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Abstract
Measuring the semantic similarity between words is an important 
component in various tasks on the web such as relation extraction, 
community mining, document clustering, and automatic metadata 
extraction .Despite the usefulness of semantic similarity measures 
in these applications, accurately measuring semantic similarity 
between two words (or entities) remains a challenging task. Page 
counts and snippets are two useful information sources provided 
by most web search engines. Using page counts alone as a measure 
of co-occurrence of two words and using snippets alone to measure 
semantic similarity presents several drawbacks. An empirical 
method is proposed to estimate semantic similarity using page 
counts and text snippets retrieved from a web search engine for 
two words. Specifically, we define various word co-occurrence 
measures using page counts and integrate those with lexical patterns 
extracted from text snippets. To identify the numerous semantic 
relations that exist between two given words, we propose a novel 
pattern extraction algorithm and a pattern clustering algorithm. 
Since most existing text mining methods adopted term-based 
approaches, they all suffer from the problems of polysemy and 
synonymy. This work also includes an innovative and effective 
pattern discovery technique which includes the processes of 
pattern deploying to improve the effectiveness of using semantic 
similarity for finding relevant and interesting information by 
finding frequent and closed patterns and computing sequential 
patterns.
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I. Introduction
Today, searching online is an important capability whether or 
not you’re sitting at your desktop computer or wandering the 
company halls together with your wireless organizer. As a result, 
the business of economic search engines has become an important 
and remunerative a part of the online. As search engines became 
commonplace tools for nearly each user of the online, companies, 
like Google and Yahoo!, became social unit names. Recently, 
efforts are created to implement restricted linguistics search by 
Google and alternative innovators. However, even with Google, 
it’s common that searches come back substantial unwanted results 
and should well miss the vital data that you simply want linguistics 
search ways may augment and improve ancient search results 
by mistreatment not simply words, however ideas and logical 
relationships. This work aims at proposing an automatic method 
to estimate the semantic similarity between words or entities using 
web search engines. Because of the vastly numerous documents 
and the high growth rate of the web, it is time consuming to 
analyze each document separately. Web search engines provide 
an efficient interface to this vast information. 
Page counts and snippets are two useful information sources 
provided by most web search engines. Page count of a query is 
an estimate of the number of pages that contain the query words. 
Page count for the query P AND Q can be considered as a global 

measure of co-occurrence of words P and Q. For example, the 
page count of the query “apple” AND “computer” in Google is 
288,000,000, whereas the same for “banana” AND “computer” 
is only 3,590,000. More than 80 times numerous page counts for 
“apple” AND “computer” indicate that apple is more semantically 
similar to computer than is banana.            
Snippets, a brief window of text extracted by a search engine 
around the query term in a document, provide useful information 
regarding the local context of the query term. Processing snippets 
is also efficient because it obviates the trouble of downloading 
web pages, which might be time consuming depending on the 
size of the pages.
Using page counts alone or using web snippets alone to measure 
semantic similarity between words presents several drawbacks 
as discussed earlier.
This work aims at proposing a method that considers both page 
counts and lexical syntactic patterns extracted from snippets that 
are showed experimentally to overcome the above mentioned 
problems. For example, let us consider the snippet retrieved from 
Google for the query ‘jaguar’ AND ‘cat’.
 “The Jaguar is the largest cat in Western Hemisphere and can 
subdue larger prey than the puma” 
Here, the phrase is the largest indicates a hypernymic relationship 
between “Jaguar” and “cat”. Phrases such as also known as, is a, 
part of, is an example of all indicate various semantic relations. 
From the previous example, we form the pattern X is the largest Y, 
where we replace the two words Jaguar and cat by two variables 
X and Y.
The contributions are summarized as follows:

This work presents an automatically extracted lexical syntactic • 
patterns-based approach to compute the semantic similarity 
between words or entities using text snippets retrieved from 
a web search engine. A lexical pattern extraction algorithm is 
proposed that considers word subsequences in text snippets. 
Moreover, the extracted sets of patterns are clustered to 
identify the different patterns that describe the same semantic 
relation.
Different web-based similarity measures are integrated using • 
a machine learning approach. The word pairs are extracted and 
then a two-class Support Vector Machine (SVM) is trained 
to classify these word pairs. 
This work also includes an innovative and effective pattern • 
discovery technique which includes the processes of pattern 
deploying to improve the effectiveness of using semantic 
similarity for finding relevant and interesting information by 
finding frequent and closed patterns and computing sequential 
patterns.

