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ABSTRACT 

In recent times, text summarization has gained enormous attention from the research community. 

Text Summarization is one of the applications of natural language processing and is becoming 

very important in the field of information retrieval. Especially, during the last two decades, a 

number of efforts have been made by researches to generate good informative summary.  The 

task of text summarization can be defined as the process of automatically creating a summarized 

form of given documents by retaining its important information. It also helps users to grasp main 

concepts of information sources in a short time. 

Meanwhile, the present trend in text summarization is focusing more on the domain of 

News Summarization. Early work in summarization started with single document 

summarization. Single document summarization produces summary of one document. As 

research progressed, and due to large amount of information on web, multi document 

summarization emerged. Multi document summarization produces summaries from many source 

documents on the same topic or same event. News Summarization system however lacks the 

capability to deal with multi-document news summarization due to the content redundancy. 

Therefore, it is this perspective with which we initiate our study in News Summarization by 

analyzing and presenting different approaches used in the research area. 

With this background, we propose a news summarization system based on the main 

phases as news web page classification, filtering using content extraction, keyphrase extraction 

and finally summary is generated by sentences ranking and redundancy reduction.     

In news web page classification, news web pages have been classified from the non-news 

web pages by extracting the three attributes content, structural and URL and used Naïve Bayes 

classifier for the classification. Naïve Bayes classifier is also compared with the SMO and J48 

classifiers for the same dataset, and results show that it gives good results than the remaining 

two. After that important contents have been extracted from the correctly classified news web 

pages.  It depends on the tokenization of the HTML page and these tokens construct the tag tree, 

which is used to find matching patterns and filter out shared token sequences until the relevant 

content is extracted. Then, extracted relevant content is used for the keyphrase extraction from 

the news articles. Keyphrases can be a single word or a combination of more than one word that 
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represents the news article’s important concept. Our proposed approach of keyphrase extraction 

is based on the identification of candidate phrase from the news articles, and chooses the highest 

weight candidate phrase using the weight formula. Weight formula includes features such as 

TFIDF, phrase position and construction of lexical chain to represent the semantic relations 

between words using WordNet. Proposed approach shows good results compared to the other 

existing approaches.  

We have focused on sentence ranking and reducing similarity from the previous phase to 

the next one. Extracted keyphrases are used as a feature direct keyphrase match and  has been 

combined with the other features as, matching terms, sentence position, and sentence length to 

calculate sentence weight for the sentence ranking.  For the similarity reduction, cosine similarity 

measure is used. The experiments results showed satisfactory ROUGE values and provides 

accurate and precise summary of the multi-documents news articles.   

The work carried in this thesis clearly indicates that the performance of News 

Summarization system can be improved significantly with the correct classification of news web 

pages, correct content extraction, keyphrase extraction and redundancy reduction.  
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CHAPTER 1 

 

INTRODUCTION 
 

  

1.1 INTRODUCTION 
 

 This chapter introduces general concept of automatic text summarization, General 

architecture of automatic text summarization, Taxonomy and approaches of automatic text 

summarization, domain specific summarization, and need of news summarization, news filtering, 

Text classification, Text classification approaches, Supervised Text Classification, and major 

challenges in summarization. It also provides a formal description about the objectives 

considered for this study. The chapter concludes by rational of research and organization of 

thesis. 

 

1.2 AUTOMATIC TEXT SUMMARIZATION 

 

 As the internet and online information services are growing day by day, there is a huge 

amount of information is available that can cause information overload problem. Therefore 

automatic text summarization is required. It is the process of filtering the most important 

information from a source or many different sources to reduce the amount of information in a 

textual document while preserving the most important information and produce a concise 

summary.  

Automatic Text summarization is known as a vital research field by numerous 

organizations such as in DARPA [1] (United States), the European Community and Pacific Rim. 

It is also been increasingly used in the commercial sector such as in BT‟s ProSum [2] 

(telecommunication industry), in Oracle‟s Context (data mining of text databases), and filters for 

web based information retrieval.   

  Summaries of documents have been used for presenting the most relevant information 

from one or several documents for a long time. This is a task traditionally performed by humans, 

since it requires understanding of natural language as well as an understanding of what 
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information the readers of the summary are interested in. Task performed by humans are 

however expensive, and any text which is to be summarized must first be read by a human. This 

is not a big problem for single document summarization, since it is likely that the document has 

been written by a human; the amount of extra work and time spent on summarizing the document 

is small compared to the amount of work and time spent on writing it. 

         Good summaries of documents should contain the most relevant information from the 

documents which were summarized. There have been several attempts at creating good 

summarizers of multiple documents, using several different methods and assumptions. This 

report presents a search based approach to the problem of summarization of multiple documents. 

The concept of automatic summarization began in the late 1950s by Luhn [3]. Luhn‟s method 

uses term frequencies to select important sentences for the summary. Luhn used the idea based 

on the knowledge that in the document, significant words those carries most information are 

neither frequent nor rare. Therefore it is important to use the frequency of significant words and 

their distance in the sentence for sentence ranking and choose highly ranked sentences as a 

result.     

          Ten years later Edmundson‟s [4] shows remarkable progress by introducing hypothesis 

that concern the features like high information value of title phrases, sentence position and 

sentence containing cue words and phrases. 

Further in 90s, Jones [5] defines summary as a content reduction of source document by 

selecting and generalizing the important information from the source. It is a summarize version 

of document including only the important information. 

 

1.3 GENERAL ARCHITECTURE OF AUTOMATIC TEXT 

SUMMARIZATION 

Based on the discussion of the automatic text summarization, it is evident that there are 

some common key activities, which formulate a typical automatic text summarization system. 

An overview of such activities is provided in Figure 1.1. These activities are usually executed in 
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a sequence.  However, depending upon the technique being followed, one or more activities may 

be added or removed.   

 

Documents Preprocessing

TokenizerPOS Tagger
Stop Word 

Removal

Analyzing

Sentence RankingFeature Extraction

Weight of the 

features

Scoring 

sentences

Sentence 

Position

Semantic 

Similarity

Summary Generation

Summary Sentence Ordering

 

Figure1.1. General Architecture of Automatic Text Summarization [6] 

The general architecture of automatic text summarization is divided into three steps as 

preprocessing, analyzing and summary generation. 

1.3.1 PREPROCESSING 

Pre-processing is a primary step to load the documents into the system. It cleans the 

source documents, annotating the sentences and extracts the features. This includes tokenizer, 

stop word removal and POS tagger. In this step, tokenize the whole article into sentence string 

and remove unnecessary elements such as HTML tags, news advertisements, and table numbers 

from the document for relevant content extraction. In further processing POS (Part–of–speech) 

tagged each sentence and stop words are removed from the document.   
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1.3.2 ANALYZING 

After documents preprocessing, sentences are scored based on the extracted features.  In 

this step, the extraction and analyzing of features are done. Basically the features such as 

sentence position, semantic similarity, weight of the features and sentence scoring is done. 

Basically the sentence position in a document can play an important role in finding the sentences 

that are most related to the topic of the document [7]. Semantic similarity is calculated by finding 

an average of the score for each noun and verb in both of the sentences. The score of each 

sentence is computed by the linear combination of the weighted features.  

1.3.3 SUMMARY GENERATION 

In this step, summary is generated by choosing the highest weight most important 

sentences in the document and orders the sentences in chronological order to insure the 

readability of the generated summary. Multi-document summaries are also generated in a similar 

manner by calculating sentence score of each document separately and then choosing the highest 

scoring sentences from all documents to generate summaries.    

1.4 TAXONOMY OF AUTOMATIC TEXT SUMMARIZATION 

Taxonomy of summarization depends on what is summary intend for, how is the input, 

output etc. Jones [8] in 1999, proposed one of the most well-known existing taxonomies, where 

three classes of context factors that influence summaries are taken into consideration as input, 

purpose and language factors shown in Table 1.1. Input factors deal with aspects related to the 

source, such as genre, language, or register. The second ones, purpose factors, include audience 

and use, for example literary reviews or emergency alerts. Finally, language factors, focus on the 

style and coverage, and are normally driven by purpose factors.  

Figure 1.2 shows the taxonomy of automatic text summarization based on the different 

factors. 
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Input

Indicative 

Summarization

Query-focused 

Summarization

Informative 

Summarization

Generic 

Summarization

Multi-document 

Summarization

Language

Purpose

Single- document 

Summarization

Types of 

Summarization

Personalized 

Summarization

Update 

Summarization

Mono-lingual 

Summarization

Cross-lingual 

Summarization

Multi-lingual 

Summarization
 

 

Figure 1.2. Taxonomy of Automatic Text Summarization  
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Table 1.1: Taxonomy of Automatic Text Summarization 

Factors Summarization Type 

Input Single-document, Multi-document  

Purpose Generic, Query-focused, indicative, informative, update, personalized 

Language  Mono-lingual, Multi-lingual, cross-lingual 

 

1.4.1  NUMBER OF INPUT DOCUMENTS BASED SUMMARIZATION 

Summarization can be classified based on the number of input documents a system 

accepts as input [9]. Summary is generated from a single document in single-document 

summarization whereas in multi-document summarization, many documents are used for 

generating a summary. 

1.4.1.1   Single-Document Summarization 

In single-document summarization, the summarization is generated from only one 

document; the sentences can be selected according to its weight. A single-document 

summarization system produces a summary from only one document. Initially, despite the 

research on alternatives to extraction, today most of the work still depends on sentences 

extraction from the source document to generate a summary. To generate a single output that 

summarizes the salient points across multiple documents is more difficult. Since the documents 

are related by a common topic, they likely contain similar content; thus a system cannot simply 

concatenate many single document summaries together. 

1.4.1.2  Multi-Document Summarization 

Multi-documents summarization is an important field of the Natural Language Processing 

(NLP) [10]. It would be of great use given the enormous amount of news published daily online. 

It produces a single summary of a set of related source documents. Different from single 

document summarization, sentences of multi-document summarization are selected from 

different documents. It is important for multi-document summarization to determine a strategy to 

order the sentences.  
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The summary is generated by choosing the most important sentences in the document 

(ones with the highest score) and arranging them in chronological order. Multi-document 

summaries could be generated similar way by calculating scores of sentences in each document 

separately and then choosing the highest scoring sentences from all documents. Different from 

single document summarization, sentences of multi-document summarization are selected from 

different documents. It is important for multi-document summarization to determine a strategy to 

order the sentences.  

1.4.1.3 Difference between Single-Document and Multi-Document Summarization 

By the number of input documents, automatic summarization is divided into single- 

document summarization and multi-document summarization. There are different complications 

regarding both [11], including: (1) Levels of redundancy which is significantly higher in multi-

document summarization, (2) Compression ratio, which is usually larger on multi-document 

summarization because of redundant contents being omitted, and (3) Speed of summarization is 

high for single-document summarization than Multi-document summarization. (4) Co-reference, 

presents grater challenges for multi-document than single document summarization. The 

comparison of single-document and multi-document summarization has been shown in Table 

1.2. 

 

Table 1.2: Comparison between Single-Document and Multi-Document Summarization 

Parameters Single-Document Summarization Multi-Document Summarization 

Levels of redundancy Lower Higher 

Compression ratio Smaller Larger 

Speed High Low 

Sentence Ordering Trivial  Acute 

Co-reference Trivial Acute  

 

1.4.2 PURPOSE BASED SUMMARIZATION 

Summarization can be classified based on the purpose as generic summaries and query-

focused summarization (also known as user-focused or topic-focused), Indicative and 

informative summarization, update and personalized summarization.  
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1.4.2.1 Generic Summarization 

A broad community is addressed by the generic summarization [12]. There is no focus on 

special needs because the summarizer is not targeting any particular group. A Generic summary 

should cover the major topics of the article as much as possible and also keep the minimum 

redundancy. There are two methods are present for creating generic summaries, the first one is 

sentence selection based on relevance measure and the second is latent semantic analysis. 

a) Relevance Measure based Summarization 

For relevance measure firstly the article is decomposed into individual sentences and 

these sentences are used to form the candidate sentence set S and create the weighted term 

frequency vector „Vi‟ for each sentence i Є S, and the weighted term frequency vector „A‟ for the 

whole article [13]. After that for each sentence i Є S, relevance score between „Vi‟ and „A‟ is 

computed then select the sentence „N‟ that has the highest relevance score and add it to the 

summary.  Delete N from S and eliminate all the terms contained in „N‟ form the article and 

weighted term frequency vector „A‟ for the article is recomputed and generate the final 

summary.   

b) Latent Semantic Analysis based Summarization 

According to Gong and Liu in 2002 [13] Latent Semantic Analysis (LSA) is based on the 

idea of latent semantic indexing and applied the Singular Value Decomposition (SVD) for 

generic summarization. The process of LSA start with the construction of a terms by sentence 

matrix B = {B1, B2,……Bn} with each column vector Bn representing the weighted term 

frequency vector of sentence n in the document under consideration. If there are a total of p 

terms and n sentences in the document, then create a p × n matrix B for the document where 

without loss of generality p>=n; the SVD of B is defined as [46]: 

                             (1.1)TB U V  

Where U = [uij] is an p × n column orthogonal matrix whose columns are called left 

singular vectors, Σ = diag (σ1, σ2, …….., σn) is an n × n diagonal matrix whose diagonal 

elements are non-negative singular values sorted in descending order, and V = [vij] is  an n × n 

orthonormal matrix whose columns are called right singular vectors.   
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1.4.2.2   Query-Focused Summarization 

In query focused summarization, the aim is to summarize only the information in the 

input document(s) that is relevant to a specific user query [8]. To generate a useful summary in 

this context, an automatic summarizer needs to take the query into account as well as the 

document. The summarizer tries to find information within the document that is relevant to the 

query or in some cases, may indicate how much information in the document relates to the query. 

Query-focused summaries are query biased. These summaries are used for answering such 

questions as whether a given article is relevant to the user‟s query and if the article is relevant, 

which parts or sentences of the article is more relevant than others, relevant sentences are scored 

based on the frequency of query words and phrases. Those sentences are scored high, which 

contain the query phrase rather than the single query words. There is also a limitation in query-

focused summaries, they do not provide an overall sense of the article content and hence are not 

appropriate for content overview. 

1.4.2.3   Indicative Summarization 

Indicative summarization is utilized to demonstrate what topics are addressed in the 

source document. As a result, they can give a brief idea about the original content, without 

carrying precise content. It gives the condensed information on the main topics of a document 

and should save its most imperative parts that are regularly used as the end some portion of IR 

system, being returned by search system instead of full document. The main aim of the indicative 

summaries is to aid a user with deciding whether the original document is worth reading and the 

length of the indicative summaries should be range between 5 till 10% of the complete text [14]. 

1.4.2.4  Informative Summarization 

Informative summarization covers all significant information of the document. It acts as a 

substitute for the source document and provides some shortened version of the content, mainly 

by gathering relevant information in a concise form while reducing information volume. The 

length of it is typically 20-30% of the original document [14].  
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1.4.2.5   Update Summarization 

For the long-running events with a dynamic flow of information typically requires 

concise on-topic update in a timely manner. Therefore summarization is also observed as time 

sensitive.  Update summarization takes this time-dimension into account, and produces an 

incremental summary which contains the most salient and evolving information from a collection 

of input documents, leaving from the assumption that the user has prior knowledge about the 

event and has read previous documents on the topic. The summary is expected to convey the 

most important developments of an event beyond what the user has already seen, i.e. only new 

information not covered inside an initial update summary. 

1.4.2.6   Personalized Summarization 

The aim of personalization is to adapt the content presented to an individual user or the 

way they access the content based on their potential interests. Readers are required to select their 

possible interests before summary generation so that the chosen topic has priority during 

summarization. 

          Personalized summarization is known as a process of summarization that preserves the 

specific information that is relevant for a given user profile, rather than information that truly 

summarize the content of the news articles. The potential of summary personalization is high, 

because a summary that would be useless to decide the relevance of a document if summarized 

in a generic manner, may be useful if the right sentences are selected that match the user interest.     

To build a personalized or user-adapted summary a representation of the interests of the 

corresponding user is required. This representation may vary from a set of keywords to a 

complex user profile where the information needs of the user are represented according to 

several systems of reference [15] [16].  

Personalization summarization approaches are mainly categorizes into four categories. These 

are: 

 Content based  

 Collaborative  

 Demographic 
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 Hybrid 

a) Content Based 

Content based approach depends mainly on the contents of the items in a collection. It 

relies on the user‟s profile analysis model [17]. It relies on the profile built up by evaluating the 

content of individual user rated items given by users and uses the content of articles and rating to 

create a profile to contrast with other non- rated items which are based on the contents similar to 

user queries to create personalized summaries. 

b) Collaborative Approach 

It is a method of making automatic predictions about user interests by using a database of 

preferences for items or articles another user may like [18]. Those users who prefer the same 

thing in the past are prone to have similar preferences later on. Enhancement of the quality of 

collaborative approach depends on the user‟s ratings; it ignores the data that can be separate from 

semantic content.  

c) Demographic Approach 

The goal of the demographic approach is to categorize the user by demographic 

information like age, gender and education for the identification of users, In other words, 

demographic information concern with users who have rated particular article highly. The 

Demographic approach may not require the history of user rating like collaborative and content- 

based techniques; it is the advantage of this approach [19]. 

d) Hybrid Approach 

Hybrid approach endeavors to consolidate different techniques to remove their 

disadvantages commonly. Most hybrid methods applied user profile and description of items to 

find users who have related interests and after that used collaborative filtering to make 

predictions. In such systems, a careful selection of features is required [19].  
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1.4.3 LANGUAGE BASED SUMMARIZATION 

Mono lingual system only accepts documents with specific language and output is based 

on that language only. Multi-lingual systems can accept documents in different languages and 

produce summary of different languages. Cross-lingual system works with multi-linguality. 

1.4.3.1 Monolingual Summarization 

In monolingual Summarization, input and output language is same for example if a 

summarization system produces an English summary from one or more documents in English are 

lead to a case of monolingual summarization. FarsiSum [20] is a type of mono lingual text 

summarization systems.  

1.4.3.2 Cross-Lingual Summarization 

If the summary is produced in English but the original documents are in Hindi, the 

summarizer would deal with cross-linuality, since the input and output languages are different.  

Cross- lingual summarization was studied on the Johns Hopkins research workshop in the 2001, 

where evaluation resources and summarization algorithms for English and Chinese were 

developed [21].  

 

1.4.3.3 Multi-Lingual Summarization 

Towards the growing trend of multiliguality on the Internet require text summarization 

techniques that work equally well in multiple languages. Automated summarization methods can 

be defined as language-independent, if they are not based on any language-specific knowledge. 

Such methods can be used for multi-lingual summarization defined by Mani [22] in 2001 as 

processing of several languages with summary in the same language as input. Multi-lingual 

summarization is useful when the documents are in several different languages on the same event 

and published on a particular day to generate a summary. Multilingual summarization introduces 

the problem of translating the documents to the language of the summary.  

Multi-lingual Summarization Evaluation in 2005, focused on summarization from mixed 

input in Arabic and English, where the challenge was to generate output from automatic 
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translations [23]. There is various research projects exists for the multilingual summarization like 

the SUMMARIST [24] research project has produced a summarizer available for Korean and 

Spanish, MUSE system [25] for English, Arabic, and Hebrew. Likewise, various researchers 

claim that their summarizers to be language independent [26] [27 [28].  

 

1.4.4 COMPARATIVE ANALYSIS OF PURPOSE AND LANGUAGE BASED 

SUMMARIZATION  

Different types of summarization that have been so far discussed in the previous section 

have their own capabilities. The comparison of purpose and language based summarization types 

have been shown in Table 1.3. 

Table 1.3: Comparison between Purpose and Language Based Summarization  

Summarization  

Type 

Summary 

generation 

Selection of 

summary 

sentences 

from the 

original 

article 

Method used Application 

areas 

Systems Level of 

analyzing 

the article 

Generic Summary is 

generated by 

covering the 

major topics 

of the article 

as much as 

possible and 

also keep the 

minimum 

redundancy. 

Based on 

relevance 

measure and 

latent 

semantic 

measure 

Relevance 

measure and 

latent semantic 

measure 

Any areas SUMMARIST Topics of 

article 

Query focused Summary is 

generated by a 

user need or a 

query. 

Based on the 

frequency 

count of the 

query phrases 

in the 

sentence. 

Statistical 

methods 

Any areas WebSUMM Terms of 

article 

Indicative Summary is 

composed by 

the 

abbreviated 

information on 

the main 

topics of a 

Based on 

matching 

specific 

patterns 

Information 

retrieval 

method 

 Any areas SUMUM Topics of 

article 
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document. 

Informative The summary 

is generated 

by the shorten 

version of the 

content while 

retaining 

important 

details. 

Based on 

informative 

marker and 

satisfies an 

informative 

pattern. 

Information 

retrieval 

method 

Any areas Cut-and-paste Description 

of entity 

Update The summary 

is generated 

by time –

dimension and 

produce 

incremental 

summary. 

Based on TF-

ISF and the 

number of 

keywords 

Statistical 

methods 

Real time 

application 

areas 

Pythy Article topic 

Personalized The summary 

is generated 

based on the 

specific 

information 

that is relevant 

for a given 

user profile  

Based on the 

user interest 

Content, 

Collaborative, 

Demographic, 

Hybrid  

Recommenda

tion 

application 

areas 

NewsDude User‟s 

interest 

Mono-lingual The system 

generates the 

summary in 

the same 

language as 

the input 

language.  

Based on the 

sentence 

position, 

similarity to 

the title  

SVM, NetSum Any area FarsiSum Topics of 

article 

Cross-lingual The system 

can accept a 

specific 

language 

source text 

and generate 

summary in 

another 

language. 

Based on 

position and 

cue phrase 

Statistical 

methods 

Domain-

specific texts 

MUSI Deeply 

analyze 

extracted 

sentences   

Multi-lingual Summary is 

generated 

from different 

document that 

Based on cue 

phrases, 

matching user 

query and 

MUSI 

approach 

Any area Columbia 

Newsblaster 

Terms of 

article 



 

Chapter 1: Introduction 

 

15 

 

are in several 

different 

languages on 

the same event 

and published 

on the same 

day. 

sentence 

position 

within the 

text. 

 

1.5 APPROACHES TO AUTOMATIC TEXT SUMMARIZATION 

The aim of text summarization is to extract content from an information source and 

present the most important content to the user in a condensed form and in a manner sensitive to 

the user‟s or an application‟s need [29]. There are two approaches of summarization depending 

on how they are done [11]. Extractive summarization produces a summary by extracting a subset 

of the sentences related to the main topic from source documents, then concatenating them to 

produce the final summary [30]. On the other hand, an abstractive summary [31] is written to 

express the main information by modifying phrases, sentences from the source document that do 

not appear in the original document, usually, abstractive summarization requires heavy 

machinery for language generation and is difficult to do properly, because one has to understand 

the point of a text which requires semantic analysis, inferential interpretation. Therefore, most of 

the summarization researches today focus on extractive summarization. We, here present 

taxonomy for categorizing various approaches followed by automatic text summarization so far 

as shown in Figure 1.3. 
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Summarization 

Approaches

Abstractive 

Approach

Extractive 

Approach

Statistical-

based

Information 

Item based 

method

Tree based
Template 

based
Rule based

Ontology 

based

Semantic 

graph

Semantic 

based

Structure-

based

Cluster 

based

Discourse-

based

Machine 

learning

Graph-

based

Multimodel 

Semantic 

model

 
 

Figure 1.3. Automatic Text Summarization Approaches 

 

1.5.1 EXTRACTIVE SUMMARIZATION APPROACH 

The extractive summary consist to make procedure by identifying important section of 

the paragraphs; to produce a summary from the source document without changing it, extract and 

collect the salient sentences or phrases from the source text [32].  Extraction methods emphasis 

on to determine the salient sentences by matching phrasal patterns or by considering the source 

text lexical and statistical relevance.  Original sentences from the source document are 

concatenated in synthesis. Linear weighting model is adopted by the most of the methods. In the 

analysis phase of this model, weight of each sentences are calculated according to the features 

like sentence location in the source document, frequency in the source document, cue phrases 

appearance, and statistical significance matrix. In general, the strategic flow of automatic text 

summarization based on extractive approach as shown in Figure 1.4 can be concise as: 
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Figure 1.4. Workflow for Extractive Summarization Approach  

 

Most of research in automated summarization use extraction approach to produce 

summarization and the first step in this method consist to identify important features such as 

sentences length and location [33].Other technique such as the number of numerical data [34], 

the number of proper nouns [35], the number of words occurring in title [36] and the term 

frequency [37] are also used.  

  

          In our work we used extractive summarization systems to produce short, paragraph length 

summaries and describe the performance of summarization systems. These summarizers identify 

the most important sentences from the source document as input, which can be either a single 

document or a group of related documents, and concatenate them together to structure a 

summary. Extractive summarization can be done using variable methods such as: 

 

1.5.1.1 Statistical based Method 

In statistical-based approach sentence has been selected based on the frequency of word, 

indicator phrases and other features irrespective of the words sense [38]. The idea behind these 

methods is depends on the most obvious indication of the document content. There are numerous 

methods are present for determining the main sentences such as: The Title Method [39], The 

Location Method [40], The Aggregation Similarity Method [41], The Frequency Method [37], 

and TF- Based Query Method [39]. 
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1.5.1.2 Graph-based Method 

Graph based representation [42] of documents provides a subject or title identification 

method that can be  obtained by the common preprocessing steps such as stop word removal and 

stemming, document‟s sentences are represented as nodes in an undirected graph. If the two 

sentences share the common words then they are connected with an edge, on the other hand their 

similarity is above some threshold.  In the document, high cardinality nodes are the important 

sentences and carry higher preference to be included in the summary.  For query-specific 

summaries, relevant sub graph is used for the sentence selection. For generic summaries, 

informative sentences may be chosen from each of the sub-graphs.  

 

1.5.1.3 Discourse-based Method 

Summarization problem can also be solved from a linguistic point of view, for for 

instance exploiting discourse relations. Mann and Thompson [43] in 1988 proposed Rhetorical 

Structure Theory (RST), served as a basis for the summarization approach developed in Marcu 

[44], extending the rhetorical relations, and using this kind of discourse representation (nucleus 

and satellite relations, depending on how relevant the information is) to determine the most 

important textual units in a document. Furthermore, Cristea et al. [45] in 2005 described an 

approach similar to RST differing from the previous ones, in the lack of relation names and the 

use of binary trees. This summarization approach is intended to exploit the coherence and 

cohesion of a document. 

       Cohesion and coherence are two of the main challenging issues for TS. Some approaches 

rely on the identification of such relations in order to improve the quality of the generated 

summaries. In 2008 Gonçalves et al. [46], used coreference chains to deal with referential 

cohesion problems that are frequent in the extractive summarization approach. A post-processing 

system is developed in order to rewrite referential expressions in the most possible coherent way, 

and it is applied after the summary is generated, obtaining considerable improvements in 

comparison to the original summaries. In order to guarantee the coherence of a summary, a 

widespread approach is to use lexical or coreference chains. However, the use of coreference 

chains is not novel in Text summarization. Baldwin and Morton [47] in 1998, and Azzam et al. 
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[48] in 1999 found the approaches first, where the main assumption is that the longest 

coreference chain indicates the main topic of the document, and shorter chains represent 

subtopics. Therefore, one possible strategy for building summaries is to select only those 

sentences related in the longest chain. This strategy helps to maintain the coherence of the text. A 

similar idea is to use lexical chains, which consists of determining sequences of semantic related 

words (for example, by concept repetition or synonymy relations). By using lexical chains, the 

main topics of a document can be also detected. This technique has been also widely used in 

summarization, and approaches like the ones described in [49] [50] [51] exploit them to produce 

summaries.  

1.5.1.4 Cluster-based Method 

Documents are normally composed with the end goal that they report distinctive topics in 

a steady progression in an ordered manner.  They are generally divided up explicitly or implicitly 

into sections. It is instinctive to think that summaries should address diverse “subjects” appearing 

in the documents. Some summarizers comprise this perspective through clustering. Document 

clustering becomes essential to generate a meaningful summary, where the document collection 

for which summary is being produced is on totally different topics. The selection of sentence 

depends on the similarity of sentences to the subject of the cluster Cn. The other feature that is 

considered for the selection of sentence is sentence position in the document (Pi). If the sentence 

appears in the starting of the document, it contains the higher weight for inclusion in summary. 

The last feature that increases the sentence score is its similarity with the first sentence in the 

document from which it belongs (Si).  

1.5.2 ABSTRACTIVE SUMMARIZATION APPROACH 

Abstraction method of automatic text summarization is, in difference to extractive 

method, based on text generation techniques. In this approach the summaries contain the words 

not present in the original document. Generally as of language complexity and ambiguity it is 

hard task for computer research to solve this task successfully. In general, the tactical flow of 

automatic text summarization based on abstractive summarization approach shown in Figure 1.5. 
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Input documents Preprocessing Analysis Topic identification

Sentence selectionLanguage generationAbstractive Summary

 

Figure 1.5. General Architecture of Abstractive Summarization Approach 

 

         Abstractive summarization involves paraphrasing the input text to produce a final and 

rephrased summary. From abstractive summarization, the resulting summary might contain 

inferred information from the given documents. Abstractive summarization includes a wide 

range of processing methods, also require some commonsense and domain specific text skeletons 

which will be filled with extracted information‟s [52], to fully extractive summarizations that 

involves whole sentence generation [53]. Abstractive summary produces important materials in 

new generalized form; it consists to understand the source text by the use of linguistic method to 

interpret [37]. 

        Abstractive summarization approaches are of two types: first is structured based, various 

methods like tree based, template based, ontology based, and rule based use structured approach. 

Second method is semantic based which uses multimodal semantic, information item based and 

semantic graph based.  

1.5.2.1 Structure-based Approach 

Structure-based approach takes out the best vigorous information by using cognitive 

feature schemas such as [54] templates, extraction rules and numerous other structures similar to 

tree, ontology. 

1.5.2.1.1 Tree based Approach 

Tree based approach used dependency tree to represent the document content. For the 

outline, content selection used different algorithms as algorithmic program, which uses intuitive 

arrangement to select sentences for a summary. For outline generation, the approach used either 



 

Chapter 1: Introduction 

 

21 

 

a language generator or associate degree algorithm. The approach proposed by Barzilay et al. 

[55], for automatically fuse similar sentences through news articles on the same topic. They used 

sentence generator to build a syntactic structure by mapping from concepts to words. For theme 

identification they used DSYNT tree, where node represents the non-auxiliary words of a 

sentence and the node has been connected to its direct dependents. Their approach considerably 

improved the quality of resultant summary. 

1.5.2.1.2 Template based Approach 

Template based approach used a template to represent a full document. GISTEXTER 

[56], a multi-document summarization system exploits template based method for abstractive 

summary generation from multiple news articles based on the output of information extraction 

system. In this approach, the topic of a document has been represented by the template. This 

approach could not handle the information about multiple documents similarities and differences. 

1.5.2.1.3 Ontology based Approach 

Ontology is a formal conceptualization of a real world and provides various semantic 

links between concepts; also, it can share a typical comprehension of the real world [57].  

Ontology helps user and system to communicate with each other by the mutual and shared 

understanding of a domain [58]. Lee et al. [59] proposed a fuzzy ontology based approach for 

Chinese news summarization to model uncertain information and hence can better describe the 

domain knowledge.   

1.5.2.1.4 Rule based Approach 

In rule-based approach, the documents to be summarized are described in terms of classes 

and listing of features [60]. It is based on abstraction scheme [54]. For generating short well 

written abstractive summary, rule-based custom-designed information extraction module is used 

which is integrated with content selection and generation, where content selection module is used 

to selects the most effective candidate from those generated by the data extraction rules to 

answer one or more features of a class. It provides the accurate summary, but the key limitation 

is it consumes time as rules and patterns are written manually. 
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1.5.2.2 Semantic based Approach 

In this approach, natural language generation system accepts linguistics designed 

documents as input. For processing linguistic data, this approach identifies noun phrases and 

verb phrases 

1.5.2.2.1 Multimodal Semantic Model Approach 

Abstractive summary has been generated from unified semantic models of a multimodal 

document, irrespective of the original format of the information sources [61]. This approach used 

linguistic model to captures concepts, occurrence of an expression, and relationships among 

ideas. For multimodal documents, it represents the contents as text and images.   

 

1.5.2.2.2 Information Item based Approach 

Information Item based approach, is the smallest element of comprehensible information 

in a text or a sentence [62]. By generating sentences targeted to address specific information 

needs, this approach permits for directly answering queries or guided topic aspects. In this 

approach, user information need is known and the summarization system tries to address it. Its 

goal is to identify all entities in the text, their properties, predicates between them, and 

characteristics of the predicates. It gives the rich, unambiguous, structured and short summary.  

1.5.2.2.3 Semantic Graph based Approach 

The goal of this approach is to summarize a document by constructing a linguistics graph 

known as Rich Semantic Graph (RSG) for the source document and generated semantic graph is 

reduced to more abstracted graph, and abstractive summary has been generated from the reduced 

graph. [63]. It uses heuristic rules to reduce the generated rich semantic graph to more reduced 

graph.  The approach includes three phases as, the RSG Creation Phase, the Rich Semantic 

Graph Reduction Phase, and the Summarized Text Generation Phase. 
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1.5.3 DIFFERENCE BETWEEN EXTRACTIVE AND ABSTRACTIVE 

SUMMARIZATION 

Summaries that are constructed by extracting important passages, sentences or phrases 

from the source document are called extracts, they are easy to adapt to larger sources and 

resulting incoherent summaries. In contrast, an abstract may or may not contain words in 

common with the document and provide more sophisticated summaries. Authors using 

abstraction techniques are not constrained as those using extractive ones, and can summarize a 

wider range of materials electively and often with smaller amount of text, they adapt well to 

high compression rates like Personal Digital Assistants (PDAs) and similar technologies [12]. 

