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Abstract 

The advent use of new online social media such as articles, blogs, message boards, news 

channels, and in general Web content has dramatically changed the way people look at 

various things around them. Today, it’s a daily practice for many people to read news online. 

People's perspective tends to undergo a change as per the news content they read. The 

majority of the content that we read today is on the negative aspects of various things e.g. 

corruption, rapes, thefts etc. Reading such news is spreading negativity amongst the people. 

Positive news seems to have gone into a hiding. The positivity surrounding the good news 

has been drastically reduced by the number of bad news. 

This has made a great practical use of Sentiment Analysis and there has been more 

innovation in this area in recent era. Sentiment analysis refers to a broad range of fields of 

text mining, natural language processing and computational linguistics. It traditionally 

emphasizes on classification of text document into positive and negative categories. 

Sentiment analysis of any text document has emerged as the most useful application in the 

area of sentiment analysis. 

The objective of this project is to provide a platform for serving good news and create a 

positive environment. This is achieved by finding the sentiments of the news articles and 

filtering out the negative articles which carry negative sentiments. This would enable us to 

focus only on the good news which will help spread positivity around society and would 

allow people to think positively. 

To achieve our objective, we have built our own algorithm for classification of News articles. 

This includes data aggregator tool and processing engine at the server side as a Sentiment 

classifier and a platform for user where positive news being served to read and this is a 

GoodBook. 

Index Terms- Document classification, SentiWordNet, Sentiment Analysis, Support vector 

machine (SVM) 
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Chapter 1 

Introduction 

With the arrival of internet, there has been a radical change in the social life, routine and 

decisions of common people. Today it’s everyday activity and regular practice for each 

person to read news online and watch advertisements regarding a movie, a product or a book 

before actually placing money into it. As it has changed their lifestyle, it also has impact on 

the social life of an individual. The exposure to new online social media such as articles, 

blogs, message boards, news channels such as Web content is influencing their social life and 

the way people look at various things around them. People's perspective tends to undergo a 

change as per the content they read.  

The social media has now occupied the major space on the Web. The new user-centric Web 

hosts a huge amount of data every day. Users are not only consuming the web, but they are 

also a part of web and co-creators of content on web. The user is now contributing to social 

media ranging from articles, blog posts, news, tweets, reviews, photo/video upload, etc. This 

is creating a large amount of the data on the Web as unstructured text. 

The majority of the content that we read today is on the negative aspects of various things 

e.g. corruption, rapes, thefts etc. Reading such news is spreading negativity amongst the 

people. Positive news has been dominated and getting less attention. The positivity 

surrounding the good news has been drastically reduced by the number of bad news. 

The objective of this project is to provide a platform for serving good news and create a 

positive environment. The new challenging task here is to analyze large volume of 

unstructured text to be more specific news articles and devise suitable algorithms to 

understand the opinion of others and find positive and negative aspect of it. This would 

enable us to focus only on the good news which will help spread positivity around and would 

allow people to think positively. 

Index Terms- Document classification, SentiWordNet, Sentiment Analysis, Support vector machine 

(SVM)  
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1.1 Text Mining 

Text mining is the process of analyzing the data formatted in natural language text. The 

application of various text mining processes which in turn helps in solving business problems 

is called text analytics.  

Today, it is very easy for us to store the textual data in the form of raw text. Such data is 

available everywhere in different forms on web like social media, blogs, twits on twitter, 

email, e-documents, newspapers, etc. However the quantity of information in this large data 

is very important to process, understand and it is consistently increasing. Text mining helps 

organizations obtain hypothetically valuable business intuitions from text-based matter such 

as email, word documents and blog posts on social media streams like Twitter, Facebook and 

LinkedIn etc. Since the natural language processing is always inconsistent, mining 

unstructured data with natural language processing, machine leaning and statistical modeling 

is very difficult and challenging task. Due to inconsistent syntax and semantics, text mining 

contains ambiguities including slang, age groups and language specific to country. 

In text mining, our main objective is to find unknown data which gives the meaning to 

document. Additionally, text mining refers to explore data from text.   

Figure 1:  General Text mining process 
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1.2 Text Categorization 

Text categorization is technique to decrease information intricacy for bulk text processing. It 

is the process of assigning a predefining category to the raw text after processing. Text 

categorization is additionally known as Text Classification. Instead of manually assigning 

human category (predefined label) by reading entire text, we make the machine to categories 

text on human behalf. E.g. academic papers are often classified in some technical domain. In 

health-care hospitals, health report are often indexed based on the statistical report and 

diseases in various diseases category, insurances, surgeries etc. Emails are filtered based on 

content, subject, from, recipient filed into different directory in mail box. News articles are 

typically categorized by its subject topic, country code etc.  

With the rapid growth of internet information, it is necessary for us to classify the text at this 

point itself. So we have built a system which will categories the news articles in good or bad. 

It is useful to distinguish the text classification problem in number of categories we need to 

classify the text e.g. spam and not spam, positive and negative. Such classification is called 

“binary” text classification. If there are more than two classes where in each document can be 

part of exactly on class, then such problem is called as “Multi-class” classification problem. 

Text categorizer classifies the text data in some predefined categories and these categories are 

human predefined which can be ten, thousands or few hundreds. For our system, we have 

defined two categories as Positive and Negative. 

Figure 2: General Text categorization process  
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1.3 Sentiment Analysis 

Sentiment analysis refers to a wide range of areas of natural language processing, text mining 

and computational linguistics. The aim of Sentiment Analysis is to develop a machine 

learning technique for determining the polarity of a document. The key objective here is to 

design an algorithm that can learn ‘certain’ information from the pre-classified data set 

(learning/training data set) and then classify a document into its predicted class. 

