find association rules an 
large databases.  Few algorithms work on multiple tables 
having fuzzy data with taxonomic structures. This paper 
proposes ‘Multi level Fuzzy rules for ER Models’ algorithm. 
The study focuses on the issue of mining association rules in 
databases having multiple levels containing fuzzy data with 
taxonomy and tables to be designed using Entity-Relationship 
(ER) Models. The study aims to incorporate the previous 
developed algorithms Extended Apriori and Apriori star to a 
new algorithm. The study will help in standardizing algorithms 
for finding appropriate results from database tables containing 
data with fuzzy taxonomic structures. 
 

Index Terms—Association Rules, Data Mining, Fuzzy data, 
ER models  
 

I. INTRODUCTION 
Association Rules mining (ARM) discovers interesting 

and unexpected rules from large data sets. The major aim of 
ARM is to find the set of all subsets of items or attributes that 
frequently occur in many database records or transactions, and 
additionally, to extract rules on how a subset of items influences 
the presence of another subset [1]. The subdivision of the 
quantitative values into crisp sets would lead to over- or 
underestimating the values near the borders. Fuzzy sets can 
overcome that problem by allowing partial memberships to 
different sets. Fuzzy set theory provides the tools needed to 
do the computations in order to be able to deal with the 
different data structure. It allows the intervals to overlap, 
making the set fuzzy instead of crisp. Items can then show a 
partial membership to more than one set, overcoming the 
sharp boundary problem [2]. Fuzzy sets are generalized sets 
which allow for a graded membership of their elements. 
Usually the real unit interval  is chosen as the membership 
degree structure [3].  The study focuses on the extraction of 
multi level linguistic association rules from multiple tables 
and examines the performance of extracted rules. The 
problem of mining multi level linguistic association rules is 
to find all rules that satisfy a user-specified minimum support 
and minimum confidence from tables that are designed using 
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ER models and that contain fuzzy data. This study presents 
an efficient algorithm that generates all significant 
association rules between sets of items in a large database of 
customer transactions. Using this study, rules can be 
discovered that might have got lost with the standard 
quantitative approach. Rest of the paper has been organized 
as, Section-2 presents recent studies wherein we present the 
brief of various existing association rule mining algorithms, 
Section-3 presents the newly discovered algorithm Extended 
Apriori Star that will find Generalized association rules for 
ER models with fuzzy data. The algorithm is applied on large 
database of customer transactions and Section-4 presents the 
implemented results. Section-5 concludes the study with an 
idea of future work. 

 

II. RECENT STUDIES 
The p    Problem of mining association rules has been 

discussed  by agrawal et al [4] .  It is an AIS algorithm known 
to be the first published algorithm to generate all large item 
sets in a transaction database.  It focused on the enhancement 
of databases with necessary functionality to process decision 
support queries.  This algorithm was targeted to discover 
qualitative rules. This technique is limited to only one item in 
the consequent. That is, the association rules are in the form 
of X⇒Ij | α, where X is a set of items and Ij is a single item in 
the domain I, and α is the confidence of the rule.  The AIS 
algorithm makes multiple passes over the entire database.  
Candidate itemsets are generated and counted on-the-fly as 
the database is scanned. The disadvantage is that this results 
in unnecessarily generating and counting too many candidate 
itemsets that turn out to be small. 

Set–Oriented Mining for association rules in relational 
Databases is described by Houtsma [5] where an algorithm 
SETM has been developed with the desire to use SQL to 
compute large itemsets. Main features are:    

Candidate itemsets are generated on-the-fly as the 
database is scanned, but counted at the end of the pass. 
1) New candidate itemsets are generated the same way as 

in AIS algorithm, but the TID of the generating 
transaction is saved with the candidate itemset in a 
sequential structure. 

2) At the end of the pass, the support count of candidate 
itemsets is determined by aggregating this sequential 
structure 

In addition to having same disadvantage as of the AIS 
algorithm, also it is that for each candidate itemset, there are 
as many entries as its support value. 