Both of the approaches discussed so far in the chapter have their remarkable capabilities and 

certain limitations as well as concluded in Table 1.4.  

Table 1.4: Difference between Extractive and Abstractive Summarization Approaches 

Factors Extractive Summarization Abstractive Summarization 

Definition Formulated by extracting sentences or passages from 

the text. 

Develop an understanding of the key 

concepts in a document and then those 

concepts are expressed in a clear natural 

language.  

Approach used Sentences are extracted based on the statistical 

analysis of discrete or miscellaneous surface level 

features such as frequency of word/phrase, sentence 

location or cue words.  

To examine and interpret the text, 

linguistic methods are used and then a 

new shorter text is generated, that 

conveys the most significant 

information from the source document. 

Issues Extracted sentences usually tend to be longer than 

average. 

System cannot summarize what their 

representation cannot capture. 

Limitations Compression can be lost with this approach, 

however, because it introduces unnecessary material. 

Heavy machinery required from natural 

language processing (NLP), and 

includes grammars and lexicons for 

parsing and generation.  

 

1.6 DOMAIN SPECIFIC SUMMARIZATION 

       In previous section we discuss the general summarization whereby the summary relevance is 

decided simply by the input document without concerning to its domain or the user needs [64]. 

Domain specific summarizations have special structure or distinctive features which should be 

considered by the summarizer to generate more precise information. In this section we discuss 

some of the works regarding domain specific text summarization.  
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1.6.1 MEDICAL SUMMARIZATION 

In the medical field study of text summarization was found to be very useful. 

Summarization helps doctors to get the important information about a specific disease or 

information from the patient records [65]. It will also help patients who want to find information 

about their health problems online [66].  Moreover, there are extensive resources are present that 

provides access to medical information and medical-related databases like MEDLINE; it is a 

biomedical database that covers nearly 20 million articles. Centrifuser is an early summarization 

system that has been built for medical knowledge [67] [68]. It helps users by generating query-

driven summaries in their search for healthcare information. Some researchers used ontology 

information for medical summarization [69]. 

1.6.2 EMAIL/BLOG SUMMARIZATION 

There have also been many researches are reported in literature on email and blog 

summarization. In the initial research on email summarization, Nenkova and Bagga [70] 

developed a system to produce summaries from email threads. They produce short “overview 

summaries” by sentence extraction through the thread root message and its immediate follow-

ups. From the root messages, sentences are extracted by finding the largest similarity nouns and 

verbs with the email subject. Likewise, from the follow-up emails, sentences are selected by 

calculating the major similarity of nouns and verbs between the root email and the follow-up 

emails.  Newman and Blitzer [71] also address the problem of summarizing email threads. First, 

all the messages are clustered into group messages. In each group, sentences are scored using 

numerous features. Then from each group, summaries are extracted. 

1.6.3 NEWS SUMMARIZATION 

These days News Summarization has been identified as a crucial research area, Internet 

users are commonly turning to the web for news instead of going to traditional sources such as 

newspapers or television. Online news has become one of the major channels for Internet users 

to get news. An important part of online information is represented by the online news. Reading 
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news online offers many benefits over traditional media. News websites are daily overwhelmed 

with plenty of news articles, nearly all news web sites are accessible free of charge [72] for 

example NewsIs-Free (newsisfree.com) is a group of news sites links, which contains more than 

20,600 online news sources. Many of these sources generated a large amount of online news 

articles and updated every day. Thus hundreds or even thousands of news articles can be found 

on a single topic or event. This may reason a high degree of redundancy in information provided 

by the set of news articles. Readers can be affected with the huge volume of news. For a reader 

interested in a given topic, this can cause a negative effect for online news because it becomes 

impractical to find and read all related news stories. This raises an unavoidable problem of how 

users take a quick overview of the complete story regarding a particular topic.  Hence news 

summarization is useful for automatically generated comprehensive summarization of the news 

articles in a non-redundant way [9].  

 For building a news summarization system, it is important to study how journalists write 

news stories. Traditionally, they are used inverse pyramid structure [73]. Usually articles are 

started with a broad overview of the situation or event, later followed by the finer details of the 

story. To the extent that writers follow this arrangement, it can be exploited by the summarizer 

[72]. There are typically many articles on the same event. Summarization systems need to 

produce a concise and fluent summary conveying the main information in the input and help 

readers in determining if they want to access and read the full articles as well as allow them to 

get the idea of the reported event by reading the summary only [74]. On the other hand 

Summarization is an ideal solution to provide condensed, informative document reorganization 

for faster and better representation of news evolution. 

 

1.7 NEED OF NEWS SUMMARIZATION 

In online news, probably the most obvious gains are accessibility and recency, as users 

can read stories instantly once they are published, from any place in the world.  News websites 

have been around for more than two decades. However, until recently, they still shared a similar, 

manual publishing process with their printed counterparts. 
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Web news service providers clusters news stories from different news websites and 

present them to the user. The various news stories for one category, most likely on an identical 

topic, have major overlaps in their contents, while some of them are unique compared to rest of 

the stories. Therefore there is a need to have a method which will provide a single, preferably 

short and informative article summary that gives the user a consolidated story regarding 

particular news topic.  

 Major online news outlets serve tens of millions of monthly visitors. When a new story 

is published on the main page, its instant exposure is huge. Without the delay and practical 

limitations of print, the number of potential stories is virtually unlimited. This can easily lead to 

informational overload, since human attention span is relatively constant. Therefore, the question 

is: how to pick the most informative and engaging stories? This leads to the need of 

summarization to pick the most important news on the same event from different news websites 

and summarize them to save the readers time to read all the news articles.  

 

1.8  NEWS FILTERING 

The rapid growth of the web makes it urgent for efficient instant online document 

filtering. Web page filtering is used to let users to see only those portions of a page that are 

useful in summarization. News web page summarization face the two main issues: the first one is 

how to locate relevant documents (URL‟s) on the web and the second one is how to filter out 

irrelevant documents from a set of documents collected from the web. In our work we address 

the second issue.  In our work for filtering stage we used the web information (mainly content) 

extractor, which retrieves the news webpages title and news content by using Tag Tree explain in 

detail in chapter 4.  

           Content extraction is widely used in web for extracting relevant content which is useful in 

many areas like summarization. A web content extraction system automatically and repeatedly 

extracts data from web pages with changing content and delivers the extracted data to other 

applications in this work for the summarization.  
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           The revolution of the Web generates various information sources published as HTML 

pages on the Internet. Though, web contains many redundant pages such as mirror sites or 

identical pages with different URL. The news web page encloses the category information, 

advertisements, news content, latest headings, related news etc. regarding these content parts as 

content blocks, all blocks apart from the news content block are identical in all news pages. 

Content extraction extract data from unstructured texts that are written in natural language and 

produces structured data ready for post-processing, which is crucial for summarization. 

1.9 TEXT CLASSIFICATION 

In news web page filtering and summarization, the task of news web page classification 

has remained in sharp focus since long. A news web page classification phase classifies a news 

web page from a non-news web page. Prior knowledge of correct news page allows us to narrow 

our content extraction task considerably. Therefore, news web page classification is considered 

as most important task in the news filtering and summarization.  

Text classification (TC) is an area where classification algorithms are applied on text 

documents. In the process of TC, a set of input document is divided into two or more classes 

where each document can be said to belong to one or multiple classes based on the contents of 

the documents [75]. Typically, these classes are labeled by humans. TC dates back to the early 

‟60s, but only in the early ‟90s it became a major subfield of the information systems discipline. 

It plays an important role in the field of natural language processing or other text-based 

knowledge applications, especially with the recent explosion of readily available text data such 

as electronic news articles, and digital libraries.   

 There are two sorts of ways to deal with text classification: rule based and machine 

learning based approaches. In the rule based approach classification rules are defined manually 

and documents are classified based on rules. Rule based approach gives good results when a 

number of rules are small and written by the specialists; otherwise maintenance of rules becomes 

more difficult as the number of rules increases [75] [76] [77]. Sometimes rules conflicts each 

other and have to be reconstructed when the target domain changes. To overcome these 

limitations machine learning approach is used in text classification. Machine learning helps us to 
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categorize the documents automatically [78]. In this approach rules or equations are defined 

automatically using sample labeled documents. It classifies text documents automatically and 

gives a high analytical performance. It is domain independent. In this approach a classifier 

observing the characteristic of a set of documents; from these characteristics classifiers should 

decide a new unknown document comes under which category. A classic example of text 

classification is categorizing news articles into topics such as politics and sports.  Our objective 

here is to show that text classification techniques allow a much more refined analysis of the 

impact of news web pages filtering and summarization. This approach provides excellent 

accuracy, reduces labor, and ensures conservative use of resources. 

         Text classification is easily identified by three paradigms: binary case, multi- class case and 

multi- label case.  

 Binary case: A sample belongs to exactly one of two given classes.  

 Multi-class case: A sample belongs to just one class of a set of n classes. 

 Multi-label case: A sample belongs to several classes at the same time therefore classes 

may overlap through documents. 

1.9.1  PROCESS OF TEXT CLASSIFICATION 

The process of text classification consists of following phases: 

a) Pre-Processing  

The pre-processing phase used to present the text documents into clear word format. In 

this phase three main steps tokenization, stop word removal and stemming words are performed. 

In tokenization, document is considering as a string and then partitioned into a list of tokens. 

Stop word removal, removes the stop words like “the”, “a”, “and”, etc because they occur 

frequently in the document and shows less significance. Stemming word converts different word 

form into similar canonical form by using stemming algorithm. After these steps document is 

prepared for the next phase. 

b) Document indexing  

This phase takes the training, validation and test documents as input, and outputs internal 

representation for them. 
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c) Learning Classifier  

This phase takes the representations of the training and validation documents as input and 

outputs a classifier. 

d) Evaluating classifier 

This phase takes the results of the classification of test set as input and accomplished by 

evaluation techniques belonging to both the information retrieval (IR) and the machine learning 

tradition. 

The process diagram of text classification is shown in Figure 1.6. 

 

Document 
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Evaluating 

Classifier
Learning Classifier

Preprocessing
Document 

Indexing

 

Figure 1.6. Text Classification Process 

 

1.9.2   TEXT CLASSIFICATION APPROACHES 

Text classification approaches are used extensively to solve real-world challenges. The 

general taxonomy of text classification approaches has been shown in Figure 1.7. Text 

classification approaches are classified as: 

 Supervised approach 

These approaches use machine-learning techniques to learn a classifier from labeled 

training sets. Supervised approach is based on annotated corpora. 

 Unsupervised approach 

Unsupervised approach is completely relies on external information and does not use 

sense tagged data (training data). 

 Semi-supervised approach 
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Semi-supervised approach has both sense labeled and unlabeled data that employed 

different proportions to learn a classifier.  

 

 

Figure 1.7. Text Classification Approaches 

 

Supervised approach undoubtedly performs better than other approaches [79]. If we 

perform an unsupervised classification, then there is no idea about the possible final classes. 

Thus we used unsupervised learning approach to find possible groups or classes, called 

document clustering. Semi-supervised approach uses small amount of labeled data with a large 

amount of unlabeled data. According to Lu [80], Knowing unlabeled distribution for identifying 

classes does not help without making appropriate assumption about the relationship between 

labeled and unlabeled distribution. This is a limitation of semi-supervised approach.  If we have 

predefined class or classes then supervised approach is used to achieve the solution of the 

problem.  

1.9.2.1 Supervised Approach 

Text classification problems can be solved by applying supervised learning algorithms 

where the learning process is supervised by the knowledge of the classes and of the concerned 

training instances and results is deduced from a training set [81]. For the classification of 

document, classifier needs to learn some basic knowledge. Therefore, the input objects are 
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divided into training and testing data. In Training datasets, documents are already labeled. It is 

initially categorized by the experts while in testing datasets, documents are unlabeled. 

Supervised learning algorithms analyze from the already labeled training dataset and learn the 

knowledge and apply this on the testing dataset for accurately predicting the class label.    

Some important algorithms of supervised machine learning are Naïve Bayesian, Support 

vector Machine, decision tree, K-Nearest Neighbour. 

1.9.2.1.1 Naïve Bayes Algorithm 

This algorithm comes under probabilistic approach. It is a statistical method and 

estimations a set of probabilistic parameters that intended the restrictive and combined 

probability distribution of classifications and context. It based on Bayes rule, and relies on very 

simple representation of documents [82]. A naïve Bayes classifier is built by choosing the best 

sense for an input vector amount to choosing the most probable sense. It calculates the 

conditional probability of each sense Si of a word w where fj are featured in the context. Naïve 

Bayes classifier finds class that maximizes the formula by choosing S as the most appropriate 

sense in context. Assuming that all features are independent of each other than algorithm can be 

stated as in (1).  

S= argmax P (Si|f1,…., fm) = argmax P(f1,……, fm | Si) P(Si) / P (f1,……, fm) (1)  

Where P(Si) and P(Si/fi) are estimated during training process using relative frequencies. 

Short computational time for training is the main advantage of the Naïve Bayes classifier.  

1.9.2.1.2 Support Vector Machine (SVM) Algorithm 

SVM is a learning algorithm for classification used for any classification problem (text 

classification as one example). SVM is a binary classifier i.e. it takes care of classification 

problem of two classes. It is a large margin classifier, based on the vector space. SVM is utilized 

to find a decision boundary between two classes that is maximally distant from any point in the 

training data and the distance of the decision surface to the nearest data point is known as the 

classifier‟s edge. Those points which describe the position of the separator are known as support 

vectors. For good classification decisions margins must be maximized. SVM separates the 
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training set with two ways, the first way of document separation is linear separation and when 

adds complication then usage kernel functions.  

 For classification, once the hyperplane has been generated new points are mapped into a 

feature space by using kernel function. Some examples of the kernels are: linear kernel, Gaussian 

kernel, Exponential kernel, polynomial kernel, Hybrid kernel, etc. Selection of an appropriate 

kernel function is an important task. It is common practice to select the best one. For this reason 

SVM shows the drawback of the low speed of training. Fast Training of Support Vector 

Machines using Sequential Minimal Optimization (SMO) is implemented by Platt in 1998 [83].  

1.9.2.1.3 Decision Tree Algorithm 

Decision tree is a prediction based model [84]. It is characterized by a hierarchy of rule in 

the form of a tree, and utilized basically in classification problem. Training data is used to 

construct the decision tree. A tree is constructed to model classification problem with this 

technique. Exactly when a new sample is classified, the list of rules is checked and the standard 

that matches is applied first. Internal nodes of a tree represent a feature on which test is 

accompanied, topmost internal node is called the root node. Each branch represents a feature 

value that is the result of the test performs on the internal node (feature). Each leaf node 

represents a sense or a class. Several specific versions of decision tree are available such as J48, 

ID3, C 4.5 and CART (Classification and regression tree) etc. The advantage of the decision tree 

is that it is simple to understand and interpret. It performs well in huge amount of data. 

1.9.2.1.4 K – Nearest Neighbour Algorithm (KNN) 

This algorithm performs the classification, by contrasting a given test sample with 

training samples which are related to it. Whenever a new point is found in the classification, its 

k-nearest neighbor is found first from the training information. KNN determines the label of 

unknown vector by utilizing its K nearest neighbors. It contains numerous three principal 

components: firstly a set of labeled approach, for instance a set of stored records, Second a 

distance or comparability metric to compute distance between objects and last the value of k, 

those numbers for claiming nearest neighbors. To classify an unlabeled object, the distance of 

this object to the labeled object is computed and its k-nearest neighbors are identified. Class 
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labels of the objects are determined by the class labels of their nearest neighbors. Closeness or 

similarity of the senses is measured by the distance metrics such as Euclidean distance.  

 

1.10 CHALLENGES IN NEWS SUMMARIZATION 

Online news reading is beneficial over traditional media. Now days thousands of news 

sources are available and almost all news websites are free of charge. News summarization 

systems help the readers to read accurately and concise summary of a particular topic rather than 

reading a full document. Along with these benefits there are some challenges of summarization.   

 

 Commonly, humans are very capable summarizers, because we have an incredible talent 

to read an article entirely and then write a summary highlighting its main points. 

However, machine generating summarization, posts a rather challenging problem to 

computer scientist, since computers lack human knowledge and language capability; it 

makes news summarization difficult and non-trivial task. 

 

 One of the major challenges in extractive summarization is summary cohesion. Sentences 

are usually extracted and just concatenated to each other, it is quite common that there 

exist no smooth transition between topics in different sentences, to overcome these 

cohesion problems lexical chain is introduced.  

 

 The another challenge in performing summarization is how to identify what is the most 

relevant part of the article and how it can be identify that the relevant part of the article to 

obtain the most relevant in summary.  

 

 The other challenge in summarization is focused on finding keyphrases and these were 

usually based on a term or a phrase appearing in the article. If a sentence contains 

identified keyphrase but top of that some other information, which is not related to the 

previous sentences while has high quality information and might be found to be more 

relevant than other. 
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 Another challenge is the summarizers evaluation; Evaluating the quality of a summary is 

identified as a difficult problem, mainly because there is no clear “ideal” summary. If 

someone belief that the summary is certainly a reliable substitute for the source, they 

must be confident that it does in fact reflect the relevant content from the source. The 

summary readability in terms of grammar and coherence has difficult to be evaluated. 

 

 Therefore, methods for generating and evaluating summaries must complement each 

other.  

 

 In multi-document summarization a challenging aspect is that content and writing style 

may vary significantly from source to source. The differences in style can make it 

challenging to detect how two documents relate.   

 

 In a multi-document summarization, there is an evidence of duplication or redundancy in 

the summary. This is because information in document A will also appear in document B 

and this even makes such information good candidate for summary. Only one of such 

sentence should remain in the summary but perfectly removed redundancy is difficult 

because of lack semantic training. 

 

1.11 MOTIVATIONS AND RESEARCH GAP 

News summarization is immensely helpful for trying to figure out whether or not a full 

news article meets the reader‟s need and is worth reading the full article for further information. 

News summarization system summarizes various news articles on the same topic and help 

readers to read the precise summary which contain the main information of the articles. The key 

to summarization is to reduce the length of the article while retaining its main points and overall 

meaning.  

          A good number of researches have been done and is under process in the field of news 

summarization systems. Some of the important areas for which summarization efforts have been 

made are web summarization, email summarization, scientific articles summarization, video 

summarization, news summarization etc., however, there is rarely any method available that is 
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used for all kind of domains. This is due to the fact that a particular method that works on one 

domain may not work on other domain effectively. Many summarizers create summary by 

extracting salient sentences from the input articles.  

Most of the earlier works were based on the single-document summarization. In the 

single-document summarization, approaches are based on sentence extraction from documents 

[87] [95]. It is specific approach for single-document summarization. Most single-document 

summarization systems used a simple way for summary generation by taking the first sentence 

from every paragraph and place them along in their original order. Later on, due to the presence 

of numerous sources carrying the same information cause difficulties for end users of news 

providers; they must read the same information over and over again. Therefore recent efforts 

have focused towards multi-document summarization [11] [46]. For the multi-document 

summarization valuable strategies are required to merge information stored in different 

documents. This would typically mean that certain operations need to be taken below the 

sentence level, probably involving keyphrase match, matching terms, sentence position, and 

sentence length. Therefore, multi-document summarization may effectively addresses the issues 

by using a metric for reducing redundancy and maximizing diversity in the selected articles and 

generates shorter summary containing the main points of the original documents. It resolves the 

problem of information overload.  

From the earlier researches, we found certain issues such as, the selection of sentences, 

this issue arises when the diverse contents are selected from different news articles and some of 

the sentences are not strongly related to each other. According to Lee at al. [59], summary many 

a times contains sentences that are not strongly related to each other. This can be addressed by 

selecting a suitable threshold to generate the sentence set. Thus the selection of suitable threshold 

is the one of our problem. The next issue is the ordering of sentences in the summary. According 

to Radev et al. [72] sentences are taken from various source articles and put together to form a 

summary, so the resultant summaries sometimes do not seem to flow as much as they should, 

and they should be difficult to understand. Therefore correct ordering of sentences is required. 

Another issue with news summarization system is handling of large feature sets, as the 

complexity of tuning of weight experimentally increases exponentially. Thus there is a need of 

high performance systems with more effective features. The other important issue on which not 
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much attention has been paid so far is the combination of features. The selection of suitable 

content for news summarization has also been an issue as reported in literature. We observed that 

summary combination needs improvements in the process of content selection, as the diverse 

content get selected from different news sources.   

Our motivation to pursue the present research is based on the works carried by different 

researchers underlining the issues reported in the literature as discussed above towards and 

efficient and effective news summarization system. The detailed review of available literature as 

discussed in chapter 2 also reveals these facts. 

More precisely, in the proposed work we have worked on addressing the above 

mentioned issues, keeping an objective is to design a news summarization system by correct 

content selection and explore how the optimal weight can be obtained automatically by selecting 

minimum feature set and reduce redundancy.  

1.12 OBJECTIVE OF RESEARCH  

The main focus of news summarization system is to express the important ideas of news 

stories by eliminating less important and redundant information. News summarization is 

immensely helpful for trying to figure out whether or not a lengthy news article meets the user‟s 

needs and is worth reading for further information.  

In order to carry out the proposed research work we have fixed the following objectives: 

1. Study different existing tools and techniques of supervised text classification for 

news filtering and summarization on the web: As the growing number of news stories 

published online there is a need for news summarization systems. News summarization 

used to reduce the length and detail of article while retaining its main points and overall 

meaning. We study the existing work related to news filtering and summarization of 

many researchers in literature reviews (Chapter 2).  

2. Classifying news content on the web: Classification algorithm identify web news page 

from web by selecting important attributes. It is based on the combination of content, 

structure, and URL attributes and Naïve Bayes algorithm is used to distinguish news 
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articles from non-news articles. We discuss the detailed process of news web 

classification in chapter 3.  

3. Filtering the web pages after classification: News web page classification (discussed in 

Chapter 3) is an important phase in news summarization. Classified news web pages are 

further used in filtering. It provides high quality news content for analyzing. For filtering 

content extraction approach is used which tokenize HTML pages and construct the Tag 

Tree for pattern matching and filtering. Detailed approach is discussed in chapter 4. 

Extracted content is further used for the keyphrase extraction (Chapter 5). 

4. Keyphrases extraction: keyphrase extraction captures the main phrases of the news web 

pages (discussed in Chapter 5). Keyphrase extraction approach identifies candidate 

phrase from the documents and chooses those candidate keyphrase having highest weight 

score. Weight formula combines the feature set that includes TF*IDF, phrase distance in 

documents and lexical chain that is based on WordNet to represent semantic relations 

between words. Extracted keyphrases are used for sentence extraction in summarization 

(chapter 6).  

5. News Summarization: News summarization phase used similarity measure and sentence 

selection and ranking. Keyphrases (discussed in chapter 5) plays an important role in 

sentence selection. It shows favorable results compared to other news summarizer. We 

discussed the proposed approach of news summarization in chapter 6 and results and 

discussion are mentioned in chapter 7.          

 

1.13 ORGANIZATION OF THESIS 

The study has been undertaken with the following chapter scheme: 

Chapter1: Introduction introduces automatic text summarization and provides details about 

types of summarization, news summarization and the approaches of summarization. The issues 

presented in summarization system. At the end, we have provided a formal description about the 

research objective that intends to be addressed in this thesis work along with the rational of 

research. 

Chapter2: Literature Review discusses the existing work in the field of news filtering and 

summarization system. The chapter gives the detailed literature of existing news summarization 

systems. The focus of the research is to outline previous research on news summarization, with 
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particular emphasis on the content extraction and keyphrase extraction for summarization. It also 

looks at related techniques to news summarization and show how research in these areas can 

profitably be used for news summarization systems. 

Chapter 3: News Web Page Classification shows a news web page classification phase for 

classifying a news web page from a non-news web page. Classification is based on the three 

attributes Content, structure and URL using Naïve Bayes algorithm. News web page 

classification is considered as most important task in the news filtering and summarization and 

allows us to narrow our content extraction task considerably. 

Chapter 4: Content Extraction from News Web Pages using Tag Tree presents a content 

extraction approach for news summarization. This chapter introduces an approach for extracting 

the main content from news web pages.  

Chapter 5: Keyphrase Extraction of News Web Pages shows a keyphrase extraction approach 

for news summarization based on the features TF-IDF, phrase distance, and lexical chain to 

calculate the score of the candidate phrase for the identification of keyphrsae.     

Chapter 6: System architecture of News filtering and Summarization present the overall 

proposed architecture of News filtering and summarization system. It provides a complete 

processing of sentence selection and ranking and reduces redundancy by cosine similarity 

measure.  

Chapter 7: Result and Discussion discusses the experimental results of overall system and 

shown the comparison between the existing approaches and the proposed system approach.  

Chapter 8: Conclusion and Future Work providing a summary of the research work 

undertaken, contributions of this research work, limitations, and future directions in which this 

work could be extended.  

1.14    SUMMARY            

In this chapter, we discussed introduction to automatic text summarization, types of 

automatic text summarization, various approaches, domain specific summarization, News 

summarization, motivation to research and research gap, Objectives of research. Finally, chapter 

concludes with brief organization of the thesis. The next chapter provides a more extensive 

survey of the existing literature in the field of news filtering and summarization.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                        
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CHAPTER 2 

 

 LITERATURE REVIEW 
 

  

2.1  INTRODUCTION 
 

 Previous chapter has discussed many different aspects of news summarization systems 

underlying general architecture, types, issues and applications. Many successful systems have 

been developed so far found on either abstractive summarization or extractive summarization but 

trade-off between accuracy of the generated summaries has always remained in sharp focus. The 

aim of this chapter is to take a look of prominent news summarization systems and analyze the 

existing techniques, approaches, ideas from the field of news filtering and summarization.  

          The survey tries to address the all the steps of news filtering and summarization. A 

considerable amount of researches have been carried out in news web page classification, content 

extraction, keyphrase extraction and summarization. For convenience, the entire review of 

literature has been grouped according to these steps.  

 

2.2 HISTORY OF TEXT SUMMARIZATION 

 

 Research in automatic summarization started to attract the attention of the scientific 

community in the late fifties [3]. In recent years, a wide range of techniques and paradigms have 

been proposed to tackle this research field [85].  

            Most summarization algorithms today aim at the generation of extracts given the 

difficulties associated to the automatic generation of well-formed texts in arbitrary domains. It is 

generally accepted that there are a number of factors that determine the content to select from the 

source document and the type of output to produce [8]. According to Goldstein et al. 2000 [11], 

to produce a summary automatically is very challenging. Issues such as redundancy, temporal 

dimension, coreference or sentence ordering, to name a few, have to be taken into consideration 

especially when summarizing a set of documents (multi-document summarization). When multi-
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document summaries are required for a set of documents retrieved from a search engine in 

response to the query, the Maximal Marginal Relevance (MMR) method [86] can be applied. In 

the case of generic summarization, computing similarity between sentences and the centroid of 

the documents to summarize has resulted in competitive summarization solutions [87] [88]. 

            Summarizations in languages other than English are not rare [89] for Scandinavian 

languages and the SUMMARIST project [90] for summarization of a variety of languages 

including Korean and Spanish. The 2005 Multilingual Summarization Evaluation concentrated 

on summarization from mixed input in Arabic and English, where the challenge was to generate 

output from automatic translations [23]. In a multi-lingual environment, the first large scale 

effort for the production of summaries was the focus of a Johns Hopkins Research Workshop 

[91] which produced SummBank, the first cross-lingual summarization framework for research 

in this field.  

           Summarization falls naturally into two subtasks: extraction and abstraction. Due to the 

limitations in natural language processing technology, abstractive approaches are restricted to 

specific domains. In contrast, extractive approaches commonly select sentences that contain the 

most significant concepts in the documents. These approaches tend to be more practical. In 

contrast, extractive approaches commonly select sentences that contain the most significant 

concepts in the documents. These approaches tend to be more practical [92]. 

 

2.3 LITERATURE REVIEW ON NEWS WEB PAGE CLASSIFICATION 

 

 Classification is traditionally posed as a supervised learning problem in which a set of 

labeled data is used to train a classifier which can be applied to label future examples [93]. 

Extensive research has been carried out on web news page classification, as there exist a good set 

of training documents for each predefined category  and numerous procedures have been applied 

for effective experimental results [94] [95] [96]. Overall, the different type of attributes can be 

used for the classification of research in this area. The three main trends in attribute types are: 

URL attribute, content attribute and structure attribute. URL is the more informatics sources of 

information for classification.  
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           Cruz et al. [97] in 1998 introduced some type of distance functions that measure structural 

similarity between web documents. They look at three different methods for defining similarity 

based on Tag Frequency Distribution Analysis (TFDA), parametric functions and edit distance 

between documents.  

 

            Wong et al. [98] in 2000 introduced a labels discovery algorithm that uses the 

hierarchical structure to represent the relation among text data in the web documents extracted 

from the web. Their algorithm successfully discovers similar labels which describe the same kind 

of information and accurately classifies web pages.  

 

              Agrawal and Srikant [99] in 2001 used a model by the combination of documents from 

different taxonomies. Their model used Naïve Bayes algorithm for classification task. Some 

research applications like NewsDude [12] unambiguously use content-based classifiers both to 

choose valuable articles and to eliminate articles that appear to be excessively repetitive with 

previously seen articles. 

 

            Sun et al. [100] in 2002, proposed the use of support vector machine (SVM) classifier to 

classify web pages using both their text and context feature sets. They used WebKB dataset for 

their web classification method experiments and results show that the use of context features 

especially hyperlinks can improve the classification performance significantly.  

 

           A paper written by Daniele Riboni [101], in 2002 focused on feature selection for web 

page classification. Robini experimented with several feature selection techniques based on 

information gain, word frequency, and document frequency. The experiments were made using a 

large set of samples from the subcategories of the Science directory from Yahoo!4 , using a 

Naive Bayes' classier and a kernel perceptron.  

           Joshi et al [102] in 2003 produced an alternative scheme for representing the structural 

information of documents based on the paths contained in the corresponding tree model. They 

define a news family of meaningful structural similarity measure that includes partial 

information about parents, children and siblings. Their experimental results based on the 

SIGMOD XML dataset show that the good clusters of structurally similar pages are produced by 

that representation. 
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             Holden and Freitas [103] in 2004, used the Ant Miner algorithm in the field of web 

content classification and shows that it is more effective than C 5.0. It also investigates the 

benefits and dangers of methods to reduce the large numbers of attributes associated with web 

content mining such as a Naïve WordNet preprocessing stage. 

 

             An interesting paper by Kan [104] in 2004 studies the use of URLs for web page 

categorization. The assumption is that the URL inherently encodes information about a page's 

category. In the paper, Kan describes several methods for extracting tokens from URLs. The 

experiments used a Support Vector Machine as the classifier, and tried using different sources 

for text data as a comparison to using URLs only.  

            Selamat and Omatu [105] in 2004, proposed a news web page classification method 

(WPCM) using neural network where inputs are obtained by both the principal component and 

class-profile based features and each news web page is represented by the term-weighting 

scheme. The principal component analysis (PCA) has been used to select the most relevant 

features for the classification when the number of unique words in the collection set is large. The 

final output of the PCA is combined with the features vectors from the class-profile which 

contains the most regular words in each class. Their experimental results show that the WPCM 

method provides acceptable classification accuracy with the sports news datasets.  

 

            Kan and Thi [106] in 2005, presents an approach to the segment the URL into important 

portions and ads components, sequential and orthographic features to model silent features. Their 

results show that URL features perform well on classification tasks and surpass the performance 

of full content and link-based approaches.  

 

           Tombros and Ali [107] in 2005 consider that the textual content contained within common 

HTML tags, the structural layout of pages, and the query terms contained within web pages can 

effect on web page similarity. Their study shows that combination of features can yield more 

promising results than individual factors.  

 

            Tongchim et al [108] in 2006 propose a simple yet efficient technique to mine news 

articles from web collection. They create a dataset by gathering information from two different 
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Thai newspaper websites. They explore machine learning approaches to separate news web 

pages from non-news web pages based on the structured features of web documents.  

 

          According to Chy et al. [109] in 2014 the task of news classification is to automatically 

classify news documents into predefined classes based on their content. They proposed an 

approach to classify news articles to specific classification. They used web crawler to extract 

article content and construct a full-text-RSS. They apply Naïve Bayes classifier for classification 

of Bangla news article content based on news code of IPTC. Their experimental results show the 

effectiveness of their system.  

 

          Singh et al. [110] in 2016, proposed a rough set-based feature selection method to remove 

the redundant and irrelevant features in order to improve the performance of classifier. They 

used various dataset with the various supervised learning algorithm to test their method and 

found that their proposed method gives better performance in comparison with other methods. 

 

2.3.1  CONCLUSIVE FINDINGS 

           In the phase of news web page classification, the survey reveals that most of the 

researches have focused on individual attributes. Some previous researches [97] [98] [102] [107] 

works on structural similarity of web pages for the classification. The structural knowledge of 

the web pages could be used to distinguish web pages. Therefore discovering such structural 

attributes can lead to successful web page classification. If label could not be discovered more 

accurately then similar labels could be discovered with fewer errors and does not give accurate 

classification results. Later some researchers [100] [103] [109] proposed their work on content 

attributes based classification of web pages. The limitation of it is that the extracted word list is 

usually large and it is impractical for classification algorithm. 

           Some researches [104][106][104] in Classification of web pages by URL attributes show 

that all web pages have URL’s attributes regardless of whether they exist , are accessible, have 

incoming links or have any text. While URLs attributes do not perform as well with typical web 

site entry points like domain name, as they attempt to leverage the internal path structure of the 

URL.  
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            Therefore in this work, we used the combination of all the three attributes for the correct 

classification of news web pages from non-news web pages. Some prominent research in the 

area of news web classification is shown in Table 2.1.    

 

Table 2.1: Some Prominent Research Work in News Web Page Classification 

S No.  Authors Year Description 

1 Agrawal and srikant 

[99] 

2001 Used the combination of documents from different 

taxonomies in their model that used Naïve Bayes algorithm 

for classification task.   

