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Abstract
In a Network database scenario, most state-of-the-art evidence 
identical methods such as SVM, OSVM, PEBL, and Christen 
are efficient in IR systems. But such methods require huge 
training data sets for pre learning. Earlier to address this problem 
Unsupervised Duplicate Detection (UDD) a inquiry-dependent 
evidence identical method was developed. For a given inquiry, 
it can effectively identify duplicates from the inquiry results of 
various Network databases. Non duplicate evidences from the 
same source can be used as training examples. Starting from a non 
duplicate set, UDD uses two cooperating classifiers, a weighted 
component similarity summing classifier and an SVM classifier 
that iteratively identifies duplicates in the inquiry results from 
various Network databases. For String Similarity calculation UDD 
uses any kind of similarity calculation method. We propose to 
use a faster better string similarity calculation (Sim String using 
SWIG) for optimizing the performance of UDD. 
Evidence identical is an essential step in duplicate detection 
as it identifies evidences representing same real-world entity. 
Supervised evidence identical methods require users to provide 
training data and therefore cannot be applied for network databases 
where inquiry results are generated on-the-fly. To overcome the 
problem, a new evidence identical method named Unsupervised 
Duplicate Elimination (UDE) is proposed for identifying and 
eliminating duplicates among evidences in dynamic inquiry results. 
The idea of this paper is to adjust the weights of evidence fields in 
calculating similarities among evidences. Two classifiers namely 
weight component similarity summing classifier, support vector 
machine classifier are iteratively employed with UDE where the 
first classifier utilizes the weights set to match evidences from 
different data sources. With the matched evidences as positive 
dataset and non duplicate evidences as negative set, the second 
classifier identifies new duplicates. Then, a new methodology to 
automatically interpret and cluster knowledge documents using 
an ontology schema is presented. Moreover, a fuzzy logic control 
approach is used to match suitable document cluster(s) for given 
patents based on their derived ontological semantic networks. 
Thus, this paper takes advantage of similarity among evidences 
from network databases and solves the online duplicate detection 
problem.
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I. Introduction
The data in the network databases are often redundant i.e., the 
evidences in one database can also be found in other databases. 
The crucial task in network database is to identify the duplicate 
evidences by analyzing and identical evidences from different 
data sources. 
Evidence identical can be done by supervised learning where 
training dataset is required beforehand. In the network databases, 
the result evidences are obtained through online queries. They are 