Sentiment analysis (in terms of opinion mining) is defined as the task of detecting the 

opinions of authors and their polarity about specific document. The decision-making process 

of people is affected by the opinions formed by thought leaders and ordinary people. When a 

person reads any text/document, he/she will get involved in the aspect of that text/document 

knowingly or unknowingly. So he/she will typically start by searching for reviews and 

opinions written by other people on it which has impact on reader’s opinion. So even though, 

it is not of his/her interest, he/she starts thinking in the direction of the aspect of that text and 

they keep on looking more for that kind of things. This is impacting their lifestyle and social 

behavior.  

Sentiment analysis is one of the newest and widely used research areas in computer science. 

Over 7,000 articles have been written on this topic. There is a huge explosion today of 

'sentiments' available from social media including Twitter, Facebook, message boards, blogs, 

news articles and user forums. These snippets of text are a gold mine on the thought of an 

individual. Sentiment analysis offers this society ability to make people read only positive 

new, spread the positivity in the society and make it go viral. 

 General architecture of the general sentiment analysis system: 

Documents in any format (PDF, HTML, XML, word, among others) are taken as input to the 

system and it called as corpus of dataset. Each document in this corpus is transformed into 

raw text and using a variety of linguistic tools, it is pre-processed. Tools can be used such as 

stop words remover, stemmer, tokenizer , part of speech tagger, feature/entity extraction, and 

relation extraction. The set of lexicons and linguistic resources can be utilized by the system. 

The important module of this system is the document analysis module, which takes pre-

processed documents as input and utilizes the linguistic resources to classify these pre-

processed documents into predefined sentiment classes (sentiment annotations).  



GoodBook 

5 
 

Sentiment scores can be evaluated for each sentence (for sentence-based sentiment analysis), 

for entire document (for document-based sentiment analysis), or for specific aspects of 

entities (for aspect-based sentiment analysis). Sentiment scores are used to annotate the 

document and these annotations are the output of the system. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: General architecture of the general sentiment analysis system 
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Chapter 2 

Literature Survey 

In the current situation of the web, we need a way of reducing the amount of effort for 

processing the unstructured data by transferring it to machine. Computer can process such 

data in very less amount of time. Only we need to put effort at learning curve of a Computer 

which is commonly known as Machine Learning. 

Now days, lot of data is being generated in the form of blogs, reviews, articles etc. Social 

media has a now a major share on the web. Users are not only consuming the web, but they 

are also a part of web and co-creators of content on web. The user is now contributing to 

social media ranging from articles, blog posts, news, tweets, reviews, photo/video uploa d, 

etc. This is creating a large volume of the data on the Web as unstructured text. The task here 

is to analyze the sentiment of such data which is hot research topic in recent era, trending in 

the market and has a great value. 

In previous studies, Today researchers have worked on finding sentiments of movie reviews 

[19], product reviews, twitter messages, prediction on rise or drop in stock price[20] etc. The 

aspect of such dataset is that it includes short and rich structured information about 

individuals involved in communication. These data sets often consist of relatively well-

formed and coherent pieces of text. Our challenge is to analyze news articles which could be 

a very large text and sentiment can change from line to line. Finding sentiments of structured 

data is easier than finding it from unstructured data. 

Zi-Jun Yu et al. [1] has written a novel algorithm Keyword combination extraction based on 

ant colony optimization (KCEACO) to extract most favorable keyword combination from the 

document which is used for assigning category to the document. They had extended the 

traditional feature extraction technique to find out the most optimal keyword combinations. 

Haruechaiyasak, C. [2] has proposed a solution to enhance a search on full text news articles 

in Thai language. Users were able to browse and filter the search result based on category 

they select. To implement this feature, they applied and validated several different 

classification algorithms like Naive Bayes (NB), Decision Tree, and Support Vector machine 
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(SVM). Based on experiment, SVM with information gain as feature selection algorithm had 

yielded better performance result with F1 measure as 95.42%. 

Chua S. [3] proposed a way to find the notion of semantic features using WordNet. This 

paper tried to find the synonyms of words for finding the feature set which are semantically 

equivalent to the predefined category of the document. With these efforts, they have found 

that automated way of categorizing document is much better than any known statistical 

feature selection method. Feature annotation for text categorization [5] is one of the 

approaches used for document classification. This paper tries to increase the accuracy of 

document classification by extracting text collection in four features (dimensions) for each 

document. The four dimensions were protagonist, temporality, spatiality and organization. 

The document was annotated with these dimensions and then applied to classifier for 

classification. 

2.1 Classification methods and Feature extraction 

For automation of sentiment analysis, different approaches have been invented to predicting 

sentiment from words, expressions and from documents. There are many natural language 

processing based and pattern based algorithms like Naïve Bayes(NB), Support Vector 

Machine(SVM), Maximum Entropy (ME) etc. 

However, some research has investigated more complex algorithms in few years back. 

Martineau and Finin invented Delta TFIDF in 2009, an intuitive general purpose technique, 

so that words can be efficiently weighted before applying to classification [12]. In most of the 

papers, researchers have used dictionary based document classification technique. Some have 

used Bag of words technique along with some machine learning algorithms most likely 

support vector machine. SVM algorithm was mostly used classification algorithm because it 

is highly generalized and its performance is different for various ranges of applications. It is 

also considered as one of the most efficient classification algorithm which provides a 

comprehensive comparison for text classification in supervise machine learning approach.  
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2.2 Model building 

In old papers, the model was built once using training data and used to classify the new 

dataset based on built model. While using so, if new dataset has new features (with the advent 

of Web and social media), the model fails to classify the document correctly and its accuracy 

falls. To avoid this, they had to rebuild the new model with new training dataset considering 

new features and calculate the accuracy. But this is not feasible solution and approach for our 

problem. News corpus from different sources consists of news articles and editorial content 

with a broad range of discussions and topics. So challenging task here is to design a generic 

heuristic algorithm that will correctly extract sentiments from these mixed news corpus for 

document classification and feature extraction. 