Apriori and AprioriTid algorithms [6] are used to discover 
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association rules between items in a large database of sales 
transactions. Results reveal that these algorithms always 
outperform the earlier algorithms AIS and SETM. The study 
also emphasizes how the best features of the Apriori and 
AprioriTid can be combined into a hybrid algorithm, called 
Apriori Hybrid. Experiments reveal that Apriori Hybrid 
scales linearly with the number of transactions. The 
execution times decrease little as the number of items in the 
database increases. As the average transaction size increases, 
the execution times increase only gradually. In another study 
by Manila et al [7] the properties of association rule 
discovery in relations has been discussed. The Basic 
algorithm proposed has been based on the same basic idea of 
repeated passes over the database as in AIS algorithm [4] 
with the difference that the Basic algorithm makes careful use 
of the combinatorial information obtained from previous 
passes and in this way avoids considering many unnecessary 
sets in the process of finding the association rules. 
Experimental results of the algorithm shows improvement 
when compared against the previous results, and is also 
simple to implement. Studies on mining association rules find 
rules at single concept level, but mining association rules at 
multiple concept levels may lead to the discovery of more 
specific and concrete knowledge from data by Han[8]. In this 
study, a top-down progressive deepening method is 
developed for mining multiple level association rules from 
large transaction databases. Concept hierarchy handling, 
methods for mining flexible multiple-level association rules, 
and adaptation to difference mining requests are also 
discussed in the study. Srikant et al [9, 10] introduce the 
problem of mining generalized association rules where a 
database of transactions consists of a set of items, and 
taxonomy (is-a-hierarchy) on the items. The paper finds 
associations between items at any level of the taxonomy. The 
study replaces each transaction with an “extended 
transaction” that contains all the items in the original 
transaction as well as all the ancestors of each item in the 
original transaction. Any of the earlier algorithms are then 
run on these transactions to get generalized association rules. 
But this Basic approach has been found to be slow. It presents 
two algorithms Cumulate and EstMerge for finding 
generalized association rules. Kuok [11] proposed a method 
to handle quantitative attributes for which each attribute is 
assigned several fuzzy sets. Fuzzy sets handle numerical 
values better than existing methods because fuzzy sets soften 
the effect of sharp boundaries. The fuzzy set concept is better 
than the partition method because fuzzy sets provide a 
smooth transition between member & non-member of a set. 
The paper uses Significance and certainty factor to determine 
the satisfiability of itemsets & rules. In many real life 
applications, the related taxonomic structures may not be 
necessarily crisp, rather certain fuzzy taxonomic structures 
reflecting partial belonging of one item to another may 
pertain as by Chen [12]. For example, Carrot may be 
regarded as being both Fruit and Vegetable, but to different 
degrees. Here, a sub-item belongs to its super-item with a 
certain degree. A crisp taxonomic structure assumes that the 
child item belongs to its ancestor with degree 1. But in a 
fuzzy taxonomy; this assumption is no longer true. Different 

degrees may pertain across all nodes (item sets) of the 
structure. The study focuses on the issue of mining 
generalized association rules with fuzzy taxonomic structures. 
The study extends Apriori and Fast algorithm to allow 
discovering the relationships between data attributes upon all 
levels of fuzzy taxonomic structures. Various sub-algorithms 
have also been developed. Current data mining algorithms by 
Cristofor [13] handle databases consisting of a single table. 
This study addresses the problem of mining association rules 
in databases consisting of multiple tables and designed using 
the entity-relationship model. To address this issue the study 
introduces the notion of entity and join support and presents 
two algorithms: algorithm Apriori Join, for mining the outer 
join of a star schema tables using the knowledge of the 
schema, and algorithm Apriori Star, for directly mining the 
star schema database. A study by Chen [14] aims at dealing 
with the fuzzy association rules of the form X→Y where X 
and Y can be collections of fuzzy sets. It incorporates 
fuzziness in the exact taxonomies that reflect partial 
belongings among itemsets. A number of sub-algorithms as 
Apriori fast algorithms (GAR), an algorithm to deal with 
fuzzy taxonomies (FGAR), and An algorithm to deal with 
linguistic hedges (HFGAR) have been introduced to express 
meaningful knowledge in a more natural and abstract way.  