2 Sun et al. [100] 2002 Used both their text and context feature sets for web page 

classification using support vector machine (SVM) classifier. 

3 Selamat et al. [105] 2004 Proposed a news web page classification method (WPCM) 

using neural network. For the classification relevant features 

has been selected from the principal component analysis 

(PCA).  

4 Kan and Thi [106] 2005 Proposed an approach based on URL to model silent features.  

5 Tongchim et al. 

[108] 

2006 Proposed a technique to mine news articles from web 

collection. They explored machine learning approaches to 

separate news web pages from non-news web pages based on 

the structured features of web documents.  

6 Chy et al. [109] 2014 Proposed an approach for Bangla news articles classification. 

They used web crawler to extract article content and construct 

a full-text-RSS and then apply Naïve Bayes classifier for 

classification. 

7 Singh et al. [110] 2016 Proposed a rough set-based feature selection method for 

removing redundant and irrelevant features in order to 

improve the classifier performance.  

 

2.4 LITERATURE REVIEW ON CONTENT EXTRACTION 

 

 Plenty of work has been reported in literature for content extraction from news web pages 

including standard and independently techniques. Now a day many researchers paying attention 

in the field of content extraction from news web pages. Among the variety of work reported in 

literature, we reviewed the various other techniques that are attempting to solve the similar 

problem.  

 

           Muslea et al.[111] in 1999  presents an approach to wrapper induction which is based on 

the idea of hierarchical information extraction. They introduce an inductive algorithm, 

STALKER that generates high accuracy extraction rules based on user-labeled training 
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examples. Their experimental results show that STALKER does significantly better than other 

approaches. 
 

          Lin and Ho [112] in 2002 propose InfoDiscoverer system for the identification of 

informative contents from a web page. Their system partition the web page into several content 

blocks according to HTML tag <Table>. Their proposed method dynamically select the entropy- 

threshold that partition the block into either informative or redundant. Their experimental results 

show the value of precision and recall greater than 0.956. 

 

         Knoblock et al [113] in 2003developed a set of tools for extracting data from web sites and 

transforming it into a structured data format such as XML. Their approach automatically 

detecting the breakage of wrapper and repairing them capitalizes on the regular structure of the 

extracted fields themselves. Their technology learns highly accurate extraction rules and wrapper 

is verified by the correct extraction of data. 

 

         Reis et al. [114] in 2004 present a domain oriented approach to web data extraction. Their 

approach of data extraction from web pages is based on the structure analysis of the target web 

pages. The structure of the web page can be described by a DOM tree, since they introduced a 

new algorithm RTDM for calculating the edit distance between two given trees and solve the 

problem of structure- based page classification, extractor generation and data labeling. Their 

experiment results show that RTDM correctly extracting 87.71% of news from a dataset of 4088 

pages. 
 

          Gupta et al. [115] in 2005 developed a framework that use DOM trees and a W3C 

specified interface that allows programs to dynamically access the structure of a document. Their 

approach is implemented in a publicly available Web proxy for the content extraction from 

HTML web pages.  
 

          In 2007, Banko et al. [116] introduces a fully implemented, highly scalable OIE system 

TEXTRUNNER, which has the ability to extracts large amount of high quality data from a nine 

million web page corpus. In this system tuples are assigned a probability and indexed to support 

efficient extraction and exploration via user queries. They compare TEXTRUNNER with 

KNOWITALL, and achieve an error reduction of 33%.  
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         Gibson et al. [117] in 2007 used machine learning methods to identify the content of a 

news web page. They identify correctly the portion of the content of web pages from 80-97% of 

the time. Their experimental result shows that the document level accuracy of their model is 80% 

and also shows the high value of precision and recall for content block identification. 

 

         Ziegler et al. [118] in 2007  present an approach that works in a fully- automated fashion, 

classifying text blocks in html pages using distilling linguistic and structural features, having a 

Particle Swarm Optimizer (PSO) learn feature thresholds for optimal classification performance. 

Their approach shows good results for hundreds of news pages from popular media in five 

languages and exhibits an accuracy that comes close to human judgment.  

 

        Prasad and Paepcke [119] in 2008 developed a heuristic technique for the extraction of main 

contents of a news web page. They construct DOM tree of the web page and scored the nodes 

according to amount of text and number of links it contains. There method is site- independent 

and does not used any language based features. The performance of their algorithm achieved 

97% precision and 98% recall which is slightly below the baseline system but requires 

significantly less computational speed; the processing speed of algorithm is less than 15 ms per 

page.  

 

          In 2009, Louvan [120] propose an approach for the extraction of main content from web 

documents by using the combination of machine learning and heuristics approaches. Their 

results show that the combination of classification task and LBS namely CS+LBS gives best 

performance for blogs and news datasets.  

 

           Ji et al. [121] in 2010, proposed web information extraction method that is based on Tag 

tree template and efficiently extract meaningful information including records and data schema. 

They describe a web page by HTML Tag tree and both HTML tag and text are treated as tree 

nodes. Their result shows the effective extraction of meaningful information.  

 

          Guo et al.[122] in 2010 propose an approach called ECON for content extraction from 

news web pages. The approach finds a snippet- node which is used to wrap the news content and 

then backtracks from the snippet-node until a summary node is found, and then the summary 

node wrapped the entire news content. In this approach backtracking removes the noise. Their 

experimental results show that ECON can achieve high accuracy of 90 % for scalable extraction. 
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         Sleiman and Corchuelo [123] in 2013, propose an unsupervised information extraction 

approach TEX, works on the idea that two or more web documents generated by the same server 

side template and removes shared token sequences among web documents until finding the 

relevant information that should be extracted from them. TEX working on malformed web 

documents and reduces extraction time by not converting HTML code into XHTML and DOM 

trees. There technique achieves a very high precision and recall value of approximately 100%. 

 

          Kaddu and Kulkarni [124] in 2016, Present a hybrid approach for the extraction of web 

page main contents. Their approach is based on the combination of automatic extraction and 

manual hand crafted rule techniques. They generate rules by machine learning method, by using 

that rules relevant content from web pages are extracted. Their work generates effective rules 

and achieves automaticity and efficiency. Their results show that retrieval accuracy depends on 

the size of the dataset. For a lower number of files it shows 28-30% accuracy and for higher 

number of files it shows 90% retrieval accuracy. 

 

          Pettersson et al. [125] in 2016 presents HistSearch tool for automatic information 

extraction from historic text. They present the outcome of collaboration between the field of 

computational linguistics and history, which resulting a graphical user interface for information 

extraction from historical text. They describe the workflow of the system, based on the spelling 

normalization using advanced taggers and parsers available for the standard modern language. A 

prototypical graphical user interface used by the historians and a Manual evaluation of the tool 

performed by the actual users. Their results show that spelling normalization is successful for the 

task of tagging and lemmatization.  

 

2.4.1. CONCLUSIVE FINDINGS  

Researches have shown that earliest extraction methods rely on human to encode the 

template in a program called wrapper to parse HTML on web sites [113] [116]. Content 

extraction that depends on extraction rules do not usually adapt well to changes to the web and it 

is uncommon that changes may invalidate the existing extraction rules. Like our work, Xi [121] 

parse HTML into Tag tree to extract template and use repeating patterns and heuristic rules to 

find schema in the exclusive field of template, but not to explore the semantic relation. The 
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limitation of their approach is to find repeating patterns and summarize the heuristic rules in 

exclusive content out of template to specify the schema of record in complex situation. Therefore 

this work does not rely on extraction rules like previous approaches and use the concept of 

tokenization of HTML page; these tokens construct the Tag tree and generated a template from 

each web page and discover matching patterns and multiple sequence alignment and apply 

filtering algorithm to filter out irrelevant content. Table 2.2 shows some research work in brief in 

the area of content extraction.  

 

Table 2.2: Some Prominent Research Work in Content Extraction 

S No.  Authors Year Description 

1 Muslea et al. [111] 1999 Introduce an inductive algorithm, STALKER that generates high 

accuracy extraction rules based on user-labeled training examples. 

2 Lin and Ho [112] 2002 Present InfoDiscoverer system for the identification of informative 

contents from a web page. 

3 Knoblock et al [113] 2003 Automatically detecting the breakage of wrapper and repairing them 

capitalizes on the regular structure of the extracted fields themselves. 

4 Reis et al [114] 2004 Present a domain oriented approach to web data extraction based on 

the structure analysis of the target web pages. 

5 Gupta et al [115] 2005 Present a framework that use DOM trees and a W3C specified 

interface that allows programs to dynamically access the structure of a 

document and extract content from HTML web pages. 

6 Banko et al [116] 2007 Present a highly scalable OIE system TEXTRUNNER, which has the 

ability to extracts large amount of high quality data from a nine million 

web page corpus. 

7 Prasad J. et al. [119] 2008 Present a heuristic technique for the extraction of main contents of a 

news web page. 

8 Louvan [120] 2009 Present an approach for the extraction of main content from web 

documents by using the combination of machine learning and 

heuristics approaches 

9 Guo et al. [122] 2010 Propose an approach called ECON for content extraction based on the 

snippet-node to wrap the news content. 

10 Sleiman and Corchuelo 

[123] 

2013 Present an approach TEX, working on malformed web documents and 

reduces extraction time by not converting HTML code into XHTML 

and DOM trees and finds the relevant information that should be 

extracted from them. 

11 Kaddu and Kulkarni 

[124] 

2016 Present a hybrid approach for the extraction of web page main contents 

based on the combination of automatic extraction and manual hand 

crafted rule techniques. 
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2.5 LITERATURE REVIEW ON KEYPHRASE EXTRACTION 
 

             In the previous works authors have suggested that document keyphrase can be useful in 

many areas as information retrieval and summarization.  

           Chien [126] in 1999 developed a keyphrase extraction system depends on PAT Tree based 

adaptive approach for Chinese and other Asian languages. Their approach reduces the reliance 

on rigid lexicon and sophisticated word segmentation, and compared with conventional statistics-

based approaches, it can handle phrases composed of high-frequency words regardless of phrase 

length and used the idea of internet utilization. Their proposed approach has been successfully 

used in several information retrieval applications, such as automatic term suggestion, domain-

specific lexicon construction, book indexing and document classification.  

 

          Turney [127] in 1999 developed the GenEx algorithm for automatic keyphrase extraction 

based on supervised learning. They treat a document as a set of phrases and the learning 

algorithm must learn to classify as positive or negative examples of keyphrases. Their 

experimental results show that GenEx can generate better keyphrases than a general purpose 

learning algorithm C 4.5 and the non-learning algorithms that are used in commercial software 

(Word 97 and search 97).    

 

          Martinez - Fernández et al. [128] in 2003 focus on the description of the first prototype for 

AKE (Automatic Keyword Extraction) using Vector Space Model technique and linguistic 

resources in the OmniPaper project. It is a keyword extraction system for news characterization 

that uses several linguistic techniques to improve the current state of the text-based information 

retrieval to extract news articles keyphrases.   

 

          Wu et al. [129] in 2004 introduced KIP (Keyphrase identification program) which uses 

sample human keyphrsaes and then learns to identifiy additional news keyphrases. KIP mines 

noun phrases from documents and score will be allocated to each noun phrases. Depending on 

the weights the words that have higher score than the threshold will be selected as keyphrases.  
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        Witten et al. [130] in 2005 describe KEA algorithm, based on Naïve Bayes classifier 

automatically extracts keyphrases from text. This algorithm recognizes candidate keyphrases 

using lexical methods and computes feature values for each candidate by using machine learning 

algorithm and analyze which candidates are noble keyphrases.  

 

        Wang et al. [131] in 2006 proposed in their paper Neural Network based keyphrase 

extraction method. For keyphrase extraction they used the features terms frequency and inverse 

document frequency, whether to appear in the title or headings of the given document, and its 

frequency appearing in the paragraphs of the given document. 

 

       Lui et al.[132] in 2007 presents a domain independent keyphrase extraction algorithm, 

which distinguish keyphrases from non–keyphrases by using statistical and computational 

linguistics techniques combination, a new attribute set and a new machine learning method; and 

shown that it perform well than other keyphrase extraction methods.  

 

        Wang et al [133] in 2008 propose a system for automatic online news topic keyphrase 

extraction where News stories are organized into topics. Firstly candidates keywords are 

extracted from the single news stories and then filtered with topic information. After that a 

phrase identification process combines keywords into phrases using position information. 

Finally, the phrases are ranked and top candidate keywords are selected as topic keyphrases. 

Experimental results show that their system performs effectively with 70.61% precision and 

67.94% recalls.  

 

         Xie et al. [134] in 2010 proposes an approach which acquires semantic features within 

phrases from a single document. Semantic relatedness degrees between phrases are computed 

using word co-occurrence information in the document, and the document is represented as a 

relatedness graph. Keyphrases are extracted based on the semantic relatedness features acquired 

from the graph. Their result demonstrates better performance than TFIDF and KEA.     

 

        Gao et al. [135] in 2011 propose a method to extract hot keyphrases from news report; their 

method consists a two-step process of keyphrase extraction based on TF*PDF. In their method 

each step uses position- weighted TF*PDF schema.  
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         Li  et al. [136] in 2013 proposed an approach by combining semantic information with 

KEA with the help of building lexical chain and then the length of the chain is used as a feature 

to construct the extraction model. A lexical chain is based on the Reget’s thesaurus and the 

experimental results show the performance improvement of their system over the KEA.  

 

          Luo et al. [137] in 2013 propose a method to integrate the comment posts for keyphrase 

extraction from web news documents. They introduced several strategies to select useful 

comments for improving keyphrase extraction task. They used machine learning technology for 

comment selection; their results show that comment information significantly improves 

keyphrase extraction from news web pages.  

 

After that in 2014, Li and He [138] propose a method based on the lexical chain to 

improve KEA keyphrase extraction, their experiments result shows improvements compare with 

KEA and Nguyen and Kan’s method.   

 

        Hsu et al. [139] in 2015 propose subject- keyphrase concept to extract subject-keyphrases 

from a documents known as subject-keyphrase extraction (SKE) algorithm based on the notion 

of definition-use chain (DU chain) to identify subject keyphrase. Their experimental results show 

that SKE can successfully identify the subject-keyphrases to effectively capture the main idea of 

a document. 

 

        Duwairi et al. [140] in 2016 presents a framework for keyphrase extraction from Arabic 

news documents based on the KEA system. It based on supervised learning particularly Naïve 

Bayes algorithm for keyphrase extraction. They compute the two probabilities for keyphrase 

extraction the first probability of being a keyphrase and second not being a keyphrase. The final 

set of keyphrases is chosen from the set of phrases that have high probability of being a 

keyphases.  
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2.5.1. CONCLUSIVE FINDINGS 

            Most existing work on keyphrase extraction uses only the internal information of a 

document. The simplest approach for keyphrase extraction in a document is to use a frequency 

criterion or TF-IDF model [36].  This method was generally found to give poor performance 

[141]. Another important clue for keyphrase extraction is the phrase location in the document. 

Kea [130] and GenEx [127] used this clue for their research. GenEx is computationally 

expensive in training time while Kea is much faster than GenEx, but it does not use parser to 

detect phrases, all possible word sequences up to three words are treated as possible phrases.   

In this work, we only extract keyphrases and all nouns in the document are treated as 

candidate phrases. We used the idea of Ercan G [142] to use the lexical chains in keyphrase 

extraction. We also used the combination of TF-IDF and phrase distance with lexical chain for 

better results. The Table 2.3 describes the journey of this area in short. 

 

Table 2.3: Some Prominent Research Work in Keyphrase Extraction 

S. No. Authors Year Description 

1 Chien [126] 1999 Developed a PAT-Tree based adaptive keyphrase extraction 

system for Chinese and other Asian languages. 

2 Martinez et al. [128] 2003 Present AKE (Automatic Keyword Extraction), it is a 

keyword extraction system which is used to extract news 

articles keywords.  

3 Wu et al. [129] 2004 Introduced KIP (Keyphrase identification program) which 

uses sample human keyphrsaes and then learns to identifiy 

additional news keyphrases. 

4 Witten et al. [130] 2005 Present KEA algorithm, based on Naïve Bayes classifier 

automatically extracts keyphrases from text. 

5 Wang  et al. [131] 2006 Proposed Neural Network based keyphrase extraction 

method. 

6 Lui [132] 2007 Presents a domain independent keyphrase extraction 

algorithm, which distinguishes keyphrases from non–

keyphrases by using statistical and computational linguistics 

techniques combination. 

6 Wang et al [133] 2008 Present a system for automatic online news topic keyphrase 

extraction. 

7 Xie et al. [134] 2010 Present an approach which acquires semantic features within 

phrases from a single document. 

8 Gao et al. [135] 2011 Present a method to extract hot keyphrases from news report; 

their method consists a two-step process of keyphrase 

extraction based on TF*PDF. 

9 Luo et al. [137] 2013 Present a method to integrate the comment posts for 
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keyphrase extraction from web news documents. 

10 Li and He  [138] 2014 Present a method based on the lexical chain to improve KEA 

keyphrase extraction 

11 Hsu et al. [139] 2015 Present a subject- keyphrase concept to extract subject-

keyphrases from a documents. 

12 Duwairi et al. [140] 2016 Presents a framework for keyphrase extraction based on the 

KEA system. It relies on supervised learning particularly 

Naïve Bayes algorithm. 

 

2.6 LITERATURE REVIEW ON NEWS SUMMARIZATION 

            Early work on news summarization can be dated back to 1990s when SUMMONS 

summarizer was created [74]. SUMMONS was designed for summarizing news articles on the 

single event like terrorist events. It was used the concept of template-driven message 

understanding system MUC-4 [143]. Firstly, system processes the full text and fills the template 

slots before synthesizing the summary from the extracted information.   

 

           Goldstein et al. [11] in 2000 proposed an extraction based multi-document summaries 

used Maximal Marginal Relevance Multi-Document (MMR-MD) metric for reducing 

redundancy and achieve high compression ratios. Their approach is different from other 

approaches as it is completely domain-independent and depends upon fast statistical processing 

to maximize the novelty of the information had been selected.  

 

           In 2000, Chen and Lin [144] also proposed architecture of multilingual news summarizer, 

including monolingual and multilingual clustering. They defined the concept of MUs for 

similarity measure, and presentation of summarization results. They select high frequent English 

translation and name transliteration is adopted to translate Chinese MUs into English. Their 

experimental results show that to reduce redundancy information decay strategy is helpful, and 

user can get all the information provided by the news sites.  

 

           In 2001, White et al. [145] proposed a system RIPTIDES, which was similar to the 

SUMMONS system. For the summarization it incorporates information extraction. They used 

natural disaster scenario templates for each text and used them as the input to summarization 
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system. The summarizer first merges the templates into events oriented structure and then 

summary sentences are selected according to the assigned scores to each sentence.  

 

          McKeown et al. [146] in 2001, developed a composite multi-document summarization 

system that uses different summarization approaches dependent on the type of documents in the 

input set. In their system, for the automatic identification of the input set of documents a router is 

used which is also invokes the appropriate summarization subcomponents. Their system 

performs well on summary content as compared to other systems; it is ranked third or fourth with 

different systems ranked ahead of it for each analysis.   

 

           After that in 2002, McKeown et al. [147] also developed Newsblaster, to summarize 

online news articles. The summarizer used the idea of MultiGen [55], which identifies common 

sentences from news article by using together machine learning and statistical techniques. 

Summaries are then produced by analyzing and fusing together the sentences.  

 

          From the understanding of news structure, Daniel et al. in 2003 [148] investigate the utility 

of sub-events in news topic.  Their results showed that the utilization of sub-events can improve 

the performance.  

 

            Lee et al. [149] in 2003 proposed an ontology-based fuzzy event extraction agent for 

Chinese news summarization. In their work, for testing the performance of their summarization 

agent, they construct an experimental website at Chang Jung University. Experimental results 

show that their approach can effectively summarize the Chinese weather e-news retrieved from 

China Times website. 

 

           D’Avanzo and Magnini [150] in 2005 describe LAKE System based on keyphrase 

extraction methodology using linguistic features for identifying relevant terms in the document. 

Generated Summaries considered both the relevance and the coverage of keyphrases for a certain 

topic. Their experimental results show an average responsiveness and the high linguistic quality 

of the summaries. However their obtained results are very competitive to pyramid metric.  
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           Another concept called fuzzy ontology was studied by Lee et al. [59] in 2005, to develop 

weather news summarization.  Fuzzy ontology was found to be more suitable to treat domains 

with uncertainty.  

 

          Svore et al. [151] in 2007, proposed a new approach for automatic summarization using 

neural nets known as NetSum. They apply novel feature based on news search query logs and 

Wikipedia entities. They used the RankNet learning algorithm to train a pair-based sentence 

ranking and then score every sentence in the document to identify the most important sentences. 

They worked on single-document summarization to improve quick access to large quantities of 

information.   

 

            Litvak and Last [152] in 2008, proposed and compare two novel approaches supervised 

and unsupervised based on graph-based syntactic representation of text and web documents, 

which enhances the traditional vector-space model by taking into account some structural 

document features. Their experimental results show that the supervised classification provides 

the highest keyword identification accuracy, while the highest F-measure is reached with a 

simple degree-based ranking.  

 

            Li et al. [153] in 2010, proposed ontology enriched Multi-Document summarization 

(OMS) system to generate query-relevant summary for natural calamities related news and 

reports like disaster management. OMS reletes sentences onto a domain specific ontology. To 

generate summary, sentences are extracted based on the matching between node on the ontology 

and the user query and the sentences attached to that particular node will be selected to form 

summary.  

 

           Al-Hashemi [154] in 2010 used extractive methods for document summarization and 

presented work based on design a keyphrases extraction subsystem and many other features 

extracted from the documents to select the good sentences in the resultant summary. Their 

system gives high quality compressed summary.  
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            Litvak, et al. [155] in 2010 introduce a language independent approach “MUSE” 

(Multilingual Sentence Extractor) based on the linear optimization of several sentences ranking 

measures using a genetic algorithm for extractive summarization. They used English and Hebrew 

to test their methodology. Their results show that MUSE performs better than multilingual 

approach TextRank in both the languages using either monolingual or bilingual corpora. 

 

             El-Haj et al. [156] in 2011, proposed an optimized generic extractive Arabic and English 

multi-document summarization technique, which used a translation summary machine. Their 

approach uses an Arabic version of the DUC-2002 dataset that they translate using Google 

Translate. They explore sentence level clustering for the multi-document summarization and also 

eliminate redundancy. Their approach use cluster size and selection model as parameters in 

extractive summarization process. The experimental results show that performance of their 

summarization system is good in comparison with other top performing systems at DUC-2002.  

 

              Galanis et al. [157] in 2012, proposed an Integer linear programming based extractive 

multi-document summarization method that jointly maximizes the importance of the sentences in 

the summary and their diversity, beyond a maximum allowed summary length. The results on 

widely used benchmarks show that the approach can attain better results.  

 

              Li et al. [158] in 2013, propose a bigram based supervised method for extractive 

document summarization and leverage the ILP method as a core component. They revise the ILP 

to maximize the bigram gain rather than the bigram coverage. Their method gives better results 

than the previous state of the art ILP systems on different TAC data. Their experimental results 

show that the improvement in system performance that depends on the supervised bigram 

estimation module that successfully gathers the important bigram and give them appropriate 

weights.  

              Yan and Wan [159] in 2014, proposed SRRank algorithm and use semantic role 

information to enhance the graph based ranking algorithm for multi-document summarization. 

Their algorithm used heterogonous ranking process to rank sentences, semantic roles and words. 

They use DUC datasets for the experiment and show that SRRank outperform a few baselines 

approaches.    
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              Liu et al. [160] in 2015, presents Weibo-oriented Chinese news summarization system 

using multi-feature combination. They used extractive based summarization methods for the 

single-document summarization and extract the most significant sentences from the source 

Chinese news article by allocating a significance score to each sentence, considering the certain 

kinds of features and generate the short summary.   

 

                 Cao et al. [161] in 2015, developed a ranking framework based on Recursive Neural 

network [R2N2] to rank sentences for multi document summarization. It transforms the sentence 

ranking task into hierarchical regression process by using recursive neural networks model. They 

designed an optimized sentence selection method based on the words and sentences ranking 

scores. They conduct experiments on DUC benchmark; experimental results show that their 

model achieves higher ROUGE score than the previous summarization approaches and makes 

much more accurate prediction than traditional support vector regression.    

 

                Liu et al [162] in 2016 Presented mover’s distance metric (WMD), in conjunction with 

semantic aware continuous space representation of words, and has been proposed to accurately 

estimate the similarity degree between a pair of documents for effective use of summarization 

process. They investigate their approach to other state of the art approaches and show the 

effectiveness of their approach over other summarization frameworks.  

 

                Demirci et al. [163] in 2017 presented a multi-document summarization system (MDS) 

for the Turkish news articles. They generate a single-document from the multi-document news 

articles via RSS based on the Latent Semantic Analysis. They examine the performance of the 

system based on the number of sentences and the summarization rate and show that the 

performance falls for long texts and improved when summarization rate increased.  

 

              Other popular Internet news services like Altavista News and Google News, present 

clusters of related articles, allowing readers to easily find all stories on a given topic. However, 

these services do not produce summaries. Therefore, a reader seeking a quick topic overview 
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must choose between selecting a representative article to read in full or else skimming through 

all articles. 

 

2.6.1. CONCLUSIVE FINDINGS 

            Research on summarization begins very early by Luhn in 1958 [3] and Edmundson in 

1967 [4] and becomes one of the traditional topics in the natural language processing research. 

Previously many papers about summarization have been proposed [24] [35] [86].  Recently, it 

has attracted due to the increase of online news in the internet. In the past, the major research 

was stressed upon single-document summarization [151] [152] Recently, effort transferred to 

multi-document summarization [11] [46] [157] and multi-lingual summarization [144] [155] 

[161].  

              In our research work, extraction-based multi-document summarization is used for news 

summarization. Extraction- based methods usually involve assigning a saliency score to each 

sentence and then rank the sentences in the document. We combine all the previous phases and 

select some features discussed in detail in chapter 6 to calculate score of each sentence for 

ranking and ordering which is used to generate final summary. 

              Most News summarization systems have been analyzed extensively and obtained 

significant enhancement in performance. Some prominent news summarization systems are 

shown in Table 2.4. 

Table 2.4: Some Previous News Summarization Systems 

S. No.  News 

Summarization 

System 

Year Developer Description 

1 SUMMONS [74] 1995 McKeown and Radev Summarizes a series of news articles on the same 

event, producing a paragraph consisting of one or more 

sentences. 

2 SUMMARIST [24] 1998 Hovy et al. Summarization has been achieved by the topic 

identification, interpretation and generation.  

3 Marcu [44] 1999 Marcu  Determine the most important units in a text by using 

text coherence models and RST trees. 

4 MEAD [164] 2000 Radev  et al. Generate summaries using cluster centroids produced 

by topic detection and tracking system. 

6 RIPTIDES [145] 2001 White et al.  It incorporates information extraction to support 



 

Chapter 2: Literature Review 

 

59 

 

summarization. The summarizer first merges the 

templates into event oriented structure and then the 

importance scores are assigned to each slot/sentence to 

select the summary sentences. 

6 Columbia’s 

Newsblaster [147] 

2002 McKeown et al. Provide news updates on a daily basis and groups news 

into stories on the same event and generates a summary 

of each event. 

7 MSR-NLP 

summarizer [165] 

2004 Vanderwende et al. Generate summaries by extracting and merging logical 

forms portions by using graph-scoring algorithm and 

identify highly weighted nodes and relations.  

5 NewsInEssence [72] 2005 Radev et al. Searches other related stories for the single news story 

select by the user and produces a summary presenting 

the most salient information from the different sources.  

9 FemSum [166] 2007 Fuentes et al. A summary has been generated by taking into account 

a syntactic and semantic representation of the 

sentences, and used graph-representation to establish 

relation between candidate sentences.  

10 OMS [153] 2010 Li et al Generate query-relevant summary for natural 

calamities related news and repots. It relates sentences 

onto a domain-specific ontology. 

11 SRRank [159] 2014 Yan et al. Used semantic role information to enhance the graph 

based ranking algorithm for multi-document 

summarization. 

12 Weibo-oriented 

Chinese news 

summarization 

system [160] 

2015 Liu et al. Used extractive single-document summarization 

methods and involved multi-feature combination for 

sentence extraction to generate a summary for the 

Chinese news articles. 

13 MDS system for 

Turkish News [163] 

2017 Demirci et al.  Introduced a muti-document summarization system 

(MDS) for Turkish news based on the Latent Semantic 

Analysis and produced summary to show the main idea 

of the entire article.  

 

2.7 HIGHLIGHTS OF LITERATURE REVIEW 

This chapter surveys the phases of news filtering and summarization systems. Survey 

findings show that much work has been done in each phase but also shows some limitations. In 

order to know the need for further research in each phase has been highlighted in this chapter as 

follows:  

 In the news web page classification phase we review the previous research work on the 

individual attributes using different classification algorithms and found that combination 

of attributes gives better results than individual ones.  
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 In the content extraction phase, according to previous research work, extraction rules 

usually does not adapt well and invalidate to changes in the web.  Therefore the concept 

of tokenization and construct the tag tree to discover matching patterns and apply 

filtering algorithm to filter out irrelevant content shows better results for content 

extraction. 

 In the keyphrase extraction phase, previous researches show that TF-IDF and phrase 

location was the simplest approaches for keyphrase extraction. These methods were 

generally found to give poor performance. Therefore for extracting keyphrases, we used 

lexical chains with the combination of TF-IDF and phrase location for better results.   

 Finally in the news summarization phase, previous researches are focused on single –

document summarization then transferred to multi-document and multi-lingual 

summarization. In this work we combine all the above three phases and extraction-based 

method is used to calculate saliency score of each sentence for sentence ranking and 

ordering which produce the final summary.  

 

2.8 SUMMARY 

           The chapter provides the detailed overview of the research work done in the area of news 

web page classification, content extraction, keyphrase extraction and summarization. Our 

literature review indicate that many significant researches has been done on each phases of news 

web page filtering and summarization. But they raised various issues and offer researchers to 

carry more in depth analysis and propose approaches to improve the performance of such 

systems to match end user expectations. 
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CHAPTER 3 

 

NEWS WEB PAGE CLASSIFICATION 
 

   

3.1 INTRODUCTION 
 

 In news web page filtering and summarization, the task of news web page classification 

has remained in sharp focus since long.  A news web page classification phase classifies a news 

web page from a non-news web page. Prior knowledge of correct news page allows narrowing 

content extraction task considerably. Therefore, news web page classification is considered as 

most important task in the news filtering and summarization.  In this chapter, we present an 

approach based on three attributes content, structure and URL using Naïve Bayes classifier.     

         The task of news web page classification is to automatically classify news web pages into 

predefined classes based on their attributes. Classification shows an important part in various 

information retrieval tasks. The web is very diverse in nature, and no rules are there on how to 

build HTML pages and how to state the entire structure of the web pages [167]. Thus automatic 

news web page classification becomes an important task. News web page classification 

technique uses a variety of information to classify a target page. The vital notion for news web 

page classification is the similarity measurement among web documents. Similarity analysis and 

classification can be done on attributes drawn from news web documents.  

 

3.2 WEB PAGE CLASSIFICATION  

 

 Classification is considered as a supervised learning problem in which a classifier is 

trained on a set of data labeled with predefined categories and then applied to label future 

examples [81]. Based on the number of classes in a problem, classification can be divided into 

binary classification and multi-class classification, where binary classification categorizes 

instances into exactly one of two classes whereas multi-class classification deals more than two 

classes [95]. It plays a fundamental role in a number of essential tasks on information retrieval 

and summarization.  
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            Even though web page classification is similar to text classification, web pages have 

some characteristics not present in textual documents. Indeed, web pages have an underlying 

structure in HTML [101]. Web page classification process is to predict the category of the 

document by analyzing the distribution of words involved. Here, by analyzing web pages we can 

see that the contents of web pages and the words within them have inevitable connection, which 

means the same category of web pages must contain a large number of same words, but to the 

words in different category of web pages, there must be few in common. They contain noisy 

contents such as advertising panel or contact information. They are composed of many parts that 

can talk about different but related subjects and are linked to each other either by hyperlinks or 

by users’ intuitive judgments [168]. All those characteristics incur a bias for the classifier and 

lead to misclassification of web pages. Thus, web pages related to a target web page can help 

highlight its topic and correct the class initially assigned by a classifier. A classifier is usually 

evaluated with regard to how accurately it can label unseen instances. The accuracy of the 

classifier directly affects the performance of the system [169]. Inaccurate classification results 

will cause overall performance degradation.  For example, in news summarization systems, if a 

non- news web page is classified as a news web page that has no connection with the news event 

that has to be summarized, it will be considered not relevant for summary generation, and thus 

not give good summarization result as it should be.    

 

3.3 NEWS WEB PAGE CLASSIFICATION  

             Online newspaper websites have a standout amongst the most essential up to date 

information. Many websites provide day by day news in extremely different formats, and 

effective classification is required to get to and monitor this data in an automatic manner. In 

general news sites consist of thousands of web pages.  

              In general, a newspaper web site consists of thousands of web pages. The desired pages 

are the article pages. Thus, the first goal is to identify which pages are the article pages. The non-

article pages, e.g. table of contents, advertisements, opinion or query submission forms, should 

be screened out. 
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              News web page classification techniques use diverse information to classify a target 

web page: To classify the preferred news pages our approach identifies and explores common 

attributes that are commonly present in news websites. Maximum news websites are organized 

as (i) home page that shows some headlines of all sections. (ii) Numerous unit of pages that offer 

the headlines of diverse extents of interest like business, sports, entertainment, technology, 

politics etc. these different areas also contains some sub sections like national, international, 

market, cricket, football, science etc. (iii) pages that actually represent the news containing the 

title, author, related news link, date and body of the news. On the other hand web page URL is 

one of the most informative sources of information with respect to classification. URL of a web 

page is mainly content bearing, and it seems useful in making full usage of this resource. A 

classification method uses these attributes for the news web page recognition. 