inquiry dependant and thus, supervised learning is inappropriate. 
The representative training set in supervised learning cannot be 
applicable for the network results that are generated on-the-
fly. For each new inquiry, depending on the results returned, 
the field weights should probably change too, which makes 
supervised-learning based methods even less applicable. Hence, 
we define a unsupervised technique named Unsupervised 
Duplicate Elimination (UDE) which uses three classifiers for 
evidence identical and duplicate detection. This eliminates the 
user preference problem in supervised learning. In this paper, by 
employing three classifiers that collaborate in an iterative manner, 
UDD identifies duplicates based on the dissimilarity among these 
evidences, field’s weight is set and evidence identical is done by the 
first classifier. These results i.e., the matched evidences form the 
duplicate or positive set. The second classifier uses both duplicate 
and the non-duplicate sets to identify the duplicate evidence pairs. 
Then, the third classifier considers either of the two datasets to 
further detect the duplicates. The iteration is stopped only when 
no further duplicates can be detected.
In the field of patent knowledge management, patent clustering 
plays a critical role to help define future research and development 
directions. However, current research on patent clustering depends 
on statistical methodologies documents for clustering. With the 
support of these two techniques, a deeper knowledge of a patent’s 
meaning can be derived and the similarity among patents can be 
reliably defined. Evidence identical can be done by supervised 
learning where training dataset is required beforehand. In the 
network databases, the result evidences are obtained through online 
queries. They are inquiry dependant and thus, supervised learning 
is inappropriate. The representative training set in supervised 
learning cannot be applicable for the network results that are 
generated on-the-fly. Hence, we define a unsupervised technique 
named Unsupervised Duplicate Elimination (UDE) which uses 
three classifiers for evidence identical and duplicate detection. This 
eliminates the user preference problem in supervised learning. 
The UDE method is based on adjusting the weights set for the 
evidences fields. It does not employ any labeled training examples. 
The evidence identical is initiated by forming a universal data 
containing evidence pairs from different data sources. This dataset 
with no redundancy is considered as negative set. Based on the 
dissimilarity among these evidences, field’s weight is set and 
evidence identical is done by the first classifier. 
Data mining tasks usually work on large data where the sources 
of data are from different sources. Despite the fact that evidences 
are not bit wise identical, they are strikingly similar. Network 
databases constitute an enormous repository of searchable data 
on an extremely diverse collection of subjects, useful to a wide 
range of Database Applications. The data in the network databases 
are often redundant i.e., the evidences in one database can also 
be found in other databases. The crucial task in network database 
is to identify the duplicate evidences by analyzing and identical 
evidences from different data sources. 
The representative training set in supervised learning cannot be 
applicable for the network results that are generated on-the-fly. 
For each new inquiry, depending on the results returned, the field 
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weights should probably change too, which makes supervised-
learning based methods even less applicable. Hence, we use a 
unsupervised technique named Unsupervised Duplicate Detection 
(UDD) which uses two classifiers for evidence identical and 
duplicate detection. This eliminates the user preference problem 
in supervised learning. In this paper, by employing two classifiers 
that collaborate in an iterative manner, UDD identifies duplicates 
based on the dissimilarity among these evidences, field‘s weight 
is set and evidence identical is done by the first classifier. 

II. Correlated Works
 In supervised learning, a number of labeled examples are usually 
required for training an initial predictor which is in turn used for 
exploiting the unlabeled examples. However, in many real-world 
applications there may exist very few labeled training examples, 
which makes the predictor difficult to generate, and therefore these 
supervised learning methods cannot be applied. 
In Unsupervised learning the users are not required to provide 
training data. Thus for real time applications for example in this 
case to solve the problem of evidence identical from various 
network databases unsupervised learning methods are applicable. 
There are various algorithms for evidence identical. Some 
of them are supervised models which are based upon training 
data, DEPLHI technique to eliminate fuzzy duplicates, methods 
using classifiers, approach using a weak classifier, Mapping – 
Convergence method. The other technologies involved in evidence 
identical are unsupervised method where training data is not 
required. Negative training set, Positive training set, negative 
and positive training set can be provided as training data. In many 
machine learning we can understand that positive examples are 
difficult to collect while negative examples are abundant. This 
can be used in a network database scenario where the identical 
results depends could be inquiry dependant. Similarity calculation 
among evidences and the proper selection of similarity function is 
an prominent part. The algorithms are run on various datasets and 
the performance is analysed. UDD approach performs evidence 
identical suitable for a network-database scenario. Though it has 
the advantage of utilizing dynamic allocation of weights to fields, 
the size of inquiry result evidences, determines the time consumed 
by SVM classifier.

A. First Problem Definition
Our focus is to find the identical status among the evidences and 
to retain the non duplicate evidences. Then, the goal is to cluster 
the matched evidences document clustering.

B. Element Identification
Supervised learning methods use only some of the fields in a 
evidence for identification. This is the reason for inquiry results 
obtained using supervised learning to contain duplicate evidences. 
Unsupervised Duplicate Elimination (UDE) does not suffer from 
these types of user reference problems. A preprocessing step called 
exact identical is used for identical relevant evidences. It requires 
the data format of the evidences to be the same. So, the exact 
identical method is applicable only for the evidences from the 
same data source. Element identification thus merges the evidences 
that are exactly the same in relevant identical fields.
In supervised learning, a number of labelled examples are usually 
required for training an initial predictor which is in turn used for 
exploiting the unlabeled examples. However, in many real-world 
applications there may exist very few labelled training examples, 
which makes the predictor difficult to generate, and therefore these 

