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 Chapter 1  

INTRODUCTION 

1.1 Introduction 
1.1.1 Document Classification 
Modern information age produces vast amount of textual data, which can be termed in other 
words as unstructured data. Internet and corporate spread across the globe produces textual 
data in exponential growth, which needs to be shared, on need basis by individuals. If the 
data generated is properly organized, classified then retrieving the needed data can be made 
easily with least efforts. Hence the need of automatic methods to organize, classify the 
documents becomes inevitable due to such exponential growth in documents, very especially 
after the increase usage of internet by individuals. Automatic classification refers to assigning 
the documents to a set of pre-defined classes based on the textual content of the document or 
feature vector hat represent the document in which it belongs to. There are many research 
work had done for the text classification based on machine learning approaches and rule- 
based approaches. Paper [25] introduces many learning approaches like Naive Bayesian, 
Riccho Method, Neural Network, Decision tree, KNN method and so on for text 
classification. But we analyze the concept of new classification model which classifies Self-
created database of Nepali collected documents to predefined classes such as education, 
business, sport, health and crime etc. The task of Nepali document classification is unique 
challenges in term of time and efficiency. The classification can be flat or hierarchical. As 
show in the figure 1.1 flat classifications, categories are considered parallel, i.e., one category 
does not supersede another. If the class categories grow significantly large in number say, in 
thousands then searching with such a large number of categories becomes very difficult. This 
difficulty leads to have hierarchical classification in which the thematic relationship between 
the classifications is also used, in searching of documents. Figure 1.2 gives hierarchical 
classification. 
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Figure 1.1: Flat classification 

 
 
 
 
 
 
 
 
 
 
 

 
 
 

Figure 1.2: Hierarchical classification 
 

1.1.2 Text Classification 
Text classification [30], also known as text categorization or topic spotting, is a supervised 
learning task, where pre-defined category labels are assigned to documents based on the 
likelihood suggested by a training set of labeled documents. In knowledge engineering, 
expert knowledge is used to define manually a set of rules on how to classify documents 
under the pre-defined categories. It is discussed in [25] that the machine learning approach to 
document classification leads to time and cost savings in terms of expert manpower without 
loss in accuracy. In the problem of text classification we have a set D of documents and a set 
S of pre-defined categories. The aim is to assign a Boolean value to each (di, cj) pair, where 
di∈D and cj∈S. A value of true assigned to (di, cj) stands for the decision of assigning 
document di to category cj. Analogously, value of false assigned to (di, cj) stands for the 
decision of not assigning document di to category cj. To state more formally, the task is to 
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approximate the unknown target function f: D×S→ {true, false}, that describes the way the 
documents should actually be classified, by the classifier function fꞋ: D ×S → {true, false} 
such that number of decisions of f and fꞋ that do not coincide is minimized. 
 

Initially machine learning was applied for a binary classification, where the classifier 
determines whether the document belongs to some pre-defined category or not. A special 
case of single-label classification is binary classification, in which, given a category ck, each 
dj € D must be assigned either to ck or to its complement ck. An example of binary 
classification is distinguishing an e-mail message between spams and legitimate [27]. 
Figure 1.3 gives binary classification. In hard classifier a document at any instance of time 
belongs to a single category, it cannot be a member of two classes. 
 
 
 

 
 
 
 
 
 
 

 
Figure 1.3: Binary classification 

If the classification is made in such a way that one document belongs to utmost only one 
class at a time, then we refer to such a classification as single-label multi-class classification 
task.  Figure1.4 shows abstract multi-class single label classifier. 

 
 
 
 
 
 

 
Figure 1.4: Multiple class single level classification 
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1.1.3 Principles of Text Classification 
The two main principles that are widely accepted are as follows: 

 Content based classification: In this classification, the weight given to particular 
subjects in a document determines the class to which the document is belongs to. In 
automatic classification, it could be the number of times given words appears in a 
document. 

 Request oriented classification: In this classification, the anticipated request from 
users is influencing how documents are being classified. 
 