            Therefore, we select URL attribute, structural attributes and content attribute for news 

web page classification which are least expensive to achieve and significant sources for 

classification. In this work, ten newspaper websites as sources of information are selected 

randomly. In this way, our approach for news web page classification depends on the collection 

of essential attributes and then uses a classification algorithm to correctly classify news pages 

disregarding the other pages or the non- news pages are screened out.   

            News web page classification has been extensively researched and several techniques 

have been applied with successful experimental results. In general, the research in this area can 

be classified according to the type of attributes. There are three main trends in attribute types: 

URL attribute, content attribute and structure attribute. URL is the more informatics sources of 

information for classification. Kan and Thi [106] present an approach to the segment the URL 

into meaningful chunks and ads components, sequential and orthographic features to model 

silent features. Many of their newly introduced features perform well on long URLs, typically 

found in an intranet setting. These features do not perform as well with typical web site entry 

points i.e., just the domain name in contrast in our work we extract some more feature from URL 

like second level domain attributes, first level catalogue attributes that perform well on domain 

names also. A number of approaches have been proposed based on content attributes [100] [103] 

[167]. A set of words extracted from web documents are used as attributes for classification 

algorithm. In general keywords are extracted from the articles. The extracted keywords are used 
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to represent web documents and their classes. Typically, only some extracted keywords are 

selected as features or attributes for classification algorithms since the extracted word list is 

usually large and it is impractical for classification algorithms. Therefore some researchers use 

structural attributes of web documents for classification [97] [98] [102]. Cruz et al. [97] 

measured similarity between web pages based on the frequencies of HTML tags. Wong and Fu 

[98] generalized some knowledge from a hierarchical structure of web documents and used this 

knowledge to classify web pages. For web pages that describe the same type of information, it is 

common that they have similar structure. The structure can be used for identification of web 

pages that belong to the class.  

            Therefore in our work, we consider the limitation of all the previous research based on 

the individual attributes and used the all three attributes together to improve the classification 

accuracy. 

3.3.1 ATTRIBUTES SELECTION 

This work, for the automatic identification of news web pages depends on the selection of 

important attributes and then uses a classification algorithm to identify news web pages. 

Therefore we select the content, URL and structure attributes describe as: 

3.3.1.1    Content Attribute  

After selecting 750 html pages of news web pages and 275 HTML pages of non-news 

web pages, which was selected randomly from 10 different news websites, we observed that the 

occurrence of the “news” keyword in a webpage is an essential attribute for the news web page 

recognition. News in the news websites are classified as politics, sports, business, etc. in every 

category, there are also subcategories for example, the subcategories, that occur in the sports 

category are cricket, golf, tennis, football, hockey, etc. In business, market, share, economy, etc. 

We selected some keywords as content attributes of a news web page: News Center, article 

source, author, related news, interconnected subject, connected link and count how many times 

the term news appear in the HTML page, date. 
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3.3.1.2   URL Attributes 

URLs are an extremely exquisite feature for learning. It is an important identification 

feature for web news; the URLs of news websites are often same structure. URL of news 

website contains both positive and negative attributes. For news web page identification 

positive attributes are more useful than negative attributes [170]. Second level domain attributes 

and first level catalog attributes come under positive attributes list. 

3.3.1.2.1 Positive Attributes 

 Second level domain attributes: Similar sections of different news web pages share 

related structure attributes. For example URLs of subsections of news web pages like 

business, tech and sports also have second level domain attributes such as “business”, 

“tech”, and “sports”. 

 First-level catalog attributes: URLs also contains first-level catalog attributes of news 

web pages such as “newspaper name” and news center. The First-level catalog 

attributes provides a vital basis for the recognition of the news web page. 

 

3.3.1.2.2 Negative Attributes 

 Bbs 

 Blog 

 Video 

 Ads 

 Campaign 

 

3.3.1.3    Structure Attributes  

News web pages encompass rich structure information that can increase the accuracy of a 

classifier if correctly used. Web pages of the same class would have similar structure which 

describes the format of information in the pages. 

By analyzing the structure of different news web pages we observe that certain structure 

attributes contribute to news web page recognition, containing web page title and subtitle written 

as <title>, <Hn> tag and <div> tag that form up a webpage’s hierarchy. <title> tag of all news 
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websites are similar and contains web page title or news center and website information like 

newspaper name. <div> tag contains the date and time feature of the webpage, which is 

necessary for news webpage recognition. The combined attributes of web news pages are shown 

in Table 3.1. 

Table 3.1: Combined Attributes from Ten News Websites 

 

 

 

 

 

 

 

 

 

3.4 EXPERIMENTAL DATASET  

            Experimental dataset for the classification of news web pages described in this paper 

depends upon the attributes from 10 different Indian news websites. These websites are named as 

Times of India, Hindustan times, NDTV, Indian Express, The Hindu, The Pioneer, India Today, 

Deccan Herald, The Asian Age, The Telegraph. To build up the several corpus section of news 

web pages are reviewed such as sports, politics, entertainment, technology, business. We select 

total 1025 web news pages posted from 10 July 2015 to 30 July 2015. For system evaluation, the 

dataset of 1025 news web pages are divided into two sets according to the attributes selection. 

We train Naïve Bayes algorithm chosen from WEKA (Waikato Environment for Knowledge 

Analysis) for classifying news web pages. 

 

Attributes 

URL attibutes Content attributes 
Structure 

attributes 

Positive attributes 

Second level domain: 

news, tech, sports, country 

name, 

Business, economy, 

politics, science, 

Market, budget, gadgets, 

careers, world 

Games 

First- level catalog 

attributes: newspaper name 

 

Negative attributes: bbs, 

blog, video, ads, 

campaign,  

News title 

Article source 

Author 

Top News Stories 

Latest News 

Related news 

Related link 

Related subject 

Sum up the number of 

times the term news 

appear in the HTML 

page 

Date and Time 

 

Date and 

time feature 

in <div> tag 

 

Has news 

center and 

newspaper 

name in 

<title> tag 

 

<a> tag 

contain top 

news or 

related 

news 
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        For the first set, dataset should be prepared by extracting the only two attributes as content 

and structure from five news websites name as “The Times of India, Hindustan times, NDTV, 

Indian Express and The Hindu” and then labeling the attributes with news or non-news labels.  

Then the labeled training data is used to train a learning algorithm. We reviewed total 556 pages 

in which 381 are news and 175 are non- news pages shows in Table 3.2. 

 

Table 3.2: First Set of Dataset 

 

 

 

 

 

For the second set, dataset contains all three attributes Content, Structure and URL  

extracted from the all ten news websites name as “The Times of India, Hindustan times, NDTV, 

Indian Express and The Hindu, The Pioneer, India Today, Deccan Herald, The Asian Age, and 

The Telegraph”. We select entire 1025 web pages in which 750 are news and 275 are non–news 

web pages shown in Table 3.3.  

The model formed by a machine learning algorithm through training is tested on the test 

documents. Therefore dataset is divided into training and testing. For training purpose used five 

websites as, Times of India, Hindustan Times, NDTV, The Hindu and Indian Express. For 

testing purpose five different news websites name as The Pioneer, India today, Deccan Herald, 

The Asian Age and The Telegraph were used.  

   

Table 3.3: Second Set of Dataset 

Attribute selection from websites 

 

News pages   

 

Non-News pages 

Times of India 80 36 

Hindustan Times 70 40 

NDTV 65 43 

Indian Express 76 26 

The Hindu 90 30 

Attribute selection from websites News Pages Non-News Pages 

The Pioneer 85 25 

India Today 82 20 

Deccan Herald 87 15 

The Asian Age 75 30 
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3.5 LEARNING ALGORITHM  

 

 The choice of classifier depends on the practical requirements of the problem. We can 

usage any existing classification method to perform classification with these attributes. We 

classify using Naïve Bayes algorithm. This algorithm comes under probabilistic approach. For 

text classification applications and experiments generally Naïve Bayes classifier is used.  

           The naive Bayes classifier is much simpler and much more efficient than other supervised 

learning.  This is largely because of the independence assumption which allows the parameters 

for each feature to be learned separately. In the case of document classification, number of 

features is document classification is usually proportional to the vocabulary size of the training 

document set. This number can be quite large in many cases so the efficiency of the naive Bayes 

classifier is a major advantage over other classification techniques [171]. The basic idea is to use 

Naïve Bayes classifier is the joint probability of words and categories to assess the probabilities 

of the classifications given a document [172]. 

3.6 PROPOSED APPROACH  

To classify news web pages correctly, Naïve Bayes classifier is used to recognize news 

pages from non-news pages. The overall process of news web page classification has been 

shown in Figure 3.1. The steps of the approach are as follows:  

Step 1:   Select online news websites randomly. 

Step 2: Generate a dataset containing content, URL and structural attributes. 

Step 3: Use Naïve Bayes classifier to identify the news pages from non-news pages. 

 

The Telegraph 40 10 

Times of India 80 36 

Hindustan Times 70 40 

NDTV 65 43 

Indian Express 76 26 

The Hindu 90 30 
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Step 4: Evaluate the performance of Naïve Bayes classifier in terms of precision using WEKA 

tool. 

 

 

Collection of  web 

pages 

Dataset 

construction

Classified News 

web pages

Learning using 

Naïve Bayes 

algorithm

Structure AttributeURL Attribute

Attributes selection

Content Attribute

Evaluation using 

WEKA Tool

 
 

Figure 3.1. Workflow of News Web Page Classification 

 

3.7 EXPERIMENT AND RESULTS  

            In our experiment the performance of Naïve Bayes classifier is evaluated using precision 

analysis. Precision is defined as the fraction of the number of correctly classified documents over 

number of documents which classifiers classified to this category so the precision is defined as in 

equation (3.1). 

                                     
(3.1)

a
P

a b  

 

Where a = Number of correctly classified documents. 

And     b = Number of incorrectly classified documents. 



 

Chapter 3: News Web Page Classification 

 

70 

 

              For this purpose WEKA has been used. It is a traditional machine learning tool [173]. 

Based on the attributes from different websites, we conducted two set of experiments 

accordingly.  

              As we discussed in earlier section 3.4, dataset is divided into two sets. In the first set of 

experiments, randomly only two attributes content and structure are extracted from five news 

websites, and training and testing accomplished with the dataset from the same websites. The 

labeled collection of pages is divided into two parts, namely 70% are considered as training data 

and 30% are testing data. The training process requires that a set of categories has been defined, 

and the training data need to be somehow labeled with their respective category. The Naïve 

Bayes classifier must be trained on a training set of web pages, and preferably evaluated on a 

smaller testing set. The evaluation is useful for determining the optimal values of any parameters 

of the classifier on the available training data.  The experimental results are shown in Table 3.4. 

In the second set of experiment, extracted all the three attributes (content, structure and 

URL) from ten news websites, dataset is further divided into training set and testing set. From 

the ten news websites, randomly five websites are selected for training purpose and five different 

websites for testing (as discussed in section 3.4) to show the variation in the results.  Evaluation 

of outcomes using all three attributes where different websites are used for training and testing 

are shown in Table 3.5. 

 

Table 3.4: Precision Values using First Set of Dataset 

 

Feature selection 

from websites 

Total  

Pages 
Training Testing 

Correctly 

Classified 

Incorrectly 

Classified 

Precision 

Times of India 116 
81 35 34 1 0.971 

Hindustan Times 110 77 33 31 2 0.939 

NDTV 108 76 32 31 1 0.968 

The Hindu 120 84 36 34 2 0.944 

Indian Express 102 71 31 30 1 0.967 
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Table 3.5: Precision Values using Second Set of Dataset 

 

Results from the both set of experiments show that precision value using second set of 

dataset where all the three attributes are extracted from the ten different news websites and five 

websites are used for training and five different websites are used for testing; are better than the 

first set of dataset where only two attributes are extracted from the five websites and same five 

websites are used for training and testing purposes. From these experimental results we can say 

that combination of all the three attributes “content, structure and URL” gives better results 

rather than the two attributes alone.   

 

3.8 EXPERIMENTAL ANALYSIS 

             Extraction of the main attributes from news webpages is important for correct 

classification of web pages. According to An Chy et al. [109] classification of news web pages 

based on their content shows good results in correct classification.  Patil & Pawar [174] also 

focused on content based classification. In their work, they used the Naïve Bayes classifier for 

the home page of a website for classification into industry type category. Their results show the 

precision value of 89.09% and recall 89.04%.  Kan and Thi [106], shows that URL based 

classification are very effective both in space and time. They used the standard dataset TREC, 

and WebKb to perform experiments.  Tongchim et al. [108] used only the structural features of 

web documents and applied machine learning method for the identification of news web pages 

Feature selection 

from websites 

Total  

Pages 
Training Testing 

Correctly 

Classified 

Incorrectly 

Classified 

Precision 

Times of India 

and The Pioneer 

226 116 

(Times of 

India) 

110 (The 

Pioneer) 

99 1 0.990 

Hindustan Times 

and India Today 

212 110 

(Hindusta

n Times) 

102 (India 

Today) 

96 2 0.979 

NDTV and 

Deccan Herald 

210 108 

(NDTV) 

102 

(Deccan 

Herald) 

94 4 0.989 

The Hindu and 

The Asian Age 

225 120 (The 

Hindu) 

105 (The 

Asian Age) 

91 6 0.958 

Indian Express 

and The 

Telegraph 

152 102 

(Indian 

Express) 

50 (The 

Telegraph) 

48 2 0.980 
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from the non-news web pages. They used Thai web corpus for their experiments; their results 

show the correct classification of documents. Therefore, attributes must be selected carefully for 

recognizing news web pages. We combine the three attributes and find better results. According 

to Wu et al. [170], any existing method can be used to perform classification so we used Naïve 

Bayes algorithm in this work. It gives better results for our dataset.  

          The classification results using the Naïve Bayes algorithm showed in Table 3.4 and Table 

3.5. From Table 3.4, it can be observed that the precision value using Naïve Bayes algorithms for 

the first set of datasets, where only two attributes has been selected from the five websites and 

training and testing conducted with the same websites (Times of India, Hindustan Times, NDTV, 

The Hindu and Indian Express) as 0.971, 0.939, 0.968, 0.944 and 0.967 respectively. 

          Table 3.5 shows the precision value using Naïve Bayes algorithm for the second set of 

dataset, where all three attributes has been selected and attributes of five websites (Times of 

India, Hindustan Times, NDTV, The Hindu and Indian Express) are used for training and five 

different websites (The Pioneer, India today, Deccan Herald, The Asian Age and The Telegraph) 

are used for testing are 0.990, 0.979, 0.989, 0.958 and 0.980 respectively. 

          Previous works on news web page classification show that [100] [103] SVM and decision 

tree are also used for the classification. In WEKA for SVM, SMO is used and J48 for the 

decision tree [175].  Therefore we have also train recognition classifiers with SMO and J48 on 

the same features. The experimental results demonstrate that the three classifiers built by Naïve 

Bayes, SMO and J48 all have a high precision for web news classification, while Naïve Bayes 

classifier shows high precision value for both set of experiments.  

Comparison results of Naïve Bayes, SMO and J48 algorithms using the first set of dataset 

in term of precision shown in Table 3.6. According to it, precision of Naïve Bayes classifier for 

the first set of dataset is 0.951 which is better than SMO and J48 as 0.859 and 0.766 respectively.  

            On the other hand, evaluation of comparison results of Naïve Bayes, SMO and J48 

algorithms using dataset of second set, containing different websites for training and testing 

regarding precision are shown in Table 3.7. According to the table, Naïve Bayes also shows the 
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high precision value for the second set as 0.965, which is better than SMO and J48 as 0.847 and 

0.817 respectively. 

 

Table 3.6: Comparison Among Three Algorithms using the First Set of Dataset 

Algorithms Times of India 
Hindustan 

Times 
NDTV The Hindu 

Indian 

Express 

Average 

Precision 

Naïve Bayes 
 0.971  0.909 0.968 0.944 0.967 0.951 

SMO  0.763 0.882 0.957 0.896 0.799 0.859 

J48 0.946 0.856 0.781 0.819 0.432 0.766 

 

            Figure 3.2 shows the comparative analysis of these three algorithms using first set of 

dataset by graphical representation. 

 

 

Figure 3.2. Precision Comparison of Three Algorithms using First Set of Dataset 

Graphical representation of precision comparison of all three algorithms using second set 

of dataset is shown in Figure 3.3. 
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Table 3.7: Comparison Among Three Algorithms using the Second Set of Dataset 

 

 

 

 

 

 

 

 

 

 

               

 

 

 

Figure 3.3. Precision Comparison of Three Algorithms using Second Set of Dataset 

 

The experimental results show that from an extensive usage of news web page content, 

URL and structural attributes in the attributes selection Naïve Bayes classifier gives accurate 

results when identifying news web pages. Date attributes second level domain and first level 

catalog are the most predictive attributes. In addition, the frequency of the term news occurs on 

HTML page is significant for content attributes for news webpage.  

 

Algorithms 

Times of 

India and 

The Pioneer 

Hindustan 

Times and 

India 

Today 

NDTV 

and 

Deccan 

Herald 

The 

Hindu 

and The 

Asian 

age 

Indian 

Express 

and The 

Telegraph 

Average 

Precision 

Naïve Bayes 
0.990  0.979  0.959  0.938 0.960  0.965 

SMO 0.738 0.817 0.930 0.813 0.939 0.847 

J48 0.869 0.601 0.882 0.840 0.896 0.817 
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3.9 SUMMARY 

In present work, we have proposed news web page classification approach and identified 

important attributes. The combination of three attributes as content, URL and structure attributes 

are used for the training and testing purposes and Naïve Bayes classification algorithm classify 

the news web pages from non-news web pages. We conduct two set of experiments, in the first 

set of experiment only two attributes are chosen from the five news websites and training and 

testing conducted on the same websites while in second set of experiment, all three attributes are 

selected from the all ten news websites and training dataset and testing dataset are chosen from 

the different websites. We also compare the Naïve Bayes algorithm with SMO, and J48 

algorithms for both set of dataset, results show that Naïve Bayes algorithm performs better than 

the other two algorithms for the dataset. Experimental results show that combination of the three 

attributes can yield more promising results than individual attributes.  
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CHAPTER 4 

 

CONTENT EXTRACTION FROM NEWS WEB PAGES 
 

  

4.1 INTRODUCTION 
 

 In this chapter, we propose an approach for extracting the main content from news web 

pages. Our approach is based on the concept of tokenization of HTML page, these tokens 

construct  the tag tree; web pages from different websites are parsed into Tag Tree and generated 

a template from each web pages and discover matching patterns and multiple sequence 

alignment. It finds and removed shared token sequences from the web pages until the relevant 

information is extracted from them. 

 

4.2 CONTENT EXTRACTION 

There is a vast amount of information available on the web, but most of the information 

is not in a form that can be easily used by the user.  Efficient access to the relevant information 

within the huge amount of information needs major efforts. The process of content extraction is 

defined as the extraction of relevant content from massive data, such as text, database, semi-

structured and multimedia documents.  Efficiently extracting high quality content from news 

web pages is a challenging yet important problem in the field of information retrieval and news 

summarization.  

 

  Web pages have their own underlying embedded structure in the HTML language [122]. 

A major problem in news content extraction is mining useful information from web because 

news web pages not only contains the actual news content but also some noisy content  like 

advertisement, comments and branding banners etc. Therefore, by analyzing several news 

websites, the actual news content is just half, and noisy content occupies nearly half of the page. 

If a content extraction method is directly applied to these pages, it is possible to lose focus on the 

main topics and important content. 
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News articles are unstructured documents, whose relevant information is pieces of free 

text.  To extract the relevant news from the whole web page, our approach identifies and 

searches common characteristics that are usually present in the news web pages. Like most news 

websites have some common structure namely (i) a home page that presents the important 

headlines from all fields. (ii) Several section pages divided in different areas of interest like 

business, sports, National, International, Technology etc that provide the related headlines, and 

(iii) Pages that actually present the news, containing the title, author, date and body of the news. 

Our approach is based on the basic assumption that the news web pages content is divided into 

tokens where tokens represent the HTML tags like <head><title><script> etc.   

In this work, we extracted the core content from a number of news web pages and these 

news web pages come from ten different news websites. We mainly deal with news pages 

written in English.  

Identification of actual news content from news web pages is relatively easy task for the 

human being, who can identify just by visual inspection; however it is hard problem for 

machines. Our approach not only extract the relevant text passage from the given news website 

but also the fetching of the entire website content, and the extraction of the relevant content.  

Content extraction that depend on extraction rules do not usually adapt well to changes to the 

web. When the set of extraction rules is handcrafted or learnt, the web keeps growing and it is 

uncommon that changes may invalidate the existing extraction rules. Therefore some authors 

work on semi-automatic extraction rules. Our work does not rely on extraction rules like 

previous approaches [116] [117] discussed in chapter 2. It requires input web pages and 

translated into Tag Tree. It works on two or more web documents and compares them to 

obtained shared patterns that are likely to provide relevant information. The idea of identifying 

shared pattern relies on tree matching and determines which are equivalent to one another and 

apply filtering algorithm to filter out irrelevant content. We have conducted experiments with 

500 news web pages from ten different news websites and our results discussed in section 4.5 

confirms that our approach can achieve good precision and recall values for extract meaningful 

content from news web pages.  
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4.3  PROPOSED ALGORITHM 

The idea of our algorithm originated from the earlier work of Sleiman & Corchuelo [123] 

in 2013. In their work, TextSet has been used for the web information extraction whereas in this 

work we use ContentSet for the extraction of news web page content using Tag Tree.  Our 

algorithm is divided into four components. First one is Tag Tree [121] that is used to measure the 

similarity between the templates of web pages. The second component is an extractor that returns 

a list of ContentSet that contains as much potential information as possible. The third component 

is Pattern matching that finds out repetitive pattern and the fourth component is a filter that filters 

out undesired patterns and return candidate pattern. Our proposed approach works on a collection 

of web documents, which we denote as ContentSet (CS). A content set is a set of contents that 

are sequences of HTML tags. The implementation and experiments were based on these HTML 

tags. Tag Tree is constructed to describe a web page, where tree nodes are defined by HTML tag 

and text. HTML tags are the basic components for document presentation and convey certain 

structure information.    

Referring to Figure 4.1, a flowchart of the content extraction process is shown. When a 

user submits an html page, the page is tokenized, which is responsible for segmenting the input 

page into simple tokens that represent either script blocks, style blocks or html tags by using 

Python NLTK word tokenization [176]. It provides a number of tokenizers in the tokenize 

module. The Tag Tree is constructed by these tokens. The pattern matching then uses the Tag 

Tree to discover repetitive patterns. The repetitive patterns are forwarded to filtering, which 

filter out undesired patterns and finally the extracted content is found.   

The process of content extraction for our work utilizing different steps can be combined 

and presented in the form of following algorithm.   

Algorithm 1 

1. TT = Tag Tree (CS, html tags) 

2.     extract ( CS: ContentSet; End, Start, Max, Min)  

3.        l = extract (CS, TT, End, Start, Max, Min)  

4.           m = PatternMatching (l) 
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5.       result = filter (m) 

6. return result 

The algorithm works in four steps: at line 1, we invoke Tag Tree. At line 2, we invoke 

algorithm extract, which makes an attempt to extract the information that varies from document 

to document. At line 4, we invoke the pattern matching algorithm. This algorithm searches for 

the shared patterns of size End, End-1,….Start, where Start is the first document and End is the 

last document in the ContentSet.  If Start >1 or End is less than the size of the input document, 

then the search has a preference that may lead to situation in which pattern matching algorithm 

return information that actually belong to the template,  therefore at line 5, we invoke filtering 

algorithm.  

 

HTML Page

Extraction 

Pattern Matching

Filtering

Tag Tree

Tokenisation

Extracted Content

 

Figure 4.1. Process of Content Extraction 
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4.3.1 TAG TREE 

We used the concept of Tag Tree [121] in our work. HTML in a web page is parsed as a 

Tag Tree in our work. Tag Tree is a hierarchical implementation of tags and uses DOM 

(Document Object Model) to keep developed. One tag leads to page that have a „child tag‟ which 

further leads to „sub child tag‟. Tags are denoted as nodes in tag tree.  Attributes in Tag Tree are 

also regarded as nodes.  

Following rules are used for the construction of Tag Tree. 

1. There are mainly three type of node in the Tag tree, which is summary node, text node 

and Tag node. 

2. Entire content of news with its subtrees are wrapped in a pair of node such as 

<HTML></HTML> is summary node. 

3. Tags and text between a pair of tags, such as <body></body> are all children nodes of the 

Tag tree. 

4. All the content between a pair of <script> tags is a text node as the only child of <script> 

node. 

5. All attributes of a node which are parsed in order, will be inserted into the attribute map. 

6. A tag ended with “/>” is a node with self-closing flag is true such as <frame.src= 

“sun.htm”> of a XHTML. 

Figure 4.2 shows the source page of news web page. We create Tag Tree with the help of 

this source page.  
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Figure 4.2. Source Page 

Figure 4.2 shows the structure of a web page. By manual inspection we found that all 

news web pages show the similar structure and contains following tags <html>< 

head><meta><title></title><link ref><script></script><div><p></head></html>. With the help 

of these tags we construct the Tag Tree.  

Figure 4.3 shows the Tag Tree of a news web page. In this tree <HTML> is a summary 

node. <body> represent the children node are the Tag node of the tree. Tags come under the 

<script> tag denoted in text node.  
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Figure 4.3. Tag Tree 

4.3.2 EXTRACT ALGORITHM 

Extract algorithm searches for shared patterns of size Start down to End in a Contentset. 

We find the shared patterns using Tag Tree. Algorithm 2 presents the algorithm extract that lies 

on the Contents, which makes an attempt to extract the information that varies from document to 

document. It works on a collection of web documents which we denote as ContentSet (CS). 

Intuitively, a Content set is a set of Contents which are sequences of tokens. Content is not 

bound with a particular tokenization schema. Our implementation and our experiment were 

carried out using a simple tokenization schema according to which tokens represents Tag set and 

we construct a Tag Tree as shown in Figure 4.3. The algorithm extract can search the tag tree to 
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find all occurrences of the extraction pattern. It works on a ContentSet CS where Start is the first 

document and End is the last document in the ContentSet, and Min and Max are the minimum 

and a maximum pattern size is which returns a list of ContentSet that should contain eventual 

information. The main loop 3 to 15 iterates over the entire documents in the ContentSet from 

start down to end. The inner loop at lines 4 to 14 searches for a shared pattern of that size.  In 

Figure 4.3 the longest shared pattern we used is of size 7 tokens <html><head><title>News 

title</title></head></body></html>.  In this algorithm variable buffer act as a queue in which 

we initially put the CntentSet on which the algorithm has to work, and at line 7 ContentSet is 

removed from the buffer.  Algorithm searches for shared pattern of a given size in the 

ContentSet. If shared pattern is found then those patterns are added to result. If no shared pattern 

is found, then the original ContentSet is added to the buffer. Once the inner loop finishes, the 

result contains all the new ContentSet that has been produced, and it is transferred to the buffer 

variable so that the algorithm can search for new shared patterns of a smaller size, if possible.  

Algorithm 2 

1. extract (CS : ContentSet ; Start, End,  Max, Min, TT: Tag Tree)  

2.        buffer = <CS> 

3.       for each = Start down to End do 

4.           for size = Max down to Min 

5.            result = <> 

6.           while buffer ≠<> do 

7.               CS = dequeue (buffer) 

8.             if TT= SharedPatterns(CS, size) then 

9.                  enqueue (result, CS) 

10.              else 

11.                  enqueue (buffer, TT) 

12.             end 

13.        end 

14.      buffer = result 

15.   end 

16. return result 
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This algorithm of extract news is to extract entire content from news web page. The input 

of it is a news web page. The extracted document is shown in Figure 4.4. 

<html>

<head>

<meta charset= “utf-8”>

<Title>Maharashtra to grow at 9.4%, but 

industrial growth to decline</Title>

</head>

<body>

<li><a href = “http://

www.thehindu.com”> </a></li>

<h1 itemprop="headline”>Maharashtra 

to grow at 9.4%, but industrial growth to 

decline" 

</h1>

<h2>State economic survey for 2016‐17 

says agriculture to look up due to good 

monsoon</h2>

<div id = “content body”>

<p>While the Economic Survey of 

Maharashtra for 2016‐17 has projected a 

better growth rate for the State‟s 

economy at 9.4%, which is 0.9% more 

than the estimate for the previous fiscal 

year</p>

</body>

</html>

<html>

<head>

<meta charset= “utf-8”>

<Title>Gurgaon industrial bodies refuse to 

pay Rs200 crore for removal of Kherki 

Daula toll</Title>

</head>

<body>

<li><a href = “http://

www.hindustantimes.com”> </a></li>

<h1 itemprop="headline">Gurgaon 

industrial 

bodies refuse to pay Rs200 crore for 

removal of Kherki Daula toll 

</h1>​

<h2>Industrialists in Manesar have 

repeatedly sought the removal of the 

Kherki Daula toll saying it causes long 

traffic snarls and delays delivery of 

products</h2>

<div id = “content body”>

<p>Representatives of Gurgaon&rsquo;s 

industrial bodies said they will not make a 

financial contribution for the removal of 

the Kherki Daula toll</p>

</body>

</html>

<html>

<head>

<meta charset= “utf-8”>

<Title>Chattisgarh encounter: PM 

Narendra Modi says ;sacrifice of martyrs 

will not go in vain</Title>

</head>

<body>

<li><a href = “http://

indianexpress.com”> </a></li>

<h1 itemprop="headline">Chattisgarh 

encounter: PM Narendra Modi 

says;sacrifice of martyrs will not go in 

vain

</h1>

<h2>Chhattisgarh Chief Minister Raman 

Singh cut short his visit to Delhi and 

rushed to Raipur</h2>

<div id = “content body”>

<p>Prime Minister Narendra Modion 

Monday condemned the attack on CRPF 

jawans in Chattisgar;s Sukma district. 

At least 26 security personnel of the 74th 

battalion were killed in an encounter 

with the Maoists on Monday </p>

</body>

</html>

CS1 CS3CS2

 Figure 4.4. Extract Result 

4.3.3 PATTERN MATCHING 

After the extraction, user may select target pattern that contain desired information. The 

motivation of our algorithm is based on the observation that news web pages placed the desired 

information in a structure having a particular alignment and forms similar patterns. All the leaves 

in a Tag Tree share common Tags. In the Tag Tree each path from root to the root of the subtree 

represents a similar sequence or pattern in the input. Therefore, to find similar patterns, we need 

to examine the path to determine whether they are maximal similar or not.  Algorithm 3 presents 

the pattern matching algorithm. It works on a ContentSet CS, a path of size s, which is supposed 

to be the shortest non-empty path in Tag Tree. The goal of this algorithm is to find and match 

similar patterns according to the path of the Tag Tree that occurs in every content in CS. In this 

algorithm, at lines 3-11, i iterates from 0 until size s. as long as no matching pattern is found. The 



 

Chapter 4: Content Extraction from News Web Pages  

 

85 

 

actual search is performed in the inner loop at line 6-10; in this loop the algorithm iterates over 

every content in the input ContentSet and finds all the matching patterns that start at position i 

and has size s. The algorithm returns a list of matching patterns in the ContentSet. 

Algorithm 3 

1. SimilarPatternMatching (CS: ContentSet ; path: Content; TT: Tag Tree)  

2.       Found= false 

3.       For i = 0 until size (path) – s while not found do 

4.             Result = {} 

5.            found= true 

6.            foreach Content in CS  while found do 

7.                 If TT  = findsimilarPattern( Content, path, s) then 

8.                     found = size (matches) > 0 

9.                  else   

10.                      found = size (no matches) 

11.                      result=  found (TT) 

12.            end 

13.      end 

14. return result 

In Figure 4.5 to search for a pattern of size 4; we supposed that base is the shortest 

content in CS1, CS2 and CS3.  The algorithm first searches for site link<li><ahref= “site 

link”></a></li>in every content in CS1, CS2 and CS3 and found it. Then it searches for <h1= 

“headline”></h1>, <h2>sub headline</h2> and <div><p> News content</p> which is found in 

every ContentSet CS1, CS2 and CS3. As a conclusion <li><a>, <h1>, <h2>, <div><p>are the 

matching pattern in the content set. The Tag Tree of pattern matching is shown in Figure 4.6. All 

the leaves in a Tag Tree share a common prefix, all the three news web pages shows the common 

Tag Tree. Leaves represent the repeated sequence of input.   



 

Chapter 4: Content Extraction from News Web Pages  

 

86 

 

<html>

<head>

<meta charset= “utf-8”>

<Title>Maharashtra to grow at 9.4%, but 

industrial growth to decline</Title>

</head>

<body>

<li><a href = “http://

www.thehindu.com”> </a></li>

<h1 itemprop="headline”>Maharashtra 

to grow at 9.4%, but industrial growth to 

decline" 

</h1>

<h2>State economic survey for 2016‐17 

says agriculture to look up due to good 

monsoon</h2>

<div id = “content body”>

<p>While the Economic Survey of 

Maharashtra for 2016‐17 has projected a 

better growth rate for the State‟s 

economy at 9.4%, which is 0.9% more 

than the estimate for the previous fiscal 

year</p>

</body>

</html>

<html>

<head>

<meta charset= “utf-8”>

<Title>Gurgaon industrial bodies refuse to 

pay Rs200 crore for removal of Kherki 

Daula toll</Title>

</head>

<body>

<li><a href = “http://

www.hindustantimes.com”> </a></li>

<h1 itemprop="headline">Gurgaon 

industrial 

bodies refuse to pay Rs200 crore for 

removal of Kherki Daula toll 

</h1>​

<h2>Industrialists in Manesar have 

repeatedly sought the removal of the 

Kherki Daula toll saying it causes long 

traffic snarls and delays delivery of 

products</h2>

<div id = “content body”>

<p>Representatives of Gurgaon&rsquo;s 

industrial bodies said they will not make a 

financial contribution for the removal of 

the Kherki Daula toll</p>

</body>

</html>

<html>

<head>

<meta charset= “utf-8”>

<Title>Chattisgarh encounter: PM 

Narendra Modi says ;sacrifice of martyrs 

will not go in vain</Title>

</head>

<body>

<li><a href = “http://

indianexpress.com”> </a></li>

<h1 itemprop="headline">Chattisgarh 

encounter: PM Narendra Modi 

says;sacrifice of martyrs will not go in 

vain

</h1>

<h2>Chhattisgarh Chief Minister Raman 

Singh cut short his visit to Delhi and 

rushed to Raipur</h2>

<div id = “content body”>

<p>Prime Minister Narendra Modion 

Monday condemned the attack on CRPF 

jawans in Chattisgar;s Sukma district. 

