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Abstract -The advancement of internet technology and the dynamic nature of World Wide Web attracts 

large number of users for publishing and retrieving information. But due to the heterogeneous and huge 

quantity of data, most of the information on the web are uninteresting to the users. Thus developing 

effective algorithm for retrieving the relevant information without accessing the complete data; at the 

outset, it has become an important concern among the Web mining research communities. Though most 

researchers focused their research work in this area, still their focus is only on retrieving similar patterns 

by leaving dissimilar patterns which are likely to contain the outlying data. This paper concentrates on 

mining web content outliers which extracts the dissimilar web document taken from a group of 

documents of the same domain. Moreover, mining web content outliers helps in promoting business 

activities and improving the quality of the search results. In this paper, a novel mathematical approach 

based on proportionate method is developed for retrieving relevant web document through outlier 

detection technique. The removal of outlaid documents improves the quality of search results catering to 

the user needs. Experimental results proved that this method gives better results in terms of accuracy, 

recall and specificity than the existing approach. 

KEYWORDS:Outliers, Proportionate Algorithm, Relevance, Term frequency, Web Content Outliers, Z-Score. 

1 INTRODUCTION 

Today, most of the knowledge transfer and business is done through internet as world wide web contains 

voluminous amount of information. With the exponential growth of information available on the web, updating 

incoming data and retrieving relevant information from the web quickly and efficiently becomes a growing 

concern. Most web search engines typically employ conventional information retrieval and data mining 

techniques to automatically discover useful and previously unknown information from the web content. In 

addition, as most of the data in the web is semi structured and unstructured and contains a mix of text, video, 

audio, image etc, there is a need to mine information to cater to the specific needs of the users. Efforts are being 

made to make such data available, usually in some structured form such as table, for querying and further 
manipulation. The aforementioned problems result in the development of web content mining which uses the 

ideas and principles of data mining and knowledge discovery to screen more specific data. 

Web content mining [1], refers to the discovery of useful information from web contents, including text, image, 

audio, video, metadata and hyperlinks etc. Web content mining also distinguishes personal home pages with 

other web pages. Research in web content mining encompasses resource discovery from the web, document 

categorization and clustering, and information extraction from web pages. Two groups of web content mining 

are those that directly mine the content of documents and those that improve on the content search of other tools 

like search engine. Most of the existing web content mining algorithms have concentrated on finding frequent 
patterns while neglecting the less frequent ones that are likely to contain the outlying data such as noise, 

irrelevant and redundant data. This research focuses on segmentation and detection of noise issue, which implies 

outliers mining. Outliers are observations that deviate so much from other observations to arouse suspicions that 

they might have been generated by using a different mechanism [2]. Outliers may also reflect the true properties 

of data from rare and interesting events which may contain more valuable information than normal data. Outlier 

mining is dedicated to finding data objects which differ significantly from the rest of data. Outliers mining has 

been extensively studied in statistics and recently in data mining. Traditional outlier mining has received a 
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tremendous attention on finding rare and exceptional patterns from numeric datasets. However, web outlier 

mining targeting web datasets has received very little attention in the mining community. Web outliers are web 

data that shows significantly different characteristics than other web data taken from the same category. Web 

pages that have different contents from the category in which they were taken constitute web content outliers. 

Web content outliers mining concentrates on finding outliers such as noise, irrelevant and redundant pages from 

the web documents. Also, web content outliers mining can be used to determine pages with entirely different 
contents from their parent web sites. Web content outliers mining play a crucial role in identifying competitors 

for online business, detecting criminals, frauds and threats in private and government bodies, network intrusion 

detection, stock market exchange and improving the performance of the search engines. Previous algorithms for 

web content outlier mining is focused only for structured documents, whereas www contains mostly 

unstructured and semi structured documents. Therefore, there is need to develop a technique to mine outliers 

present in all types of documents with more precision. 