1.1.4 Methods of Text classification 
Text classification includes two main methods: topic based text classification and text 
genre- based classification. 
 Topic-based text categorization: classifies documents according to their topics. 
 Texts genre- based classification: classifies document based on the genre which can 

be defined as the way a text is created, the way it is edited, the register of language it 
uses, and the kind of audience to whom it is addressed. 

As considering the human interference, text classification can be categorized into manual or 
automated. 
 
1.1.4.1 Manual text classification 
Text classification can be done manually which is very accurate when job is done by experts 
and is consistent when the problem size and team is small. Since, it is difficult and expensive 
to scale. It has several disadvantages  

 It needs domain experts in the areas of predefined categories. 
 It is time-consuming, leads to frustration. 
 It is error-prone and could be employee biased (subject biased). 
 Human decision among two experts may disagree. 
 Need to repeat the process for new documents (possibly of another domain). 

 
1.1.4.2 Automatic text classification 
Manual text classification has several disadvantages so need to employee machine learning to 
automate the classification is needed.  In machine learning generally two types of learning 
algorithms are found in the literature. Supervised learning algorithms and unsupervised 
learning algorithms. We have used supervised earning algorithms in this research. In the 
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process of TC construction of a generalize model(classifier) is considered, which is 
constructed using pre-classified training documents for each category so as to classify 
correctly the unseen documents 
Automatic Text Classification [30] which automatically involves assigning a text document 
to a set of pre-defined classes, using a machine learning technique. The classification is 
usually done on the basis of significant words or features vectors extracted from the text 
document. 
1.1.5 Nepali Text Classification 
Nepali Text classification is the act of dividing a set of input Nepali documents into two or 
more classes where each document can be said to belong to one or multiple classes. We 
classified the collected Nepali textual document into five different categories namely 
Business, Crime, Sport, Health and Education. It is one of the challenging problems in the 
field of artificial intelligence and machine learning. Today huge amount of information are 
being associated with the web technology and the internet which are unstructured, unordered 
and congested. To gather useful information from it these texts have to be categorized [25]. 
Since, huge growth of information flows and especially the explosive growth of Internet 
promoted the growth of automated text classification. The development of computer 
hardware provided enough computing power to allow automated text classification to be used 
in practical applications. Text classification is commonly used to handle spam emails, 
classify large text collections into topical categories and manage knowledge and also to help 
Internet search engines. 

1.2 Applications of Document Classification 
The motivation behind developing text classification systems is inspired by its wide range of 
applications. 

1. Spam Filtering: A spam filter is a program that is used to detect unsolicited and 
unwanted email and prevent those messages from getting to a user’s inbox. A text 
classification system could, in the ideal case, categorize incoming messages into 
genuine and spam categories, rejecting these that it found to be spam. 

 
2. Document Organization: A news or media company will typically get hundreds and 

thousands of submissions every day. In order to efficiently handle such vast flow of 
information, there is a need of an automatic text classification system, which would 
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categorize each document by topics so that they could be sent to the relevant recipient 
maintaining the Integrity of the Specification. 

 
3. Web page prediction: Text classification can be used to predict web page the user is 

likely to click on. Each hyperlink text description is treated as a miniature document. 
Also a text categorization system could be used to naively predict the next page for a 
fast look-ahead caching system. 

 
4. Pornography classification: The exponential increase of information in internet has 

raised the issue of information security. Pornography web content is one of the 
biggest harmful resources that pollute the mind of children and teenagers. Several 
web content classification approaches have been proposed to avoiding these illicit 
web contents which are accessing by the children. 

 
5. Automatic summary evaluation: Text classification could be applicable to evaluate 

automatic summarization of text on the basis of feature vector of document. 