At least 26 security personnel of the 74th 

battalion were killed in an encounter 

with the Maoists on Monday </p>

</body>

</html>

<li><a href = “http://

www.thehindu.com”> </a></li>

<h1itemprop="headline”>Maharashtra 

to grow at 9.4%, but industrial growth 

to decline" 

</h1>

<h2>State economic survey for 

2016‐17 says agriculture to look up 

due to good monsoon</h2>

<div id = “content body”>

<p>While the Economic Survey of 

Maharashtra for 2016‐17 has projected 

a better growth rate for the State‟s 

economy at 9.4%, which is 0.9% more 

than the estimate for the previous 

fiscal year</p>

<li><a href = “http://

www.hindustantimes.com”> </a></li>

<h1 itemprop="headline">Gurgaon 

industrial 

bodies refuse to pay Rs200 crore for 

removal of Kherki Daula toll 

</h1>​

<h2>Industrialists in Manesar have 

repeatedly sought the removal of the 

Kherki Daula toll saying it causes long 

traffic snarls and delays delivery of 

products</h2>

<div id = “content body”>

<p>Representatives of Gurgaon&rsquo;s 

industrial bodies said they will not make 

a financial contribution for the removal 

of the Kherki Daula toll</p>

<li><a href = “http://

indianexpress.com”> </a></li>

<h1itemprop="headline">Chattisgarh 

encounter: PM Narendra Modi 

says;sacrifice of martyrs will not go in 

vain

</h1>

<h2>Chhattisgarh Chief Minister 

Raman Singh cut short his visit to 

Delhi and rushed to Raipur</h2>

<div id = “content body”>

<p>Prime Minister Narendra Modion 

Monday condemned the attack on 

CRPF jawans in Chattisgar;s Sukma 

district. At least 26 security personnel 

of the 74th battalion were killed in an 

encounter with the Maoists on 

Monday </p>

Pattern Matching

CS1 CS3CS2

 

Figure 4.5. Searching for Pattern Matching Using <li><a href=”site link”> as a Base. 
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body

News headlineSite link

divh2ali

h1a p

News Content

News subheading 

  Figure 4.6. Tag Tree of Pattern Matching 

 

4.3.4 FILTERING 

After extraction and pattern matching filtering algorithm is applied. Typically a news 

web page usually contains a large number of similar patterns, not all of which contain useful 

information. To filter out undesired similar patterns, filter algorithm is used. For the filtering of 

undesired patterns we use two criteria, compactness and variability. Compactness is a measure of 

the density of maximal similarity. It can be used to filter out those patterns which are far apart 

beyond a given bound. Density is defined by Chang and Lui [177] as 

                                                            
1

| |
( 1) (4.1)

k

k
T T

 

Where | | is the length of in number of tokens. T1….Tk are the token sequences. We 

set the density value to 0.8, therefore the similarity value greater than the given value be 

qualified for extraction.  
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Variability is another criterion which filters out the pattern which shows no variability in 

the patterns. We denote the size of the pattern P as n, and then this loop iterates n times. In each 

iteration, algorithm checks the variability of the current ContentSet Tag tree to every other in 

order to determine whether the ContentSet has variability or not.  

 Algorithm 4 presents the filter algorithm. Extraction algorithm returns a list of 

ContentSet that are supposed to contain compactness (density of maximal similarity) and the 

variable information in the initial ContentSet. In this algorithm, the main loop at lines 3-7 iterates 

over the list of input ContentSet and simply removes those in which has compactness value is 

less than the default value (0.8) and shows no variability in the patterns. Let CS be the 

ContentSet, and d is the compactness (maximal similarity density) of ContentSet. The result of 

filter algorithm is shown in Figure 4.7.  

Algorithm 4 

1. Filter (CS: ContentSet, TT: Tag tree, P: Pattern size; d: compactness (Maximal similarity 

density )) 

2.          Result = ⟨⟩ 

3.          Foreach Tag Tree in CS do 

4.             If d >= 0.8 then 

5.                 add d to result 

6.                   If CS has variability then 

7.                 add CS to result 

8.           end 

9.      end 

10. return result 
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<html>

<head>

<meta charset= “utf-8”>

<Title>Maharashtra to grow at 9.4%, but industrial 

growth to decline</Title>

</head>

<body>

<li><a href = “http://www.thehindu.com”> </a></

li>

<h1 itemprop="headline”>Maharashtra to grow at 

9.4%, but industrial growth to decline" 

</h1>

<h2>State economic survey for 2016‐17 says 

agriculture to look up due to good monsoon</h2>

<div id = “content body”>

<p>While the Economic Survey of Maharashtra for 

2016‐17 has projected a better growth rate for the 

State‟s economy at 9.4%, which is 0.9% more than 

the estimate for the previous fiscal year</p>

</body>

</html>

<html>

<head>

<meta charset= “utf-8”>

<Title>Gurgaon industrial bodies refuse to pay 

Rs200 crore for removal of Kherki 

Daula toll</Title>

</head>

<body>

<li><a href = “http://www.hindustantimes.com”> 

</a></li>

<h1 itemprop="headline">Gurgaon industrial 

bodies refuse to pay Rs200 crore for removal of 

Kherki Daula toll 

</h1>​

<h2>Industrialists in Manesar have repeatedly 

sought the removal of the Kherki Daula toll saying 

it causes long traffic snarls and delays delivery of 

products</h2>

<div id = “content body”>

<p>Representatives of Gurgaon&rsquo;s industrial 

bodies said they will not make a financial 

contribution for the removal of the Kherki Daula 

toll</p>

</body>

</html>

<html>

<head>

<meta charset= “utf-8”>

<Title>Chattisgarh encounter: PM Narendra Modi 

says ;sacrifice of martyrs will not go in vain</

Title>

</head>

<body>

<li><a href = “http://indianexpress.com”> </a></

li>

<h1 itemprop="headline">Chattisgarh encounter: 

PM Narendra Modi says;sacrifice of martyrs will 

not go in vain

</h1>

<h2>Chhattisgarh Chief Minister Raman Singh 

cut short his visit to Delhi and rushed to Raipur</

h2>

<div id = “content body”>

<p>Prime Minister Narendra Modion Monday 

condemned the attack on CRPF jawans in 

Chattisgar;s Sukma district. At least 26 security 

personnel of the 74th battalion were killed in an 

encounter with the Maoists on Monday </p>

</body>

</html>

http://www.thehindu.com

Gurgaon industrial 

bodies refuse to pay 

Rs200 crore for removal 

of Kherki Daula toll 

Chhattisgarh Chief Minister 

Raman Singh cut short his visit to 
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Figure 4.7. Filtering Result after Extraction 
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4.4 EXPERIMENTAL DATASET 

The dataset named ContentSet (CS) used in our experiment contains a total of 500 news 

web documents. For experiments, we collected web news pages from 10 news websites, 50 

articles from each website written in English. The sites are shown in Table 4.1. News web pages 

belongs to different categories like market, business, India, Tech, Nation, Science & 

Environment, politics, world, Entertainment, Sports. Each category was randomly selected from 

Google search engine between December 2016 to March 2017. We downloaded 50 web pages 

from each web site. 

Table 4.1: News Websites 

S. No. News website  URL Category Number of 

Documents 

1 The Economic 

Times 

http://economictimes.indiatimes.com/ Market 50 

2 The Hindu http://www.thehindu.com/ Business 50 

3 The Times of 

India 

http://timesofindia.indiatimes.com/ Sports 50 

4 NDTV http://www.ndtv.com/ India  50 

5 Hindustan Times http://www.hindustantimes.com/ Tech 50 

6 Indian Express http://www.indianexpress.com/ Nation 50 

7 News18 http://www.news18.com/ Politics 50 

8 The Pioneer http://www.dailypioneer.com/ World 50 

9 Deccan Harald http://www.deccanherald.com/ Entertainment 50 

10 The Asian Age http://www.asianage.com/ Science& 

Environment 

50 

 

News web documents preprocess by fixing their HTML code by HTML tidy [178]. It 

fixes web documents doctype declarations, adds missing end tags, and reports on unknown 

attributes if essential. Our dataset were gathered from real world news websites, they usually 

contained errors in their HTML code. Table 4.2 shows the results we have gathered regarding a 

subset of common HTML errors that are reported by HTML tidy. The full report is too large to 

reproduce in the work. Our only purpose to use HTML tidy is to make it clear that we have dealt 

with actual documents. 
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Table 4.2: Common Errors 

S. No. Error  

1 Error: <!DOCTYPE> is missing 

2 Error: <s6> is not recognized 

3 Error: <j> is not recognized 

4 Error: <bw> is not recognized 

5 Error: <zs> is not recognized 

6 Error: <z> is not recognized 

7 Error: <m> is not recognized 

8 Error:  <v>  is not recognized 

9 Warning: replacing invalid character code 131 

10 Warning: discarding invalid character code 143 

11 Warning: unescaped& which should be written as &amp 

12 Warning: unescaped& or unknown entity “&:p” 

13 Warning: unescaped& or unknown entity “&X” 

14 Warning: <p> unexpected or duplicate quote mark 

15 Warning: <p> missing „>‟ for end of tag 

16 Warning: <j> missing „>‟ for end of tag 

17 Warning: discarding unexpected <j> 

18 Warning: unescaped& or unknown entity “&qT” 

19 Warning: unescaped& or unknown entity “&Us” 

20 Warning: discarding unexpected <bw> 

21 Warning: unescaped& or unknown entity “&oX” 

22 Warning: <I> attribute “4” lacks value 

23 Warning: <I> missing „>‟ for end of tag 

24 Warning: discarding unexpected <I> 

 

4.5 EXPERIMENT AND RESULTS 

In this section we present the results of the experiments we have carried out to compare 

our approach to other techniques in the literature. We describe the dataset used in our 

experimental study in section 4.4. We compare our approach to other approaches which are 

commonly used in extracting HTML pages in the literature. We performed our experiments on a 
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machine that was equipped with an Intel Core i3 processor that run at 2.40 GHz, had 2 GB 

RAM, Windows 7 pro 64 bit.  

In our approach, we used the idea of Sleiman & Corchuelo [123] in 2013, they used TEX 

algorithm to extracts the information in the form of TextSet. The result of the extraction process 

is always a collection of TextSets which are labelled with computer generated labels. TEX does 

not translate the news articles into DOM trees. In our work, we translate the news articles into 

Tag tree.  We analyse the performance of our approach using the three parameters precision, 

recall and F1- measure.  

4.5.1 OTHER APPROACHES 

We compare our technique with other existing techniques. 

ECON [122]: It takes a collection of news web pages and use HTML parser to create DOM tree. 

There is a node that wraps the entire contents of news with its subtrees, such node is known as 

summary-node. ECON finds a snippet-node which is the descendent of the summary-node. 

When snippet-node is found, then backtracks it until a summary-node is found, by which firstly 

wrapped the  part of the news content, then backtracks from the snippet-node until a summary-

node is found, and the entire content of news can be extracted after removing noise from the 

summary-node. 

CoreEx [119]: They extract the main article from news web pages by using DOM tree where 

every node in the tree represents the HTML node of a web page. They score every node based on 

two counts, textCnt and linkCnt which means the amount of text and number of links it contains. 

Their algorithm runs on 1120 news web pages.  

TEX [121]: It works on a collection of web documents. According to them input web documents 

not required to be translated into DOM Tree. Their approach works on malformed web 

documents without modifying them, and does not require the relevant information to be 

formatted using repetitive structures inside a web document. They works on two or more web 

documents and compares them in an attempt to discover shared patterns that are not likely to 

provide any relevant information, but parts of the template used to generate the web documents.   
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We take the idea of TEX in this work but we use Tag tree to discover shared patterns for 

the extraction of relevant information. The extract algorithm in TEX  expand TextSet into three 

additional TextSets  algorithm in Textset  for extract algorithm while we only use shared 

occurrences by converting input news page into Tag tree by tokenization.  In findpattern 

algorithm in TEX, they assume a shortest non–empty base Text of size s in TextSet ts and find a 

pattern inside base Text s that occurs in every Text in ts. In this work, to find matching pattern 

we use the observation that news web pages share the similar structure information having a 

particular alignment and forms similar pattern.  We form the Tag tree of the structural 

information of the news web page, all leaves in a Tag tree share common Tokens.  To find 

similar pattern we examine the path of the Tag tree to determine whether they are maximal 

similar or not. In filter algorithm in TEX, they filter out those patterns which show no variability 

in the TextSet. In our approach for filter out the undesired patterns two measure compactness and 

variability are used.    

The target of ECON and CoreEx is similar to our approach; both the approaches extract 

the main contents from news web pages.  However, the underlying algorithms of both the 

approaches are subsequently different. According to [119] [122], both ECON and CoreEx 

perform well, therefore we made a comparison among ECON, CoreEx , TEX, and the proposed 

approach. 

4.5.2 PERFORMANCE ANALYSIS 

Experiment results are often evaluated by Precision (P), recall (R) and F1-measure (F1). 

We first run ECON and CoreEx on the same dataset in order to learn extraction rules, we then 

computed Precision, recall and F1-measure. For each website we recognized one type of 

template. Then we manually analyse URL‟s of these pages to identify repetitive patterns such as 

URL structure, Home page, subsections etc. A regular expression is written for each website to 

match the template with high interest to us. This way we handcrafted annotations for every web 

document in our dataset that is used to calculate precision, recall and accuracy of our proposed 

approach. We could find which extracted ContentSet was the closest to each annotation. For the 

validation of our approach we compared each extracted ContentSet to every annotation. 
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The precision of a given category of dataset is the fraction of web pages of its computed 

category that are also found in the corresponding annotated category of the dataset. The recall of 

a given category is the fraction of web pages from the corresponding annotated category of 

dataset that were extracted from the same annotated category. To calculate these measures, we 

assign two or more web pages to the same categories if and only if they are similar. A true 

positive (TP) decision assigns two  structurally  similar  web  pages  to  the  same  category;  a  

true  negative  (TN) decision assigns two structurally different web pages to different categories. 

A false positive (FP) decision assigns two structurally unlike web pages to the same category.  A 

false negative (FN) decision assigns two structurally similar web pages to different category. 

Then the precision (4.2), recall (4.3), and F1-measure (4.4) are calculated as follows: 

                                     
Pr ( ) (4.2)

TP
ecision P

TP FP  

                                                  

                                                 
Re ( ) (4.3)
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call R
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P R
F measure F

P R  

 

Table 4.3: Comparison of all Four Approaches 

Category Proposed Approach ECON CoreEx TEX 

 P R F1 P R F1 P R F1 P R F1 

Business 0.97 0.96 0.96 0.82 0.54 0.65 0.80 0.85 0.82 0.96 0.95 0.95 

Cricket 0.99 0.99 0.99 0.94 0.91 0.92 0.88 0.90 0.88 0.96 0.98 0.98 

India  0.95 0.94 0.94 0.92 0.88 0.89 0.92 0.94 0.92 0.93 0.92 0.94 

Tech 0.96 0.96 0.96 0.88 0.67 0.76 0.90 0.95 0.92 0.92 0.95 0.95  

National 0.98 0.99 0.98 0.83 0.83 0.83 0.78 0.81 0.79 0.89 0.91 0.89 

Science & 

Environment 

0.93 0.86 0.87 0.76 0.77 0.76 0.85 0.67 0.74 0.92 0.83 0.85 

Politics 0.98 0.99 0.93 0.67 0.67 0.67 0.60 0.55 0.57 0.97 0.98 0.97 

World 0.95 0.96 0.95 0.91 0.88 0.89 0.83 0.83 0.83 0.93 0.73 0.82 
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Entertainment 0.96 0.94 0.94 0.73 0.68 0.70 0.71 0.78 0.74 0.92 0.93 0.93 

Sports 0.92 0.87 0.89 0.64 0.76 0.69 0.55 0.64 0.59 0.84 0.78 0.81 

 

Table 4.3 shows the P, R and F1 results of all three approaches ECON, CoreEx and our 

proposed approach when run on all 500 news pages. The result of the extraction process is 

always a collection of ContentSet. Experimental results show that the performance of our 

approach is higher than the other three approaches.  

For the category Business, the values of P, R, and F1 of the proposed approach are better 

than the ECON, CoreEx, and TEX. In all the three approaches, ECON shows the lowest P (0.82), 

R (0.54), and F1 (0.65) values compare to the CoreEx (0.80, 0.85, 0.82), TEX (0.96, 0.95, 0.95), 

and the proposed approach (0.97, 0.96, 0.96). 

 

For the category Cricket, CoreEx shows lowest values for the P (0.88), R (0.90), and F1 

(0.88), compared to ECON 0.94, 0.91, 0.92, TEX 0.96, 0.98, 0.98, and the proposed approach 

0.99, 0.99, 0.99.  

For the category India, the P value of ECON and CoreEx show the same value 0.92, 

which has been lower than the TEX 0.93and the proposed approach 0.95. For the R and F1 

values ECON show the lowest value 0.88 and 0.89 respectively, as compared to CoreEx (0.94, 

0.92), TEX (0.92, 0.94) and the proposed approach (0.94 and 0.94). 

For the category Tech, ECON shows lowest P, R, and F1 values as 0.88, 0.67, and 0.76 

respectively, other than the three approaches. Proposed approach shows the highest value 0.96 

for the all three P, R, and F1 values.   

For the category National, CoreEx show the lowest P, R, and F1 values as 0.78, 0.81, and 

0.79 respectively, than the other approaches. Our proposed approach shows the highest P, R, and 

F1 values as 0.98, 0.99, and 0.98 respectively.   

For the category Science & Environment, the lowest value of P has been shown by the 

ECON 0.76 than the CoreEx (0.85), TEX (0.92), and proposed approach 0.93.   The value of R 

has been shown lowest for the CoreEx 0.67 than the ECON (0.77) and TEX (0.83) while highest 
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for the proposed approach 0.86. For the F1 value, CoreEx shows the lowest value 0.74 than the 

ECON (0.76), TEX (0.85), and the proposed approach 0.87.  

For the category Politics, CoreEx shows the lowest value than the other three approaches, 

While the proposed approach show the highest P, R, F1 values as 0.98, 0.88, and 0.93 

respectively. 

 

In the category World, proposed approach shows the highest P, R, and F1 values as 0.95, 

0.96, and 0.95 respectively. While CoreEx shows the lowest value of P, R, and F1 as 0.83 for 

each.  

For the category Entertainment, the lowest P value has been shown by the CoreEx 0.71, 

compare to the ECON, TEX, and proposed approach as 0.73, 0.93 and 0.96 respectively. For the 

value R, ECON, shows the lowest value as 0.68 compare to CoreEx, TEX, and proposed 

approach as 0.78, 0.93 and 0.94 respectively. For the F1 value, again ECON shows the lowest 

value 0.70 compare to the other three approaches CoreEx, TEX, and the proposed approach as 

0.74, 0.93, and 0.94 respectively.  

In the category Sports, for the values P, R, and F1, CoreEx show the lowest values 0.55, 

0.64, and 0.59 comparison to ECON 0.64, 0.76, 0.69; TEX 0.84, 0.78, 0.81;  and the proposed 

approach 0.92, 0.87, and 0.89 respectively.  

From the above analysis, we can say that our proposed approach perform well than the 

other three approaches ECON, CoreEx and TEX. The performance of TEX is better than the 

ECON and CoreEx, and close to the proposed approach; as discussed in section 4.3, that we used 

the idea of TEX but constructs Tag Tree for pattern matching and filtering and improves the 

performance.     
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Figure 4.8. Precision Comparison of all Four Approaches 

 

Figure 4.8, shows the graphical representation of comparison for all four approaches in 

terms of precison. Graph shows that the precision value of proposed approach is better than the 

other three approaches.  

 

Figure 4.9.  Recall Comparisons of all Four Approaches 

Figure 4.9 describes the comparative analysis of the performance of all four approaches 

in terms of recall. It is clearly observed that for all ten categories of news articles, proposed 

approach shows highest recall values.  
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Figure 4.10.  F1-Measure Comparison of all Four Approaches 

 

A Figure 4.10 defines the comparative analysis of the performance of all four approaches in 

terms of F1- measure. Graph shows that the F1-measure of proposed approach is highest among 

the four approaches while ECON shows the lowest value. 

 

4.6 SUMMARY 

In present work, we presented a news web page content extraction approach to extract 

content from news web pages. Our approach applied to web news pages written in English. A 

news web page content extraction based on tag tree is proposed to efficiently extract meaningful 

information including records and data schema. In particular we have addressed the problem of 

finding and fetching news available on websites and extracting the relevant content. Through 

experimentation with ten news websites (Indian), we have demonstrated that our approach is 

highly effective for the task of content extraction.  
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CHAPTER 5 

 

KEYPHRASE EXTRACTION OF NEWS WEB PAGES 
 

   

5.1 INTRODUCTION 
 

 The task of news web pages filtering and summarization requires the extraction of 

important keyphrses from the news document. Keyphrase extraction from news web pages is an 

important task for news documents summarization. This chapter discusses the proposed approach 

of keyphrase extraction from news web pages and performed by identifying candidate phrase 

from the news document and then calculates weight of the candidate phrase using various 

features and highest scorer candidate phrases are extracted as a keyphrases.   

 

5.2 KEYPHRASE EXTRACTION 

 

 Under the growth of worldwide networking through the internet, the news consumption 

pattern moved from the traditional physical newspapers to online news aggregate system.  As 

thousands of web news is posted on the internet every day, it is difficult to retrieve and 

summarize the relevant document effectively. So keyphrase extraction technique is used to 

provide the main phrases of a given web page. It is useful in many areas like summarization, 

automatic indexing, topic search and clustering [179]. Keyphrase extraction is one of the most 

important tasks in news web pages summarization. Readers make benefit from keyphrase 

because they can judge more quickly whether the news web page is worth reading. A 

summarization system tries to identify significant information that is important enough to be in 

the summary. In order to identify important topics and sentences in the documents, 

summarization system extracted keyphrases from the document.      

Keyphrases are like index terms that enclose the important information about document 

content. Keyphrases actually offer concise and precise description of document content. Key 

phrases are considered as a single word or a combination of more than one word that represent 

the important concepts in a text documents. Document can be treated as a set of phrases; any 
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phrase in a new document can be extracted as a keyphrase. Phraseness and informativeness are 

the two main features of keyphrase.  Phraseness is a fairly dynamic idea which depicts the degree 

to which a given word sequence is considered to be a phrase. Informativeness denotes how well 

a phrase catches or outlines the important notions in a set of documents. A set of keyphrases 

related to a document gives high-level description of a document content that helps readers in 

searching for relevant information.  

Keyphrase extraction in a news web page has been a challenging research topic in recent 

years because news changes very rapidly. Only a small number of news websites have author 

given keyphrases and manually allocating keyphrases for each web news document is very 

effortful. Thus it is absolutely necessary to propose an approach for keyphrase extraction. 

Keyphrases of a document should be semantically related with the other words of the document. 

Therefore, in this work, we proposed a Keyphrase Extraction approach, which identifies the 

candidate keyphrases from documents and chooses those candidate keyphrase having highest 

weight score. Weight formula combines the feature set that includes TF*IDF, phrase distance in 

documents, and lexical chain is used for semantically related words that are interconnected by 

semantic relations. The number of words and the number of semantic relations among the words 

can be different for each lexical chain. WordNet [180] is used for the construction of lexical 

chain which is discussed in detail in section 5.4.4.  

5.3 DESCRIPTION OF DATASET 

The online news articles have been chosen from the „The Hindu‟ news website. All these 

selected news is world news posted from 20 April 2016 to 30 April 2016. Our dataset contains 

150 web news documents. The key purpose, we select „The Hindu‟ news website for the 

experiment is that every news web page have author assigned keywords which are used to 

calculate the precision and recall values. We have taken the author assigned keywords as gold 

standard keyphrase. Some keyphrases have been chosen manually for each document. Most of 

the keyphrases consists of one or more than one words.  

Keyphrases having more than three words are less in number in our dataset. Average 

number of manually assigned keyphrases per document is 15. Here it is interesting to note that all 
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author allotted keyphrase for a document may not occur in the title of the document. Total 

number of noun phrases in our dataset is 2250. The total number of author assigned keyphrases 

for all the documents in our dataset is 479.  

5.4 PROPOSED APPROACH 

In the proposed approach, firstly the document words are segmented, stemmed and stop 

words are removed. After that candidate phrases from the document are identified. Weight of 

each candidate phrase is computed by the features TF*IDF, phrase distance, and building lexical 

chain. According to the weight, a high scorer candidate phrases is selected as a keyphrases. The 

process of keyphrase extraction is shown in Figure 5.1.  

    

 

Figure 5.1. Flow Diagram of Keyphrase Extraction Process 

 

The steps of the proposed approach are as follows: 

 

Step 1: Words are segmented, stemmed and stop words are removed. 

Step 2: Identify the candidate phrase from each document.  

Step 3: Compute the TF*IDF and phrase distance of each candidate word 

Step 4: Select the top n candidate phrases according to the value of TF*IDF and phrase 

distance. 
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Step 5: Build the lexical chains of each top n candidate phrase. 

Step 6: Compute the weight of each candidate phrase. 

Step 7: Select the top m candidate words as the keyphrase according to their weights. 

Select those candidate words as keyphrases which have higher weights. 

In step 4 of the proposed approach, „top n‟ represents the candidate phrases with high 

TF*IDF and phrase distance value.  After weight computation of „top n‟ candidate phrases, in 

step 7, „m‟ represent the selected high scorer candidate phrases from „top n‟ which we have 

denoted as keyphrases.   

5.4.1. IDENTIFICATION OF CANDIDATE PHRASE 

Keyphrases are extracted from candidate phrases. The noun phrases in the document are 

treated as the candidate keyphrase [6]. In order to recognize the noun phrases documents have 

been tagged by Stanford Part-Of-Speech (POS) tagger [181]. We used Stanford POS tagger to 

extract the lexical information about the terms in a document. Figure 5.2 shows the lexical tag 

assigned by the tagger for a document. According to this Figure, JJ, DT, NN, NNS, VBZ, NNP, 

PRP$, VBN, IN, CD, etc. are lexical tags assigned by the POS tagger.  

Candidate keyphrase extracted from Figure 5.2 are: terrorists, central forensic science 

laboratory, DNA sample, government officials, National Investigation agency, investigation 

team, spokesperson, photographs and sensors. 
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Figure 5.2. POS Tagged Document 

 

Meanings of these tags are shown in Figure 5.3.  

 

CD: Cardinal number, DT: Determiner, NN: Noun (Singular or mass), VBZ:  Verb (3rd person singular present), 

To: to, VB: verb (base form), VBN: Verb (past participle), RP: Particle, IN: Preposition, NNP: Proper Noun, NNS: 

Noun (Plural), CC: Coordinating Conjunction, VBG: Verb (gerund), WP: Wh- pronoun, JJR: Adjective, 

Comparative, JJS: Adjective, Superlative, NNPS: Proper Noun (plural), PRPS: Possessive pronoun, VBP: Verb 

(non-3rd  person singular present)

 
Figure 5.3. Meanings of the Tags 

 

5.4.2. TF*IDF OF CANDIDATE PHRASE 

After identifying candidate phrase, the collection of candidate phrases identified in the 

web news documents may be huge in number. From a vast collection, a small number of phrases 

may be selected as the keyphrases. In this work, we randomly selected some keyphrases from a 

single document. TF*IDF of each candidate phrase is used to rank the phrases. TF*IDF measure 

the phrase frequency in a document compared to its infrequency in general use.  

We compute the TF*IDF of each candidate phrase by the given equation (5.1) 
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Where tf is the frequency of term„t‟ in a document, „tn‟ is the total number of terms in a 

documents, „N‟ is the total number of documents and „ni‟ is the number of documents in the 

dataset that contains term „t‟. 

5.4.3.  PHRASE DISTANCE 

The distance attribute is the position where a phrase first appears in the document. The 

candidate keyphrases that appear early in a document should be given higher score. Like 

previous approach [179] discussed in chapter 2, distance of a phrase from the beginning of a 

document is measured as the number of words that precede it initially seems divided by the 

number of words in the documents. The distance of a phrase in the document is calculated as in 

equation (5.2)  

                                       
tan (5.2)

jn
Phrase Dis ce

n

 

      

 

Where „nj‟ is the number of words that come before its first appearance, and number of 

words in the document are denoted by „n‟. 

5.4.4. CONSTRUCTION OF LEXICAL CHAIN 

Morris and Hirst [182] have first given the concept of Lexical Chain (LC). According to 

them lexical cohesion is an arrangement of related words that give the continuity of lexical 

meaning. Lexical cohesion occurs as a result of semantic relation between words. One of the 

main advantages of lexical cohesion is that it is an easily recognizable relation that enables the 

computation of lexical chain. Lexical chains visualize the semantically related words or phrases 

in the text.  These words or phrases are called the lexical items and each item gives a specific 

meaning to a lexical chain.  In this work, we use WordNet for creating lexical chains.  With the 

help of path between concepts, lexical chain can be found. In general two concepts can have 

many possible lexical chains. For creating lexical chains we ignore numbers, units, currencies, 

times/periods, names, places and referring items [183]. For the construction of lexical chain we 

used synonym, hypernym/hyponym, coordinate term and meronym, Silber and McCoy [184] and 

Ercan [142] also used the same relations except coordinate term. In order to rank lexical chains, 

high scoring chains must be picked as the important concept from the original document. Further 
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we used Barzilay [185] idea of strong chain. It is defined as two words connected by a WordNet 

relations like Synonym and Hypernomy.   

Figure 5.4 shows the different set of lexical chains chooses from the tagged document 

shown in Figure 5.2. 

 
Figure 5.4. Set of Lexical Chain 

 

Lexical chain is created by taking a new phrase and finds a related chain for it according 

to lexical cohesion. For each new candidate phrase, the meaning of the phrase is examined. If the 

meaning is not matched with any of the existing chains, a new chain is created for this phrase 

and meaning is associated with this new chain. Otherwise, the phrase is connected to the 

matching chain. 

From the Figure 5.4, we can quickly recognize that these phrases are related with each 

other. Lexical chains are formed of senses of phrase occurrences, not senses of unique words in 

the text. Each phrase in the lexical chains represents its intended sense of that candidate phrase.  

 

Lexical chains usually depend on semantic relations that can be acquired from WordNet 

[180]. It is an online lexical reference system developed at Princeton University. Its taxonomy 

contains around 100,000 terms and grouped Noun, Verbs, Adjectives and Adverb into synonym 

set (synsets). The synsets are structured into senses based on the different meaning of the same 

term or concept. The synsets or concepts are related to other synsets by different type of 

relationships. The most common relationships are Hypernym/ Hyponym, Synonym/ Repetition, 

Meronym/ Holonym, Antonym, and Sibling relations used to build lexical chains. WordNet 

could be seen as the case of a semantic network that represents knowledge in the form of 

interconnection between synsets and the relations. Various representational techniques related to 

semantic networks assign numerical values or weights into relations [186] [187] [188]. 
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According to Siblini and Kosseim [189] WordNet‟s 26 semantic relations do not contribute 

equally to the semantic relatedness between words. They manually analyse the relations and rank 

them according to their contribution like synonym gives highest contribution and get high rank 

while hypernym, sense, gloss, part, instance and other give lower contribution and get lower 

rank. The weights were simply assigned as the cost of traversing an edge or relation hence a 

lower weight is assigned to a highly contributory relation. Here, the used assigned weights are 

depends on the depth of its synsets in the WordNet taxonomy therefore rather than using the idea 

of Siblini and Kosseim [189], we give highly contributory relations higher weight.  Figure 5.5 

shows the lexical graph of LC1 in detail. 
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Figure 5.5.  Lexical Graph 

 

In the Figure 5.5, there are five Hypernym/Hyponym relations as  

{Terrorists                Terrorists Attack; Terrorists                    Pakistan based JeM;  

Terrorists               JeM;      Terrorists Attack               JeM, Pakistan based JeM             Terrorists 

Attack} and one coordinate term defined as    {Pakistan based JeM               JeM} Weights of 

every relation between word senses are given intuitively [142]. Table 5.1, shows the allocated 

weights for the relation. Subsequent to scoring each lexical chain of the word, we select the chain 

with a maximum score as the lexical chain. 
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Table 5.1: Weight of Lexical Chain Relation 

Relation Explanation of Relation Weight 

Synonym/ reiteration Same meaning 10 

Coordinate Term Sibling  8 

Hypernym/hyponym General/specific  7 

Meronym Is a part of  4 

 

According to these assigned weights, the score of lexical chain LC1 is equal to 43 (=5*7 

+ 8) since there are five Hypernym/Hyponym relations and one Coordinate term. 

5.4.5. WEIGHT OF CANDIDATE PHRASE 

Weight of a candidate phrase can be obtained by the combination of the features: 

TF*IDF, phrase distance, and lexical chain shown in equation (5.3).  

