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Abstract: A long-standing goal of Web research has been to construct a unified Web 
knowledge base. As of our technique utilizes both the visual content features on the 
result page as displayed on a browser and the HTML tag structures of the HTML source 
file of the result page. This differentiates our technique from other competing techniques 
for similar applications. Our experimental results indicate that our technique can achieve 
high extraction accuracy. In the future, we plan to utilize additional visual features (such 
as font type and color) to further reduce the reliance on HTML tag structure. Hence in 
this paper, we likely to give the template based structured data may lead to high 
performance. 
 

 

1. INTRODUCTION 
 

ecord linkage allows the assembling of information 
from different data sources. In this article, we 
present a procedure in case a one-to-one 

relationship between records in different files is expected 
but is not found only by applying the record linkage 
methodology. Our assumption was that pairs for which a 
one-to-one relationship was obtained, and a best-link was 
found with the highest combined weight would be 
considered as unequivocally matched pairs or gold-
standard and should then provide information in order to 
decide about pairs in which such a relationship could not 
be established. Record linkage is the methodology of 
finding a unified record from two or more records that are 
in different files and belong to the same entity. Record 
linkage methods can be deterministic or probabilistic or a 
combination of both. Deterministic linkage is used when 
there is a unique identifier or if variables used for 
comparison  both files. We emphasize that this paper does 
not formulate privacy preserving record linkage as done in 
private record linkage. We believe that as a general 
framework, human  
 
 
 
 
 

intervention is necessary to guide good data analysis, 
which requires that data be revealed. In fact, are error-free 
and highly discriminatory, whereas probabilistic linkage 
takes into account the uncertainty that can exist in 
comparing variables used for comparison in our innovative 
approach to protecting individual privacy focuses on 
revealing information rather than hiding it. Our approach is 
to understand the minimum information required for 
acceptable linkage and then to design protocols to reveal, 
in a secure manner, only that information. The same 
technology is used for de-duplicating one table by linking 
the table to itself and linking multiple tables for integration. 
The main difficulty in entity resolution is that data are often 
expressed differently change over time are not unique, are 
missing or are erroneous. Let us consider an example 
where social security number, first name, last name, and 
birth date are available. If we linked only on the ssn, issues 
arise from missing and erroneous numbers If linked using 
all four attributes on exact match, many true matches will 
be missed. How much of the true matches are missed with 
exact match depends on the quality and the similarity of 
the data systems. Typically, linkages across government 
administrative data systems using exact match give poor 
results. Approximate matching methods can easily identify 
50% more links than the exact methods. As a rule of 
thumb, when linking government records, exact matching 
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methods identify roughly 60 to 70 percent of the identifiable 
links using approximate matching methods .The goal of the 
different approaches to approximate record linkage is to 
identify as many of the false negatives missed using the 
strictest rule while introducing as few of the false positives 
as possible. Typically all approaches will do approximate 
matching and result in three categories: match, uncertain, 
and unmatched. The objective is to minimize the uncertain 
region, which generally requires manual review by a 
person to resolve the ambiguous links. The most difficult 
links to resolve involve twins where much of the identifying 
information is the same or very similar .similar unlinked 
records and adding in good rules to capture more of the 
false negatives. It is easy to see why manually building a 
full set of rules with small uncertainty regions is a labor 
intensive and iterative process. 
 

2. RELATED WORK 
 
The mechanism for record linkage where many attributes 
are used to determine overall record similarity. Specifically, 
we consider merging rules expressed as logical 
expressions over similarity predicates based on individual 
attributes. Such rules would be generated, for example, if a 
classifier such as a decision tree was used to train an 
overall similarity function between records using a labeled 
training set. Given a merging rule, we choose a set of 
attributes over which the similarity join is performed such 
that similar pairs can be identified with minimal cost.  
Integrating data from disparate sources requires the ability 
to identify the linkages across different datasets with no 
established common identifiers. In addition, data 
integration is made even more difficult due to diverse 
formatting standards, missing data, and erroneous data. All 
such models for approximate record linkage require careful 
management of errors that are introduced during the 
linkage process and manual resolution of ambiguous links. 
It is important that these errors are noted and passed on to 
the next phase of analytics in order to analyze the linked 
data. As shown in a variety of papers in the statistical 
literature properly accounting for linkage errors during the 
analysis of the linked data can have significant impacts on 
the accuracy of research projects using linked data.  