Outline of paper: section 2 presents the related works done on this area. Section 3 explains methods and 

materials for mining web content outliers. Section 4 illustrates the experimental results and discussion. Finally, 
section 5 focuses the conclusions. 

2 RELATED WORKS 

An overview of the major developments in the area of detection of outliers in numeric datasets is presented 

[3]. These include projection pursuit approaches as well as Mahalanobis distance-based procedures. They also 
discuss the principal component-based methods, which is applicable for high dimensional data [4]. In depth 

based method, data objects are organized in layers in the data space, with the expectation that shallow layers are 

more likely to contain outlying data objects than the deep layers [5]. The major algorithms within each category 

are briefly discussed together with current challenges and possible directions of future research in the area of 

detecting numeric outliers. A new method is introduced for finding outliers in a multidimensional dataset 

through density based approach which uses a local outlier (LOF) for each object in the dataset, indicating its 

degree of outlier-ness [6]. The outlier factor is local in the sense that only a restricted neighborhood of each 

object is taken into account. This approach is efficient for datasets where the nearest neighbor queries are 

supported by index structures and still practical for very large datasets [7], [8], [9] presented new definition for 

outliers and propose a novel formulation for distance-based outliers which is based on the distance of a point 

from its kth nearest neighbor and developed a highly efficient partition-based algorithm for mining outliers. The 
rule based method first learn rules that capture the normal behavior of the system. A test for instance that is not 

covered by any such rule is considered as an outlier [10]. The above author‟s devised algorithms for detecting 

outliers present only on numeric data sets. 

The characteristics of web and research areas in web mining [11], [12] different categories of web mining and 

issues on web content mining [20],[25] are presented. The presence of outliers on the web and some practical 

applications and motivation behind the web outlier mining is discussed [13], [14], [15].  They provide taxonomy 

for web outliers and continue with the description of the different types of outliers present on the web. In 

addition, a general framework for mining web content outliers by using a domain dictionary is also presented. A 
n-gram based algorithm is proposed by using domain dictionary for mining web content outliers, which explores 

the advantages of n-gram techniques as well as HTML structure of web documents [16].  The same authors [17] 

developed a WCOND-Mine algorithm for mining web content outliers using n-grams without a domain 

dictionary. Here weights are assigned to n-grams in documents based on html tags enclosed their root words. 

The vector space model is used for dissimilarity computation. The experimental results show finding outliers 

with high order n-grams (5-grams) perform better than lower order n-grams. The HYCOQ algorithm [18] 

extracts the power of n-gram and word based systems. This algorithm mines web content outliers by using 

hybrid data without a domain dictionary. The algorithm uses IR techniques to extract useful features from web 

documents and then applies dissimilarity algorithms to determine outlying documents based on nearest 

dissimilar density. The documents with high and nearest dissimilar densities are more likely to be outlying than 

those with low nearest dissimilarity densities. Even though HYCOQ algorithm produces more accurate results 
than WCOND Mine algorithm, the overall response time is more in HYCOQ.  However, the entire algorithm 

stated by the above authors for mining web content outliers works only for structured documents. Also, n-gram 

computation leads to more processing time and memory usage. 

A novel word semantic similarity measurement method based on web search engines is proposed, it exploits the 

information, including page count and snippets [19], [20] presents a framework and algorithm for mining 

Chinese web text outliers based on improved VSM and n-gram combined with domain knowledge. A new 

perspective by using mathematical approach is developed based on set theoretical for mining web content 

outliers by considering different web outliers namely irrelevant, redundant and inconsistent web content [21]. 

International Journal of Pure and Applied Mathematics Special Issue

1814



The same authors developed an algorithm based on signed approach for mining web content outliers by using an 

organized domain dictionary [22]. They have also applied statistical approach for retrieving relevant information 

from both structured and unstructured documents [24].  In order to improve the precision and accuracy, the 

authors proposed a new statistical approach based on proportionate for detecting web content outliers from both 

structured and unstructured documents. The proposed approach outperforms the existing approach in terms of 

precision, recall and accuracy. 