                  * tan (5.3)Weight a TF IDF b Phrase Dis ce c Lexical Chain  

 Where TF*IDF is the value of the candidate phrase, phrase distance is the distance of 

candidate phrase when it first appeared, and lexical chain is the length of the chain that contains 

candidate phrase and a, b, c are the parameters that can be adjusted. The value of these 

parameters in our experiment has been set to 1.  

As an example, to compute the candidate phrase “Terrorist”, selected from the dataset, 

the value of each component has been obtained as follows.  

For computation of TF*IDF for the phrase “Terrorist”, it is found in the document of 

dataset shown in Figure 5.2 at 7
th

 position and the number of words in the whole document is 

367, then the value of TF*IDF is calculated as in equation (5.1) 

                                           

* *log( )
f

n i

t N
TF IDF

t n
 

TF*IDF= 0.0174832 

 

  Secondly we find the value of Phrase distance of the “Terrorist” phrase as calculated in 

equation (5.2) 

 



 

Chapter 5: Keyphrase Extraction of News Web Pages 

 

108 

 

tan
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Phrase Dis ce
n

 

  Where the value of nj is 6 in the document and n is 367. Therefore the value of phrase 

distance is 0.0163.  

In the next step, construct and then calculate the value of lexical chain. We choose lexical 

chain LC1 from Figure 5.4, because the value of LC1 is higher than other lexical chains. The 

value of lexical chain LC1 is 43, calculated in previous section 5.4.5. Finally the weight of the 

candidate phrase is calculated as: 

W= 1*0.0174832+ 1* 0.245 + 1* 43  

W= 43.0174832 ~ 43.01 

Like the “terrorist” phrase, all the candidate phrases of the dataset are calculated. We then 

select top fifteen candidate phrases as keyphrases of a document. 

 

5.5 EXPERIMENT RESULT AND EVALUATION 

Experiments were carried out to evaluate the overall performance of our approach. For 

evaluating the automatically generated keyphrases, we first take the two standard information 

retrieval metrics precision and recall. The precision; measures the proportion of number of 

extracted key phrases that are also author tagged key phrases to the total number of extracted 

keyphrases. The second one „recall‟ measures the proportion of the extracted keyphrases that are 

also author tagged keyphrases to the number of author tagged keyphrases. These metrics show 

how well generated phrases match a set of relevant phrases.  

                                                    

Pr (5.4)e t

e

N
ecision

N
                                                                                                            

 

                                                                

                                                                                       

                                                        

Re (5.5)e t

t

N
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Where „Ne‟ is the number of keyphrases extracted, „Nt‟ the number of keyphrases tagged 

by author. Ne∩t is the number of extracted keyphrases that are also keyphrases tagged by author.  
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Table 5.2 shows the keyphrases assigned by the author of the news article which is the 

document number 2 in our dataset. 

Table 5.2: Author Assigned Keyphrases for News Article Number 2 in the Dataset 

Document No. Author Key 

2 Pathankot attack 

2 forensic attack 

2 Terrorism 

2 Special Investigation Team 

2 Joint investigation 

 

From the document 2, our proposed approach extracted the top 5 keyphrases as shown in 

Table 5.3.  

Table 5.3: Top 5 Keyphrases Extracted by Proposed Approach 

Document Number Author Key 

2 Pathankot attack 

2 forensic science laboratory 

2 Terrorism 

2 Special Investigation Team 

2 National Investigation agency 

 

Table 5.2 and Table 5.3 show that out of 5 keyphrases extracted by our approach, 3 

keyphrases (Pathankot attack, Terrorism, Special Investigation Team) matched with the author 

assigned keyphrases.  We also extract 10 and 15 keyphrases from the same document and results 

are shown in Table 5.4. 

In order to compare our approach with state-of-the-art keyphrase extraction systems we 

have selected KEA [130] and KESR [170]. Most existing systems identify candidate phrases by 

the method applied in KEA and KESR. 

 KEA is comparatively simple and useful in automatic keyphrase extraction. The KEA 

identifies candidate keyphrase using lexical methods and calculates the feature value of each 

candidate phrase, and then predicts the good keyphrase from candidate by using machine 

learning algorithm. The basic model of KEA involves two stages. Firstly build a model for 

recognizing keyphrases by using training documents where the author keyphrases are known. 

Secondly, use the model create on first stage, choose the keyphrases from a new document. The 
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overall performance of KEA show that on average KEA can match between one and two of the 

five keyphrases chosen by the average author in the collection.  

NFAS system considers all phrases except stop words in the web news pages. This 

system used Keyphrase Extraction based on Semantic Relations (KESR) approach for keyphrase 

extraction. The goal of KESR is to extract those words that have a low frequency but provide a 

major impact to the text subject. The basic model of KESR involves two attributes: TF*IDF, and 

word similarity and lexical chain.  Word similarity is computed through HowNet. Extracted 

keyphrases compared with the phrases in the news title and phrases in the core hints provided by 

the author. By comparing their results with TF*IDF and KELC (Keyphrase extraction based on 

lexical chains) [190], KESR outperforms the other two in both the cases, when the title kept and 

when the title removed and core hints kept.  

In this work, despite of calculating the value of each candidate phrase, select some top 

candidate phrase according to the value of TF*IDF and phrase distance and then construct the 

lexical chain of these selected candidate phrases using WordNet. Based on the all these features 

weight is computed and extracted the top scoring keyphrases.  

We compare the overall performance of our proposed keyphrase extraction approach with 

the existing keyphrase extraction approaches.  In the experiment, the number of keyphrases to be 

extracted was set to 5, 10, and 15 respectively. Table 5.4, shows that our approach shows better 

results than other approaches in terms of precision and recall.  

Table 5.4: Precision and Recall Comparison of Three Approaches 

Number of Keyphrases Average Precision 

 
Average Recall    

Proposed Approach KESR KEA Proposed Approach KESR KEA 

 

5 

 

0.34 

 

0.32 

 

0.28 

 

0.25 

 

0.24 

 

0.29 

 

10 

 

0.22 

 

0.20 

 

0.19 

 

0.46 

 

0.36 

 

0.40 

 

15 

 

0.17 

 

0.18 

 

0.15 

 

0.51 

 

0.41 

 

0.48 
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Figure 5.6. Average Precision Comparison of Three Approaches 

 

Figure 5.6 shows the comparison of the individual performance of three different 

approaches. Precision is the proportion of the keyphrases extracted that are correct.  The 

experiments indicate that the precision of our approach when extracting 5 keyphrases is 0.34 

which is 6.25% greater than KESR (0.32) and 21.4% greater than KEA (0.28).  For extracting 10 

keyphrase the precision of our approach is 0.22 which is 10% greater than KESR (0.20) and 

15.7% greater than KEA (0.19) and finally for extracting 15 keyphrases the precision value of 

our approach (0.17) shows 5.6% lower value than KESR (0.18) while shows 13.3% higher 

results than KEA (0.15).  
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Figure 5.7. Average Recall Comparison of Three Approaches 

Figure 5.7 shows the recall comparison of three different approaches. Recall is the 

fraction of relevant instances that are retrieved. Recall value of proposed approach, KESR and 

KEA when extracting 5 keyphrases is 0.25, 0.24 and 0.29 respectively where, proposed approach 

shows higher improvement in recall values as 4.2% than KESR and 13.7% than KEA. When 

extracting 10 keyphrases the recall value of our approach is 0.46 which is 27.8% higher than 

KESR (0.36) and 15% higher than that of KEA (0.40). Recall value of all the three approaches 

when extracting 15 keyphrases are 0.51, 0.41 and 0.48 respectively whereas for the proposed 

approach shows 24.4% greater value than KESR and 6.25% greater value than KEA.    

5.6 SUMMARY 

In this chapter, we have presented keyphrase extraction approach and candidate phrase 

detection as a part of keyphrase extraction where document is POS tagged first. It is 

implemented using TF*IDF, phrase distance and lexical chain. Experiment shows better results 

for the keyphrase extraction task. We have evaluated the approach with the parameters precision 

and recall.  
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CHAPTER 6 

 

SYSTEM ARCHITECTURE OF NEWS WEB PAGE 

FILTERING AND SUMMARIZATION 
 

 

  

6.1 INTRODUCTION 
 

 This chapter presents the complete architecture of the proposed news filtering and 

summarization system, the phases are as news web page classification, content extraction, and 

keyphrase extraction. In the previous chapters we have already discussed news web page 

classification, content extraction, and keyphrase extraction. Extracted keyphrases are important 

for sentence selection, selected sentences have been ranked using sentence weight and similarity 

measure is computed in order to reduce redundancy to obtained summarization.  

 

6.2 NEWS SUMMARIZATION 

 

 News summarization is the task of creating a summary of one more news articles. 

Summarization systems take one or more documents as input and attempt to produce a concise 

and fluent summary of the most important information in the input.  

Generate summary from multiple documents has gained interest since 1990s, most 

applications being in the domain of news articles. Several news summarization systems were 

inspired by research on multi-document summarization, for example Google News, Columbia 

News Blaster, or NewsInEssence.  

A good summary is a readable one or it can be say that the sentences in the summary 

should be related to each other. On the other hand, they should be related and similar to the topic, 

and discuss the same information regarding the particular topic and this indicates that the 

summary should cover the original document content.  

The goal of summarization is to present the most important information of the original 

document into a concise form while keeping its main content. It helps the user to quickly 
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understand the large volume of information and helps the reader quickly determine what the 

document is about and avoid reading the document itself.  

In this work, we focus on extractive summarization which is a very robust method for 

document summarization it has been discussed in chapter 1. We assume that a user has access a 

stream of news stories that belong to similar subject; however the stream flows rapidly enough 

that nobody has the time to look at every story. In this situation, a person would choose to be 

kept up-to-date on the subject, and go through the details only when the reported topic is 

interesting enough therefore the system needs to gather news articles from various sources and 

link articles describing the same topic hence we used the multi-document summarization.  One  

of the  major  problems  in  the  multi- document  summarization  task  is  the identification of  

similarities and differences across  documents we resolved this problem by using cosine 

similarity measure. 

 

6.3 PROPOSED APPROACH AND SYSTEM ARCHITECTURE 

This section describes the framework (as shown in Figure 6.1) of the proposed system in 

detailed which comprising four features discussed in next sections. The input is a collection of 

documents which are classified to news and non-news web pages in the news web page 

classification phase. The system extracts the news article content from the news web pages in the 

next phase. Each document covers one or more keyphrases and tries to pick sentences that cover 

keyphrases with respect to summary length. Then it extracts significant and non-redundant 

keyphrases in order to select sentences from news document. This phase generates set of 

sentences containing keyphrases. Now the weight of each sentence (discussed in section 6.3.4.5) 

is computed which is used for sentence ranking. In next step, redundancy is reduced by similarity 

computation using cosine similarity discussed in section 6.3.4.7. After eliminating the redundant 

sentences we select the final sentences for summary. 
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Figure 6.1. Proposed Architecture of News Filtering and Summarization 

 

6.3.1 NEWS WEB PAGE CLASSIFICATION 

In the work of news web page classification we propose an automatic recognition method 

that uses classification rules for web news based on a combination of content, structure and 

uniform resource locator (URL) attributes using Naïve Bayes algorithm discussed in detail in 

chapter 3. This phase classifies a news web page from a non-news web page. Correctly classified 

news web pages are used for the content extraction task.    

6.3.2 EXTRACTING ARTICLE CONTENT 

For extracting article content the approach is discussed in chapter 4. In the previous work 

for extracting content from news web pages we used the concept of tokenization of HTML 

pages; Web pages from different websites are parsed into Tag Tree and generated a template 

from each web page to discover matching patterns and multiple sequence alignment. In order to 

remove shared token sequences from the web pages until the relevant information is extracted 

from them. Extracted content are further used for keyphrase extraction and sentence selection. 
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6.3.3 KEYPHRASE EXTRACTION 

Keyphrases are extracted from the sentences of the extracted content of news articles. 

The approach we used extract keyphrases from the candidate phrases where noun phrases of a 

document are treated as the candidate phrase. From these candidate phrases some top candidate 

phrases are selected by using TF*IDF and phrase distance. Then lexical chains are built from 

these selected candidate phrases and calculate weight. The high scoring candidate phrases are 

extracted as the keyphrases. The detailed approach is discussed in chapter 5. These extracted 

keyphrases are key elements in our summarization and used for the sentence selection.  

 

6.3.4 SENTENCE SELECTION 

Many web pages have diverse content, so it does not make sense to summarize the entire 

page as one unit. Rather, we believe it is best to select the sentences from the articles which are 

more significant. To generate a summary, highly ranked sentences are selected which are 

different from each other and cover the article main content with less redundancy.  

Our goal was to find the sentence rank when making summaries of news articles. We use 

five kinds of features for sentence selection and ranking, including the direct keyphrase match, 

matching term, sentence position, sentence length, and to reduce redundancy we use cosine 

similarity model.  

 

6.3.4.1  Direct Keyphrases Match 

Keyphrases are used to evaluate the sentence importance. After extracting the set of 

keyphrases for each document, our goal is to pick sentences for each document that cover more 

important and non-redundant keyphrases. Essentially, keyphrases that have been repeated in 

more sentences are more important and could represent more important keyphrase. Therefore 

sentences that contain more frequent keyphrases are more important. The approach of keyphrase 

extraction we discuss in previous section 6.3.3 and chapter 5.  
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For determined which of the number of keyphrases (N) are more important than others in 

the summary. We calculated the keyphrase frequency by normalizing the count of keyphrases ki 

by the count of all keyphrases Ki-N in the document set and non keyphrases ˷ ki. 

Qazvinian et al. [191] define the record of building a summary comprising a set of keyphrases S 

as in equation (6.1) 

                                                               ( ) | | (6.1)F S S A  

Where ‘A’ denotes the set of all keyphrases from sentences which are not included in the 

summary. We tried to apply Qazvinian’s method and achieved poor results. This was because 

our data set is completely different from what Qazvinian was working with. Therefore we tried 

several different functions to select sentences. 

We score the sentence by direct keyphrase match. Those keyphrases which occurs in two 

or more sentences are more important than others. We calculate the direct keyphrase match by 

the following formula shown in equation (6.2) 

Direct Keyphrase match = When two or more sentences were contain same keyphrases. 

                                           (6.2)
( )

N
match

K
K

T S
 

Where ‘Kmatch’ denotes the direct keyphrase match in the document set.  ‘KN’ denotes the 

number of times keyphrase occurs in the document set. ‘T(S)’ denotes the total number of 

sentences in the document set.  

 

6.3.4.2  Matching Terms 

When terms previous and next to the keyphrases are matched, an extra score is added to the 

sentence. 

Table 6.1: Keyphrase Score 

Keyphrases Score of direct Keyphrase match Number of matching terms 

K. Srikant  38% 8 

Australian open 14% 7 

Chen Long 6% 3 
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Shuttler 8% 6 

Olympic 6% 8 

Badminton 3% 2 

Table 6.1 shows the score of the keyphrase, we assume the threshold of 5 matching terms 

for the sentence selection, therefore the sentences above the threshold of 5 matching terms; we 

added an extra 1% score to the score of direct keyphrse match.    

6.3.4.3    Sentence Position 

We take the feature Sentence Position (SP) from the work of Wong et al. [92], is a simple 

and effective feature for the news summarization. The perception is that leading sentences in the 

news article contain summarizing information. We used the positional information, occurrence 

of a sentence in the document weather the sentence occurs very early or very late in a document 

boost the top sentences of an article shown in equation (6.3).  

                                               
( ) 1 (6.3)

P
SP S

N  

Where ‘N’ is the total number of sentences in the articles and ‘P’ is the position of the 

sentence ‘S’ in the article.  

6.3.4.4   Sentence Length 

Sentence Length (SL) [92] is a binary feature which helps in reducing the noisy short text 

in the summary. It checks if the sentence contains at least 10 numbers of words. The sentences 

below the given limit of 10 words will be ignored to generate summary, as shown in equation 

(6.4).  

 

                                                                                            (6.4) 

 

6.3.4.5    Sentence Weight 

According to the above four features, we compute the final significant score of a sentence 

by specifying a certain weight for each kind of feature, as shown in equation (6.5) 
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1 2 3 4 (6.5)SentenceWeight Keyphrasematch MatchingTerms Sentence Position Sentence Length  

Where λ1, λ2, λ3, λ4 represent the weight parameters for the four kind of features. The 

value of these parameters is lying between 0 and 1 according to the features. If keyphrase match 

is maximum or exact match then we set value ‘1’ for λ1. If matching terms are more than three 

then λ2 is set to ‘1’ otherwise ‘0.5’. If sentence position is higher or lies in top five than λ3 is set 

to ‘1’ otherwise ‘0.5’. If sentence length is greater than 10 then λ4 is set to ‘1’ otherwise set to 

‘0’.  

6.3.4.6  Sentence Ranking 

After weight computation we use algorithm 1 for sentence ranking. It accepts Sentence 

Set (SS) as input and produce ranked list of sentences in descending order.  

Algorithm 1 

Input: Sentences in Sentence Set (SS) 

Output: A list of sentences sorted by descending order of their weight (LS). 

1. begin 

2.           for each sentences S in SS 

3.                if (length (S)<8) 

4.                         Remove S into SS 

5.                 else 

6.                          Add S in SS 

7.                     ranking (SS, SenWeight) 

8.             end for 

9.       Output LS 

10. end 

In this algorithm, sentences are ranked in main loop run from (step 2 to 9). We have fixed 

the length of the sentence by 8 words and only those sentences which satisfy this condition are 

included in the Sentence Set (SS) to calculate the score otherwise it has been removed from the 

sentence Set.   
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6.3.4.7 Similarity Model For Redundancy Reduction 

News summarization task face the major problem of identifies the similarity and 

differences across news articles. The reduction of similarity or redundancy is a complex task 

because the properties of individual sentences are dependent on other sentences included in the 

summary.  The basic idea in our research is to find out the similarity of the news articles in the 

same event where several sentences may have a substantial information overlap. Some 

researchers used clustering to obtain group of similar sentences [192] while in this work to find 

similarity among sentences depends on keyphrases in the news articles that report about the same 

event and link the similar keyphrases together.  

Summarizers can identify similarities and differences among documents by comparing 

and merging representations of document content from the analysis phase. Summarizers have 

been developed that can eliminate redundant information across stories to provide a concise 

summary. 

The similarity measure is usually based on matching keyphrases only. We used 

keyphrase based similarity because different articles use different styles for writing the same 

event and articles sentences are not same line by line.  In this step similarity among keyphrases 

in the news articles are found that report about the same events and link the similar keyphrases 

together. Our approach uses TF-IDF, phrase distance and lexical chains to identify the several 

keyphrases which convey approximately the same information discussed in the previous section 

4. Find the similarity among the same event. We analyses the news stories written in English 

language. We have limited our focus to the textual contents of the articles. Thus pictures and 

other multimedia are rejected. News articles from different news websites described the same 

event in different aspects, user often compare articles from different sources. Therefore news 

articles are gathered from different news websites and link articles describing the same event. 

News article are updated frequently and their description are overlapped each other in series of 

news articles.  Therefore by removing duplicate description user can obtain efficient information. 

We have to summarize different news articles on the same event in a single extract. It’s far from 

clear that sentence scores from different news articles should be comparable.  
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If the terms of two sentences are very similar, the sentences may probably have 

approximate feature values, therefore, they may also probably have approximate scores. Thus the 

extracted summary may include high score sentences which are very similar, this will cause 

redundant information in summary. Therefore, we need to remove sentences that are redundant 

to others in articles on an event. Minimize redundancy between passage and the selection of most 

representative sentences are important issues in summarization. For redundancy identification of 

news articles we use cosine similarity to measure the similarity between documents. Once 

similar passage in the input documents have been identified, the information they contain must 

be included in the summary. Our task is to assign a score to every sentence that indicates the 

importance of that sentence in the summary.  We use algorithm 1 to select the sentences. The 

formula of cosine similarity is shown in equation (6.6). 

                                                         
1. 2

cos (6.6)
| 1|| 2 |

d d

d d
 

Our system collects news articles that need to be summarized. First of all article 

collection are spit into sentences in such a way that they are indexed by a letter and a number 

combination. The letter shows the corresponding document and number indicate the sentence 

position within its respective document [193].   

Example 1: we collect the five news article from different sources that belong to the same 

event. We take one sentence from each document. We consider one sentence until the first full 

stop is occurred.   

D1 s1= India shuttler Kidambi Srikanth defeated Olympic champion Chen Long in a dominating 

fashion to win the Australia Open Super Series men's singles title on Sunday. 

D2 s1= The Badminton Association of India announced a cash award of Rs. 5 lakh to Srikanth 

for clinching the Australian Open Super Series title in Sydney on Sunday. 

D3 s1= Kidambi Srikanth has resurfaced on Indian badminton’s horizon since the surprise of a 

win over Lin Dan in the China Open final in November 2014. 

D4 s1= Indian shuttler Kidambi Srikanth notched up his second successive Super Series title 

with a stunning straight-game triumph over reigning Olympic champion Chen Long in the 

Australian Open summit clash in Sydney on Sunday. 

http://timesofindia.indiatimes.com/topic/Kidambi-Srikanth
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D5 s1= Kidambi Srikanth is enjoying the best phase of his career. 

Table 6.2 shows the five news documents first sentence matching according to keyphrases. 

 

Table 6.2: Documents Matching According to Keyphrases 

Documents Text Keyphrases 

D1 India shuttler Kidambi Srikanth defeated Olympic 

champion Chen Long in a dominating fashion to win 

the Australia Open Super Series men's singles title on 

Sunday. 

India, shutttler, Kidambi Srikant, 

Olympic champion, Chen Long, Austrlia 

open super series, title, sunday 

D2 The Badminton Association of India announced a 

cash award of Rs. 5 lakh to Kidambi Srikanth for 

clinching the Australian Open Super Series title in 

Sydney on Sunday. 

Badminton, India, Kidambi Srikant, 

Australian open super series, title, 

Sydney, Sunday 

D3 Kidambi Srikanth has resurfaced on Indian 

badminton’s horizon since the surprise of a win over 

Lin Dan in the China Open final in November 2014. 

Kidambi Srikanth, Indian, Badminton 

D4 Indian shuttler Kidambi Srikanth notched up his 

second successive Super Series title with a stunning 

straight-game triumph over reigning Olympic 

champion Chen Long in the Australian Open 

summit clash in Sydney on Sunday. 

Indain, shuttler, Kidambi Srikanth, 

Olympic, Chen Long, Australian Open,  

Sydney, Sunday 

D5 Kidambi Srikanth is enjoying the best phase of his 

career. 

Kidambi Srikanth, career 

 

Similarities of documents are shown in Table 6.3. 

 

Table 6.3: Similarity Measure of Documents 

 D1S1 D2 S1 D3 S1 D4 S1 D5 S1 

D1S1 1 0.71 0.43 0.93 0.38 

D2 S1 0.71 1 0.65 0.8 0.38 

D3 S1 0.43 0.65 1 0.41 0.59 

D4 S1 0.93 0.8 0.41 1 0.36 

D5 S1  0.38 0.38 0.59 0.36 1 

 

http://timesofindia.indiatimes.com/topic/Kidambi-Srikanth
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First all the sentences are ordered by score from highest to lowest, and then the summary 

sentences are selected iteratively, each time the current candidate sentence is compared to the 

sentences already in the summary. If the sentence is not too similar to any sentence already in the  

Summary or if the similarity value of the two sentences is lower than a given threshold, then the 

sentence is selected for the summary.   

Table 6.3 shows the similarity among the first sentence of five documents. In cosine 

similarity ‘1’ denotes the exactly similar sentence; these sentences can cause redundancy in the 

summary, therefore removed from the final summary. Exactly different sentences are denoted by 

the ‘0’ in the cosine similarity such type of sentences are also does not contribute in the summary 

and excluded from the final summary. Based on the example document similarity measure 

computed in Table 6.3, we set the threshold value of cosine similarity is 0.65. When two 

sentences are approximately similar (that is close to 1) the one with the higher weight is selected 

for the summary.   

6.4 GENERATE SUMMARY 

Summary is formed by extracting top ranking sentences according to scores assigned to 

the sentences. However, to reduce redundancy, we use cosine similarity model [192]. A sentence 

is selected for summary generation if it gets the highest rank and not too similar to any sentences 

existing in the summary. To determine similarity between sentences we use cosine similarity at 

threshold t = 0.65.    

The following Algorithm 2 describes the summary generation strategy in our system; it uses the 

Algorithm 1 for sentence ranking.  

Algorithm 2 

Step 1: Extract the main news content from the documents. 

Step 2: Extract the keyphrases from the news documents. 

Step 3: Compute sentence weight as per the equation (5) 

Step 4: Sort sentences in descending order of weight using algorithm 1. 

Step 5: Remove redundant sentences based on cosine similarity. 

Step 6: Final selected sentences are used in summary generation. 
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6.5 EXPERIMENTAL DATASET 

In order to evaluate our work we collect the news articles from five different news 

websites named as The Economic Times, The Hindu, The Times of India, Hindustan Times, and 

Indian Express. Ten events which occurred between 15 may 2017 to 16 June 2017, were 

manually selected by these five news websites. Each event contained five articles, which were 

reported in the same day. The news events are selected from different categories as market, 

business, India, Tech, Nation, Science & Environment, politics, world, Entertainment, Sports. An 

annotator reads all the news articles and connects the keyphrases that discuss the same story. We 

discuss the dataset in detail in chapter 7.  

6.6 SUMMARY 

In this chapter, we describe the overall working of our proposed news summarization 

approach. Briefly, the news web pages are first classified non-news web pages using Naïve 

Bayes algorithm. After that important content are extracted from the classified news web pages. 

The news summarization then looks for the keyphrase extraction which extracts the important 

keyphrases from the extracted content. Further news summarization system select sentences 

according to the sentence ranking and reduce similarity by using cosine similarity measure.  
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CHAPTER 7 

 

RESULT AND DISCUSSION 
 

  

  

7.1 INTRODUCTION 
 

 This chapter presents the result and discussion of our proposed news filtering and 

summarization system. The evaluation of news summarization method has been done on the 

dataset consisting of 100 news articles and for evaluation of the system ROUGE (Recall- 

Oriented Understudy for Gisting Evaluation) tool has been used to evaluate the quality of 

generated summaries by counting overlapping units between the candidate summary and the 

reference summary. The tool presents five ROUGE measures including ROUGE-N is a n-gram 

recall between a system summary and reference summary where ‘n’ denote the length of the n-

gram, ROUGE-L measure the longest matching sequence of words using Longest Common 

Subsequence, ROUGE-W is the Weighted Longest Common Subsequence, ROUGE-S is skip-

bigram co-occurrence statistics that measure the overlap of skip-bigrams between a system 

summary and a reference summary; and ROUGE –SU, it is the extension of ROUGE-S with the 

addition of unigram as counting unit. The higher the ROUGE score has, the better the system is. 

In this work, we used ROUGE-1, ROUGE-2 and ROUGE-SU4 for the evaluation task, because 

according to Lin [195] these measures worked reasonably well for multi-documents 

summarization. The chapter also illustrates a comparison between our approach and other 

baseline approaches.  

 

7.2 EXPERIMENTAL DATASET 

 

 The experimental dataset consists of ten different categories of news articles namely 

Market, Business, India, Technology, National, Science & Environment, Politics, World, 

Entertainment, Sports. Each category has two sets and each set contains five news articles on the 

same topic related to the individual category i.e. total of 10 articles per news category so a total 

of 100 news articles have been included in the dataset. All news articles are collected from five 
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famous Indian news websites (English) such as The Economic Times, The Hindu, The Times of 

India, Hindustan Times, and Indian Express. Number of sentences contained in these news 

articles range from 10 to 60. We manually constructed the 150 word summary as reference 

summary. Details of this dataset are given in Table 7.1.  

Table 7.1: Analysis of Dataset 

S. N. Topic Number of 

article set 

Number of 

articles in both 

sets 

Average number 

of Sentences per 

article set 

Average number 

of words per 

article set 

1 Market 2 10 42 464 

2 Business 2 10 36 514 

3 Sports 2 10 49 593 

4 India  2 10 34 554 

5 National  2 10 39 667 

6 Technology 2 10 45 385 

7 World  2 10 53 753 

8 Politics 2 10 47 581 

9 Entertainment 2 10 25 497  

10 Science& Environment 2  10 37 209 

11 Total 20 100 40 632 

 

7.3 EXPERIMENTAL SETUP 

ROUGE [193] has been used as an automatic evaluation method and it based on the 

similarity of n-gram. ROUGE has been tested for extraction based summaries with a focus on 

content overlap [196] [197] [198]. It is one of the standard ways to compute effectiveness of auto 

generated summaries by comparing it to a set of reference summaries that is typically produced 

by the human. There are several metrics within the ROUGE and most widely used are ROUGE-

1, ROUGE-2 and ROUGE-SU4.  ROUGE-1 and ROUGE-2 computes the unigram and bigram 

overlap between the computers generated and reference summaries, whereas ROUGE-SU4 

calculates the skip bigram overlap with up to four intervening terms.  

Short summaries obtained from the proposed approach have been evaluated and is also 

compared with ROUGE scores of reference summary as given in Table 7.2. Performance of the 

proposed approach for all the ten categories is shown in Table 7.3. Finally the comparative 

analysis with three baseline approaches on same dataset is also listed in Table 7.4, and 

performance improvements are shown in Table 7.5.  
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7.4 EVALUATION 

Automated machine summaries can be compared with reference summaries (human 

summaries) using ROUGE summarization evaluation tool. It works by comparing an 

automatically generated summary against a set of reference summaries. 

The input to the system is a collection of two sets of documents related to the same topic. The 

output is a concise set of two summaries providing the condensed information of the input 

documents.  A good evaluation measure should assign a good score to a good summary and poor 

score to a bad summary.  

Computation of ROUGE-1, ROUGE-2 and ROUGE-SU4 values for the system and 

reference summary sentences has been described in Table 7.2. Example sentences have been 

taken from the documents (D1, D2, D3, D4, and D5) of our dataset discussed in chapter 6. 

 

Table 7.2: Example of System and Reference Summary Sentences 

System 

Summary 

Sentence 

Srikanth defeated Olympic champion Chen Long in a dominating fashion to win the Australia Open 

Super Series men's singles title on Sunday. 

Reference 

Summary 

Sentence 

India shuttler  Kidambi Srikanth defeated  Olympic champion from China Chen Long in a 

dominating fashion to win the Australia Open Super Series men's singles title on Sunday. 

 

According to the above example shown in Table 7.2, the values of ROUGE -1, ROUGE-

2 and ROUGE-SU4 are computed as: 

ROUGE-1 refers to the overlap of unigrams between the system summary and reference 

summary. In the above example there are 22 words in the system summary which matched with 

words of reference summary. The formula for determining the ROUGE-1 value can be 

demonstrated as follows: 

1 (7.1)
Matching unigrams in system and reference summary

ROUGE
Total number of unigrams in reference summary

 

 

ROUGE-1= 22/27= 0.815= 81.5%. 
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ROUGE -2 refers to the overlap of bigrams between the system summary and reference 

summary. 

 

                     2 (7.2)
Matching bigrams in system and reference summary

ROUGE
Total number of bigrams in reference summary

 

 

 

ROUGE-2 = 11/13 = 0.846 = 84.6% 

 

ROUGE-SU4 is an extended version of ROUGE-2 that allows maximum 4 length word-

level gaps between the bigram [4]. 

 

                         
4 ( , )

4 (7.3)
, 4

SKIP system summary reference summary
ROUGE SU

reference summary
 

 

 

ROUGE-SU4= 5/6 = 0.833 = 83.3% 

 

Further, to have testing of our proposed approach we take the articles from different 

categories to obtain the ROUGE values for each of these categories separately. Results are 

shown in Table 7.3.  

Table 7.3: All Three ROUGE Values for Different Type of Categories 

Categories Sentences Words ROUGE-1 ROUGE-2 ROUGE-SU4 

Market Set 1 28 382 73.09% 72.03% 70.23% 

Set 2 42 537 84.21% 82.29% 85.53% 

Business Set 1 37 502 77.77% 79.94% 76.24% 

Set 2 39 522 83.13% 81.32% 79.67% 

Sports Set 1 34 457 73.27% 76.55% 72.54% 

Set 2 37 489 81.05% 80.78% 81.58% 

India  Set 1 49 695 95.99% 92.67% 94.04%  

Set 2 43 549 90.34% 89.21% 91.55% 

Technology Set 1 18 277 69.11% 64.28% 65.79% 

Set 2 32 435 78.98% 74.69% 77.98% 

National Set 1 41 529 89.98% 88.57% 89.48% 
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Set 2 36 472 77.26% 78.14% 76.57% 

Politics Set 1 43 553 91.89% 87.85% 91.09% 

Set 2 42 542 89.20% 85.34% 88.66% 

World Set 1 27 384 72.76% 71.53% 71.66% 

Set 2 35 463 86.72% 83.31% 85.98% 

Entertainment Set 1 46 569 94.32% 91.92%  93.38% 

Set 2 38 511 88.86 86.02% 87.66% 

Science& 

Environment 

Set 1 32 399 76.01% 79.23% 77.36% 

Set 2 21 192 70.41% 69.85% 66.76% 

 

In the above table, first column contains the ten different categories of news articles (as 

already discussed). Second column contains the two set of news articles for each particular 

category and their corresponding sentences and words are given in column third and fourth 

respectively.  Last three columns shows the ROUGE-1, ROUGE-2, and ROUGE-SU4 values 

respectively.  

From the above results, we can say that better results were observed on the categories 

having large number of sentences and words size, and poor results are found for those categories 

where sentences and words are small in size.  Like in India category, set 1 contains the highest 

value of sentences and words 49 and 695 respectively therefore shows the highest ROUGE-1, 

ROUGE-2 and ROUGE-SU4 values as 95.55%, 92.67%, and 94.04% respectively. While in 

category Technology, set 1 contains the lowest value of sentences 18 and words 277, hence 

shows the lowest ROUGE-1, ROUGE-2 and ROUGE-SU4 values as 69.11%, 64.28%, and 

65.79% respectively.  