 
Fig.2.1 Showing the Crossed view of Record Matching 
  
The next step was to select best link defined as the linked 
pair with the highest combined weight, achieved by each 
record. There is no way to avoid this kind of mistake, but 
an erroneous link due to this source of error is unlikely In 
some cases coincidental-match problem, which relates to 
the presence of missing values in records or to the case 
where the matching variables are not highly discriminatory. 
The issue of missing information, however, is more 
serious. In this context, we would expect that a given 
record would be linked and would achieve a best-link with 
more than one record. Another possibility, less likely, 
happens when one account no in a banking domain record 
is linked to more than one organization  record, and the 
two pairs formed have the same combined weight and we 
have no way to decide which account  represented in each 
database record is more likely to be also represented by 
the given record. In both situations, ties are generated, 
were ties are matches that cannot be considered as 
definitively relating to the same domain. 

Closely related to our algorithm, especially to our label 
propagation application, are previous methods for 
retrieving and annotating geographic locations (or spatial 
landmarks). They exploit metadata and user tags to quickly 
generate a set of candidate image matches and then refine 
the results using visual features. Based on cluster 
coherence and connectivity, representative photographs 
are identified and are presented as a summary for a 
location proposed a Web-scale landmark recognition 
engine. The system automatically discovers landmarks by 
exploiting GPS-tagged photographs and travel guide 
articles. Then, a large image database is clustered into 
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potential landmarks based on local feature point matching. 
this idea such that Web-scale annotation is automatically 
performed at the level of individual objects appearing 
within images.  

3. METHODS 
 
Let us consider two databases in a banking domain. These 
days we likely do the transaction based on E-transaction, 
i.e. transaction based debit, credit or Internet banking etc, 
hence some of the record we need to share among 
different banking organizations. Sharing of some records 
based on some criteria i.e. if we consider our country India, 
based RBI guidelines may differ from country to country. 
For sharing these, we need technologically master in order 
to prevent data from unauthorized user.  

Hence, we introduced two types of algorithm to cross 
match the databases. Cross-matching the two databases: 
identifying matches because the databases were both 
quite large and shared no common identifier, we 
developed an algorithm in order to cross-match the two 
databases automatically. 

This algorithm comprised two steps:  

(1) Determination of potential links; 

(2) Identification of the real matches among these potential 
links. Potential links were composed of one record from 
each database and were determined by strict linkage 
on attributes. 

 
The detection of the matches among the potential links 
was performed using the remaining identifying variables 
i.e. attributes likely the account no. had been recorded in 
the two databases with slight differences on some fields, 
and that the discordant fields could vary from one account 
holder to another, it was not possible to achieve that task 
in a single step. For instance, we wanted matching of two 
records with different vital status to be possible. Thus, we 
proceeded iteratively, by setting up different criteria of 
agreement, each criterion involving different combinations 
of matching fields. At each iteration, unique potential links 
that fitted the criterion of interest were selected as 
matches. Unique means that each record in the potential 
link was not involved in another potential link fitting the 
same criterion. This selection of matches led to the 
elimination of all potential links that became ineligible 
because one of their constituting records has already been 
matched. As an illustration, the first criterion required 
agreement on date of all banking sectors. There may be 

many criterions out of some may be criterion was the same 
as the first one; indeed, there might be two reasons at 
each step for the remainder of potential links: the first 
being that the potential link did not fit the criterion required 
on at least one matching field; but another reason might 
also be the existence of ‗competing‘ potential links, that is, 
two potential links having one record in common, and 
fitting the criterion of interest, so that the criterion of 
uniqueness stated above was not fitted. A second pass 
through a previously applied criterion aimed at detecting 
those ‗non-unique‘ but real matches, which was then 
possible because of the prior elimination of numerous 
potential links. The algorithm overall comprised successive 
criteria. On the whole, the elaboration of successive criteria 
gave priority to the combinations of variables that had the 
strongest discriminating power.  We stopped the algorithm 
only when the discrepancies on the remaining potential 
links were too substantial to feel confident about their 
matching. 