 

III. PROPOSED STUDY 
The Proposed study focuses on developing an algorithm 

that can find fuzzy generalized association rules for multiple 
tables which uses the existence of a hierarchical taxonomy 
(concept hierarchy) of the fuzzy data to generate different 
association rules at different levels in the taxonomy for 
databases containing multiple tables designed using ER 
Models. If traditional data mining algorithms are used to 
discover association rules in such environments (where either 
the data of the single table is used with fuzzy taxonomic 
structures and even if used from multiple tables then the 
concept of fuzzy data is not introduced) then first a join of 
entity tables and relationship table needs to be computed 
which in turn adversely affects the efficiency and cost of the 
algorithm used. It has been observed that very less work has 
been done on development of multi level fuzzy data mining 
association rules for multiple tables.  
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The fuzzy extensions that will be presented in this study 
will enable us to discover not only crisp generalized 
association rules but also fuzzy generalized association rules 
when databases consisting of several tables organized in a 
schema within the framework of fuzzy taxonomic structures. 
Strong Association rules between items of fuzzy nature 
existing in multiple tables can be calculated that will 
undoubtedly help in understanding things in broad spectrum 
An example of such a rule can be young ⇒ Meat which 
implies that customer of the age group 20-30 and 30-40 
might turn to buy Meat where the age group 30-40 partially 
belongs to Young with degree μyoung 30-40. The following 
example finds above mentioned fuzzy generalized rule. 
 

 
 

The study aims to extend the previous developed 
algorithms. The proposed algorithm Extended Apriori Star 
has been explained in next section.  

IV.  IMPLEMENTATION 
Algorithm Extended Apriori Star 

1) μxy =      (     μle)  // determine the degree to which leaf item 
belongs to its ancestor.   
                ∀l: x → y     ∀eonl 

2) forall leaf nodes LNi Є Taxonomy do 
forall interior nodes INj Є Taxonomy do 

          µ (LNi, INj) = max∀l: INj → LNi (min ∀e on l (μle) 
              insert into Transaction T’    // Extended Transaction 
set 

      values LNi, INj, µ (LNi, INj) 
 endfor          
 endfor 

3) forall foreign key f Є R do 
               f++;       endfor 

4) Set K=1; Ck = 1-Itemsets (E1, E2,…., En). 
5) K++; 
6) forall entity tables Ei (where i=1 to n) 

           forall itemsets I Є Ei 

        
 Compute Σcount // sum of all the degree that are 

associated with the transaction in T 
         If (Σcount >= (min_sup x |T|)) 
                   Compute Entity Support from Ei 
                 Compute Join support from results of step-3 

Ck = I 
                                     endif 
            endfor; 
               endfor; 
1) Frequent F = ( if c. Entity_Sup || c. join_sup  Є Ck >= 

min_sup) // c = candidates of Ck 
All Frequent AF = (c.E.entity_Sup || c.J.join_sup Є 
Ck >= min_sup) // c.E =Entity Itemset; c.J = Join Itemset 

2) Ck=apriori_gen(F, min_sup)  
3) If Ck = Ø then Exit. 
4)  forall c.E Є Ck  

        forall I Є Ei (where i=1 to n) 
    Compute Entity Support 
    compute Join Support 
        endfor; 
       endfor 

5) R * E1 * E2 * ….. * En to form join table JT. 
     forall c.J Є Ck 
           compute join support to form join table JT 
     endfor 

6) Go to step 5. 
In this phase Extended Apriori Star Algorithm is 

implemented which uses fuzzy logic for finding the fuzzy 
association rules from multiple tables. For this 
implementation the small dataset was taken from a 
supermarket for the goods that customers have purchased.  
As shown in Table 1 ancestors of the table data are added in 
Transaction table to form Transaction’ and as shown in Table 
2 and 3 ancestors are added in table Customer to form 
extended table Customer’. These ancestors are added so as to 
find multi level linguistic association rules. The min-support 
threshold was taken 40% and min-confidence was taken 60%. 
Here, we should emphasis that these thresholds are 
context-dependant, which should be defined according to the 
concrete situation. Here, by a frequent item set we mean the 
item set whose Dsupport is more than min-support threshold. 
Extended Apriori star algorithm is applied on Table 1 and 2 
and Frequent 1-itemsets are generated that are given in Table 
3. We calculate the Σcount values of the candidate itemsets 
and then find the Entity Support and Join Support of the Item 
sets that belong only from a single Entity table and calculate 
the Join support of Item sets that belong to multiple tables. 
Table 1 and Table 2 have been shown in the end of the article. 
 