3 METHODS AND MATERIALS 

The statistical approach in outlier detection assumes a distribution or probability model for the given data 

set (e.g., a Normal or Poisson distribution) and identifies outliers with respect to the model by using a 

discordancy test. Application of the test requires knowledge of the data set parameters (such as the assumed data 
distribution), knowledge of distribution parameters (such as the mean and variance), and the expected number of 

outliers [6]. The proposed method uses normal distribution model based on proportions and Z- test statistics for 

finding web content outliers.  A statistical test is a procedure for deciding whether an assertion about a 

quantitative feature of a population is true or false.  The large group from which the sample is drawn is called 

population. In statistics, population is not restricted to mean a number of persons, it may denote, the totality of 

persons, objects, items or anything conceivable pertaining to certain characteristics. This method uses Z-test to 

determine whether the hypothesized difference between population proportions differs significantly from the 

observed sample difference.  Z-test statistic is a measure on a random sample (or pair of samples) in which a 

mean (or pair of means) appears in numerator and the numerator‟s standard deviation appears in the 

denominator.  If these calculations yield a value of Z-Score that is lesser than some level of significance, the 

hypothesis is accepted and the test is considered to be statistically significant indicating the dissimilarity 
between the documents. The maximum probability of committing type-I error, which is specified in a test is 

known as level of significance.  The level of significance can hold any value between 0 to 1, but often 

researchers choose significance level equal to 0.01 ( 99% confidence level), 0.05 (95% confidence level) or 0.10 

(90% confidence level). 

3.1 Framework for the Proportionate Approach 

The architecture design of the proposed approach is depicted in Fig 1. Initially, web documents are 
extracted based on the user query and then pre-processed. In order to identify, the outlier web documents, a 
parameter called here in as dissimilarity measure has to be obtained. This parameter is obtained based on 
term frequencies for the words (Wk) present in the domain dictionary computed for the ith and jth document 
and then the test statistics. The term frequencies for each of the document are computed for the frequency of 
each of the words. 
Test statistics is obtained by using proportions. Each of the Z-score is compared with 95% level of confidence 
which holds the critical value of 1.96.  If the calculated value is less than 1.96, then these documents are said 
to be insufficient giving rise to an increase to the parameter dissimilarity measure. The above process is 
repeated for all the remaining documents. Finally, the documents are sorted in descending order based on the 
dissimilarity measure. The top ‘n’ documents are declared as web outlier documents. Removal of these 
outliers fetches relevant documents. 
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FIGURE 1: Architectural Design of Proportionate Approach for Mining Web Content Outliers 

 
3.2 Building Blocks of Web Content Outlier Mining 

3.2.1 Document Extraction 

Document extraction is the process of retrieving the desired pages belonging to the category of 
interest. In this process, the user first enters a query into a search engine.  Based on the keywords extracted 
from the user query, the search engine examines its index and provides a list of best-matching web pages 
according to its criteria. The index is built from the information stored with the data using hashing method. 
Information retrieved from the search engines may consist of web pages, images, video and other types of 
files. The extracted documents may contain structured, semi-structured and unstructured data. Before 
performing pre-processing, other than the text, all audio, video, images are eliminated. Next, all digital 
numbers, punctuations like comma, full stop, quotation mark and special symbols are removed. If structured 
document and semi-structured documents are extracted, then all the tags should be removed before entering 
into the pre-processing phase. If the extracted document is unstructured, then those documents can be 
directly sent for pre-processing to make further process easier. 

 
3.2.2 Formation of Domain Dictionary 

 
Domain dictionary contains important words of the particular category. It can be formed by two ways: one by 
automation as per the user behavior and other by manual selection with human intervention. While forming 
the domain dictionary, the contents are arranged in such a way that, all 1-letter word will be indexed first, 
followed by 2-letter words, then 3-letter words similarly up to 15-letter words which is a very reasonable 
upper bound for number of characters in a word. This way of organizing the domain dictionary helps to search 
and retrieve a particular word very quickly. 
 