II. Related Work
Accurately measuring the linguistics similarity between words 
is a very important drawback in internet mining, info retrieval, 
and tongue process. Internet mining applications like community 
extraction, relation detection, and entity disambiguation; need the 
power to accurately live the linguistics similarity between ideas 
or entities. In info retrieval, one amongst the most issues is to 
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retrieve a collection of documents that’s semantically associated 
with   a given user question. Economical estimation of linguistics 
similarity between words is crucial for varied tongue process 
tasks like acceptation clarification (WSD), matter implication, 
and automatic text summarization.
However, linguistics similarity between entities changes over 
time and across domains. For instance, ‘apple’ is often related 
to computers on the online. However, this sense of apple isn’t 
listed in most general thesauri or dictionaries. A user UN agency 
searches for apple on the online, may well be inquisitive about 
this sense of apple and not apple as a fruit. New words square 
measure perpetually being created also as new senses square 
measure allotted to existing words. Manually maintaining 
ontologies to capture these new words and senses is expensive 
if not not possible.  Page counts and snippets square measure 2 
helpful info sources provided by most internet search engines. 
Page count of a query is an estimate of the amount of pages that 
contain the query words. A distance metric between words was 
projected victimisation solely page counts retrieved from an online 
computer programme. Despite its simplicity, victimisation page 
counts alone as a live of co-occurrence of 2 words presents many 
drawbacks. First, page count analysis ignores the position of a 
word in an exceedingly page. Therefore, even if 2 words seem in 
an exceedingly page, they may not be truly connected. Second, 
page count of a polysemantic word (a word with multiple senses) 
would possibly contain a mixture of all its senses. For instance, 
page counts for apple contain page counts for apple as a fruit and 
apple as a corporation. Moreover, given the size and noise on 
the online, some words would possibly co-occur on some pages 
while not being truly connected. For those reasons, page counts 
alone square measure unreliable once mensuration linguistics 
similarity.
Snippets, a quick window of text extracted by an exploration engine 
round the question term in an exceedingly document, give helpful 
info relating to the native context of the question term. However, 
a wide acknowledged disadvantage of victimisation snippets is 
that, owing to the massive scale of the online and therefore the 
sizable amount of documents within the result set, solely those 
snippets for the superior results for a question are often processed 
expeditiously. Ranking of search results, therefore snippets, is 
decided by a posh combination of varied factors distinctive to 
the underlying computer programme. Therefore, no guarantee 
exists that each one the knowledge we’d like to live linguistics 
similarity between a given try of words is contained within the 
superior snippets. A double-checking model victimisation text 
snippets came back by an online computer programme was 
projected, wherever the similarity results were rumored to be 
terribly low. Hence, victimisation page counts alone or snippets 
alone to live linguistics similarity between words doesn’t give 
correct results.

A. System Architecture

Fig. 1: System Architecture

Fig. 1, illustrates associate degree example of victimization the 
planned methodology to reason the linguistics similarity between 
2 words, ‘gem’ and ‘jewel’. First, we have a tendency to question 
an internet program and retrieve page counts for the 2 words 
and for his or her conjunctive (i.e., ‘gem’, ‘jewel’, and ‘gem 
AND jewel’). Four similarity scores are outlined victimization 
page counts. Page counts-based similarity scores think about the 
worldwide co-occurrences of 2 words on the online. However, 
they are doing not think about the native context within which 
2 words co-occur. On the opposite hand, snippets came back by 
an exploration engine represent the native context within which 
2 words co-occur on the online. Consequently, we discover the 
frequency of various lexical syntactical patterns in snippets came 
back for the conjunctive question of the 2 words. Then the lexical 
patterns we have a tendency to utilize ar extracted mechanically. 
However, a linguistic relation is expressed victimization over one 
lexical pattern. Grouping the various lexical patterns that convey 
an equivalent linguistic relation allows us to represent a linguistic 
relation between 2 words accurately. For this purpose, we have 
a tendency to propose a successive pattern cluster formula. Each 
page counts-based similarity scores and lexical pattern clusters 
want to outline numerous options that represent the relation 
between 2 words. Victimization this feature illustration of word 
pairs, a two-class SVM is trained.