 
 
 
 
 
 
 

Fig 3: Example of fuzzy taxonomic structures of Income 
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TABLE 3: FREQUENT TABLE  
Frequent Item sets Σcount Dsupport 

{Pork} 3 50% 

{Fruit} 2.4 40% 

{Vegetable} 2.6 43% 

{Vegetable dishes} 4.4 73% 

{Meat} 4.2 70% 

{Young} 1.5 50% 

{Middle} 1.3 43% 

{LIG} 1.5 50% 

 
Table 3 contains all Item Sets who’s Entity Support or Join 

Support is greater than or equal to min_sup. 

eg,    Σcount value of the Item Sets is calculated as: 
      Σcount {Fruit, Veg. Dishes} = 
          min (1, 1) +min (0.7, 0.7)   +  min (0.7, 0.7) =2.4 
According to Extended Apriori Star Algorithm, using the 

Σcount values given in the above table we now find the Entity 
Support and Join Support of the Item sets that belong only 
from a single Entity table and calculate the Join support of 
Item sets that belong to multiple tables. 

The table 4 below presents the Entity and Join Support of 
Entity Item Sets. 

TABLE 4: ENTITY SUPPORT AND JOIN SUPPORT OF ENTITY ITEM SETS 
 

      2-Item Set    Σcount      Entity 
Support 

    Join Support

{Pork, Fruit} 0.7 11% 11% 

(Pork, Vegetable} 1.3 21% 21% 

{Pork, Veg. Dishes} 1.7 28% 28% 

{Pork, Meat} 3 50% 50% 

{Fruit, Vegetable} 0.6 10% 10% 

{Fruit, Veg. Dishes} 2.4 40% 40% 

{Fruit, Meat} 1.3 21% 21% 

      {Veg. Dish} 2.6 43% 43% 

{Vegetable, Meat} 2.2 36% 36% 

{Veg. Dish, Meat} 2.9 48% 48% 

{Young, Middle} 0.5 16% 8% 

{Young, LIG} 1 33% 25% 

{Middle, LIG} 0.5 16% 8% 

 
The  frequent itemsets from the study are shown in table 5. 

The table 5 presents the Dsupport for frequent Item Sets. 
Degree of support of the frequent itemsets are calculated as: 
∑count value of {VegDishes, Meat} = 2.9 
Dsupport = 2.9/6*100 = 48.3% 

 
TABLE 5: DSUPPORT FOR FREQUENT ITEM SETS 

Frequent Item sets Dsupport 

{Young} 50% 

{Middle} 43% 

{LIG} 50% 

{Pork} 50% 

{Fruit} 40% 

{Vegetable} 43% 

{Vegetable dishes} 73% 

{Meat} 70% 

{Young, Meat} 41.6% 

{VegDishes, Meat} 48.3% 

 

V. RESULTS 
For our experiment we took a very small database of two 

tables as shown in Tables 1, 2 respectively. A join table is 
also formed on the fly during each pass of the algorithm by 
joining Customer C’ and Transaction T’ tables.  In order to 
get association rules from such fuzzy tables we need to 
calculate Degree of Support and Degree of Confidence that 
should be greater than or equal to user specified minimum 
support and minimum confidence respectively. Degree of 
support of all the frequent itemsets are calculated and are 
shown in table 5. Degree of confidence of all 2-itemsets using 
the formula given as under: 

For instance, Dconfidence (Young ⇒ Meat) = 42/50*100 
= 82.33 which is greater than 60%.  

Table 6 lists those rules discovered which satisfy the given 
thresholds min_sup= 40% and min_conf=60% , thus  
showing final results of the study. 

 
TABLE 6:  THE RULES SATISFYING MIN-SUPPORT AND MIN_CONF. 

Association Rules 

X ⇒ Y 

Dsupport 

X ⇒ Y 

Dconfidence 

X ⇒ Y 

oung ⇒ Meat 41.67% 82.33% 

Vegetable dishes ⇒ Meat 48.33% 65.91% 

Meat ⇒ Vegetable dishes 48.33% 69.05% 

 
As shown in the Table 6 rule young ⇒ Meat implies that 

customer of the age group 20-30 and 30-40 might turn to buy 
Meat where the age group 30-40 partially belongs to Young 
with degree μyoung30-40. In this example the attributes age 
and Income of the customer C’ table were first converted into 
fuzzy taxonomic structures respectively reflecting partial 
belonging of one item to another given in Figure 2 and Figure 
3 respectively.  