 
 
 
3.2.3  Pre-Processing of Extracted Documents 
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Nowadays, most of the data in the real world are incomplete and containing aggregate and missing values, 
noisy data containing errors, outliers and duplicated documents, inconsistent data containing discrepancies in 
codes and names. As the quality decision depends on quality mining which is based on quality data, pre-
processing becomes a very important task in any mining related activity. Major tasks in data pre-processing are 
data cleaning, data integration, data transformation and data reduction. The proposed work deals with data 
cleaning which concentrates on noisy data by removing outliers and redundant contents in the web 
documents. In general, the pre-processing phase transforms the extracted data into a simpler form that will be 
more easily and effectively processed with reference to user objectives. Pre-processing step involves: removal 
of stop words, stemming and tokenization.  

 
Stop words are words which contains least significance to be used in search queries. Usually stop words like a, 

an, the, is, was etc. are filtered out from search queries because they return vast amount of unnecessary 

information. Stop words can also be defined as “Words that do not appear in the index in a particular database 

because they are either insignificant or so common that the results woul be higher than the system can 

handle”. Stop words vary from system to system. Also, some systems will merely ignore stop words where the 

use of stop words in other systems will result in retrieving zero hits.  Stop Words is controlled by human input 

and not automated.  

 

Stemming is a process of removing the common morphological and in flexional ending words to their root 

form. Search engines that use stemming compare the root forms of the search terms to the documents in its 

database. The Information Retrieval systems and search engines perform stemming for improving the 

performance and search speed. For this reason, a number of so-called stemming algorithms or stemmers, have 

been developed, which attempt to reduce a word to its stem or root form. Thus, the key terms of a query or 

document are represented by stems rather than by the original words. It also reduces the dictionary size, that 

is, the number of distinct terms needed for representing a set of documents. Reduction in dictionary size 

results in a saving of storage space and searching speed.  In this work, the porter stemming algorithm is used 

for pre-processing purpose. 

 

Tokenization is the process of breaking a stream of text into words, phrases, symbols, or other meaningful 

elements called tokens.  A token is a string of characters, categorized according to the rules as a symbol. The 

list of tokens becomes input for further processing such as parsing or text mining. Tokenization is useful in the 

form of segmentation of text in linguistics as well as it forms part of lexical analysis in computer science. 

3.2.4 Generation of Word Profile 

The full word profile is generated for all the documents and domain dictionary. After pre-processing, 
the tokenized words are indexed by using hashing function and stored in a hash table. The hash function is 
used to map the search key to the hash. The index gives the place where the corresponding record should be 
stored. Hash function will take an integer key and turn it into an index. In general, a hashing function may map 
several keys to the same index; Therefore it is desirable to minimize the occurrence of such collisions by 
mapping the keys to hash values as evenly as possible. The hash table is used in this approach to quickly search 
and retrieve data given its search key. 

3.2.5   Term Frequency(TF) Calculation 

The term frequency calculation often refers to weight in information retrieval and text mining. The term 
frequency [23]calculation is taking the word count for the words present in the documents. In other words, 
term frequency is a measure of how often a term occurs in that document. 

3.2.6   Dissimilarity Measure Computation 

Dissimilarity measure is computed for determining the differences among documents within the same 
category. The method of computing dissimilarity measure varies for different approaches. In the Proportionate 
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Approach, dissimilarity measure is computed by finding the proportionality of each document with other 
documents.  

3.1.7 Detection of Outlier Documents 

In the proposed methodologies, all the extracted documents are ranked based on dissimilarity 
measure. The documents at the top will have less similarity measure which deviates more from the category of 
interest and these documents are referred as outlier documents. Similarly, the documents at the bottom will 
have greater similarity measure which is more relevant to the category of interest. Finally, the top ‘n’ 
documents that have less similarity measure are declared as outliers based on cut-off score or threshold value 
as specified by the user. 