supervised learning methods cannot be applied. In Unsupervised 
learning the users are not required to provide training data. Thus 
for real time applications for example in this case to solve the 
problem of evidence identical from various network databases 
unsupervised learning methods are applicable. There are various 
algorithms for evidence identical. Some of them are supervised 
models which are based upon training data, DEPLHI technique 
to eliminate fuzzy duplicates, methods using classifiers, approach 
using a weak classifier, Mapping Convergence method. The other 
technologies involved in evidence identical are unsupervised 
method where training data is not required. Negative training 
set, Positive training set, negative and positive training set can 
be provided as training data. In many machine learning we can 
understand that positive examples are difficult to collect while 
negative examples are abundant. This can be used in a network 
database scenario where the identical results depends could be 
inquiry dependant. Similarity calculation among evidences and 
the proper selection of similarity function is an prominent part. 
The algorithms are run on various datasets and the performance 
is analysed. Our approach i.e., UDD approach performs evidence 
identical suitable for a network-database scenario.

III. Existing System
Designing a system that helps users integrate and, more importantly, 
compare the inquiry results returned from various Network 
databases, a crucial task is to match the different sources’ evidences 
that refer to the same real-world entity. For example, shows 
some of the inquiry results returned by two online bookstores, 
booksamillion.com and abebooks.com, in response to the same 
inquiry “Harry Potter” over the Title field. Before comparing the 
results (evidences) we have to find the decision making attributes 
means weights of the attributes. Upto now for this comparison we 
are majorly depending upon the evidence identical methods which 
are supervised, which requires the user to provide training data. 
This works is based on predefined identical rules hand-coded by 
domain experts or identical rules learned offline by some learning 
method from a set of training examples. Such approaches work 
well in a traditional database environment, where all instances of 
the target databases can be readily accessed, as long as a set of 
high-quality representative evidences can be examined by experts 
or selected for the user to label.

A. Disadvantages
The main challenging of this system is to reduce the duplicate 1. 
evidences from different urls.
Existing evidence identical methods are supervised, which 2. 
requires the user to provide training data. Which are not 
applicable for the Network database scenario, where the 
evidences to match are inquiry results dynamically generated 
on the-fly.
Most existing work requires human-labelled training data 3. 
(positive, negative, or both), which places a heavy burden 
on users.
Network database evidences (results) are inquiry-dependent 4. 
so a pre-learned (supervised) method using training examples 
from previous inquiry results may fail on the results of a 
new inquiry.

IV. Proposed System
In proposed system, For String Similarity calculation UDD uses any 
kind of similarity calculation method to perform above sequence 
of steps. Sim String is a simple library for fast approximate string 
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retrieval. Approximate string retrieval finds strings in a database 
whose similarity with a inquiry string is no smaller than a threshold. 
Finding not only identical but similar strings, approximate string 
retrieval has various applications including spelling correction, 
flexible dictionary identical, duplicate detection, and evidence 
linkage.
Supervised learning methods use only some of the fields in a 
evidence for identification. This is the reason for inquiry results 
obtained using supervised learning to contain duplicate Evidences. 
Unsupervised Duplicate Detection (UDd) does not suffer from 
these types of user reference problems. The exact identical method 
is applicable only for the evidences from the same data source. 
Element identification thus merges the evidences that are exactly 
the same in relevant identical fields.. We use similarity vector to 
represent a pair of evidences. The simplest full-text approach is 
to adapt methods originally developed for search engines, for 
example, vector-space model, which treats a document as bag-
of-words, with term weights.
In the Network database scenario, the evidences to match are highly 
inquiry-dependent, since they can only be obtained through online 
queries. Moreover, they are only a partial and biased portion of 
all the data in the source Network databases. Consequently, hand-
coding or offline-learning approaches (supervised techniques) 
are not appropriate for two reasons. First, the full data set is not 
available beforehand, and therefore, good representative data for 
training are hard to obtain. Second, and most importantly, even if 
good representative data are found and labelled for learning, the 
rules learned on the representatives of a full data set may not work 
well on a partial and biased part of that data set. To illustrate this 
problem, consider a inquiry for books of a specific author, such 
as “J. K. Rowling.” Depending on how the Network databases 
process such a inquiry, all the result evidences for this inquiry may 
well have only “J. K. Rowling” as the value for the Author field. 
In this case, the Author field of these evidences is ineffective for 
distinguishing the evidences that should be matched and those that 
should not. To reduce the influence of such fields in determining 
which evidences should match, their weighting should be adjusted 
to be much lower than the weighting of other fields or even be 
zero. Moreover, for each new inquiry, depending on the results 
returned, the field weights should probably change too, which is 
not possible in the supervised-learning based methods.