2.3 Approaches used in Sentiment Analysis 

Analyzing Sentiment of the text is itself a challenging task in Natural Language Processing. 

There are many approached studied by me while finding solution for sentiment classification 

of news articles. Initially, we collected sentiment words from GI, DAL and WordNet [12]. 

2.3.1 Stop words removal and Stemming 

Different pre-processing techniques were applied to remove the noise out from data set. It 

helped to reduce the dimension of the data set, and hence building more accurate classifier, in 

less time. Noise words, are words which are of not much significance in context of 

categorization and sentiment analysis e.g.: articles, conjunctions, etc. There is no definite list 

of stop words used for natural language processing. In some of the research work, they 

removed all the stop words from our data set and produced a new data set [9]. 

To meet our aim and to get maximum accuracy, we do not need to remove stop words. Stop 

words also carry the sentiment and can change the sentiment of overall sentence. 

For example [7], 

“Movie is funny but it is not at all good” 
“Movie is not at all funny but it is good” 
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Here no of words in each sentence are same with same frequency. If we apply this approach, 

sentiment of both the sentences would be same. But in ideal scenario, these 2 sentences are 

carrying opposite polarity and sentiments. So it is clear that merely dealing with the 

frequency of the words is not going to solve the problem i.e. removal of stop words make 

sentiment determination less accurate. Such problems can be solved using negation tagging.  

For this, some fixed factor (f) value needs to calculate and polarity of any sentiword after 

negation word is reverted based on the factor. E.g.: if f=0.3, means 30% of the score of the 

word after negation word should be considered while calculating the polarity of that sentence. 

Stemming is the process of changing a word to its root or base form, by removing inflexions 

ending from words in English. It is not necessary that root form should be identical to 

morphological root of the word, but all the related words should map to the same root form. 

The most famous stemming algorithm is Porter Stemmer algorithm. We have used WordNet 

[12] to find the root form of each word and then its senti-score from SentiWordNet. 

2.3.2 SentiWordNet 

SENTIWORDNET, a lexical resource in which each WORDNET synset s is associated to 

three numerical scores Obj(s),Pos(s) and Neg(s), describing how objective, positive, and 

negative the terms contained in the synset are. The method used to develop 

SENTIWORDNET is based on the quantitative analysis of the glosses associated to synsets, 

and on the use of the resulting vector term representations for semi-supervised synset 

classification. The three scores are derived by combining the results produced by a committee  

of eight ternary classifiers, all characterized by similar accuracy levels but different 

classification behavior. SENTIWORDNET is freely available for research purposes, and is 

endowed with a Web-based graphical user interface. 

Here we have taken a simple java class that uses SentiWordNet to approximate the sentiment 

value of a word with a label. This class return sentiment value of the word which can be 

passed to this class as either ‘Adjective (a)’, ‘Noun (n)’ or ‘Adverb (v)’. 

For example, we have passed a word “extreme” as “a” means Adjective to find the sentiment 

of it. So this library will return sentiment value and its classification as below: 
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Sentiment value: -0.0883838383838384 

Sentiment Classification: weak_negative 

Each of the three scores ranges in the interval [-1.0; 1.0],and their sum is 1:0 for each synset. 

This means that a synset may have nonzero scores for all the three categories, which would 

indicate that the corresponding terms have, in the sense indicated by the synset, each of the 

three opinions related properties to a certain degree. 

2.3.3 POS tagger 

A Part-Of-Speech Tagger (POS Tagger) is a piece of software that reads text in some 

language and assigns parts of speech to each word (and other token), such as noun, verb, 

adjective, etc., The tagger was originally written by Kristina Toutanova. Since that time, Dan 

Klein, Christopher Manning, William Morgan, Anna Rafferty, Michel Galley, and John 

Bauer have improved its speed, performance, usability, and support for other languages [11]. 

It provides a way to “tag” the words in a string. That is, for each word, the “tagger” gets 

whether it’s a noun, a verb, etc. and then assigns the result to the word.  

For example: 

“This is a sample data” 

The output of tagger is  

“This/DT is/VBZ a/DT sample/NN data/NN” 

To get this, the tagger needs to load a “trained” file that contains the necessary information 

for the tagger to tag each word in a string. This “trained” file is called a model and has the 

extension “.tagger”. There are several trained models provided by Stanford NLP group for 

different languages [11]. Here we are interested in grammatical rules for English language 

only. 

POS tagger was used with multiple approaches. The major challenge was to choose the set of 

attributes for defining the vector. It could be used with any of the three different sets of 

attributes, 
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1. Only adjectives in the learning set 

2. Adjectives + Adverbs in the learning set 

3. All the words in the learning set with term frequency inverse document 

frequency 

4. All the words in the learning set with absence or presence of a Word 

Manish Agarwal and Sudeept Sinha[10] have tried SVM with all above different sets of 

attributes. Then it was analyzed that the results for ‘2’ (adjective + adverb) were much 

improved than only ‘1’ (only adjective) set of attributes. The reason is that because adverbs 

also contribute to the sentiments of a review. But the results for‘3’ (all words) were not much 

different from the results of ‘2’ (adjective + adverbs). The possible reason might be that the 

words other that the adjectives and adverbs do not contribute much to the sentiments of a 

review. 

2.3.4 Feature Extraction& document classification 

It is very difficult task to process text which contains millions of different unique words, so it 

makes text analytics process difficult. Therefore, feature-extraction is one of the approaches 

used when applying machine learning algorithms like Support Vector Machine (SVM) for 

text categorization. With the survey, it has been found that a feature is a combination of 

keywords (attributes), which captures essential characteristics and sentiment of the text. A 

feature extraction method detects and filters only important features which a far smaller set 

than actual number of attributes and make them a new set of features by decomposition of the 

original data. Therefore this process enhances the speed of supervised learning algorithms 

[10]. 