 

3.3 Proportionate Algorithm for Mining Web Content Outliers 

Algorithm: Proportionate algorithm for mining web content outliers. 

Input  :  Web documents, Domain Dictionary. 

Method  :  Proportionate Approach 

Output  : Outlier Web Documents. 

Step 1:  Extract the input web documents Di of all types where 1≤i≤N. 

Step 2:  Pre-process the entire extracted document. 

Step 3:  Initialize i=1. 

Step 4:  Initialize Dissimilarity Measure DMi=0; 

Step 5:  Initialize j=1. 

Step 6:  Consider the document Di and Dj. 

Step 7:  Extract the words that matches with domain dictionary. Let N1 be the total number of words 

from Di that matched with domain dictionary. Similarly, N2 be the total number of words from Dj that 

matched with domain dictionary. 

Step 8:  Perform the Proportionate Calculation through the following steps: 

Extract the common words between Diand Dj that matches with the domain dictionary.  Let 

‘m’ be the total number of common words. 

Compute the term frequency TF(Wk)i  in Di and TF(Wk)j in  Djwhere  1≤k≤m . 

Determine:  Xk = TF(Wk)i for the words in document  Di  and 

Yk  = TF(Wk)j  for the words in document Dj 

Calculate:  

k k

1 2

1 2

X Y
P P

N N
 
 

 

Compute Test Statistic Z = 
SE

SP
 where, 
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Standard Error SE = P1 – P2 

Standard Proportions SP =  1 2

1 2

1 2

(1 P ) (1 P )
P x P x

N N

 
  

Step 9: Compare the Z value with the Degree of Freedom at 95% level of confidence which has the 

value of 1.96. 

Step 10: If the Z value is lesser than Critical Value then DMi= DMi+1; 

Step 11:  Increment j, and repeat from step 6 to step 10 until j ≤ N. 

 Step 12:  Increment i, and repeat from step 4 to step 11 until i ≤ N.  

 Step 13:  Sort the DMi in descending order. 

 Step 14:  Display top ‘n’ outlier documents.  

 

4 RESULTS AND DISCUSSION 

This section presents the two sets of experimental results of the Proportionate algorithm for mining web 
content outliers. First, this algorithm is initially tested with a small dataset containing 15 web documents 
(listed in Table 1) containing 11 relevant web documents related to web content mining domain and 4 outlier 
documents taken from other domains. Here the file name starting with R indicates relevant document, O 
indicates outlier document. In this input document D6, D7, D8 and D9 are outlier documents, others are 
relevant documents. Let ‘n’ be the total number of actual outliers present in the input dataset. In this study 
the value of ‘n’ is 4. 

TABLE 1 :Input documents 

Document 

No. 
Input Document 

D1 http://waset.org/publications/10694/deep-web-content-mining 

D2 http://www.cs.uic.edu/~liub/publications/editorial.pdf 

D3 http://waset.org/publications/1985/elimination-of-redundant-links-in-web-pages-
mathematical-approach 

D4 http://dl.acm.org/citation.cfm?id=968022 

D5 http://www.ijest.info/docs/IJEST10-02-09-11.pdf 

D6 http://www.ijest.info/docs/IJEST10-02-09-11.pdf 

D7 http://waset.org/publications/643/development-of-indwelling-wireless-phtelemetry-of-
intraoral-acidity 

D8 
http://waset.org/publications/2244/nitrogen-removal-in-a-high-efficiency-
denitrification-oxic-filter-treatment-system-for-advanced-treatment-of-municipal-
wastewater 

D9 http://waset.org/publications/10954/redefining-field-experiences-virtual-environments-
in-teacher-education 

