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Abstract 

This paper provides a way to deal with the presentation faults of the traditional linear file format for data sets from databases, 
especially in database clustering. A better approach called extensive data set that allow attributes of an object to have multiple 
values and it is shown how enhanced extensive data set can represent structural information in databases for clustering. 
Analyzing the problems of linear file format this extensive data set proves to be better. A unified similarity measure framework is 
proposed for single valued and multivalued attributes. 
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1. INTRODUCTION 
Clustering is the unsupervised classification of patterns (observations, data items, or feature vectors) into groups (clusters) 
an example of clustering is shown below. 

 
Figure 1: data clustering 

 
The input patterns are shown in figure 1 (a) and the desired clusters are shown in figure 1 (b). Here points belonging to 
same cluster are given in the same label. Clustering is useful in several exploratory pattern-analysis,grouping,decision-
making and machine-learning situations including data mining,document retrieval,image segmentation and pattern 
classification.The stages in clustering are shown in the below figure(2). 
 

 
Figure 2: stages in clustering 

 
Data mining tools and data analysis tools such as statistical analysis tools, clustering tools, and inductive learning tools 
assume that data sets to be analyzed are represented as a table in which an object is portrait by attributes that have a 
single value. Many of these data analysis approaches are applied to data sets that have been taken from databases. 
However a database may consists of many relations or related data sets and the cardinality ratio of relations between 
datasets in such a database  are  frequently 1:k or k:L which leads to problems when data that is taken from database have 
represented in to a linear file in order to apply analysis tools and mining tools. Linear file format is not appropriate for 
representing similar information that is found in databases. For instance, if we have a relational database as in table1 and 
table2 that consists of customer and purchase relations that save data of a customer purchase and we list customer that 
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occur in the database in to many groups that have same characteristics.It is evident that the attributes found in the 
customer relation alone are not enough, because many important features of customer are found in other related relations 
such as the purchase relation that save the purchase history for persons. This emerges the question how the customer and 
purchase table can be joined in to an individual single linear file so that old clustering or machine learning algorithm can 
be applied to it. 
 

Table 1: customer details 
 
 
 
 
 
  
 
 
 

Table 2: purchase details 
pan no: Place Payment Date Amount 
123 Visakhapatna

m 
Cash 1/6/13 500 

123 Hyderabad Credit 10/7/13 80 
123 Nellore Check 11/7/13 100 
456 Visakhapatna

m 
Cash 19/8/13 400 

456 Anakapally Credit 20/8/13 200 
789 Anakapally Credit 5/9/13 50 
101 Vizianagaram Cash 8/9/13 25 

 
 

Table 3: combined result 
 
 
 
 
 
 
 
 
 
 
 
           
 
 
 Some systems like ribeiro95 [1] and Thompson 91[5] tried to identify knowledge directly from domains which are 
structured. In order to generate a linear file the most straight forward approach is to join related tables. The combined 
result table depicts the results of the natural join operation for the two relations in purchase and customer tables. Using 
the pan card number as the join attribute the object Vijay in the customer relation is represented using two different tuples 
in the combined table. The issue with this representation is that several clustering algorithms or machine learning tools 
would consider each tuple as a different object i.e., they would depict the table of 8 customer objects rather than 4 unique 
customer objects. So, therefore this representation between a structured database and linear file format assumed by many 
data analysis ways seems to be overloaded. This paper introduces a datamining framework and a knowledge discovery to 
deal with this drawback of the old linear file representations and we finally focus on the issues of structured database 
clustering and discovery of a set of queries that describe the features of objects in each cluster. 
 
2. EXTENSIVE DATASETS 
Considering the problem mentioned in the above section has drove to a better representation procedure that is needed to 
represent information for objects that are co-related with other objects. One easy procedure to deal with this issue is to 

pan no: Name Age Gender 
 123 Ajay 21 Male 
456 Vijay 22 Male 
789 Arun 23 Male 
101 Varun 24 Male 
102 Swathi 25 Female 
103 Swetha 25 Female 