If we consider the two databases named as ‗A‘ and 
‗B‘. Consider two relations X and Y that share a set of 
attributes R1………Rn.. Each attribute suppose  Rj   has a 
metric Mj  that defines the difference a value of  R . There 
are many ways to define the similarity metric at the 
attribute level, and domain-specific similarity measures are 
critical. We take two commonly-used metrics as examples: 
edit distance and q-gram distance.  

EDIT DISTANCE 
 
Levenshtein distance is a common measure of textual 
similarity. Formally, given two strings S1 and S2, their edit 
distance, denoted ∆e(S1, S2)  is the minimum number of 
edit operations (insertions, deletions,  and substitutions) of 
single characters that are needed to transform S1, S2. For 
instance, ∆e (―One bank‖, ―One atm‖) = 2. It is known that 
the complexity of computing the edit distance between 
strings S1 and S2 is ο|(S1X S2)|. 
Where, S1and S2 is the string length respectively. 

The relative q-gram distance between two strings S1 and 
S2 

∆q(S1, S2)  = 1-    G((S1)∩ S2)  ))| 

    G((S1)U S2)  ))| 

 

Clearly the smaller the relative q-gram distance between 
two strings is the more similar. 
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ALGORITHM FOR TWO ENTITY OF DIFFERENT 
DATABASE: 

Let us assume the values as of given to a database in 
relation to other database to determine the string concept.  

1. Input : N strings: s[1, . . . , n]. 
2. d: Dimensionality of memory space. 
3. M: Metric function on strings. 
4. Output: N corresponding objects in the new space. 
5. Variables: • Oa[1,2][1,. . . ,d]: 2 × d pivot strings. 
6. 6.coord[1,. . . ,n][1,. . . ,d]: object coordinates. Method: 

(to start) 
7. for (length= 1 to d)  
8. if(found) { 
9. (p1, p2) = ChoosePivot(h,M); // choose pivot strings 
10. Pa[1,length]= t[p1]; Pa[2,length] = s[p2]; // store them 
11. dist = GetDistance(p1, p2, length, M); 
12. if (dist == 0) { 

// set all coordinates in the length   dimension to 0 
13. for (i = 1 to n) { coord[i,length] = 0 }; 

break; 
} 
// compute coordinates of strings on this axis 

14. for (i = 1 to n)  
Else {  

15. x = GetDistance(i, p1, length, M); 
16. y = GetDistance(i, p2, length, M); 
17. coord[i,length] = (x*x + dist*dist - y*y) / (2*dist); 

} 
} 

We only use the pairs of selected strings to compute the 
cost. This value measures how well a new threshold 
differentiates the similar-string pairs from those dissimilar 
pairs. In particular, the string pairs whose new distance is 
within the database. 

4. CONCLUSION 

 In this paper the procedure to circumvent the 
‗undecided-matched pair problem‘, when a one-to-one 
relationship is expected to hold, avoiding the need to 
undergo a full clerical review before considering first 
results from the record linkage. By way of a creating, it is 
important however to note that because record linkage is 
so dependent on data quality, others should assess the 
performance characteristics of these algorithms in their 
own data prior to assuming that similar results can be 
achieved. For data sets of sufficiently high quality this 
approach, while presumably producing a lower rate of 
matching than the approach described. In this paper we 

stress on linkage of similar data rather compare to 
dissimilar data. Hence this is future most of this research 
paper. 
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