To apply any machine learning based algorithm, it is necessaryto convert any text document 

into a vector (any format understood by underlying algorithm). Bags of words model is one 

of the approach used for the same. In bags of words model, relative position of each word is 

not taken into consideration and only words present in a document are taken into account  

along with either its frequency (no of times the word occurred in document) or Boolean 

value. Later a document is represented as a vector and each dimension corresponds to a 

separate term like word and its frequency (also known as weights). If a word is present in the 
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document, its value in the vector is non-zero. There are different weight schemes and some of 

the most popular ones are listed below: 

 

o Binary: Mark 1, if the term is present in the document, else mark it 0 

o Term-frequency (   : Take weight to be equal to frequency of occurrence of 

the term in the document. 

    
  

∑    
   

 

o TF-IDF: One of the best known schemes is tf-idf (term frequency-inverse 

document frequency) weighting. Term frequency is same as described in the 

previous section. 

Thus, 

tf-idf = tf * idf 

A high weight in tf-idf is reached by a high term frequency and a low document frequency of 

the term in the whole collection of documents. The weight hence tends to filter out common 

terms. These weights can be of two types: Local and global weights. If local weights are 

used, then term weights are normally expressed as term frequencies, tf. If global weights are 

used, Inverse Document Frequency, IDF values, gives the weight of a term [10].  
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2.3.5 Support Vector Machine (SVM) 

SVM is a linear/non-linear classifier used for classification of the text data. Basic principle of 

SVM is that given a set of points which need to be classified into two classes, find a 

separating hyper plane which maximizes the margin between the two classes. This will 

ensure the better classification of the unseen points, i.e. better generalization. See fig.2. It 

shows 3 hyper planes. H3 doesn't classify at all. H1 classifies, but it isn't the maximal 

separating hyperplane, H2 is also correctly classifying text data and it is maximal separating 

hyperplane. 

Figure 4: Separating hyperplanes 

Any hyper planes can be written as the set of points x satisfying 

w ∙ x - b = 0 

The vector w is a normal vector; it is perpendicular to the hyper plane. See fig.3. The 

parameter (b ÷ ||w||) determines the offset of the hyper plane from the origin along the normal 

w. 

We are interested in finding the w and b to maximize the margin, or distance between the 

parallel hyper planes that are as far apart as possible while still separating the data. These 

hyper planes can be described by the equations: 

w . x - b = 1  
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w . x - b = -1 

Figure 5: Maximal separating hyper planes  

Note that if the training data are linearly separable, we can select the two hyper planes of the 

margin in a way that there are no points between them and then try to maximize their 

distance. By using geometry, we find the distance between these two hyper planes is 2 / ||w||, 

so we want to minimize ||w||. As we also have to prevent data points falling into the margin, 

we add the following constraint: for each i either 

w ∙ x  - b ≥ 1  for     for the first class or 

w ∙ x  - b ≤ -1  for    for the second class  

This can be rewritten as: 

    (w ∙    - b) ≥ 1 , 1 ≤ i ≤  n 

We can put this together to get the optimization problem: 

                              Choose w, b to minimize: ||w|| 
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Subject to:             (w ∙   - b)  ≥ 1,  1 ≤ i ≤  n 

[10] has used SVM and worked on WEKA and SVMLight for classification. They followed 

approach mentioned at 2.3.2 along with SVM. [14] has used libsvm(Version 2.89) for 

training and testing. Training and test data were brought in SVM compatible format. Then by 

choosing a suitable gamma parameter they have increase the accuracy. 

[16] has tried with purely binary weights and based on frequency. Using only adjectives and 

applying BoW classifier gives highest accuracy i.e. 67.1% for Binary weight scheme. And 

using all the words with length>3 and applying BoW classifier gives highest accuracy i.e. 

67.78% for Binary weight scheme. The best accuracy (82.7 %) was attained from the binary 

SVM (just the presence/absence of words as features) on all words with length > 3. Bag of 

Words approach yielded results close to 70% accuracy while SVM yie lded much better 

results. 
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2.4 Data set 

V.K. Singh, R. Piryani, A. Uddin & P. Waila[15] has collected 10 reviews each for 100 Hindi 

movies from the popular movie review database website www.imdb.com.We have labeled all 

these reviews manually to evaluate performance of our algorithmic formulations. Out of 1000 

movie reviews collected, 760 are labeled positive and 240 are labeled as negative reviews. 

Manish Agarwal and Sudeept Sinha[10] has 2000 movie reviews, 1000 positive and 1000 

negative. We’ll do 5 fold and 10 fold cross validation over the data set. Each fold of the 10-

fold will involve 1800 training reviews and 200 test reviews, while for 5-fold cross 

validation, it will be 1600 training reviews and 400 test reviews. Hitesh Khandelwal[14] has 

taken 1000 positive and 1000 negative reviews, categorized by them. 

For our analysis, we have gathered news articles from different RSS feeds mentioned at [13]. 

We have pre-defined some news channels in the database and fetched around more than 5000 

news articles for analysis. Out of which we are considering only 500 articles as a training 

data set. This includes positive as well as negative news articles. We have taken news articles 

of different categories like Gadgets, India, World, Sports, Cities, Bollywood, and Economy 

etc. 

We have also collected sentiment words from GI, DAL and WordNet [12].  

E.g.: Positive words: awesome, special, active, sprite, strong, moral, beautiful, visionary, 

attractive etc. 

Negative words: abused, hate, accused, awkward, betrayed, crap, dark, dead, defective, sad, 

screwed etc. 

Neutral words: absolute, alert, assess, emotion, engage, entire, fact, feel, foresee, imagine, 

idea, infer etc. 