B. Survey

1. A Web-based Kernel Function for Measuring 
Similarity 
In analyzing text, there are several things that verify however 
similar 2 short text snippets ar. as an example, there is also other 
ways to explain some construct or individual, like “United Nations 
Secretary-General” and “Kofi Annan”, and that we would really 
like to see that there’s a high degree of linguistics similarity between 
these 2 text snippets. Similarly, the snippets “AI” and “Artificial 
Intelligence” are terribly similar with relevance their which means, 
despite the fact that they’ll not share any actual terms in common. 
Directly applying ancient document similarity measures, like the 
wide used cos constant to such short text snippets usually produces 
inadequate results, however. Indeed, in each the examples given 
antecedently, applying the cos would yield a similarity of zero 
since every given text combine contains no common terms.

2. Problem Settings and Modeling
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Fig. 2: Outline of the Method of Disambiguating Personal Names 
on the Web

This method takes the name to be disambiguated as the input and 
outputs a list of key phrases for each of the different namesakes. 
The first step is to collect a set of documents that covers all 
the namesakes for a given name. This step could be omitted 
in cases where a particular name is to be disambiguated in a 
given document collection. In this system, to collect information 
regarding a particular name we use Google and download the top 
100 web pages for the given name.
We assume each document in the collection to represent exactly one 
namesake. This assumption allows us to identify each document 
in the collection with a particular namesake. Thus, the problem 
of disambiguation becomes a one of document clustering. The 
set of documents are clustered such that each cluster represents 
a different namesake, and key phrases are extracted from each 
cluster to identify the namesake it represents.

III. System Implementation

A. Page Count-Based Co-Occurrence Measures

Fig. 3: The Output Screen

In this module, page count approximation is computed to measure 
co-occurrences of two words P and Q. The page counts for the 
query P AND Q can be considered as an approximation of co-
occurrence of two words P and Q on the web. However, page 
counts for the query P AND Q alone do not accurately express 
semantic similarity. In this computation not just page count for the 
query P AND Q, but also for the individual words P and Q should 
be considered. These co-occurrences are computed using Jaccard, 
Overlap (Simpson), Dice, and Pointwise Mutual Information 
(PMI), to compute semantic similarity using page counts.

Fig. 4: Selecting the Datasets that Consists of Snippets

The Dataset1 is browsed and selected. We evaluate the proposed 
semantic similarity measure by using datasets. The semantic 
similarity is measured using a dataset. Here, the Dataset1 contains 
25 documents for measuring the similarity. 
The WebJaccard coefficient between words P and Q, is defined 
as 

Zero (0), if the page count for the query is less than a threshold • 
value, to reduce the adverse effects attributable to the co-
occurrences that appear because of the scale and noise on 
the web.
Page counts for the conjunctive query P AND Q divided by, • 
the sum of the individual page counts of queries P and Q 
minus their page counts together. 

The Web Overlap coefficient between words P and Q is defined 
as 

Zero (0), if the page count for the query is less than a threshold • 
value, to reduce the adverse effects attributable to the co-
occurrences that appear because of the scale and noise on 
the web
Page counts for the conjunctive query P AND Q divided by, • 
the minimum of the page counts of P and Q

The WebDice coefficient between words P and Q is defined as 
Zero (0), if the page count for the query is less than a threshold • 
value, to reduce the adverse effects attributable to the co-
occurrences that appear because of the scale and noise on 
the web
Twice of the page counts of the conjunctive query P AND Q • 
divided by the sum of individual page counts of P and Q