D10 http://www.ascent-journals.com/IJERIA/Vol2No1/Paper-11.pdf 
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D11 http://www.cs.uic.edu/~liub/WebContentMining.html 

D12 http://www.scientific.net/AMR.171-172.543 

D13 http://link.springer.com/chapter/10.1007%2F978-1-4613-0227-8_7 

D14 http://www.web-datamining.net/content 

D15 http://www.wseas.us/e-library/conferences/2011/Venice/ACACOS/ACACOS-12.pdf 

First the extracted input documents are pre-processed and the term frequency for the words 
matched with the domain dictionary is computed. Then ith and i+1th documents are taken and the similar 
words from these documents along with their term frequencies are retrieved for performing Z test statistics by 
using proportions. After computing the test statistics, the Z-score value has to be compared with critical value 
5% level of significance ( 95% confidence level), as this level of significance is used by majority of statisticians. 
Then critical value has to be calculated. Here, this 5% level of significance has the critical value of 1.96.  If the 
Z-Score value is greater than the critical value, then those documents are said to be significant, indicating the 
similarity between them or those documents are said to be insignificant by indicating the dissimilarity among 
those documents. When the documents are insignificant a dissimilarity count is incremented.  The above 
process is repeated (while i ≤ N) for the remaining documents. Finally, based on the dissimilarity count, 
documents are sorted in descending order. The top most ‘n’ documents are declared as outlier documents. 
These results are projected in Table 2.  This approach detects 3 outlier documents out of 4 actual outliers 
present in the input dataset.  

TABLE 2: Experimental Results of Proportionate Approach 

 D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D11 D12 D13 D14 D15 DM 

D12 2.005 2.051 1.333 1.45 1.229 0.525 1.412 1.779 0.19 1.684 1.898 0 3.648 1.202 0.759 12 

D6 2.263 1.116 0.527 1.812 1.579 0 1.698 0.981 0.401 1.961 2.157 0.525 3.753 0.454 0.083 11 

D9 2.338 2.123 1.285 1.711 1.501 0.401 1.592 1.767 0 1.901 2.124 0.19 4.002 1.131 0.68 11 

D7 0.057 2.772 2.335 0.256 0.491 1.698 0 2.62 1.592 0.117 0.283 1.412 1.515 2.245 2.002 10 

D4 0.412 3.498 2.829 0 0.283 1.812 0.256 3.127 1.711 0.412 0.62 1.45 2.153 2.663 2.274 9 

D5 0.725 3.289 2.593 0.283 0 1.579 0.491 2.912 1.501 0.674 0.878 1.229 2.466 2.425 2.111 9 

D10 0.082 3.229 2.73 0.412 0.674 1.961 0.117 3.011 1.901 0 0.177 1.684 1.486 2.616 2.303 9 

D3 3.467 0.9 0 2.829 2.593 0.527 2.335 0.718 1.285 2.73 3.041 1.333 4.975 0.082 0.653 8 

D8 3.717 0.041 0.718 3.127 2.912 0.981 2.62 0 1.767 3.011 3.309 1.779 5.138 0.743 1.237 8 

D11 0.292 3.565 3.041 0.62 0.878 2.157 0.283 3.309 2.124 0.177 0 1.898 1.323 2.914 2.592 8 

D14 3.262 0.894 0.082 2.663 2.425 0.454 2.245 0.743 1.131 2.616 2.914 1.202 4.778 0 0.529 8 

D15 2.985 1.521 0.653 2.274 2.111 0.083 2.002 1.237 0.68 2.303 2.592 0.759 4.575 0.529 0 8 

D1 0 4.433 3.467 0.412 0.725 2.263 0.057 3.717 2.338 0.082 0.292 2.005 1.833 3.262 2.985 7 

D2 4.433 0 0.9 3.498 3.289 1.116 2.772 0.041 2.123 3.229 3.565 2.051 5.8 0.894 1.521 6 

D13 1.833 5.8 4.975 2.153 2.466 3.753 1.515 5.138 4.002 1.486 1.323 3.648 0 4.778 4.575 5 

 
Three outlier documents (D6, D7 and D9) are detected in this method. The experimental results, 