Name Age Gender Payment Amount Place 
Ajay 21 Male Cash 500 Visakhapatna

m 
Ajay 21 Male Credit 80 Hyderabad 
Ajay 21 Male Check 100 Nellore 
Vijay 22 Male Cash 400 Visakhapatna

m 
Vijay 22 Male Credit 200 Anakapally 
Arun 23 Male Credit 50 Anakapally 
Varun 24 Male Cash 25 Vizianagaram 
Varun 24 Male Credit 50 Visakhapatna

m 
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join all the related objects into a single object by applying aggregate operations i.e., to group all the related objects.to 
replace related values by a single value for the object. The issue with this approach is that the user has to make decisions 
as to which aggregate function to use before only and another issue by applying the aggregate function frequently 
important information is lost. For example how many purchases a customer has made or what the maximum purchase of 
a customer was. Clustering which is a data analysis technique can benefit significantly considering group similarities and 
set. 
We introduce another technique that allows attributes to be multivalued for an object to deal with this issue. So we 
mentioned this generalization of the linear file format as extensive dataset. In this extensive dataset characterization of 
objects are done through attributes that have single value or basket of values. A basket allows for duplicate elements but 
set does not provide duplication. The value elements must be in the same domain incase of duplicates 
Let us see an example the basket {100,100,400,400,200} for amount attribute might signify five purchases 
100,100,200,400,400 rupees by a person.Table4 depicts extensive data sets that has been built from the two relations 
mentioned in the table3. In this table4 p.type, p.amount and p.place which are related attributes and are also called 
structured attributes and can have set of values. The related object group is mixed in to unique object with a set of values 
for similar attributes. We represent set of values {500, 80,200} i.e., we use curly bracket and also null to resemble empty 
sets and we just give its element, if the set has a single value. 
 

Table 4: A transformed table with a basket of attributes 

                                                      
Our approach to discover useful set of queries through clustering databases faces the below problems. 

 How to identify a set of queries that explain the features of objects in each cluster. 
 How to use datamining techniques to cope up with multi-valued attributes. 

Most similarity- based clustering algorithms which are existed fail to deal with this dataset representation because 
similarity metrics deal with an object with a single-value for an attribute but not a set of values. So, we need an approach 
to measure group similarity for clustering and identify useful set of queries for each cluster. 
 
3. GROUP SIMILARITY MEASURES 
We introduce existing similarity measures based on qualitative type, quantitative type and categorize types of attributes 
into these types and generalize those to cope with effective datasets with mixed types 
 

3.1 Quantitative type 
One way to measure inter-group distance is to substitute group means for the mth attribute of an object in the formulae for 
inter-object measures such as Euclidean distance (Everitt 93). The problem with this approach is that it does not consider 
cardinality of quantitative elements in a group. Another approach called group average can be used to measure inter-
group similarity. The group similarity is measured by taking the average of all the inter-object measure for those pair of 
objects. Here each pair of objects is in different groups. 
 
The average dissimilarity between group X and Y can be defined as: 
                                                                                              n 
                                                      d(X,Y) =   d(x, y)m     n ,           
                                                                                           m1 
Where n is the total number of object pairs, d(X,Y)m is the dissimilarity measure for the mth pair of objects x and 
y,xϵx,yϵy. Here average for every pair of similarity or the average for a subset of pairs of similarity is considered for 
computing group similarity based on group average. Let us see an example, suppose we have a pair of value set :{ 40, 10} 
:{ 8, 30} and use city block measure as a distant function. One way to compute group average from corresponding pair of 
distance(│10-8│+│40-30│)/2 after sorting each value set and the other way is to compute from every possible pairs 
(│40-8│+│40-30│+│10-8│+│10-30│)/4. For example the total difference of every possible pair for value sets {2, 5} 
and {6, 3} is 8 and the sorted individual value difference for the same set {2, 5} and {3, 6} is 2. From this example 
computing similarity after sorting the value sets may result in better similarity index between multi-valued objects. This 
approach considers both quantitative variance and cardinality of element in a group in computing similarity between to 
group of values. 
 

Name Age p.type Gender p.place p.amount 
Ajay 21 {cash,credit,check} Male {Visakhapatnam,Hyderabad,Nellore

} 
{500,80,100} 

Vijay 22 {cash,credit} Male {Visakhapatnam,anakapally} {400,200} 
Arun 23 Credit Male Anakapally 50 
Varun 24 {cash,credit} Male {vizianagaram,Visakhapatnam} {25,50} 
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3.2 Qualitative type 
Tversky (1977) model [6] such as ratio model and contrast model proposed set-theoretical similarity models. Tversky 
considers objects as set of features instead of geometric points in a metric space. For example let x and y be two objects 
and X and Y denote the set of features associated with the objects x and y respectively. Tversky contrast model proposed 
the following family of similarity measures. 
                                     S(x, y) =θf (X∩Y)- αf(X-Y)-βf(Y-X), 
For some θ, α, β≥0; f is usually the cardinality of the set. Here in contrast model, the similarity of a pair of objects is 
expressed as a linear combination of the measure of the common and the distinctive features. This model shows 
similarities between objects as a weighted difference of the measure. The ratio model shows the family of similarity 
measures 
                                     S(x, y) =f (X∩Y)/[(X∩Y)+αf(X-Y)+βf(Y-X)] 
Here the similarity value is normalized to a value range of 0 and 1 for the qualitative type of multivalued case. Also α, 
β≥0. Similarity can be used since we deal this case as an attribute for an object and having group feature property 
(example: set of values). 
  