A. Advantages
In this paper, By using the unsupervised methods we are overcoming 
the training data problems which are not applicable for Network 
database scenario.

We propose a new evidence identical method Unsupervised • 
Duplicate Detection (UDD) for the specific evidence identical 
problem of identifying duplicates among evidences in inquiry 
results from various Network databases.
Two classifiers, WCSS and SVM, are used cooperatively in • 
the used in evidence identical to identify the duplicate pairs 
from all potential duplicate pairs iteratively.
Experimental results show that our approach have high • 
performance then previous work that requires training 
examples.

1. Architecture

Fig. 1: System Architecture

V. Modules Description
Get the evidences from various networkdatabases• 
Identifying the similarity function• 
Unsupervised Duplicate Detection• 

A. Get the Evidences from Various Network Databases
In this project our focus is on getting evidences from various 
network databases of the same domain, i.e., network databases 
that provide the same type of evidences in response to user 
queries. Suppose there are s evidences in data source A and there 
are t evidences in data source B, with each evidence having a 
set of fields/attributes. Each of the t evidences in data source B 
can potentially be a duplicate of each of the s evidences in data 
source 

Fig. 2:

B. Identifying the Similarity Function
Network database scenario, the evidences to match are highly 
inquiry-dependent, since they can only be obtained through online 
queries. Consequently, hand-coding or offline-learning approaches 
are not applicable for network database scenario. In this paper, to 
identify the similarity between the evidences we have to assign 
a weight to the evidence contained attributes. Depending upon 
the attribute weights only we will find the similarity and we will 
determine the duplicates.
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Fig. 3:

C. Unsupervised Duplicate Detection
Important aspect of duplicate detection is to reduce the number of 
evidence pair comparisons. Several methods have been proposed 
for this purpose including standard blocking, sorted neighbourhood 
method, Bigram Indexing, and evidence clustering. Even though 
these methods differ in how to partition the data set into blocks, 
they all considerably reduce the number of comparisons by only 
comparing evidences from the same block. Since any of these 
methods can be incorporated into UDD to reduce the number 
of evidence pair comparisons, we do not further consider this 
issue.

Fig. 4:

VI. Duplicate detection in UDD

A. Problem Definition
Our focus is on Network databases from the same domain, i.e., 
Network databases that provide the same type of evidences in 
response to user queries. Suppose there are s evidences in data 
source A and there are t evidences in data source B, with each 
evidence having a set of fields/attributes. Each of the t evidences 
in data source B can potentially be a duplicate of each of the s 
evidences in data source A. The goal of duplicate detection is to 
determine the identical status, i.e., duplicate or no duplicate,

B. Similarity Calculation
The similarity calculation quantifies the similarity between a pair 
of evidence fields. As the inquiry results to match are extracted 
from HTML pages, namely, text files, we only consider string 
similarity. Given a pair of strings a similarity function calculates 
the similarity score between SA and Sib, which must be between 0 
and 1. Supervised learning methods use only some of the fields in 
a evidence for identification. This is the reason for inquiry results 
obtained using supervised learning to contain duplicate evidences. 
Unsupervised Duplicate Elimination (UDE) does not suffer from 
these types of user reference problems. The exact identical method 
is applicable only for the evidences from the same data source. 
Element identification thus merges the evidences that are exactly 
the same in relevant identical fields. 
In the expandable hierarchical tree format, the user has the freedom 
to expand only the node of interest and leave the rest in a collapsed 
state. If necessary, the entire tree can be expanded to get the 
complete knowledge base. This type of format can be used only 
when there are a large number of hierarchical relationships. 