  



GoodBook 

17 
 

Chapter 3 

Proposed System 

3.1 Problem Statement 

Our aim is to provide a platform for serving only good news after classifying news articles 

using sentiment analysis and create a positive environment among the society. This will help 

spread positivity around and would allow people to think positively. 

3.2 Objective 

The main objectives behind this project are, 

 To spread the positive-ness in the society 

 To make the people feel that good things are happening around 

 To achieve this, study the sentiment analysis for building model for dynamic data set 

 Text pre-processing for dynamic data set 
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3.3 Proposed Solution 

3.3.1 System Block Diagram 

Figure 6: System Block Diagram 

As shown in diagram, we have 3 main components/modules which contributes to form a 

overall system as below, 

1. News Aggregator 

2. Processing Engine 

3. Platform to serve the good news and publish 

3.3.2 Methodology 

We have followed below steps for finding the sentiment of each line of the document as local 

sentiment L, 

1. POS tagger to tag the sentences 

2. Extract features (adjectives, adverbs & verbs) and their corresponding scores 
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3. Construct Term document matrix (Feature extraction) with different weights 

from SentiWordNet. So the sentiment of overall document (global sentiment) can be 

calculated as follows: 

   (    

This global sentiment will define sentiment of overall news article. 

4. Change document vector to SVM format 

5. Apply SVM to build the model 

The built model will be serialized to secondary storage and will be used to classify the new 

latest articles. 

3.4 System Requirement Specification 

The sentiment classification of News article system requires minimum of below Software, 

 Java SDK 

 Eclipse 

 MySQL 

 Windows XP/Linux 

And Libraries, 

 WordNet 

 SentiWordNet 

 POS tagger 

 Spring jars 

 Jersey jars 

 MySQL connector 

 JQuery 

All implementations and experiments are performed on Intel i5-3337U Core processor with 

1.80 GHz frequency and 4.00 GM RAM. 
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Chapter 4 

Design and Implementation 

The overview of the system design is shown in the diagram above. Our system itself is self-

explanatory. The most basic objective of our system is to filter out the negative articles from 

the news corpus. So to accomplish this, several other modules are needed. The solution 

building blocks are as follows. 

4.1 News Aggregator 

RSS is the acronym of Rick Site Summary, is the format to deliver the usually changing web 

content. Many web blogs, social sites, news related sites and other online publishers 

syndicate their regularly changing content as RSS feed and whoever wants to read this can 

get it in terms of RSS Feeds. Feed reader or news aggregator fetches these feeds from various 

sites and display them in the format we want.  

  

Figure 7: RSS Feed reader 
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Our system needs RSS feeds from the various news channels. So we have written a module 

which fetches these feeds from our pre-defined news sources which we have stored in our 

database, e.g. 

No. Feed link Source 

1 http://feeds.feedburner.com/NDTV-LatestNews?format=xml NDTV 

2 http://timesofindia.feedsportal.com/c/33039/f/533916/index.rss  Times Of India 

3 http://feeds.feedburner.com/TheBetterIndia?format=xml The Better India 

Table 4.1: RSS Feeds List 

This RSS feed contains channel’s name, description, published date, language under which 

this feed is published, short description of the channel, its category and a link to their 

site.Here is the sample xml file format which we got from feedburner, 

 

Below under Item tag, we get the details about the news article. This item includes title of the 

news, link to original article, a short description of news, news category, and published date. 

It is very difficult to find exact sentiment from those short head line/description. 

<rss xmlns:itunes="http://www.itunes.com/dtds/podcast-1.0.dtd">  
    <channel> 
        <title>NDTV News - Recent</title> 
        <link>http://www.ndtv.com/</link> 
        <description>Latest entries</description> 
        <language>en</language> 
        <pubDate>Sun, 10 Nov 2013 12:36:00 GMT</pubDate> 
        <lastBuildDate>Sun, 10 Nov 2013 12:36:00 GMT</lastBuildDate><channel> 
        <item> 
            <title>Miss Venezuela Gabriela Isler is Miss Universe 

2013</title> 
            <link>http://feedproxy.google.com/~r/NDTV-

LatestNews/~3/xMJnhFc_U2E/story01.htm</link> 
            <description>Miss Venezuela Gabriela Isler was crowned Miss 

Universe 2013 on Saturday. The second place went to Miss Spain Patricia                 

Yurena Rodriguez and third to Miss Ecuador Constanza Baez.  

src=http://feeds.feedburner.com/~r/NDTV-LatestNews/~4/xMJnhFc_U2E                 

height="1" width="1"/&gt;</description> 
            <category domain="">entertainment</category> 
            <pubDate>Sun, 10 Nov 2013 06:29:37 GMT</pubDate> 
            <guid isPermaLink="false">444027</guid> 
        </item> 
    </channel> 
</rss> 

http://feeds.feedburner.com/NDTV-LatestNews?format=xml
http://timesofindia.feedsportal.com/c/33039/f/533916/index.rss
http://feeds.feedburner.com/TheBetterIndia?format=xml
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We needed to capture entire news article by visiting its original link, extract article and push 

it in database. We have mapped this rss xml to its corresponding java class for parsing using 

JAXB parser. 

4.2 Processing Engine 

This is the core module of our project and aim at classifying news article read from the 

various resources. Our approach is to classify the document into either positive (+) or 

negative (-) document. There are many types of approaches available for document 

classification, but broadly three types of approaches are used for document classification for 

sentiment analysis. 

1. Using supervised machine learning algorithm based classifier like Naïve 

Bayes, Support Vector Machine or kNN with feature extraction scheme 

2. Using unsupervised machine learning algorithm for semantic orientation 

labeling words and then labeling entire document 

3. Using publicly available SentiWordNet library which provides positive, 

negative and neutral score for the words and then label the document based 

using some heuristic algorithm 

News corpus from different sources consists of news articles and editorial content with a 

broad range of discussions and topics. This also includes huge set of features to be taken into 

consider. Our aim here is to classify the news articles into positive articles or negative 

articles. If we see the news channels, they just show the trending news for some period of 

time and then with new topic people switches to new one completely ignoring older topics. 