7.5 COMPARATIVE EVALUATION OF  PROPOSED APPROACH 

WITH OTHER BASELINE APPROACHES 

 

There are various approaches are available, out of which we choose the three baseline 

approaches SRRank, TSES, and LAKE for comparison with our proposed approach. To know 

the accuracy of our proposed approach we used the same dataset for all the approaches. The brief 

description of baseline approaches is: 
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SRRank [159]: An extractive multi-document summarization system. It used semantic role 

information to enhance multi-document summarization and Saliency score of all sentences are 

obtained by greedy algorithms for sentence selection. 

TSES [154]: This approach extracts important keyphrases to select the important sentences. 

Each sentence ranked according to the specified features and extracts the highest ranking 

sentence to generate the final summary. TSES generates summaries in four steps, firstly removes 

stop words and assigning POS tag for each word in the document. In the second step extract 

important keyphrases from the document and rank them by implementing a new algorithm. In 

the next step sentences are ranked according to the extracted keyphrases and in the final step 

reduced the amount of the candidate sentences in the summary in order to produce a qualitative 

summary using KFIDF measurement.  

LAKE [150]: LAKE is a multi-document summarization approach for DUC-2005. This 

approach used the idea of keyphrase extraction as a useful approximation to summarization. It 

uses a machine learning framework to select significant keyphrases for a document. Summaries 

are generated considering both the relevance and the coverage of keyphrases for a certain topic.  

The reason of using these approaches as our baseline is that, both LAKE and TSES used the 

keyphrase-based approach for their experiments and we have also keyphrase as an important 

feature in our approach. The SRRank incorporates the semantic role information into the graph-

based ranking algorithm and we also used semantic role information for lexical chain 

construction.   

In the proposed approach keyphrase is identified as an important feature for sentence 

ranking. For sentence ranking we used some different features than the baseline approaches like 

direct keyphase match, matching terms, sentence position and sentence length. Experimental 

results show that these combinations of features gives better results than other baseline 

approaches. Proposed approach is based on sentence ranking and minimization of redundancy in 

the summarization.    

We already conduct the experiments for redundancy reduction which show that our 

approach is helpful for sentence ranking and to minimize redundancy for the news 

summarization. Experiments conducted in this chapter (Table 7.3) show that our news 
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summarization approach gives accurate and precise summary for the multi-document news 

articles. Further a comparative analysis of our results with other baseline approaches would help 

us understand the overall performance of the proposed approach with the other popular 

approaches i.e. SRRank, TSES, and LAKE. For the all three baseline approaches used the same 

dataset having ten different categories containing two set each.  

Table 7.4 shows the ROUGE-1, ROUGE-2 and ROUGE-SU4 score for each set from ten 

different news websites.  

From the table, results show that, in average, proposed approach seems to perform better 

than the other three baseline approaches for all ROUGE values.   

Further, in Table 7.5 below the actual improvement in performance of our approach 

compare with each of the three baseline approaches for ROUGE-1, ROUGE-2, and ROUGE-

SU4 values.  
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Table 7.4: Experimental Evaluation of Dataset 

 ROUGE -1 ROUGE-2 ROUGE-SU4 

Proposed 

Approach 

SRRank TSES LAKE Proposed 

Approach 

SRRank TSES LAKE Proposed  

Approach 

SRRank TSES LAKE 

Market Set 1 73.09% 69.28% 71.29% 74.34 % 72.03% 68.77% 69.11% 72.98%  70.23% 68.27% 69.93% 71.04%  

Set2 84.21% 79.95% 80.67% 82.47% 82.29% 79.86% 80.05% 81.03% 85.53% 79.98% 80.87% 83.18 

Business Set 1 77.77% 74.86% 76.24% 75.65% 79.94% 74.83% 75.89% 78.44%  76.24% 72.59% 73.99% 75.37%  

Set 2 83.13% 78.02% 79.78% 81.99% 81.32% 77.04% 77.94% 79.82% 79.67% 74.78% 75.67% 78.02% 

Sports Set 1 73.27% 71.64% 69.97% 72.99%  76.55% 73.86% 74.65% 75.23%  72.54% 70.75% 71.78% 71.98%  

Set 2 81.05% 77.87% 78.06% 80.56% 80.78% 76.01% 77.21% 78.35% 81.58% 76.24% 79.67% 80.99% 

India  Set 1 95.55% 89.47% 88.88% 92.87%  92.67% 88.59% 89.12% 90.43%  94.04% 89.48% 88.97% 91.79%  

Set 2 90.34% 87.09% 89.17% 89.88% 89.21% 83.25% 85.87% 86.98% 91.55% 88.78% 86.08% 89.23% 

Technology Set 1 69.95% 65.52% 67.48% 70.15%  64.28% 62.82% 63.89% 65.21%  65.79% 63.15% 62.24% 66.03%  

Set 2 78.98% 74.03% 75.44% 77.89% 74.69% 72.02% 73.15% 74.06% 77.98% 73.36% 73.01% 76.97% 

National Set 1 89.98% 84.09% 85.32% 87.23%  88.57% 82.39% 83.66% 86.76%  89.48% 84.54% 85.39% 88.56%  

Set 2 77.26% 74.78% 75.89% 76.99% 78.14% 73.02% 74.88% 76.98% 76.57% 71.93% 72.78% 74.87% 

Politics Set 1 91.89% 85.45% 88.67% 90.54%  87.85% 82.51% 83.41% 85.98%  91.09% 87.99% 87.15% 89.79%  

Set 2 89.20% 84.77% 87.01% 87.96% 85.34% 81.82% 81.09% 83.75% 88.66% 83.86% 84.45% 87.77% 

World Set 1 72.76% 71.87% 71.98% 73.98%  71.53% 70.98% 69.02% 72.89%  71.66% 68.64% 69.54% 72.11%  

Set 2 86.72% 80.75% 81.83% 84.55% 83.31% 79.24% 78.58% 80.69% 85.98% 80.79% 82.65% 84.57% 

Entertainment Set 1 95.99% 89.09% 92.80% 94.34%  92.67% 87.45% 88.56% 90.05%  94.04% 89.11% 90.04% 92.29%  

Set 2 88.86 83.53% 83.79% 85.39% 86.02% 80.05% 81.88% 84.99% 87.66% 81.93% 83.21% 86.16% 

Science& 

Environment 

Set 1 76.01% 73.71% 74.04% 74.97%  79.23% 75.77% 74.78% 78.65%  77.36% 73.24% 73.96% 75.02%  

Set 2 70.41% 68.54% 69.94% 71.25% 69.85% 67.62% 68.12% 69.95% 66.76% 63.79% 64.52% 67.32% 
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Table 7.5: Performance Improvement of Proposed Approach over the Baseline Approaches  

Categories ROUGE -1 ROUGE-2 ROUGE-SU4 

Improvement 

over SRRank 

Improvement 

over TSES 

Improvement 

over LAKE 

Improvement 

over SRRank 

Improvement 

over TSES 

Improvement 

over LAKE 

Improvement 

over SRRank 

Improvement 

over TSES 

Improvement 

over  LAKE 

Market Set 1 5.5% 2.5% -1.7 % 4.7% 4.2% -1.3%  2.8% 0.42% -1.1%  

Set2 5.3% 4.3% 2.1% 3.0% 2.8% 1.6% 6.9% 5.7% 2.8% 

Business Set 1 3.9% 2.0% 2.8% 6.8% 5.3% 1.9% 5.0% 3.0% 1.1%  

Set 2 6.5% 4.2% 1.3% 5.6% 4.3% 1.8% 6.4% 5.2% 2.1% 

Sports Set 1 2.3% 4.7% 0.38%  3.6% 2.5% 1.7 %  2.5% 1.0% 0.77%  

Set 2 4.1% 3.8% 0.61% 6.2% 4.6% 3.1 % 7.0% 2.3% 0.72% 

India  Set 1 5.4% 6.1% 1.6%  3.7% 3.1% 1.6%  4.3% 4.9% 1.7%  

Set 2 3.7% 1.3% 0.51% 7.2% 3.9% 2.6% 3.1% 6.3% 2.6% 

Technology Set 1 6.7% 3.6% -0.28 %  2.3% 0.61% -1.4%  4.1% 5.7% -0.4%  

Set 2 6.6% 4.7% 1.3% 3.7% 2.1% 0.85% 6.2% 6.8% 1.3% 

National Set 1 7.0% 5.4% 3.2%  7.5% 5.8% 2.1%  5.8% 4.7% 1.0%  

Set 2 3.3% 1.8% 0.35% 7.0% 4.3% 1.5% 6.4% 5.2% 2.2% 

Politics Set 1 7.5% 3.6% 1.5%  6.4% 5.3% 2.2%  3.5% 4.5% 1.4%  

Set 2 5.2% 2.5% 1.4% 4.3% 5.2% 1.8% 5.7% 4.9% 1.0% 

World Set 1 1.2% 1.1% -1.6%  0.77% 3.6% -1.9 %  4.3% 3.0% -0.60%  

Set 2 7.3% 5.9% 2.6 % 5.1% 6.0% 3.2% 6.4% 4.0% 1.6% 

Entertainment Set 1 7.7% 3.4% 1.7%  5.9% 4.6% 2.9%  5.5% 4.4% 1.8%  

Set 2 6.3% 6.1% 4.0 % 7.4% 5.1% 1.2% 6.9% 5.3% 1.% 

Science& 

Environment 

Set 1 3.1% 2.6% 1.3%  4.5% 5.9% 0.73%  5.6% 4.5% 3.1%  

Set 2 2.7% 0.67% -1.1% 3.2% 2.5% -0.1% 4.6% 3.4% -0.8% 
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From the above Table 7.5, for the category market, proposed approach shows better 

results over SRRank and TSES in set 1 for ROUGE-1, ROUGE-2 and ROUGE-SU4 values 

while LAKE shows better results than the proposed approach of 1.7%, 1.3% and 1.1% 

respectively for the all three ROUGE values. In set 2, proposed approach shows better results 

than all the three baseline approaches and highest improvement over SRRank in ROUGE-SU4 of 

6.9%. 

 For the category business, the results of proposed approach are better than all the three 

baseline approaches SRRank, TSES and LAKE for the ROUGE-1, ROUGE-2 and ROUGE-SU4 

values in both sets and the highest improvement is shown over SRRank by 6.5% in set 2 for the 

ROUGE-1 value while the lowest improvement is shown over LAKE in set 2 for ROUGE-SU4 

value.    

For the category sports, proposed approach shows better results than all the three baseline 

approaches in both sets for the ROUGE-1, ROUGE-2 and ROUGE-SU4 values, while the 

highest improvement is observed over SRRank in set 2 for the ROUGE-SU4 value and the 

lowest improvement is over LAKE 0.77% in set 1 for ROUGE-SU4. 

For the category India, our approach shows better results compared to all the three 

approaches for ROUGE-1, ROUGE-2, and ROUGE SU4 values for both sets, while the highest 

improvement is shown over TSES by 6.3% for ROUGE-SU4 value in set 2 and the lowest 

improvement is shown by LAKE 1.7% in set 1 for ROUGE-SU4.   

  For the category Tech, in set 1 the performance of proposed approach is better than only 

SRRank and TSES while shows poor results than LAKE for all three ROUGE values. In set 2 

proposed approach outperforms all the three baseline approaches and the highest performance is 

shown over TSES 6.8% in ROUGE-SU4.   

For the category Nation, the results of proposed approach are better than all the three 

approaches SRRank, TSES and LAKE for ROUGE-1, ROUGE-2 and ROUGE SU4 values in 

both sets and we can see best result over SRRank by 7.5% for ROUGE-2 value in set 1.  
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For the category Politics, all the three approaches SRRank, TSES and LAKE shows poor 

results than the proposed approach in both sets for ROUGE-1, ROUGE-2 and ROUGE- SU4 

values. The proposed approach shows highest improvement over SRRank by 7.5% for ROUGE-

1 value in set 1 and the lowest improvement in set 2 by LAKE for ROUGE-SU4 value. 

For the category world, for ROUGE-1 value our approach shows better results only from 

SRRank and TSES in set 1 while LAKE shows better results than the proposed approach for all 

the three values of ROUGE (ROUGE-1, ROUGE-2 and ROUGE- SU4)  as 1.6%, 1.9% and 

0.6% respectively. In set 2, proposed approach shows better improvement than all the three 

baseline approaches and the highest improvement is shown over SRRank 7.3% for ROUGE -1.  

For the category Entertainment, proposed approach outperforms all the three approaches 

for ROUGE-1, ROUGE-2 and ROUGE- SU4 values in both set. The highest performance 

improvement is shown over SRRank in set 1for ROUGE-1 and the lowest improvement is shown 

over LAKE in set 2 for ROUGE-2.   

For the category Science & Environment, in set 1, proposed approach shows better 

results than all the three approaches for ROUGE-1, ROUGE-2 and ROUGE- SU4 values, and we 

can see the highest improvement over TSES for ROUGE-2. In set 2, proposed approach shows 

better results only by SRRank and TSES while in comparison of LAKE, shows poor results for 

all three ROUGE (ROUGE-1, ROUGE-2 and ROUGE- SU4) values as 1.1%, 0.1% and 0.8% 

respectively.    

Overall the proposed approach performs better than other baseline approaches. Among 

the three approaches LAKE is the strongest, and it can outperform the other two TSES and 

SRRank approaches. By the analysis of the results we can also say that the performance of 

proposed approach is affected by the size of the number of sentences and number of words. That 

category which contains large size of sentences and words shows good results otherwise shows 

poor results like in Market, Technology and World.     

The graphical representation of all the ROUGE values for both set 1 and set 2 from Table 

7.4, are shown in Figure 7.1 to Figure 7.6. 
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Figure 7.1. Comparison of ROUGE-1 Values for Set 1 
 

Figure 7.1, depicts the graphical representation of the performance of all the approaches 

for the ROUGE-1 values in set 1. From the graph, we can say that proposed approach outperform 

over all the other three approaches, except in three categories market, tech, and world; LAKE 

shows better results than our proposed approach.  Overall the proposed approach performs better 

in seven out of ten categories. 

 

 

Figure 7.2. Comparison of ROUGE-1 Value for Set 2 
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Figure 7.2 shows the graphical representation of performance comparison of all the 

approaches for ROUGE-1 values in set 2. Graph shows that the performance of proposed 

approach is better than that of three baseline approaches in nine out of ten categories while in the 

category of Science & Environment shows poor performance. 

 
 

 
 

Figure 7.3. Comparison of ROUGE-2 Values for Set 1  

For the ROUGE-2 values of set 1 Figure 7.3 shows the graphical representation of all 

approaches performance. Graph depicts that proposed approach shows good results in seven out 

of ten categories. Proposed approach performs poor in three categories compared to LAKE as 

Market, Technology, and world. 

 
 

Figure 7.4. Comparison of ROUGE-2 Values for Set 2 
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Graphical representation of the performance of all the approaches of ROUGE-2 values 

for the set 2 is shown in Figure 7.4. Graph show that overall performance of proposed approach 

is better than that of baseline approaches.  Proposed approach shows better results in nine out of 

ten categories while in science & Environment LAKE shows better results than our proposed 

approach.  

 

 
 

Figure 7.5. Comparison of ROUGE-SU4 Value for Set 1 

Performance comparison results of all the four approaches for ROUGE-SU4 values of set 

1 are shown in Figure 7.5. According to the above figure, we can say that overall performance of 

proposed approach is better than that of other baseline approaches. Our approach shows better 

results in seven out of ten categories while in three categories (Market, Technology and world) 

LAKE perform better than the proposed approach.   
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Figure 7.6. Comparison of ROUGE-SU4 Values for Set 2 

 

The graphical depiction of the performance of all the approaches for ROUGE-SU4 values 

of set 2 are shown in Figure 7.6. According to the graph, proposed approach performs better than 

the other three baseline approaches. The performance of the proposed approach is better in nine 

out of ten categories while in only one Category (science & Environment) LAKE performing 

better than our approach.  

 

7.6 SUMMARY 

The overall analysis of this research states that keyphrase extraction and similarity 

measure is an effective technique that helps in precise summarization of news web pages. 

Ranking also plays an important role in sentence selection. From the experiment result, there can 

be seen a good ROUGE score of our proposed approach compared to the standard baseline news 

summarization approaches.  
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CHAPTER 8 

 

CONCLUSION AND FUTURE WORK 
 

 

 With the huge amount of data available on web, the research in area of news web page 

summarization has turn out to be very useful for users. Recently, there have been significant 

advantages in the area of news summarization.  With the emergence of erroneous amount of 

online data, it is desirable to construct a news summarization approach that can extract, compare 

and rank sentences to create a summary of various news articles.  

We have made our effort for developing a news filtering and summarization system for 

Indian news websites (English). News web page filtering and summarization has been 

increasingly gaining more attention from the research community. There have been few existing 

systems developed for news summarization but little effort has been done on the combination of 

supervised algorithms based classification, content extraction and keyphrase extraction for 

summarization. To achieve this task we have gone through various phases which involve news 

web page classification, content extraction, keyphrase extraction and finally summarization using 

various features for sentence selection and ranking. 

Initially, our effort has been to take a comprehensive overview of types of news 

summarization and extractive and abstractive summarization approaches.  We also discussed all 

categories of text classification and observed that the supervised text classification is better than 

other approaches.   

A news web page classification phase classifies a news web page from a non-news web 

page. Prior knowledge of correct news page allows us to narrow our content extraction task 

considerably. Therefore, news web page classification is considered as most important task in the 

news filtering and summarization.  

The growing domain of online newspaper presents a rich area which can benefit greatly 

from automatic classification approach. An effective approach has been presented to realize the 

automatic news web page classification based on content attributes, structure attributes and URL 
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attributes of news web pages. We begin with the observation that the proper choice of attributes 

can have a significant impact on the performance of classification algorithm. Attributes has been 

extracted from the ten different news websites, and used Naïve Bayes algorithm for classification 

and conducted comparative experiments with various existing algorithms on the same dataset for 

the both set of experiments, and the results show that Naïve Bayes perform better than other 

algorithms as 11% better precision value than SMO and 24% better precision value than J48, for 

the first set experiment. While in second set of experiment, Naïve Bayes shows 14% better 

precision value than SMO and 18% better precision value than J48.  

Next phase of our proposed news filtering and summarization system is the content 

extraction. The process of content extraction is defined as the extraction of relevant content from 

massive data, such as text, database, semi-structured and multimedia documents.  Efficiently 

extracting high quality content from news web pages is a challenging yet important problem in 

the field of information retrieval and news summarization. We presented a news web page 

content extraction approach to extract content from news web pages.  It is based on the idea that 

web documents from different websites share similar tokens, and these tokens generate Tag tree 

to efficiently extract meaningful information that saves end users from the burden to learn 

extraction rules and maintain extraction rules. The content of the news web page extracted by 

finding similar patterns and filter out those patterns which are not contain any useful 

information. Experiments showed that our approach improves existing results in the literature 

(Guo et al., 2010; Prasad and Paepcke, 2008) for the problem of content extraction from news 

web pages and perform extraction with high precision and recall. Our approach applied to web 

news pages written in English. A news web page content extraction based on tag tree is proposed 

to efficiently extract meaningful information including records and data schema. In particular we 

have addressed the problem of finding and fetching news available on websites and extracting 

the relevant content. Through experimentation with ten news websites, we have demonstrated 

that our approach is highly effective for these tasks.  

In the next phase, the task of news web pages filtering and summarization requires the 

extraction of important keyphrses from the news document. Readers make benefit from 

keyphrase because they can judge more quickly whether the news web page is worth reading.  

We have presented an effective approach which can extract keyphrases from news web page. 
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Our approach takes noun phrases of the documents as a candidate Phrase, and used POS tagger 

for this task.  While ranking candidate keyphrases, weights of each candidate keyphrase is 

measured and choose the highest score keyphrases. To determine the weight of the keyphrase we 

use the TFIDF, phrase distance in the document and lexical chain. The approach is evaluated by 

the evaluation parameters precision and recall. Experimental results show that this approach is 

competitive with other known approaches.  

In the final phase of our work we presented an approach for extractive summary of 

multiple news articles based on keyphrsae-based sentence weight and use cosine similarity to 

reduce redundancy. To calculate the weight of the sentence we combine four features keyphrase 

match, matching term, sentence position and sentence length and to reduce redundancy we used 

cosine similarity. We compare our proposed approach with other approaches on English news 

documents dataset.  All experiments results indicate that our approach performs well on several 

multi-document summarization approaches for English news documents.  
 

  

8.1 RESEARCH CONTRIBUTION 
 

 Exploration of news filtering and summarization system is an important research area. 

Following are the major contribution of our research: 

1. We have tried to develop a news filtering and summarization model for Indian news 

websites (English) with the intension to summarize news articles from different sources.  

2. We create dataset from ten different Indian news websites for news web page 

classification and summarization. 

3. News web page classification approach correctly classifies the news web pages from non-

news web pages, Correct classification of news web pages are important for news 

summarization. 

4. Content extraction based on Tag Tree efficiently extracts meaningful information from 

news articles.  

5. Keyphrase gives brief and precise information about the article. Accurately extracted 

keyphrases plays an important part in news summarization. Therefore, our approach used 

lexical chain based keyphrase extraction and shows better results. 
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6. The selection of features for sentence selection and ranking is important for precise 

summarization. The suitability and appropriateness of the approach is reflected by the 

results.  

  

8.2 FUTURE WORK 

 

 Our objectives for the future are ambitious; it remains to be seen how many of them are 

achievable. There are several possible extensions to this study in every phase.  

Most news web pages have small comments section at the end of the page where readers 

post their opinions about news articles. The textual information of comments section not quite 

relates to the news article, therefore, problematic for the analysis.  

In news summarization, since news articles may have been written at different times, for 

readers, it is important to make sure that what happened and when, in order to fully understand 

the news story and event.  Reordering of sentences is not sufficient to accomplish this task. 

Therefore, in future it would be interesting to add temporal phrases such as “on Tuesday” or 

“three days later” that place the event described in a given sentence and gives the overall context 

of the summary that helps readers to understand the timeline of the event.   

  

During this research work, we came across so many other aspects which though are not 

directly the task and scope of this research and may be taken in future to add dimension in this 

research. Some of the future work may include:  

1. Our future target is to explore a method to detect and eliminate the noisy information of 

discussion boards. 

2. There is a possibility to improve our approach to extract the content also from blog and 

forum pages. Since the blog pages and forum pages have similar characteristics as news 

web pages.  

3. In keyphrase extraction, when author assigned keyphrases are less than the automatic 

extracted keyphrases then it is difficult to assess the automatic extraction results. Hence 

there will be accomplice more research on searching for a more logical and target 

approach to assess the automatic extraction results. 
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4. This research can be extended to include Multi-Lingual news articles by using the 

proposed approach in this work. 

5. The dataset used in the present work can be extended to larger dataset for the more 

confident results. 

6. Proposed approach can also be applied to some other datasets to test its robustness. 

7. Also, we will try to utilizing more evaluation methods to evaluate the proposed 

summarization approach.  
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Abstract 

Keyphrase extraction from news web pages is an important task for news documents retrieval and 

summarization. Keyphrases are like index terms that enclose the important information about document content. 

Keyphrases actually offer concise and precise description of document content. Key phrases are considered as a 

single word or a combination of more than one word that represent the important concepts in a text documents. 

The aim of this paper is to develop and evaluate an automatic keyphrases extraction approach for news web 

pages. Our approach identifies the candidate keyphrases from documents and chooses those candidate 

keyphrase having highest weight score. Weight formula combines the feature set that includes TF*IDF, phrase 

disatnce in documents and lexical chain that is based on WordNet to represent semantic relations between 

words. The experimental results show that the performance of our approach is better than the contemporary 

approaches today.  

 

Index Terms: Keyphrase extraction, Lexical chain, Web News, TF*IDF, WordNet. 
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1. Introduction 

Under the growth of worldwide networking through the internet, the news consumption pattern moved from 

the traditional physical newspapers to online news aggregate system.  As thousands of web news is posted on 

the internet every day, it is difficult to retrieve and summarize the relevant document effectively. So keyphrase 

extraction technique is used to provide the main contents of a given web page. It is useful in many areas like 

summarization, automatic indexing, topic search and clustering [7]. Keyphrase extraction is one of the most 

important tasks in news web pages. Readers make benefit from keyphrase because they can judge more quickly 

whether the news web page is worth reading.  
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Keyphrases provide a concise description of document content. We treat a document as a set of phrases; any 

phrase in a new document can be extracted as a keyphrase. Keyphrase can be defined as a phrase of one or 

more words that denote the main concept of the document. Phraseness and informativeness are the two main 

features of keyphrase.  Phraseness is a fairly dynamic idea which depicts the degree to which a given word 

sequence is considered to be a phrase. Informativeness denotes how well a phrase catches or outlines the 

important notions in a set of documents. A set of keyphrases related to a document gives high- level description 

of a document content that helps readers in searching for relevant information.  

Keyphrase extraction in a news web page has been a challenging research topic in recent years because news 

changes very rapidly. Only a small number of news websites have author given keyphrases and manually 

allocating keyphrases for each web news document is very effortful. Thus it is absolutely necessary to 

automatically extract keyphrases.  Automatic keyphrase extraction benefits users for the large document 

collection. Keyphrases of a document should be semantically related with the other words of the document. 

Therefore, in this paper, we proposed a Keyphrase Extraction approach, which uses lexical chain of 

semantically related words that are interconnected by semantic relations. The number of words and the number 

of semantic relations among the words can be different for each lexical chain. WordNet is used for the 

construction of lexical chain.  

The organization of the paper is follows as. In section 2, previous studies on keyphrase extraction are 

discussed first.  Section 3 describes the dataset used in the experiment. In section 4, we describe our proposed 

approach for the news web page keyphrase extraction. Experimental results and evaluation are discussed in 

section 5. Finally, some concluding remarks and future scope is discussed in section 6.  

2. Related Work 

In the previous works authors have suggested that document keyphrase can be useful in many areas as 

information retrieval and summarization. Chien [1] developed a keyphrase extraction system for Chinese and 

other Asian languages. Witten I. H. et al. [2] describe KEA algorithm, based on Naïve Bayes classifier 

automatically extracts keyphrases from text. This algorithm recognizes candidate keyphrases using lexical 

methods and computes feature values for each candidate by using machine learning algorithm and analyze 

which candidates are noble keyphrases. Martinez J. L. et al. [3] focus on AKE (Automatic Keyword Extraction), 

it is a keyword extraction system which is used to extract news articles keywords. KIP (Keyphrase 

identification program) [4] uses sample human keyphrsaes and then learns to identifiy additional news 

keyphrases. KIP mines noun phrases from documents and score will be allocated to each noun phrases. 

Depending on the weights the words that have higher score than the threshold will be selected as keyphrases. 

Wang J. et al. [5] proposed in their paper Neural Network based keyphrase extraction method. Lui Y. J. [11] 

presents a domain independent keyphrase extraction algorithm, which distinguish keyphrases from non –

keyphrases by using statistical and computational linguistics techniques combination, a new attribute set and a 

new machine learning method; and shown that it perform well than other keyphrase extraction methods. Li z. F. 

et al. [12] proposed an approach based on lexical chain by using Reget’s thesaurus and improve the KEA 

keyphrase extraction. Duwairi R. et al. [13] presents a framework for keyphrase extraction based on the KEA 

system. It relies on supervised learning particularly Naïve Bayes algorithm. Xu, S. et al. [14] introduce several 

novel word features by extracting inlink, outlink, category and infobox information from Wikipedia article set.  

Luo, Z. et al. [15] propose a method to integrate the comment posts for keyphrase extraction from web news 

documents. Boudin, F. [16] present and compare five centrality measures for graph based keyphrase extraction 

and used three datasets of different language and domain. Their results outperform the other centrality measure 

on short documents. Xie, F. et al. [17] proposes an approach which acquires semantic features within phrases 

from a single document. Their result demonstrates better performance than TFIDF and KEA.   Gao, Y. et al. 

[18] propose a method to extract hot keyphrases from news report; their method consists a two-step process of 

keyphrase extraction based on TF*PDF. In their method each step uses position- weighted TF*PDF schema. Li, 

Z. et al. [19] propose a method based on the lexical chain to improve KEA keyphrase extraction, their 
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experiments result shows improvements compare with KEA and Nguyen and Kan’s method. Hsu, H. M. et al. 

[20] propose subject- keyphrase concept to extract subject-keyphrases from a documents. They use definition-

use chain for subject-keyphrase extraction algorithm. Wang, C. et al [21] propose a system for automatic online 

news topic keyphrase extraction, their system perform effectively with 70.61% precision and 67.94% recalls. 

3. Description of The Dataset 

The online news articles have been chosen from the ‘The Hindu’ news website. All these selected news is 

world news posted from 20 April 2016 to 30 April 2016. Our dataset contains 150 web news documents. The 

key purpose, we select ‘The Hindu’ news website for the experiment is that every news web page has author 

assigned keywords. We take the author assigned keywords as gold standard keyphrase. We choose some 

keyphrase manually for each document. Most of the keyphrases consists of one or more than one words.  

Keyphrases having more than three words are less in number in our dataset. Average number of manually 

assigned keyphrases per document is 15. Here it is interesting to note that all author allotted keyphrase for a 

document may not occur in the title of the document. Total number of noun phrases in our dataset is 2250. The 

total number of author assigned keyphrases for all the documents in our dataset is 479.  

4. Proposed Method 

In the proposed method firstly in the document words are segmented, stemmed and stop words are removed. 

After that candidate phrases from the document are identified. Weight of each candidate phrase is computed by 

the features TF*IDF, phrase distance, and building lexical chain. According to the weight, a high scorer 

candidate phrases is selected as a keyphrases. The process of keyphrase extraction is shown in Fig1.  

 

 

Fig.1. Keyphrase Extraction Process 

The steps of the proposed method are as follows: 

 

1. Words are segmented and stemmed and stop words are removed. 

2. Identify the candidate phrase from each document.  

3. Compute the TF*IDF and phrase distance of each candidate word 
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4. Select the top n candidate phrase according to the value of TF*IDF and phrase distance. 

5. Build the lexical chains of each top n candidate phrase. 

6. Compute the weight of each candidate phrase. 

7. Select the top m candidate words as the keyphrase according to their weights. Select those candidate 

words as keyphrases which have higher weights. 

4.1. Identification of Candidate Phrase 

Keyphrases are extracted from candidate phrases. The noun phrases in the document are treated as the 

candidate keyphrase [6]. In order to recognize the noun phrases documents have been tagged by stanford Part- 

Of- Speech (POS) tagger [27]. We used Stanford POS tagger to extract the lexical information about the terms 

in a document. Fig. 2 shows the lexical tag assigned by the tagger for a document. According to this figure, JJ, 

DT, NN, NNS, VBZ, NNP, PRP$, VBN, IN, CD, etc are lexical tags assigned by the POS tagger.  

Fig 3 shows the meaning of these tags. Candidate keyphrase extracted from Fig 2. Are: terrorists, central 

forensic science laboratory, DNA sample, government officials, National Investigation agency, investigation 

team, spokesperson, photographs, sensors. 

 

 

Fig.2. POS Tagged Document 

 

Fig.3. Meanings of the Tags 
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4.2. TF*IDF of Candidate Phrase 

After identifying candidate phrase, the collection of candidate phrases identified in the web news documents 

may be huge in number. From a vast collection a small number of phrases may be selected as the keyphrases. 

In this paper we select 15 keyphrases from a single document. TF*IDF of each candidate phrase is used to rank 

the phrases. TF*IDF measure the phrase frequency in a document compared to its rarity in general use.  

We compute the TF*IDF of each word by the given eq. (1) 

* *log( )
f

n i

t N
TF IDF

t n


                                                                                                                                  (1) 

Where tf is the frequency of term t in a document, tn is the total number of terms in a documents, N is the 

total number of documents and ni is the number of documents in the dataset that contains term t. 

4.3. Phrase Distance 

The distance attribute is the position where a phrase first appears in the document. The candidate keyphrases 

that appears early in a document should be given higher score. Like previous approach [7], Distance of a phrase 

from the start of a document is measured as the number of words that precede its first appears divided by the 

number of words in the documents.  The distance of a phrase in the document is calculated as in eq. (2)  

tan
jn

PhraseDis ce
n


                                                                                                                                       (2) 

Where nj is the number of words that predate its first appearance, and number of words in the document are 

denoted by n. 

4.4. Construction of Lexical Chain 

Firstly Morris and Hirst [8] give the concept of lexical chain. According to them lexical cohesion is an 

arrangement of related words that give the continuity of lexical meaning. Lexical cohesion occurs as a result of 

semantic relation between words. One of the main advantages of lexical cohesion is that it is an easily 

recognizable relation that enables the computation of lexical chain. Lexical chains visualize the semantically 

related words or phrases in the text.  These words or phrases are called the lexical items and each item gives a 

specific meaning to a lexical chain.  In this paper we use WordNet for creating lexical chains. With the help of 

path between concepts, lexical chain can be found. In general two concepts can have many possible lexical 

chains. For creating lexical chains we ignore numbers, units, currencies, times/periods, names, places and 

referring items [10]. Suo, Hong-guang et al. [22] use HowNet to determine the relationship between words and 

build vocabulary chain. For the construction of lexical chain we used synonym, hypernym/hyponym, 

coordinate term and meronym, Silber, H. Gregory [23] and Ercan, Gonenc [9] also used the same relations 

except coordinate term. In order to rank lexical chains, high scoring chains must be picked as the important 

concept from the original document. We use Barzilay and Elhadad [24] idea of strong chain.  

Fig 4 shows the different set of lexical chains chooses from the tagged document in Fig 2. 