1. Unsupervised Duplicate Elimination
UDE employs a similarity function to find field similarity. We use 
similarity vector to represent a pair of evidences.

Input
Potential duplicate vector set P• 
Non-duplicate vector set N• 

Output
Duplicate vector set D
C1: a classification algorithm with adjustable parameters W that 
identifies duplicate vector pairs from P
C2: a supervised classifier, SVM

Algorithm

Fig. 5: UDE Algorithm

The similarity vector Vi is denoted as 1(i.e. Vi=1) if the ith fields 
of the two evidences in the evidence pair are equal. If the ith fields 
of the two evidences are different, the similarity vector, Vi=0.
Initially, two vector sets namely non duplicate vector set N and 



IJCST Vol. 3, ISSue 4, oCT - DeC 2012  ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m 622   InternatIonal Journal of Computer SCIenCe and teChnology

potential duplicate vector set P are built. UDE classifies the result 
data into two Sets. The similarity vector set formed by duplicate 
evidence pairs is referred as duplicate vector set or positive set. 
The similarity vector set formed by non duplicate evidence pairs 
is referred to as non duplicate vector set or negative set.
The two classifiers C1 and C2 in the above algorithm refer to 
Weighted Component Similarity Summing (WCSS) classifier and 
Support Vector Machine (SVM) classifier respectively [3]. These 
two classifiers are iteratively used. Then, One-class SVM (OSVM) 
is employed to the result dataset. The assumptions that are used 
in UDE algorithm are
The weights used are adjusted dynamically.

A similarity function is implemented.• 
Wrapper generation is done for extracting the result and • 
inserting them into relational database according to the global 
schema.
A global schema is defined.• 
The evidences from the same data source have the same • 
format.

Database schema identical is very essential step in data integration. 
It is the process of finding mappings between attributes of two 
schemas that semantically correspond to each other [6]. In UDE, 
a global schema for specific type of evidences is predefined and 
each database’s individual inquiry result schema has been matched 
to the global schema

(i). Weight Component Similarity Summing Classifier
This classifier is used to identify some duplicate vectors when 
there are no positive examples available. An intuitive method 
to identify duplicate vectors is to assume that two evidences are 
same if most of the fields under consideration are similar. If the 
corresponding fields of the two evidences are dissimilar, then the 
two evidences are assumed to be non duplicates [1]. The similarity 
between two evidences will be in (0, 1).The similarity between 
two duplicate evidences should be close to 1.The similarity for 
two non duplicate evidences should be close to 0.The similarity 
threshold should be calculated for all the evidences [4]. The sum 
of all component weights is equal to 1. The weight is assigned 
such a way to indicate the importance of the component fields. 
The component similarity value is given as

Where pi is the accumulated ith component similarity value for 
all duplicate vectors in D.

(ii). Support Vector Machine Classifier
The second classifier used in UDE should be insensitive to the 
relative size of the positive and negative examples because the 
size of the negative examples is usually much bigger than the size 
of the positive examples

B. UDD Algorithm Overview
An intuitive solution to this problem is that we can learn a classifier 
from N and use the learned classifier to classify P. Although 
there are several works based on learning from only positive (or 
negative) examples, to our knowledge all works in the literature 
assume that the positive (or negative) examples are all correct. 
However, N may contain a small