implies that this algorithm is able to detect nearly 75% of the outlier documents correctly.  
 The second set of experiment deals with three different cases of input dataset. In case 1, the input 
dataset contains less number of outlier documents than the relevant document set. In case 2, the input 
dataset contains equal number of outlier documents and relevant documents. In case 3, the input dataset 
contains greater number of outlier documents than relevant documents.  Each case is tested with 10 different 
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sample set with number of documents ranging from 5 to 100. The summary of experimental results for D1 
dataset is shown in Table 3. The summary of experimental results of D2 dataset is presented in Table 4. Finally, 
the summary of experimental results of D3 dataset is projected in Table 5. 

TABLE 3: Results of Proportionate Algorithm for „D1‟ Dataset 

Trials Document Size 
Relevant 

Document 
Actual 
Outlier 

Outlier Deducted 
False Rate 

Count Rate 
1 5 4 1 0 0 1 

2 10 8 2 0 0 1 

3 15 12 3 2 0.66 0.34 

4 20 16 4 2 0.50 0.50 

5 25 20 5 3 0.60 0.40 

6 30 24 6 4 0.66 0.34 

7 40 32 8 5 0.63 0.37 

8 50 40 10 7 0.70 0.30 

9 75 60 15 8 0.53 0.47 

10 100 70 30 19 0.63 0.37 

 
The results obtained in Table 3 indicate that the Proportionate algorithm is capable of identifying web 

content outliers successfully up to 70% for D1 dataset. 

TABLE 4: Results of Proportionate Algorithm for „D2‟ Dataset 

Trials Document Size 
Relevant 

Document 
Actual 
Outlier 

Outlier Deducted 
False Rate 

Count Rate 

1 6 3 3 1 0.33 0.67 

2 10 5 5 2 0.40 0.60 

3 16 8 8 4 0.50 0.50 

4 24 12 12 7 0.58 0.42 

5 30 15 15 8 0.53 0.47 

6 40 20 20 12 0.60 0.40 

7 50 25 25 15 0.60 0.40 

8 60 30 30 17 0.56 0.44 

9 80 40 40 21 0.52 0.48 

10 100 50 50 27 0.54 0.46 

 
The results obtained in Table 4 indicate that proportionate algorithm is capable of identifying web 

content outliers up to 60% for D2 dataset. 

TABLE 5: Results of Proportionate Algorithm for „D3‟ Dataset 

Trials 
Document 

Size 
Relevant 

Document 
Actual 
Outlier 

Outlier Deducted 
False Rate 

Count Rate 

1 5 1 4 3 0.75 0.25 

2 10 2 8 7 0.88 0.12 

3 15 3 12 10 0.83 0.17 

4 20 4 16 12 0.75 0.25 

5 25 5 20 15 0.75 0.25 

6 30 6 24 18 0.75 0.25 

7 40 8 32 24 0.75 0.25 

8 50 10 40 30 0.75 0.25 

9 75 15 60 45 0.75 0.25 

10 100 30 70 49 0.70 0.30 
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From the results obtained in Table 5, it is observed that proportionate algorithm is capable for 
detecting more than 70% of the outliers from all types of web documents for D3 dataset. 

 
4.1 Comparative Study with Existing Approach 

 
This section presents the comparative results of proposed approach with existing approach based on N-

gram technique [14]. The experiment is conducted with 225 resume pages and 25 recruiter pages retrieved from 

the dmoz open directory project (www.dmoz.org). The input dataset used by [16] for detecting web content 

outliers was also selected from www.dmoz.org. The domain dictionary is constructed by using 50 resume pages. 

The remaining 175 resume pages and 25 recruiter pages are taken as test data. The top „n‟ outliers detected by 

the proposed approaches and existing approach is pointed out in Figure 2. 