Lexical chains usually depend on semantic relations that can be acquired from WordNet. Hypernym/ 

Hyponym, Synonym/ Repetition, Meronym/ Holonym, Antonym, and Sibling relations are used to build lexical 

chains.  

Fig 5 shows the lexical graph of LC1 in detail. 
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Weights of every relation between word senses are given allegedly [9]. Table 1, shows the allocated weights 

for the relation. Subsequent to scoring each lexical chain of the word, we select the chain with a maximum 

score as the lexical chain. 

Table 1. Weight of Lexical Chain Relation 

Relation Explanation of 

Relation 

Weight 

Synonym/ reiteration Same meaning 10 

Coordinate Term Sibling 8 

Hypernym/hyponym General/specific 7 

Meronym Is a part of 4 

 

According to these assigned weights, the score of lexical chain LC1 is equal to 43 (=5*7 + 8) since there are 

five Hypernym/Hyponym relations and one Coordinate term. 

 

 

Fig.4. Set of Lexical Chain 

 

Fig.5. Lexical graph 

4.5. Weight of Candidate Phrase 

Weight of a candidate phrase can be obtained by the combination of the features: TFIDF, phrase distance, 

and lexical chain shown in eq. (3).  

chain Lexical*c+distance phrase*b+IDF*TF*a=weight                                                         (3)
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Where TF*IDF is the value of the candidate phrase, phrase distance is the distance into the document of 

candidate phrase first appearance, and lexical chain is the length of the chain that contains candidate phrase and 

a, b, c are the parameters that can be adjusted. The value of these parameters in our experiment has been set to 

1.  

Suppose we have to find the weight of a candidate phrase “Terrorist”, which we selected from our dataset. 

The weight computation as discussed in eq. (3) comprise of three components, the value of each component has 

been obtained as follows.  

Firstly we calculate the TF*IDF of the phrase “Terrorist”. The position of “Terrorist” phrase in the document 

of our dataset is 9 and the number of words in the whole document is 367, then the value of TF*IDF is 

calculated as in eq. (1) 

* *log( )
f

n i

t N
TF IDF

t n


 

TF*IDF= 0.0174832 

Secondly we find the value of Phrase distance of the “Terrorist” phrase as calculated in eq. (2) 

tan
jn

PhraseDis ce
n


 

Where the value of nj is 6 in the document and n is 367. Therefore the value of phrase distance is 

Phrase distance = 0.0163 

In the next step, we construct and then calculate the value of lexical chain. We choose lexical chain LC1 

from fig. 4, because the value of LC1 is higher than other lexical chains. The value of lexical chain LC1 is 43, 

calculated in previous section 4.4. Finally the weight of the candidate phrase is calculated as: 

 

W= 1*0.0174832+ 1* 0.245 + 1* 43  

W= 43.0174832 ~ 43.01 

 

Like the “terrorist” phrase, all the candidate phrases of the dataset are calculated. We select the top fifteen 

higher weight scorer candidate phrases as keyphrases of a document. 

5. Experiment Result and Evaluation 

Experiments were carried out to evaluate the overall performance of our approach. For evaluating the 

automatically generated keyphrases, we first take the two standard information retrieval metrics precision and 

recall. The precision; measures the proportion of number of extracted key phrases that are also author tagged 

key phrases to the total number of extracted keyphrases. The second one ‘recall’ measures the proportion of the 

extracted key phrases that are also author tagged key phrases to the number of author tagged keyphrases. These 

metrics show how well generated phrases match a set of relevant phrases.  
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Where Ne is the number of keyphrases extracted, Nt the number of keyphrases tagged by author. Ne∩t is the 

number of extracted keyphrases that are also keyphrases tagged by author. 

Table 2 shows the keyphrases assigned by the author of the news article which is the document number 2 in 

our dataset. 

Table 2. Author Assigned Keyphrases for News Article Number 2 in the Dataset 

Document No. Author Key 

2 Pathankot attack 

2 forensic attack 

2 Terrorism 

2 
Special Investigation 

Team 

2 Joint investigation 

 

From the document 2, our proposed approach extracted the top 5 keyphrases as shown in Table3.  

Table 3. Top 5 Keyphrases Extracted By our  Proposed Approach  

Document No. Author Key 

2 Pathankot attack 

2 forensic science laboratory 

2 terrorism 

2 Special Investigation Team 

2 National Investigation agency 

 

Table 2 and Table 3 show that out of 5 keyphrases extracted by our approach, 3 keyphrases matched with the 

author assigned keyphrases. 

In order to compare our approach with state- of- the-art keyphrase extraction systems we have selected KEA 

[2] and KESR [25]. Most existing systems identify candidate phrases by the method applied in KEA and KESR. 

KEA is comparatively simple and useful in automatic keyphrase extraction. The KEA identifies candidate 

keyphrase using lexical methods and calculates the feature value of each candidate phrase, and then predicts the 

good keyphrase from candidate by using machine learning algorithm. The basic model of KEA involves two 

stages. Firstly build a model for recognizing keyphrases by using training documents where the author 

keyphrases are known. Secondly, use the model create on first stage, choose the keyphrases from a new 

document. The overall performance of KEA show that on average KEA can match between one and two of the 

five keyphrases chosen by the average author in the collection.  

NFAS system considers all phrases except stop words in the web news pages. In this system Key-phrase 

Extraction based on Semantic Relations (KESR) algorithm is used for keyphrase extraction. The goal of KESR 

is to extract those words that have a low frequency but provide a major impact to the text subject. The basic 

model of KESR algorithm involves two attributes: TFIDF, and word similarity and lexical chain.  Word 

similarity is computed through HowNet. Extracted keyphrases compared with the phrases in the news title and 

phrases in the core hints provided by the author. By comparing their results with TF*IDF and KELC (Key-

phrase extraction based on lexical chains) [22], KESR outperforms the other two in both the cases, when the 

title kept and when the title removed and core hints kept.  

In this paper, we compare the overall performance of our keyphrase extraction method with the existing 

keyphrase extraction methods.  In the experiment, the number of keyphrases to be extracted was set to 5, 10, 

and 15 respectively. Table 4, shows that the approach presented in this paper seems to be better than other 

approaches in terms of precision and recall.  

http://www.thehindu.com/news/national/forensic-report-establishes-presence-of-6-terrorists-during-pathankot-strike/article8357577.ece?ref=topnavwidget&utm_source=topnavdd&utm_medium=topnavdropdownwidget&utm_campaign=topnavdropdown
http://www.thehindu.com/news/national/forensic-report-establishes-presence-of-6-terrorists-during-pathankot-strike/article8357577.ece?ref=topnavwidget&utm_source=topnavdd&utm_medium=topnavdropdownwidget&utm_campaign=topnavdropdown
http://www.thehindu.com/news/national/forensic-report-establishes-presence-of-6-terrorists-during-pathankot-strike/article8357577.ece?ref=topnavwidget&utm_source=topnavdd&utm_medium=topnavdropdownwidget&utm_campaign=topnavdropdown
http://www.thehindu.com/news/national/forensic-report-establishes-presence-of-6-terrorists-during-pathankot-strike/article8357577.ece?ref=topnavwidget&utm_source=topnavdd&utm_medium=topnavdropdownwidget&utm_campaign=topnavdropdown
http://www.thehindu.com/news/national/forensic-report-establishes-presence-of-6-terrorists-during-pathankot-strike/article8357577.ece?ref=topnavwidget&utm_source=topnavdd&utm_medium=topnavdropdownwidget&utm_campaign=topnavdropdown
http://www.thehindu.com/news/national/forensic-report-establishes-presence-of-6-terrorists-during-pathankot-strike/article8357577.ece?ref=topnavwidget&utm_source=topnavdd&utm_medium=topnavdropdownwidget&utm_campaign=topnavdropdown
http://www.thehindu.com/news/national/forensic-report-establishes-presence-of-6-terrorists-during-pathankot-strike/article8357577.ece?ref=topnavwidget&utm_source=topnavdd&utm_medium=topnavdropdownwidget&utm_campaign=topnavdropdown
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Table 4. Precision and Recall Comparison of Three Approaces 

Number of 

Keyphrases 

Average Precision 

 

Average Recall       

 

 Our 

Approach 

KESR KEA Our 

Approach 

KESR KEA   

 

5 

 

0.34 

 

0.32 

 

0.28 

 

0.25 

 

0.24 

 

0.29 

 

10 

 

0.22 

 

0.20 

 

0.19 

 

0.46 

 

0.36 

 

0.40 

15 0.17 0.18 0.15 0.51 0.41 0.48 

 

Fig 6 shows the comparison of the individual performance of three different approaches. Precision is the 

proportion of the keyphrases extracted that are correct.  The experiments indicates that the precision of our 

approach  when extracting 5, 10, and 15 keyphrases is 0.34, 0.22 and 0.17 respectively is greater than KEA and 

KESR for the same 5, 10 and 15 keyphrases 0.28, 0.19 and 0.15; and 0.32, 0.20, and 0.18 respectively.  

 

 

Fig.6. Precision Comparison of Three Algorithms. 

Fig 7 shows the recall comparison of three different approaches. Recall is the fraction of relevant instances 

that are retrieved. Recall of our approach when extracting 5, 10, and 15 keyphrases is 0.25, 0.46 and 0.51 

respectively is greater than KEA and KESR for the same 5, 10 and 15 keyphrases 0.29, 0.40 and 0.48; and 0.24, 

0.36, and 0.41 respectively. 

 

 

Fig.7. Recall Comparison of Three Algorithms
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6. Conclusion and Future Work 

In this paper, we presented an effective technique which can extract keyphrases from news web page. In this 

work, we take noun phrases of the documents as a candidate Phrase, and used POS tagger for this task.  While 

ranking candidate keyphrases, weights of each candidate keyphrase is measured and choose the highest score 

keyphrases. To determine the weight of the keyphrase we use the TFIDF, phrase distance in the document and 

lexical chain. The approach is evaluated by the evaluation parameters precision and recall. Experimental results 

show that this approach is competitive with other known approaches.  

In the future, we might want to use more datasets to assess our system. For keyphrase extraction algorithm 

there is no standard datasets are available. In this paper we compare the extracted keyphrase with the author 

assigned keyphrases. But there are many other issues in this method. First, author assigned keyphrases are not 

generally show up in the document to which they belong. So, if a keyphrase is not contained in a given web 

page, it is never extracted as a keyphrase of the given web page by the automatic keyphrase extraction 

algorithm. Second authors provide only limited keyphrases which are less than extracted automatic. Therefore 

we will accomplice more research on searching for a more logical and target approach to assess the automatic 

extraction results.  
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Abstract: As the web endures to develop, there is an enormous amount of 
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extract relevant data from numerous sources. In this paper, we propose an 
approach for extracting the main content from news web pages. Our approach 
is based on the concept of tokenisation of HTML page, these tokens construct 
the tag tree; web pages from different websites are parsed into Tag tree and 
generated a template from each web pages and discover matching patterns and 
multiple sequence alignment. It finds and removed shared token sequences 
from the web pages until the relevant information is extracted from them. We 
perform experiments on 500 web pages from ten different news websites. 
Experimental results show that our approach efficiently extracts the relevant 
information. 
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extraction; pattern matching. 
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1 Introduction 

There is a vast amount of information available on the web, but most of the information 
is not in a form that can be easily used by the user. Efficient access to the relevant 
information within the huge amount of information needs major efforts. The process of 
content extraction is defined as the extraction of relevant content from massive data, such 
as text, database, semi-structured and multimedia documents. Efficiently extracting high 
quality content from news web pages is a challenging yet important problem in the field 
of information retrieval and news summarisation. News articles are unstructured 
documents, whose relevant information is pieces of free text. To extract the relevant news 
from the whole web page, our approach identifies and searches common characteristics 
that are usually present in the news web pages. Like most news websites have the 
following structure: 

1 a home page that presents the important headlines from all fields 

2 several section pages divided in different areas of interest like business, sports, 
national, international, technology, etc., that provide the related headlines 

3 pages that actually present the news, containing the title, author, date and body of the 
news. 

Our approach is based on the basic assumption that the news web pages content is 
divided into tokens where tokens represent the HTML tags like <head><title><script>, 
etc. 

A major problem in news content extraction is mining useful information from web 
because news web pages not only contains the actual news content but also some noisy 
content like advertisement, comments and branding banners, etc. Therefore in the news 
web page, the actual news content is just half, and noisy content occupies nearly half of 
the page. We faced the problem of identify core content even during processes that 
includes human assessment. In our work we extracted the core content from a large 
number of news web pages and these news web pages comes from ten different news 
websites. We mainly deal with news pages written in English. 

Identification of actual news content from news web pages is relatively easy task for 
the human being, who can identify just by visual inspection; however it is hard problem 
for machines. For content extraction there have been many existed approaches. 

Our approach not only extract the relevant text passage from the given news website 
but also the fetching of the entire website content, and the extraction of the relevant 
content. 

Content extraction that depend on extraction rules do not usually adapt well to 
changes to the web. When the set of extraction rules is handcrafted or learnt, the web 
keeps growing and it is uncommon that changes may invalidate the existing extraction 
rules. Therefore some authors work on semi-automatic extraction rules. Our work does 
not rely on extraction rules like previous approaches. It requires input web pages and 
translated into tag tree. It works on two or more web documents and compares them to 
obtained shared patterns that are likely to provide relevant information. The idea of  
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identifying shared pattern relies on tree matching and determines which are equivalent to 
one another and apply filtering algorithm to filter out irrelevant content. We have 
conducted experiments with 500 news web pages from ten different news websites and 
our results confirms that our approach can achieve precision as high as 96% and recall as 
high as 97%. 

The rest of the paper is organised as follows: Section 2 presents the related work in 
the field of information extraction. Section 3 describes our proposed approach. Dataset 
used in the experiment is discussed in Section 4. Experiment and results are discussed in 
Section 5. Finally we conclude our work in Section 6. 

2 Related work 

Plenty of work has been reported in literature for content extraction from news web pages 
including standard and independently techniques. Now a day many researchers paying 
attention in the field of content extraction from news web pages. Among the variety of 
work reported in literature, we reviewed the various other techniques that are attempting 
to solve the similar problem. 

In 2007, Banko et al. introduces a fully implemented, highly scalable OIE system 
TEXTRUNNER, which has the ability to extracts large amount of high quality data from 
a nine million web page corpus. In this system tuples are assigned a probability and 
indexed to support efficient extraction and exploration via user queries. They compare 
TEXTRUNNER with KNOWITALL, and achieve an error reduction of 33%. 

Knoblock et al. (2003) developed a set of tools for extracting data from web sites and 
transforming it into a structured data format such as XML. Their approach automatically 
detecting the breakage of wrapper and repairing them capitalises on the regular structure 
of the extracted fields themselves. Their technology learns highly accurate extraction 
rules and wrapper is verified by the correct extraction of data. 

Lin and Ho (2002) propose InfoDiscoverer system for the identification of 
informative contents from a web page. Their system partition the web page into several 
content blocks according to HTML tag <Table>. Their proposed method dynamically 
select the entropy-threshold that partition the block into either informative or redundant. 
Their experimental results show the value of precision and recall greater than 0.956. 

In 2009, Louvan propose an approach for the extraction of main content from web 
documents by using the combination of machine learning and heuristics approaches. 
Their results show that the combination of classification task and LBS namely CS+LBS 
gives best performance for blogs and news datasets. 

Prasad and Paepcke in 2008 developed a heuristic technique for the extraction of 
main contents of a news web page. They construct DOM tree of the web page and scored 
the nodes according to amount of text and number of links it contains. There method is 
site-independent and does not used any language based features. The performance of 
their algorithm achieved 97% precision and 98% recall which is slightly below the 
baseline system but requires significantly less computational speed; the processing speed 
of algorithm is less than 15 ms per page. 

Gibson et al. (2007) used machine learning methods to identify the content of a news 
web page. They identify correctly the portion of the content of web pages from  
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80%–97% of the time. Their experimental result shows that the document level accuracy 
of their model is 80% and also shows the high value of precision and recall for content 
block identification. 

Reis et al. in 2004 present a domain oriented approach to web data extraction. Their 
approach of data extraction from web pages is based on the structure analysis of the 
target web pages. The structure of the web page can be described by a DOM tree, since 
they introduced a new algorithm RTDM for calculating the edit distance between two 
given trees and solve the problem of structure-based page classification, extractor 
generation and data labelling. Their experiment results show that RTDM correctly 
extracting 87.71% of news from a dataset of 4,088 pages. 

Gupta et al. (2005) developed a framework that use DOM trees and a W3C specified 
interface that allows programs to dynamically access the structure of a document. Their 
approach is implemented in a publicly available Web proxy for the content extraction 
from HTML web pages. 

Ji et al. in 2010, proposed web information extraction method that is based on Tag 
tree template and efficiently extract meaningful information including records and data 
schema. They describe a web page by HTML Tag tree and both HTML tag and text are 
treated as tree nodes. Their result shows the effective extraction of meaningful 
information. 

Sleiman and Corchuelo in 2013 propose an unsupervised information extraction 
approach TEX, works on the idea that two or more web documents generated by the same 
server side template and removes shared token sequences among web documents until 
finding the relevant information that should be extracted from them. TEX working on 
malformed web documents and reduces extraction time by not converting HTML code 
into XHTML and DOM trees. There technique achieves a very high precision and recall 
value of approximately 100%. 

Kaddu and Kulkarni in 2016 present a hybrid approach for the extraction of web page 
main contents. Their approach is based on the combination of automatic extraction and 
manual hand crafted rule techniques. They generate rules by machine learning method, 
by using that rules relevant content from web pages are extracted. Their work generates 
effective rules and achieves automaticity and efficiency. Their results show that retrieval 
accuracy depends on the size of the dataset. For a lower number of files it shows  
28%–30% accuracy and for higher number of files it shows 90% retrieval accuracy. 

Pettersson et al. in 2016 presents HistSearch tool for automatic information extraction 
from historic text. They present the outcome of collaboration between the field of 
computational linguistics and history, which resulting a graphical user interface for 
information extraction from historical text. They describe the workflow of the system, 
based on the spelling normalisation using advanced taggers and parsers available for the 
standard modern language. A prototypical graphical user interface used by the historians 
and a manual evaluation of the tool performed by the actual users. Their results show that 
spelling normalisation is successful for the task of tagging and lemmatisation. 

Ziegler et al. in 2007 (2007) present an approach that works in a fully-automated 
fashion, classifying text blocks in html pages using distilling linguistic and structural 
features, having a particle swarm optimiser (PSO) learn feature thresholds for optimal 
classification performance. Their approach shows good results for hundreds of news 
pages from popular media in five languages and exhibits an accuracy that comes close to 
human judgment. 
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Muslea et al. in 1999 presents an approach to wrapper induction which is based on the 
idea of hierarchical information extraction. They introduce an inductive algorithm, 
STALKER that generates high accuracy extraction rules based on user-labelled training 
examples. Their experimental results show that STALKER does significantly better than 
other approaches. 

Guo et al. (2010) propose an approach called ECON for content extraction from news 
web pages. The approach finds a snippet-node which is used to wrap the news content 
and then backtracks from the snippet-node until a summary node is found, and then the 
summary node wrapped the entire news content. In this approach backtracking removes 
the noise. Their experimental results show that ECON can achieve high accuracy of 90% 
for scalable extraction. 

3 Proposed algorithm 

Our algorithm is divided into four components. First one is tag tree that is used to 
measure the similarity between the templates of web pages. The second component is an 
extractor that returns a list of ContentSet that contains as much potential information as 
possible. The third component is pattern matching that finds out repetitive pattern. The 
fourth component is a filter that filters out undesired patterns and return candidate 
pattern. Our proposal is works on a collection of web documents, which we denote as 
ContentSet (CS). A content set is a set of contents that are sequences of HTML tags. Our 
implementation and our experiments were based on these HTML tags. We create a Tag 
tree to describe a web page, where tree nodes are defined by HTML tag and text. HTML 
tags are the basic components for document presentation and tags themselves convey 
certain structure information. 

Figure 1 Process of content extraction 
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Referring to Figure 1, a flowchart of the content extraction process is shown. When a 
user submits a html page, the html page is tokenised into simple tokens represents either 
script blocks, style blocks or html tags. The Tag tree is constructed by these tokens. The 
pattern matching then uses the Tag tree to discover repetitive patterns. The repetitive 
patterns are forwarded to filtering, which filter out undesired patterns and finally the 
extracted content is found. 

We present the algorithm that works on a collection of web documents. 
Algorithm 1 Content extraction 

1 Tt = Tag tree (CS, html tags) 
2  extract ( CS: ContentSet; End, Start) : List <ContentSet> 
3   l = extract (CS, Tt, End, Start) 
4    m = PatternMatching (l) 
5   Result = filter (m) 
6 Return result 

The algorithm works in four steps: at line 1, we invoke Tag tree. At line 2, we invoke 
algorithm extract, which makes an attempt to extract the information that varies from 
document to document. At line 4, we invoke the pattern matching algorithm. This 
algorithm searches for the shared patterns of size end, end-1, … … start. If start > 1 or 

End is less than the size of the input document, then the search has a preference that 
may lead to situation in which pattern matching algorithm return information that actually 
belong to the template, therefore at line 5, we invoke filtering algorithm. 

3.1 Tag tree 

HTML in a web page is parsed as a Tag tree in our work. Tag tree could be thought as the 
base structure to implement DOM. Attributes in Tag tree are regarded as nodes. The child 
nodes and attributes of a tag tree can also be well sorted and indexed. 

Following rules are used for the construction of Tag tree. 

1 there are mainly three type of node in the Tag tree, which is summary node, text 
node and Tag node 

2 entire content of news with its subtrees are wrapped in a pair of node such as 
<HTML></HTML> is summary node 

3 tags and text between a pair of tags, such as <body></body> are all children nodes of 
the Tag tree 

4 all the content between a pair of <script> tags is a text node as the only child of 
<script> node 

5 all attributes of a node which are parsed in order, will be inserted into the attribute 
map 

6 a tag ended with ‘/>’ is a node with self-closing flag is true such as  
<frame.src= “sun.htm”> of a XHTML. 
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Figure 2 Source page (see online version for colours) 

 

Figure 3 Tag tree 
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Figure 2 shows the news web page source page. We create Tag tree with the help of this 
source page. 

Figure 2 shows the structure of a web page. By manual inspection we found that all 
news web pages show the similar structure and contains following tags <html> 
<head><meta><title></title><link ref><script></script><div><p></head></html>. With 
the help of these tags we construct the Tag tree. Figure 3 shows the tag tree of a news 
web page. 

3.2 Extract algorithm 

Extract algorithm searches for shared patterns of size start down to end in a Contentset. 
We find the shared patterns using Tag tree. Algorithm 2 presents the algorithm extract 
that lies on the contents, which makes an attempt to extract the information that varies 
from document to document. It works on a collection of web documents which we denote 
as ContentSet. Intuitively, a content set is a set of contents which are sequences of tokens. 
Content is not bound with a particular tokenisation schema. Our implementation and our 
experiment were carried out using a simple tokenisation schema according to which 
tokens represents Tag set and we construct a Tag tree as shown in Figure 3. The 
algorithm extract can search the tag tree to find all occurrences of the extraction pattern. 
In Figure 3 the longest shared pattern we used is of size 7 tokens 
<html><head><title>News title</title></head></body></html>. In this algorithm, the 
main loop at lines 3–15 iterates over all possible sizes from start down to end. The inner 
loop at lines 5–13 searches for a shared occurrence of that size. 
Algorithm 2 Extract 

1 Extract (CS : ContentSet ; Start, End, TT: Tag Tree) : List <ContentSet> 
2   Result= <CS> 
3  for Size = Start down to End do 
4    Buffer = <> 
5    while result ≠<> do 
6     CS = dequeue (result) 
7    if TT= SharedOccurences(CS, size) then 
8     enqueue (buffer, CS) 
9    else 
10     enqueue (result, TT) 
11    end 
12   end 
13  Result= buffer 
14 end 
15 Return result 

This algorithm of extract news is to extract entire content from web news page. The input 
of it is a web news page. The extracted document is shown in Figure 4. 
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Figure 4 Extract result 

 

3.3 Pattern matching 

After the extraction, user may select target pattern that contain desired information. 
Algorithm 3 presents the pattern matching algorithm. It works on a ContentSet CS, a 
content base of size s, which is supposed to be the shortest non-empty content in CS. The 
goal of this algorithm is to find and match patterns inside the base that occurs in every 
content in CS. In this algorithm, at lines 3–11, i iterates from 0 until size s. as long as no 
matching pattern is found. The actual search is performed in the inner loop at line 6-10; 
in this loop the algorithm iterates over every content in the input ContentSet and finds all 
the matching patterns that start at position i and has size s. The algorithm returns a list of 
matching patterns in the ContentSet. 
Algorithm 3 Pattern matching 

1 PatternMatching (CS: ContentSet ; base: Content; TT: Tag Tree) : Map<ContentSet> 
2  Found= false 
3  For i = 0 until size (base) – s while not found do 
4   Result = {} 
5   found= true 
6   foreach Content in CS while found do 
7    If TT = findPatternMatches ( Content, base, s) then 
8     found = size (matches) > 0 
9    else 
10     found = size (no matches) 
11     result= result ∪ {Content  PatternMatches} 

12    end 
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13   end 
14 return result 

Figure 5 Searching for pattern matching using <li><a href=”site link”> as a base (see online 
version for colours) 

 

The result of pattern matching is shown in Figure 5. All the leaves in a Tag tree share a 
common prefix, all the three news web pages shows the common Tag tree. Leaves 
represent the repeated sequence of input. In figure 5 to search for a pattern of size 4; we 
supposed that base is the shortest content in CS1, CS2, CS3. The algorithm first searches 
for site link<li><ahref= “site link”></a></li>in every content in CS1, CS2 and CS3 and 
found it. Then it searches for <h1= “headline”></h1>, <h2>sub headline</h2> and 
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<div><p> News content</p> which is found in every ContentSet CS1, CS2, CS3. As a 
conclusion <li><a>, <h1>, <h2>, <div><p>are the matching pattern in the content set. 

Figure 6 Tag tree of pattern matching 

 

3.4 Filter algorithm 

After extraction and pattern matching filtering algorithm is applied. Algorithm 4 presents 
the filter algorithm. Extraction algorithm returns a list of ContentSet that are supposed to 
contain the variable information in the initial ContentSet. In this algorithm, the main loop 
at lines 3-7 iterates over the list of input ContentSet and simply removes those in which 
inconsistency in the results. Let CS be the ContentSet, and SCS is the set of ContentSet. 
The result of filter algorithm is shown in Figure 7. 
Algorithm 4 Filter 

1 Filter (SCS: List 〈ContentSet〉): List 〈ContentSet〉 
2  Result = 〈〉 
3  Foreach CS in SCS do 
4   If CS has inconsistency then 
5    add CS to result 
6   end 
7  end 
8 Return result 
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Figure 7 Filtering results after extraction (see online version for colours) 
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4 Dataset 

The dataset used in our experiment contains a total of 500 news web documents. For 
experiments, we collected web news pages from ten news websites written in English. 
The sites are shown in Table 1. News web pages belong to different categories like 
business, cricket, India, tech, nation, science and environment, politics, world, 
entertainment, sports. Each category was randomly selected from Google search engine 
between December 2016 to March 2017. We downloaded 50 web pages from each web 
site. 
Table 1 New websites 

No. News website URL Category 

1 The Hindu http://www.thehindu.com/ Business 
2 The Times of India http://timesofindia.indiatimes.com/ Cricket 
3 NDTV http://www.ndtv.com/ India 
4 Hindustan Times http://www.hindustantimes.com/ Tech 
5 Indian Express http://www.indianexpress.com/ Nation 
6 Zee News http://www.zeenews.com/ Science and environment 
7 News18 http://www.news18.com/ Politics 
8 The Pioneer http://www.dailypioneer.com/ world 
9 Deccan Harald http://www.deccanherald.com/ Entertainment 
10 The Asian Age http://www.asianage.com/ Sports 

Table 2 Common errors 

S. no. Error 

1 Error: <!DOCTYPE> is missing 
2 Error: <s6> is not recognized 
3 Error: <j> is not recognized 
4 Error: <bw> is not recognized 
5 Error: <zs> is not recognized 
6 Error: <z> is not recognized 
7 Error: <m> is not recognized 
8 Error: <v> is not recognized 
9 Warning: replacing invalid character code 131 
10 Warning: discarding invalid character code 143 
11 Warning: unescaped& which should be written as &amp 
12 Warning: unescaped& or unknown entity “&:p” 
13 Warning: unescaped& or unknown entity “&X” 
14 Warning: <p> unexpected or duplicate quote mark 
15 Warning: <p> missing „>” for end of tag 
16 Warning: <j> missing „>” for end of tag 
17 Warning: discarding unexpected <j> 
18 Warning: unescaped& or unknown entity “&qT” 
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Table 2 Common errors (continued) 

S. no. Error 
19 Warning: unescaped& or unknown entity “&Us” 
20 Warning: discarding unexpected <bw> 
21 Warning: unescaped& or unknown entity “&oX” 
22 Warning: <I> attribute “4” lacks value 
23 Warning: <I> missing „>” for end of tag 
24 Warning: discarding unexpected <I> 

News web documents preprocess by fixing their HTML code by HTML tidy (Raggett, 
1998). It fixes web documents doctype declarations, adds missing end tags, and reports 
on unknown attributes if essential. Our dataset were gathered from real world news 
websites, they usually contained errors in their HTML code. Table 2 shows the results we 
have gathered regarding a subset of common HTML errors that are reported by HTML 
tidy. The full report is too large to reproduce in the paper. Our only purpose to use 
HTML tidy is to make it clear that we have dealt with actual documents. 

5 Experiment and results 

In this section we present the results of the experiments we have carried out to compare 
our approach to other techniques in the literature. We describe the dataset used in our 
experimental study in section 4. We compare our approach to other approaches which are 
commonly used in extracting HTML pages in the literature. We performed our 
experiments on a machine that was equipped with an Intel Core i3 processor that run at 
2.40 GHz, had 2 GB RAM, Windows 7 pro 64 bit. 

We analyse the performance of our approach using the three parameters precision, 
recall and 1F −  measure. 

5.1 Other approaches 

We compare our technique with other existing techniques. 
ECON (Guo et al., 2010): it takes a collection of news web pages and use HTML 

parser to create DOM tree. There is a node that wraps the entire contents of news with its 
subtrees, such node is known as summary-node. ECON finds a snippet-node which is the 
descendent of the summary-node. When snippet-node is found, then backtracks it until a 
summary-node is found, by which firstly wrapped the part of the news content, then 
backtracks from the snippet-node until a summary-node is found, and the entire content 
of news can be extracted after removing noise from the summary-node. 

CoreEx (Prasad and Paepcke, 2008): they extract the main article from news web 
pages by using DOM tree where every node in the tree represents the HTML node of a 
web page. They score every node based on two counts, textCnt and linkCnt which means 
the amount of text and number of links it contains. Their algorithm runs on 1120 news 
web pages. 
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Table 3 Comparison of all three approaches 
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The target of ECON and CoreEx is similar to our approach; both the approaches extract 
the main contents from news web pages. However, the underlying algorithms of both the 
approaches are subsequently different. According to Guo et al. (2010) and Prasad and 
Paepcke (2008) both ECON and CoreEx perform well, therefore we made a comparison 
between ECON, CoreEx and our approach. 

5.2 Performance analysis 

Experiment results are often evaluated by Precision, recall and F1-measure. We first run 
ECON and CoreEx on the dataset in order to learn extraction rules, we then computed 
precision, recall and F1-measure. For each website we recognised one type of template. 
Then we manually analyse URL’s of these pages to identify repetitive patterns such as 
URL structure, home page, subsections, etc. A regular expression is written for each 
website to match the template with high interest to us. This way we handcrafted 
annotations for every web document in our dataset that is used to calculate precision, 
recall and accuracy of our proposed approach. We could find which extracted ContentSet 
was the closest to each annotation. For the validation of our approach we compared each 
extracted ContentSet to every annotation. 

The precision of a given category of dataset is the fraction of web pages of its 
computed category that are also found in the corresponding annotated category of the 
dataset. The recall of a given category is the fraction of web pages from the 
corresponding annotated category of dataset that were extracted from the same annotated 
category. To calculate these measures, we assign two or more web pages to the same 
categories if and only if they are similar. A true positive (TP) decision assigns two 
structurally similar web pages to the same category; a true negative (TN) decision assigns 
two structurally different web pages to different categories. A false positive (FP) decision 
assigns two structurally unlike web pages to the same category. A false negative (FN) 
decision assigns two structurally similar web pages to different category. Then the 
precision and recall is calculated as follows: 

tpPrecision
tp fp

=
+

 (1) 

tpRecall
tp fn

=
+

 (2) 

1 2 P Rf measure
P R
∗

− = ∗
+

 (3) 

Table 3 shows the precision, recall and F-measure results of all three approaches ECON, 
CoreEx and our approach when run on all 500 news pages. The result of the extraction 
process is always a collection of ContentSet. Experimental results show that the 
performance of our approach is higher than the other two approaches. 
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6 Conclusions and future work 

In this paper, we presented a news web page content extraction approach to automatically 
extract content from news web pages. It is based on the idea that web documents from 
different websites share tokens, and these tokens generate Tag tree. Experiments showed 
that our approach improves existing results in the literature (Guo et al., 2010; Prasad and 
Paepcke, 2008) for the problem of information extraction from news web pages and 
perform extraction with high precision and recall. Our approach applied to web news 
pages written in English. A news web page content extraction based on tag tree is 
proposed to efficiently extract meaningful information including records and data 
schema. In particular we have addressed the problem of finding and fetching news 
available on websites and extracting the relevant content. Through experimentation with 
ten news websites, we have demonstrated that our approach is highly effective for these 
tasks. 

As future work, since the blog page and forum page have similar characteristics with 
news web pages, we will improve our approach to extract the content from blog and 
forum page. 
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