C. C1—Weighted Component Similarity Summing (WCSS) 
Classifier
In our algorithm, classifier C1 plays a vital role. At the beginning, 

it is used to identify some duplicate vectors when there are no 
positive examples available. Then, after iteration begins, it is used 
again to cooperate with C2 to identify new duplicate vectors. 
Because no duplicate vectors are available initially, classifiers 
that need class information to train, such as decision tree cannot 
be used. An intuitive method to identify duplicate vectors is to 
assume that two evidences are duplicates if most of their fields 
that are under consideration are similar, such as the evidence 
numbered 3 in fig. 1(a) and the third evidence in fig. 1(b). On the 
other hand, if all corresponding fields of the two evidences are 
dissimilar, it is unlikely that the two evidences are duplicates. 
To evaluate the similarity between two evidences, we combine 
the values of each component in the similarity vector for the two 
evidences. different fields may have different importance when 
we decide whether two evidences are duplicates. 
We propose a method that identifies duplicate vectors in P 
iteratively, in a way similar to [8] and [36]. However, different 
from these two works, in which only one classifier is used during 
the iterations, we employ two classifiers in each iteration that 
cooperate to identify duplicate vectors from P. Two classifiers 
are used since we believe that, if there is only one classifier, it 
is possible that the identified positive instances are not effective 
enough to retrain the classifier to get a more accurate hypothesis, 
the other classifier. The overall UDD algorithm is presented in 
fig. 2. 

   (1)
Where

The similarity Simðr1; r2Þ between evidences r1 and r2 will be in 
[0,1] according to the above definition

1. Component Weight Assignment
In the WCSS classifier, we assign a weight to a component to 
indicate the importance of its corresponding field under the 
condition that the sum of all component weights is equal to 1. 
The component weight assignment algorithm is shown in fig. 4. 
The intuition for the weight assignment includes: 1. Duplicate 
intuition: 

Fig. 6: Component Weight Assignment Algorithm
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     (2)
and 

    (3)
In which pi is the accumulated ith component similarity value for 
all duplicate vectors in D (lines 5 and 6) and wide is the normalized 
weight for the ith component (lines 7 and 8). For each component, 
if it usually has a large similarity value in the duplicate vectors, 
pi will be large according to (2) and, in turn, a large weight will 
be assigned for the ith component according to (3). On the other 
hand, the component will be assigned a small weight if it usually 
has a small similarity value in the duplicate vectors. According to 
the no duplicate intuition, we use the following weight assignment 
system considering all no duplicate vectors in N:

    (4)
and

    (5)
 As more duplicate vectors are discovered, we increase the value 
of a. We initially set a to be 0.5 at the 2nd iteration to indicate 
that D and N are equally important and incrementally add 0.1 for 
each of the subsequent iterations.

   (6)

VII. Performance
Existing UDD approach performs evidence identical suitable 
for a network-database scenario. Though it has the advantage 
of utilizing dynamic allocation of weights to fields, the size of 
inquiry result evidences, determines the time consumed by SVM 
classifier. 

Fig. 6: Duplicate Detection and Elimination Architecture

In proposed approach, UDD uses any kind of similarity 
calculation method. We propose to use a faster better string 
similarity calculation (Sim String using SWIG) for optimizing 
the performance of UDD. Sim String is a Fast algorithm for 
approximate string retrieval. 100% exact retrieval. Although 
some algorithms allow misses (false positives) for faster inquiry 
response, Sim String is guaranteed to achieve 100% correct 
retrieval with fast inquiry response. 

VIII. Conclusion
Duplicate detection is an important step in data integration and most 
state-of-the-art methods are based on offline learning techniques, 
which require training data. In the Network database scenario, 
where evidences to match are greatly inquiry-dependent, a retrained 
approach is not applicable as the set of evidences in each inquiry’s 
results is a biased subset of the full data set. The essential steps 
in data integration are evidence identical, duplicate detection and 
clustering. An unsupervised online approach called Unsupervised 
Duplicate Elimination (UDE) is presented which uses two 
classifiers namely WCSS, SVM to find the duplicate evidences. 
UDE does not require any pre-labeled training examples. It is 
well suited for online evidence identical. A phrase can represent 
many meanings, and many different phrases can represent the 
same meanings. In this correspondence, we analyze the grammar 
of the sentences and derive the ontology of documents. Then, the 
relationships between documents are inferred, and the document 
similarities and differences are compared. 
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