Pointwise mutual information is intended to reflect the dependence 
between two probabilistic events. WebPMI is defined as a variant 
form of pointwise mutual information using page counts as

Zero (0), if the page count for the query is less than a threshold • 
value, to reduce the adverse effects attributable to the co-
occurrences that appear because of the scale and noise on 
the web

log2 • 

B. Lexical Pattern Extraction
Page counts-based co-occurrence measures do not consider the 
local context in which those words co-occur. If one or both words 
are polysemous, or when page counts are unreliable, this can 
become problematic. On the other hand, the snippets returned by 
a search engine for the conjunctive query of two words provide 
useful clues related to the semantic relations that exist between 
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two words. A snippet contains a window of text selected from 
a document that includes the queried words. Most of the time, 
a user can read the snippet and decide whether a particular 
search result is relevant, without even opening the URL. Hence, 
snippets are useful for search. Using snippets as contexts is also 
computationally efficient because it obviates the need to download 
the source documents from the web, which can be time consuming 
if a document is large. For example, consider the snippet retrieved 
for the query ‘cricket’ AND ‘sport’

Fig. 5: Extracting Similar Patterns

Using the snippets retrieved from the web search engine, all the 
patterns that are similar are extracted using lexical pattern extraction 
algorithm. The lexical patterns that are similarly distributed over 
these documents are semantically similar.
“Cricket is a sport played between two teams, each with eleven 
players”
The phrase is a indicates a semantic relationship between ‘cricket’ 
and ‘sport’. Many such phrases like also known as, is a, part of, is 
an example of all indicate semantic relations of different types. In 
the above example, words indicating the semantic relation between 
‘cricket’ and ‘sport’ appear between the query words. The pattern 
X is a Y can be formed from the above example, where the query 
words are replaced by variables X and Y.

C. Lexical Pattern Clustering
Typically, a semantic relation can be expressed using more than 
one pattern.

Fig. 6: Computing All the Patterns for Similarity

 For example, consider the two distinct patterns, X is a Y, and X 
is a large Y, where X and Y are two variables representing two 
query words. Both these patterns indicate that there exists an is-a 
relation between X and Y. Identifying the different patterns that 
express the same semantic relation enables to represent the relation 
between two words accurately. According to the distributional 
hypothesis, words that occur in the same context have similar 
meanings. The distributional hypothesis has been used in various 
related tasks, such as identifying related words, and extracting 
paraphrases. If we consider the word pairs that satisfy (i.e., co-
occur with) a particular lexical pattern as the context of that lexical 
pair, then from the distributional hypothesis, it follows that the 
lexical patterns which are similarly distributed over word pairs 
must be semantically similar.

Fig. 7: Computing All the Patterns for Similarity Where Similarity 
Between a Particular Document With all the Other Documents 
is Shown

Algorithm: Sequential Pattern Clustering 
Algorithm
Input: Patterns Ʌ = {a1,……an}, threshold θ
 Output: Clusters C
  SORT (Ʌ)
C ← {}

for pattern ai  Ʌ do
max ← -∞
c* ← null 

for cluster cj  C do
sim ← cosine (ai, cj)
if sim > max then 
max ← sim 
c* ← cj

end if 
end for 
if max > θ  then
c* ← c* + ai

else

C ← C  {ai}
end if   
end for
return C 
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D. Measuring Semantic Similarity
In this module, a machine learning approach is described to 
combine both page counts-based co-occurrence measures, and 
snippets-based lexical pattern clusters to construct a robust 
semantic similarity measure.

Fig. 8: Clustering of Similar Patterns

Initial centroids are : 16,10,17,7,24 ; Initial clusters are 0,1,2,3,4. 
The clustering process goes through five iterations, so that 
patterns that are similar are placed accurately in their respective 
clusters.