1.3 Motivation 
Nepali Text Classification is a special problem in the domain of text mining and machine 
intelligence. The field of Text Classification is split into two different categories: Automatic 
classification and Manual classification. Due to information overload, efficient classification 
and retrieval of relevant content has gained significant importance. The problem of 
classification increases when we operate it in the automatic mode. There lots of work has 
been done in this area in the past few years. There are lots of research work have been done 
for English as well as other language too. But there is no any work done for the Nepali 
language, since I was motivated to do this research work for Nepali language. Nepali Text 
Classification system can also help in automatic organizing of web content, filtering, 
prediction of web pages and any other. Automatic processing benefits into availability for 
their contents. Although, a lot of approaches have been proposed for other languages, so 
automated text categorization is still a major area of research. 

1.4 Problem Definition 
In this research work, the problem of Nepali news type classification is addressed. The 
problem of Nepali text classification is determined the class of input document according to 
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its content. The classification task will be carried out with Naive Bayesian (NB), and SVM. 
SVM and Naive Bayesian (NB) are techniques to classifying news type. In this thesis work, 
to present models based on SVM and Naive Bayesian (NB) methods will be presented for 
news type filtering the text written in which is used for Nepali language. The accuracy of 
classifier is one of the main concerns of the thesis.  In order to classify documents, data sets 
are prepared by collecting documents from newspaper, article etc. The problem is a kind of 
text classification, since news type is in a language is a special case of texts in the language. 
 
There are many sub-problems in the domain of document classification such as stop-words 
removal, symbols and punctuation removal, white spaces removal, word stemming, feature 
extraction, term weighting etc. These are also addressed with the most suitable solutions in 
the literature for this research work. 

1.5 Objective 
The objective of this research work is to investigate various feature extraction techniques and 
to compare Support vector machine and Naive Bayesian probabilistic techniques, to improve 
accuracy of Nepali text classification. Comparative Performance matrices are analyzed.  
The sub-problem is also addressed such as stop-words removal, symbol and punctuation 
mark removal, digit and Non-Nepali character removal, stemming, feature extraction, term 
weighting etc. 
The main objective is given below: 

1. To build Nepali news type filter based on two methods: Support vector machine  and 
Naive Bayes 

2. To analyze the accuracy of Support vector machine (SVM) and Naïve (NB) Bayes 
Classifiers for news type classification on Nepali text. 

1.6 Contribution of this Dissertation 
The main contribution of this thesis to the field of automatic Nepali news type classification 
can be seen in its extensive experimental work. A more detailed list of the various 
contributions is provided below: 

 Use of Naive Bayes Classifier and Support vector machine to analysis the Nepali 
news type classification. 

 Built a news type text classification model for Nepali language text 
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1.7 Outline of the Document 
The remaining part of the document is organized as follows 
Chapter 2 describes necessary background information and related work of document 
classification research on single document as well as in multi document. 
Chapter 3 describes in detail the system model and the theoretical approaches for automated 
Nepali document classification problem. It includes document preprocessing, feature 
extraction and classification methods. 
Chapter 4 describes the implementation details of the system. All the methods described in 
the Chapter 3 are implemented for system evaluation. 
Chapter 5 includes experimentation results and analysis of the systems. 
Chapter 6 concludes the system performance and future directions. 
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Chapter 2 

BACKGROUND AND LITERTURE REVIEW 

2.1 Literature review 
Text classification, which dates back to the beginning of the 1960 but only in 1990 did it 
became major principle in the information systems discipline. Text categorization is now 
being applied in many context based on a vocabulary to document indexing based on 
controlled vocabulary, to document filtering , word sense disambiguation, etc. “Knowledge 
engineering” [25] which is more popular approach used in late 1980 which consisting of set 
of rules encoding expert knowledge on how to classify document under given categories. 
Furthermore, machine earning approach was introduced due to the increasing popularity of 
classification introduces an automatic text classifier by learning. If we survey previous works 
relevant to this research, There exist other kinds of approaches to text categorization than 
machine learning based ones: heuristic and rule based approaches. Heuristic approaches were 
already applied to early commercial text categorization systems. However, we count out the 
kind of approaches in our exploration, since they are rule of thumbs. Since rule based 
approaches have poor recall and require a time consuming job of building rules manually as 
mentioned in the previous section, they are not covered in this thesis, either. Therefore, this 
research counts only machine learning based approaches to text categorization considered as 
state of the art ones.  
 