Let’s say, we have built the model and classifier last month considering all the features 

extracting from the news articles available at that time. But today News articles may contain 

new features which might not be taken into consideration while building model last month. If 

we are using same classifier for classification for newly available news articles, then model 

will wrongly classify it and behave inconsistently. But it is also difficult approach for 

preparing training data set timely and building the model at some regular interval of time. So 

to avoid this, why can’t we delegate this job to the machine and let it build the model with 

dynamic data set as some regular interval of time.  
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To fulfill this approach, we have used SentiWordNet based approach for document 

classification which involves various linguistic combinations of features (like Adjective + 

Adverb or Adjective + Adverb and Adverb + Verb combination). 

We have explored different approaches for fetching the features from the articles. 

Computational linguistic says that with some combinations between Adjectives, Adverb and 

Verb carries more sentiments than any other words in the document and they are the good 

carriers of sentiments, e.g. “She was allegedly killed”. Here the use of word allegedly tells 

that killer killed her without any proof. Sometimes , adverb changes the meaning of the 

sentences, e.g. “He is not terrorist”. Here use of word not which is adverb reversing the 

overall sentiment of the sentence. So we have tried to classify the documents based on 

combination of “adverb + adjective” and “adverb + verb” scheme. 

In first scheme, we have extracted the adverb and adjective combinations. As adverbs 

modifies the sentiment of the succeeding adjective or adverb, we have to decide as in what 

proportion or scale it should modify the sentiscore of succeeding adjective or verb. This is 

needed to achieve the highest accuracy. So we have tried with various values for this factor 

ranging from 10% to 100%. And from our analysis and dataset, to get higher accuracy, we 

have taken this scaling factor sf = 0.35. 

Below is the pseudo code for the adverb + adjective combination scheme with scaling factor 

sf = 0.35. 

1. For each sentence, extract Adverb + Adjective combination 
2. totalAdvAdjCount := 0 
3. For each extracted (Adv + Adj) combination do: 

 If sentiscore(Adv) > 0,  
o If sentiscore(Adj) is positive then, 

sentenceScore += sentiscore(Adj) + sf*sentiscore(Adv) 
o If sentiscore(Adj) is negative then, 

sentenceScore += sentiscore(Adj) - sf*sentiscore(Adv) 
o Increment total no of AdjAdv count (totalAdvAdjCount) 

 If sentiscore(Adv) < 0, 
o If sentiscore(Adj) is positive then, 

sentenceScore += sentiscore(Adj) + sf*sentiscore(Adv) 
o If sentiscore(Adj) is negative then, 

sentenceScore += sentiscore(Adj) - sf*sentiscore(Adv) 
o Increment total no. of AdvAdj count (totalAdvAdjCount) 

 If sentiscore(Adj) == 0, ignore it 
 If sentiscore(Adv) == 0, ignore it 

4. FinalSentenceScore(Adv,Adj) = sentenceScore/totalAdvAdjCount; 
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Here Adj is acronym for adjectives, Adv is acronym for adverb, sentiscore is acronym for 

sentiment score from SentiWordNet. Here we processed all the sentences and final document 

score is aggregated from the FinalSentenceScore of each sentence. 

In second scheme, we have tried to combine both the combinations “Adverb + Adjective” 

and “Adverb + Verb”. This scheme is similar to the previous one in combining Adverb with 

Adjective. Here also we have used same scaling factor used in first scheme i.e. sf = 0.35. 

Below is the pseudo code for the adverb + adjective and adverb + verb combination scheme 

with scaling factor sf = 0.35. 

1. For each sentence, extract Adverb + Adjective combination 
2. totalAdvAdjCount := 0 
3. For each extracted (Adv + Adj) combination do: 

 If sentiscore(Adv) > 0,  
o If sentiscore(Adj) is positive then, 

sentenceScore += sentiscore(Adj) + sf*sentiscore(Adv) 
o If sentiscore(Adj) is negative then, 

sentenceScore += sentiscore(Adj) - sf*sentiscore(Adv) 
o Increment total no of AdjAdv count (totalAdvAdjCount) 

 If sentiscore(Adv) < 0, 
o If sentiscore(Adj) is positive then, 

sentenceScore += sentiscore(Adj) + sf*sentiscore(Adv) 
o If sentiscore(Adj) is negative then, 

sentenceScore += sentiscore(Adj) - sf*sentiscore(Adv) 
o Increment total no. of AdvAdj count (totalAdvAdjCount) 

 If sentiscore(Adj) == 0, ignore it 
 If sentiscore(Adv) == 0, ignore it 

4. FinalSentenceScore(Adv,Adj) = sentenceScore/totalAdvAdjCount; 
5. For each sentence, extract Adverb + Verb combination 
6. totalAdvVerbCount := 0 
7. For each extracted (Adv + Verb) combination do: 

 If sentiscore(Adv) > 0,  
o If sentiscore(Verb) is positive then, 

sentenceScore += sentiscore(Verb) + sf*sentiscore(Adv) 
o If sentiscore(Verb) is negative then, 

sentenceScore += sentiscore(Verb) - sf*sentiscore(Adv) 
o Increment total no of AdjAdv count (totalAdvAdjCount) 

 If sentiscore(Adv) < 0, 
o If sentiscore(Verb) is positive then, 

sentenceScore += sentiscore(Verb) + sf*sentiscore(Adv) 
o If sentiscore(Verb) is negative then, 

sentenceScore += sentiscore(Verb) - sf*sentiscore(Adv) 
o Increment total no. of Adv Verb count (totalAdvVerb Count) 

 If sentiscore(Adv) == 0, ignore it 
 If sentiscore(Verb) == 0, ignore it 

8. FinalSentenceScore(Adv, Verb) = sentenceScore/totalAdvVerb Count; 
9. FinalScore(Sentence) = FinalSentenceScore(Adv, Adj) + 0.6 * FinalSentenceScore(Adv, Verb) 
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Here also we processed all the sentences first and then final document score is aggregated 

from the FinalSentenceScore of each sentence. 