4. A UNIFIED SIMILARITY MEASURE 
Gower (1971) [8] proposed a similarity measure and is particularly useful for such data sets that contain a variety of 
attribute types.It is defined as follows 

          M         M 
S(a,b) =  wi
si (ai , bi ) /  wi 

         i 1        i 1 
  
  

The normalized similarity index in the range 0 and 1 is shown by s(ai ,bi) and is measured by the function si  for ith 
attribute and wi as weight for the ith attribute between objects a and b.    
Extending Gower’s similarity function to measure similarity for extensive data sets with mixed-types. Gower’s function 
consists of two sub functions, similarity for q number of quantitative attributes and similarity for l number of 
qualitative attributes. The extensive similarity measure is represented as follows: 

 
                                       
                                                

 
Where m = l + q. The functions, sl(a,b) and sq(a,b) are similarity functions for qualitative attributes and quantitative 
attributes respectively. User makes the choice of specific similarity measures and proper weights based on attribute types 
and applications for each similarity measure. For example, we can use the Tversky’s set similarity measure for the l number 
of qualitative attributes for the similarity function, sl(a,b). We can use the group similarity function for the q number of 
quantitative attributes for the similarity function, sq(a,b). The quantitative type of multi-valued objects has additional 
property, group feature property including cardinality information as well as quantitative property. Therefore, sq(a,b) may 
consist of two sub-functions to measure group features and group quantity, sq(a,b) = sl(a,b) + sg(a,b), where the functions 
sl(a,b) and sg(a,b) can be Tversky’s set similarity and group average similarity functions respectively. The main objective of 
using Tversky’s set similarity here is to give more weights to the common features for a pair of objects. 
 
 
5. DATABASE CLUSTERING ARCHITECTURE 
The unified similarity measure requires basic information such as attribute type (i.e., qualitative or quantitative type), 
range values and weight of quantitative attributes before it can be applied. Figure 3 shows the architecture of a database 
clustering environment we are presently developing. 
 

 
Figure 3: Architecture of a Database Clustering Environment 

           L                         Q          L       Q 
S(a,b) = [  wi sl (ai , bi )  w j s q (a j , b j )]/(  wi  w j ) , 

        i 1                        j 1          i 1       j 1 
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Extensive data set is generated database extraction tool from a database based on requirements of the user. The similarity 
measure tool assists the user in building a similarity measure that is appropriate for user application. Depending on a library 
of similarity measures, it interactively guides the user through the construction process, inquiring information about types, 
weights, and other characteristics of attributes, offering alternatives and choices to the user, if more than one similarity 
measure seems to be appropriate. Default assumptions are made and default choices are provided, and occasionally 
necessary information is taken from the database if the user cannot provide suitable information. Clustering algorithm is 
applied on extensive dataset and similarity measure which are inputs for clustering tool. Clustering algorithm such as 
Nearest-neighbor (Everitt93) [7] chosen by the user to the extensive data set. MASSON (Ryu96a)[2] returns a set of 
discovered queries that describe the common values for the set of objects in the given cluster by taking objects with only 
object-IDs from each cluster. MASSON is a query discovery system that uses database queries as a rule representation 
language (Ryu96b)[3]. MASSON discovers a set of queries that describes only the given set of objects in a cluster not any 
other objects in other cluster in structured databases (Ryu98)[4] using genetic programming (Koza90)[9]. 
 
6. CONCLUSION 
In this paper, we examined the issue of generating single linear file format to represent data sets that have been retrieved 
from structured databases, and shown its representational unseemliness to represent relevant information, that has been 
frequently unnoticed by recent data mining research. To conquer these difficulties, we introduced a better representation 
scheme, called extensive data set, which allows attributes of an object to have a basket of values, and deliberate how 
existing similarity measures for single-valued attributes could be induce to measure group similarity for extensive data 
sets in clustering. We also dealt extensive data sets with mixed types by introducing a unified framework for similarity 
measures. Finally MASSON a query discovery system can discover useful characteristic information for a set of objects 
that belong to a cluster from the database which is ready with the clusters with similar properties. 
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