Here Young and Meat both belong to two different tables 
which satisfy our requirement of multiple tables. Young is a 
subclass of its super class Age which belongs to fuzzy 
taxonomic structure over the attribute Age that again satisfies 
our requirement of fuzzy data in tables. Such rules given in 
table 6 are fuzzy generalized association rules for multiple 
tables. 

 

VI. CONCLUSION 
By the Apriori algorithm crisp data can be handled for 

finding the association rules which are required for making 
the decision. With extended Apriori algorithm, which finds 
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fuzzy association rules helps to discover the related higher 
level due to the strong association rules. In extended Apriori 
Star algorithm each leaf item in taxonomic structures are 
added into the transaction set T in order to form a so-called 
extended transaction set T’. In the case of fuzzy taxonomic 
structures, T’ is generated by not only adding to T all the 
ancestors of each leaf item in fuzzy taxonomic structures, but 
also the degrees that the ancestors are supported by the 
transactions in T. The rules at high levels often reflect more 
abstract and meaningful business semantics. But it is also not 
able to handle multiple tables. The Extended Apriori Star 
algorithm, which is able to handle multiple tables, finds the 
fuzzy association rules. In the Extended Apriori Star 
algorithm, we should compute the degree between each leaf 
node and its ancestor of more than one table, while we do not 
need to do so in the classical algorithm. The second is that we 
replace count operation with ∑count operation. And the third 
is that Extended Apriori Star algorithm uses the join and 
entity supports in determining frequent item sets. By 
considering the entity support it does not eliminate from the 
result entity item sets that are frequent with respect to their 
entity table but not with respect to the relationship table and it 
also allows the computation of correct support and 
confidence for rules existing among attributes of the same 
entity table. 
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Transaction’ 

TABLE 1 TRANSACTIONS IN A SUPERMARKET DATABASE 
 

 
 
Customer’ 

TABLE 2 CUSTOMERS DATABASE IN A SUPERMARKET 
 

CustomerID CustomerName Age Income Young Middle Old LIG MIG HIG
1 Suneel 25 17500 1 0 0 0.5 0.5 0
2 Renu 42 25000 0 0.8 0.2 0 0.6 0.4
3 Rajesh 35 10000 0.5 0.5 0 1 0 0

 

TransactionNo CustomerID Apple Carrot Cabbage Pork Sausage Fruit Vegetable VegDishes Meat
100 2 1 0 0 0 0 1 0 1 0
200 3 0 1 0 0 1 0.7 0.3 0.7 0.6
300 2 0 0 1 0 1 0 1 1 0.6
400 1 0 1 0 1 0 0.7 0.3 0.7 1
500 2 0 0 0 1 0 0 0 0 1
600 1 0 0 1 1 0 0 1 1 1



<<
  /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 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /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 true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /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
    /AgencyFB-Bold
    /AgencyFB-Reg
    /Algerian
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /BaskOldFace
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BlackadderITC-Regular
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BradleyHandITC
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Castellar
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /CurlzMT
    /Dotum
    /DotumChe
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversMT
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /EstrangeloEdessa
    /FangSong_GB2312
    /FelixTitlingMT
    /FootlightMTLight
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /FZSTK--GBK1-0
    /FZYTK--GBK1-0
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Gigi-Regular
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /Gulim
    /GulimChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KaiTi_GB2312
    /Kartika
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LiSu
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /MaturaMTScriptCapitals
    /MicrosoftSansSerif
    /MicrosoftYaHei
    /MingLiU
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Gothic
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MS-UIGothic
    /MVBoli
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NSimSun
    /OCRAExtended
    /OldEnglishTextMT
    /Onyx
    /PalaceScriptMT
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Papyrus-Regular
    /Parchment-Regular
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Pristina-Regular
    /Raavi
    /RageItalic
    /Ravie
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /ShowcardGothic-Reg
    /Shruti
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /STCaiyun
    /Stencil
    /STFangsong
    /STHupo
    /STKaiti
    /STLiti
    /STSong
    /STXihei
    /STXingkai
    /STXinwei
    /STZhongsong
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /YouYuan
    /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 true
  /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 true
  /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

  /CreateJDFFile false
  /Description <<
    /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 Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