 

 

FIGURE 2: Comparative Results of Proposed Approach with Existing Approach 

 

The results obtained in Fig 2, shows the detection rate of outliers in Proportionate algorithm is 

more when compared to the existing approach. 

4.2  Performance Evaluation 
Performance of the proposed algorithm (Proportionate algorithm) with the existing algorithm (N-gram 

based algorithm) is evaluated for the metrics such as accuracy, error rate, precision, recall and response time 

using quantitative calculations  and tabulated in Table 6. 

Compatibility - The Proposed approaches are compatible with different types of document (structured, 

Unstructured and semi structured) whereas the existing approach based as N-gram is focused only on structured 

documents.  

Accuracy - Accuracy is the proportion of true results (both true positives and true negatives) in the population.  

It is also defined as the degree of veracity. 

 𝐀𝐜𝐜𝐮𝐫𝐚𝐜𝐲 =
𝐓𝐏+𝐓𝐍

𝐓𝐏+𝐓𝐍+𝐅𝐏+𝐅𝐍
 

Error rate - Error rate is the measure of the false rate to the total number of retrieved documents. 

 𝐄𝐫𝐫𝐨𝐫 𝐫𝐚𝐭𝐞 =
FP +FN

TP +TN +FP +FN
  

Precision -Precision is defined as the proportion of the true positives against all the positive results (both true 

positives and false positives). 

   Precision =   TP  

                (TP+FP)  

Recall - Recall is defined as the proportion of the true positives against the total number of elements which 

actually belong to the positive class. (both true positives and false negatives). 
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  𝐑𝐞𝐜𝐚𝐥𝐥 =     
𝐓𝐏

𝐓𝐏+𝐅𝐍
  

TABLE 6: Performance Evaluation of Proposed Algorithm with Existing Algorithm 

Input Document Algorithms TP FP TN FN 
Recal

l 
Precision 

Error 

rate 
Accuracy 

Response 

Time (sec) 

Relevant 

documents 

= 175 

 

Outlier 

documents 

= 25 

N-gram based 

Algorithm 
14 11 164 11 0.56 0.56 0.11 0.89 18.2 

Proportionate 

Algorithm 
17 8 167 8 0.68 0.68 0.08 0.92 0.32 

 

The results obtained in Table 6 shows that accuracy, precision and recall of all the proposed approach are high 

when compared to the existing approach. 

Response time -Response time is the time taken by the algorithm to deliver the output. Here the response time 

is taken excluding the construction of domain dictionary. From the results obtained in Table 6, the response time 

of existing approach is very high (because of N-gram technique) when compared with all the proposed 

approach.  

 Nomenclature:   TP- True Positive, TN – True Negative,   
   FP- False Positive, FN – False Negative. 

 

5 CONCLUSION 

 The popularity of World Wide Web has received a tremendous attention by majority of people to 
find and retrieve the relevant information for various purposes. Therefore, most of the researchers pay 
attention to web content mining for extracting similar patterns. To shift this paradigm, this work mainly 
focuses on extracting dissimilar patterns called web outliers which have tremendous applications like search 
engines for improving the quality of search results, pattern detection, trend analysis,  plagiarism detection and 
spam filtering. This research work addresses the web content outliers mining based on Proportionate 
Approach. Research in the above mentioned field has led to several new ideas and innovations. The following 
are the research outcomes: 

 Survey on the evolution of outliers, types of outliers and various outlier mining 
techniques, especially web content outliers. 

 Construction of domain dictionary. 

 Design and implementation of web content outlier mining through Proportionate 
Approach. 

  Analysis on the impact of results obtained with different cases of datasets for all the 
proposed approach.  

  Performance comparison of the three proposed approaches with an existing approach 
based on N-grams and structure oriented weighting technique. 

 The comparative study on proposed method implies that the proportionate approach is more 
efficient than the n-gram based approach.  
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