In the process of preparing training data set, we are also extracting different attributes as a 

feature listed below, 

 # positive words 

 # negative words 

 # neutral words 

 # strong negative words 

After getting training data set ready from above algorithms, we are adding above mentioned 

features and converting training set into CSV file. Now this CSV contains features of each 

document of training data set. Now next step is to convert this CSV file into a format which 

our machine algorithm understands. As we have used WEKA libraries, we need to convert 

CSV to ARFF file format. Weka itself provides APIs to convert CSV file directly into ARFF 

file format. CSVLoader class takes csv file as input which needs features to be in comma 

separated list. Later ArffSaver is one of the classes in Weka which takes care of converting 

csv into arff file. We need to set instances to ArffSaver class and this class writes in arff file 

format. 

After our training data set is ready in the arff format, we are preparing out test data in the 

same way mentioned above for training data. In Weka, It is necessary for machine learning 

algorithms to make instances available in arff file format. Now we have arff file for training 

data set as well as for test data set and we will use them as Data source to pass them to Weka. 

We have used SVM algorithm for building our model as classifier.  

We have experimented our data set with different kernels. We have used PolyKernel, 

Gaussian and String Kernel with different values of exponent, gamma and lambda 

respectively. 
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4.3 Platform to serve the positive news 

This is our end point where users log in and read the positive news. News can be picked up 

from repository which are processed and is assigned positive label. News is shown to user in 

the same format how he can actually read it on original site. Today we have built a Web UI to 

read the positive news. 

To build this platform, we have used divided this into two sub-modules. 

4.3.1 Backend REST APIs 

Representational State Transfer (REST) is software architecture for transmission of data over 

HTTP. Resources are addressed using URI and protocol it uses is stateless, cached and 

layered. There are no of APIs which we have written for the purpose of providing backend 

support and data to Web UI, 

1. Login API 

This API is to login to our Web UI which authenticates the user of our application. 

Method: POST 

http://localhost:8080/GoodBookServiceAPI/rest/goodBookService/authenticate 

Serialize username and password and put it in payload 

Response:  

 { 

       "id": 1, 

       "displayName": "Kiran Doddi", 

       "token": "rKsw+JvTvJcw0TA1O2ihbNqrvss=", 

       "emailId": "kirand@gmail.com" 

    } 

Response includes token which is valid for 8 hour of the session. After 8 hour, user is 

automatically redirected to login page. We are preserving this at UI end and using it in 

other rest calls as path param. 

http://localhost:8080/GoodBookServiceAPI/rest/goodBookService/authenticate


GoodBook 

27 
 

2. Read news API 

Method: GET 

http://localhost:8080/GoodBookServiceAPI/rest/goodBookService/token/"+token+"/l

oadNews 

Here we are passing token string as a part of path parameter. Here we first validate the 

token expiry time. If token is expired, UI is redirected to login page for login. 

Response includes top 5 latest news articles. 

3. Share news API 

POST 

http://"+ip_address+":8080/GoodBookServiceAPI/rest/goodBookService/token/"+tok

en+"/publishNews 

Serialize the news title and news article and put it in payload 

Response includes confirmation of the post call. 

There are no of APIs which we have written for the purpose of providing backend support 

and data to Web UI, 

  

http://localhost:8080/GoodBookServiceAPI/rest/goodBookService/token/%22+token+%22/loadNews
http://localhost:8080/GoodBookServiceAPI/rest/goodBookService/token/%22+token+%22/loadNews
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4.3.2 Web UI 

This is our GUI to read the positive news articles. We have used HTML5, JQuery Ajax and 

javascript to build UI. Below are few snapshots of our UI. 

1. Login Page 

2. Home Page 
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3. Publish News Page 
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Chapter 5 

Experiment & Results 

In this chapter, we are going to present the experiments we tried with our data set and the end 

result of it. Here we will discuss our heuristic algorithm for document classification and SVM 

with different Kernel we used by setting different values to its corresponding attribute.  

5.1 Dataset used for experimentation 

We have a written our own cronjob (Data-Aggregator) which runs every hour, fetches data 

from feedburner (RSS server for news articles) and store it in MySQL database. Today we 

have around more than 25000 articles. Out of them we have prepared around 500 articles for 

our experiment purpose. We have 500 news articles pre classified with positive and negative 

labels. Out of them, 265 articles are positive and 215 articles are negative. We have also 

prepared test data set of 50 articles out of which 25 are positive and 25 are negative. We also 

have dictionary of positive, negative and neutral words by using which we calculate the 

feature vector. 

5.2 Measures used for evaluation 

For classification, we have using confusion matrix (contingency table) of four different 

measures, true positive, true negative, false posit ive and false negative. Our system is trained 

to calculate these four measures and we are calculating other important measures using them. 

This is illustrated in below Table 5.2: 

 
Actual label (Expectation) 

Predicted label 

(Observation) 

TP (True Positive) 

Correct result 

FP (False Positive) 

Unexpected result 

FN (False Negative) 

Missing result 

TN (True Negative) 

Correct result 

Table 5.2: Confusion matrix for Classification Model 
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 Precision: % of selected documents that are correctly classified in class C out of all 

documents in class C. It is calculated using equation:  

         
              (   

             (                  (   
 

 Recall: % of correct documents that are selected in class C from all the documents 

actually belonging to class C. It is calculated using equation: 

       
              (   

             (                  (   
 

 Accuracy: Proportion of total number of predictions that are correctly classified in 

class C. It is determined using below equation: 

         
     

           
 

 

5.3 Result of Document Classification 

We have mentioned our heuristic algorithm for document classification in section 4.2. In this 

section we are presented result for different values of adverb scaling factor (sf) which takes 

the % of adverb share in calculating sentiment line and verb scaling factor which takes % of 

verb share in calculating sentiment of document. 