D. Frequent and Closed Patterns
In this module given a term set X in document d, X` is used to 
denote the covering set of X for d, which includes all paragraphs 
DP belonging to Paragraph Set (PS). Its absolute support is the 
number of occurrences of X in PS. Its relative support is the 
fraction of the paragraphs that contain the pattern, that is, supr. 
A term set X is called frequent pattern if its supr or supa is greater 
than or equal to a minimum support. The duplicate terms were 
removed. All the frequent patterns may not be useful, hence, we 
believe that the shorter one is a noise pattern and expect to keep 
the larger pattern only. Given a term set X, its covering set X` is 
a subset of paragraphs. Similarly, given a set of paragraphs PS we 
can define its term set.  The closure of X is defined. A pattern X 
also a term set is called closed if and only if X is closed. Patterns 
can be structured into a taxonomy by using the is-a (or subset) 
relation, where the nodes represent frequent patterns and their 
covering sets; non closed patterns can be pruned; the edges are 
“is-a” relation. After pruning, some direct “is-a” retaliations may 
be changed. Smaller patterns in the taxonomy are usually more 
general because they could be used frequently in both positive and 
negative documents; and larger patterns. The semantic information 
will be used in the pattern taxonomy to improve the performance 
of using closed patterns in text mining.

E. Closed Sequential Patterns
In this module, a sequential pattern <t1,...,tr> is an ordered list of 
terms. A sequence s1 <x1,……,xi> is a subsequence of another 
sequence s2 <y1,….,yj>. Given s1 v s2, we usually say s1 is a sub 
pattern of s2, and s2 is a super pattern of s1. Given a pattern an 
ordered term set X in document d, X` is still used to denote the 
covering set of X, which includes all paragraphs PS. Its absolute 
support is the number of occurrences of X in PS that is supa. Its 
relative support is the fraction of the paragraphs that contain the 
pattern, that is, supr.

Fig. 9: Calculating Similarity Measure Using the Graph

Using graph, we calculate similarity measure against the web 
snippets for another document. The graph shows different 
variations compared to the previous documents.

IV. Results and Analysis

Fig. 10: Graphs Showing Semantic Similarity Against the Web 
Snippets

Graphs showing similarity of one document with all the other 
documents in the dataset. Variations in the graphs are shown 
where a particular document is highly similar to the comparing 
document

A. Graphs
Similarity analysis for 1050 documents of the dataset

Showing similarity among 1050 documents on the dataset
Graph showing that the no. of documents (y-axis) that are similar 
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to each other are grouped into clusters (x-axis). Here, cluster no.5 
contains the documents that are more similar to one another.

Measuring semantic similarity using pattern extraction
Similarity of the patterns that have relevant information is shown 
using pattern extraction. X-axis shows the no. of document indexes 
and y-axis shows the similarity measure between 0 and 1

V. Conclusion and Future Work
The proposed method aimed at measuring semantic similarity 
using both page counts and snippets retrieved from a web search 
engine for two words. Four word co-occurrence measures were 
computed using page counts. A lexical pattern extraction algorithm 
was proposed to extract numerous semantic relations that exist 
between two words. Moreover, a sequential pattern clustering 
algorithm was proposed to identify different lexical patterns that 
describe the same semantic relation. Both page counts-based co-
occurrence measures and lexical pattern clusters were used to 
define features for a word pair. A two-class SVM was trained 
using those features extracted for the word pairs. Experimental 
results showed that the proposed method outperforms various 
baselines as well as previously proposed web-based semantic 
similarity measures.
Since most existing text mining methods adopted term-based 
approaches, they all suffer from the problems of polysemy and 
synonymy. This work also includes an innovative and effective 
pattern discovery technique which includes the processes of 
pattern deploying to improve the effectiveness of using semantic 
similarity for finding relevant and interesting information by 
finding frequent and closed patterns and computing sequential 
patterns.
The work presented in the thesis can be further extended in a 
number of ways to provide the researchers scope for future research 
in this area. An extension to this work can be by extending the 
query-oriented, concept-based user profiling method to consider 
both users’ positive and negative preferences in building users 
profiles. Users’ concept preferences can be built i.e. users consider 
some topics/concepts to be more relevant than others. The weights 
of the vector elements, which could be positive or negative, 
represent the interestingness (or un interestingness) of the user 
on the concepts.
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