Adverb Scaling 
Factor 0.25 0.35 0.35 0.45 0.55 0.55 
Verb Scaling 
Factor 0.2 0.3 0.4 0.4 0.4 0.5 

Accuracy 0.855291577 0.857451404 0.855291577 0.853131749 0.850971922 0.848812095 

Precision 0.915966387 0.912863071 0.909090909 0.908713693 0.911764706 0.907949791 

Recall 0.822641509 0.830188679 0.830188679 0.826415094 0.818867925 0.818867925 

Table 5.3: Result for adverb and verb scaling factor 
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As shown in above table, we are getting maximum accuracy for Adverb Scaling Factor 0.35 

and Verb Scaling Factor 0.3. So we have used these results to compute and validate further 

result by SVM with different Kernels and with their corresponding attribute values. 

5.4 Result of SVM algorithm with different Kernels 

Here we have taken Adverb Scaling factor = 0.35 and Verb Scaling factor as 0.3. First we 

have set Gaussian Kernel in SVM and started its gamma value from 1.1 till 2.0. 

Corresponding class name for Gaussian Kernel in Weka is RBFKernel. 

Below is the code snippet which shows how we set the RBFKernel in Weka. 

weka.classifiers.functions.supportVector.RBFKernel kernel = new 

weka.classifiers.functions.supportVector.RBFKernel(); 

kernel.setGamma(1.5); // tried with 1.1 to 2.0 

smo.setKernel(kernel); 

 

Below is the result table for different gamma values for Gaussian Kernel. 

Kernel RBFKernel RBFKernel RBFKernel RBFKernel 

Gamma 1.1 1.3 1.5 1.8 

Accuracy 0.608695652 0.652173913 0.695652174 0.717391304 

Precision 0.607142857 0.607142857 0.607142857 0.607142857 

Recall 0.708333333 0.772727273 0.85 0.894736842 

Table 5.4.1: Result of SVM algorithm with RBFKernel 

Here we found that for Gamma value of 1.8, we are getting maximum accuracy, precision 

and recall. So Accuracy=0.717391304, Precision=0.607142857 and Recall=0.894736842.  

The above table is shown graphically as below. 
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Figure8: Graph of Result of SVM algorithm with RBFKernel 

Later we have verified result for Polynomial Kernel in SVM and started its exponent value 

from 2 till 5. Corresponding class name for Gaussian Kernel in Weka is PolyKernel. 

Below is the code snippet which shows how we set the PolyKernel in Weka. 

weka.classifiers.functions.supportVector.PolyKernel p = new 

weka.classifiers.functions.supportVector.PolyKernel();  

p.setExponent(2); // tried with 2 to 5 

smo.setKernel(p); 

 

Below is the result table for different exponent values for Polynomial Kernel. 

Kernel PolyKernel PolyKernel PolyKernel PolyKernel 

Exponent 2 3 4 5 

Accuracy 0.695652174 0.673913043 0.652173913 0.652173913 

Precision 0.821428571 0.857142857 0.857142857 0.857142857 

Recall 0.71875 0.685714286   0.666666667 0.666666667 

Table 5.4.2: Result of SVM algorithm with PolyKernel 
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Here we found that for Exponent value of 2, we are getting maximum accuracy, precision and 

recall. So Accuracy=0.695652174, Precision=0.821428571 and Recall=0.71875. 

 

Figure 9: Graph of Result of SVM algorithm with PolyKernel 

So with our testing for two kernels, we are getting better accuracy with Gaussian Kernel that 

is Accuracy=0.717391304 for Gamma value of 1.8. 
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Chapter 6 

Conclusion and Future scope 

6.1 Conclusion 

The proposed solution and implementation of the system justify that we can build our model 

on dynamic data set of news corpus on broad range of topics and we are getting satisfactory 

performance for document classification for preparing training data set which is very crucial 

step of classification. 

We can use this proposed system in the area where feature of documents changes as per time 

and preparing training data again for new features is important.  

6.2 Future Scope 

Sentiment of a news article varies per user. It is quite possible that news which is negative to 

one user can be found as positive to another user. It depends on user perception of the article 

and his/her thought. So to support this, we can create account for each user and ma intain 

his/her profile. User can put a rating to each article that he read. If user finds any news article 

as negative, he can rate the article from one star to 5 start or mark article as negative. This 

user feedback will be taken into account for serving new news articles to same user in future. 

It means that system would be self-learned from this feedback. 

The platform we have provided today for reading good news is only web UI. But in future, 

we can provide various platforms to the user for reading good news and spreading positivity 

like  

1. Outlook plugin for employees who read mail everyday can also read positive 

news. For this we have to serve good news articles in the form of RSS feeds to 

this outlook plugin 

2. Today, most of the people use smart phones. We can build the mobile application 

and serve the good news over there. 



GoodBook 

36 
 

We can also make end user application platform to let users share any news, URL or plain 

text input through the mobile application and Web UI to FB, Twitter, and LinkedIn and so 

on. 

Today, we store news articles data in MySQL data base. As the data increases, it will be 

bottle neck for MySQL to store huge data. So we can migrate to Cassandra (multi node 

noSQL database) which is easy to accommodate the full range of data formats structured, 

semi-structured and unstructured. 
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Appendix A 

 Paper Publication 

Title Journal Name 
Impact 
Factor 

Status 

Sentiment 
Classification of 
News Articles 

International Journal 
of Computer Science 

and Information 
Technologies 

2.93 Published 
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