Typical machine learning algorithms applied traditionally to text categorization are KNN (K 
Nearest Neighbor), NB (Naïve Bayes), SVM (Support Vector Machine), and BP (Back 
Propagation). The four approaches to text categorization have been used more popularly in 
previous literatures on text categorization than any other traditional approaches.  

 
Among them, the simplest approach is KNN. KNN is a classification algorithm where objects 
are classified by voting several labeled training examples with their smallest distance from 
each object. KNN was initially applied to classification of news articles by Massand et al, in 
1992 [19]. Yang compared 12 approaches to text categorization with each other, and judged 
that KNN is one of recommendable approaches, in 1999 [33]. KNN is evaluated as a simple 
and competitive algorithm with Support Vector Machine for implementing text 
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categorization systems by Sebastiani in 2002 [25]. Its disadvantage is that KNN costs very 
much time for classifying objects, given a large number of training examples because it 
should select some of them by computing the distance of each test object with all of the 
training examples. 
 
Another popular and traditional approach to text categorization is NB Differently from KNN; 
it learns training examples in advance before given unseen examples. It classifies documents 
based on prior probabilities of categories and probabilities that attribute values belong to 
categories. The assumption that attributes are independent of each other underlies on this 
approach. Although this assumption violates the fact that attributes are dependent on each 
other, its performance is feasible .In text categorization [17]. Naïve Bayes is used popularly 
not only for text categorization, but also for any other classification problems, since its 
learning is fast and simple [5]. In 1997, Mitchell presented a case of applying NB to text 
categorization in his textbook [17]. He asserted that NB was a feasible approach to text 
categorization, although attributes of numerical vectors representing documents were 
dependent on each other; this fact contradicts with the assumption underlying in NB. In 1999, 
Mladenic and Grobellink evaluated feature selection methods within the application of Naïve 
Bayes to text categorization [18]. Their work implied that NB is one of standard and popular 
approaches to text categorization. Androutsopoulos et al adopted NB for implementing a 
spam mail filtering system as a real system based on text categorization in 2000 [1]. It 
requires encoding documents into numerical vectors for using NB to text categorization.  
 
Another popular and traditional approach to text categorization is SVM. Recently, this 
machine learning algorithm becomes more popular than the two previous machine learning 
algorithms. Its idea is derived from a linear classifier, Perceptron, which is an early neural 
network. Since the neural network classifies objects by defining a hyper-plane as a boundary 
of classes, it is applicable to only linearly separable distribution of training examples. The 
idea of SVM is that if a distribution of training examples is not linearly separable; these 
examples are mapped into another space where their distribution is linearly separable. SVM 
optimizes the weights of the inner products of training examples and its input vector, called 
Lagrange multipliers [3], instead of those of its input vector, itself, as its learning process. It 
defines two hyper-planes as a boundary of two classes with a maximal margin. Refer to [12] 
or [3], for more detail description on SVM. The advantage of SVM is that it is tolerant to 
huge dimensionality of numerical vectors; it addresses the first problem. Its advantage leads 
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to make it very popular not only in text categorization, but also any other classification 
problems [3]. In 1998, it was initially applied to text categorization by Joachims [14]. He 
validated the classification performance of SVM in text categorization by comparing it with 
KNN and NB. Drucker et al adopted SVM for implementing a spam mail filtering system and 
compared it with NB in implementing the system in 1999 [4]. They asserted empirically that 
SVM was the better approach to spam mail filtering than NB. In 2000, Cristianini and 
Shawe-Taylor presented a case of applying SVM to text categorization in their textbook [3]. 
In 2002, Sebastiani asserted in his survey paper that SVM is most recommendable approach 
to text categorization by collecting experimental results on the comparison of SVM with 
other approaches from previous works [25]. In spite of the advantage of SVM, it has two 
demerits. One is that it is applicable to only binary classification; if a multiple classification 
problem is given, it should be decomposed into several binary classification problems for 
using SVM. The other is that it is fragile to the problem in representing documents into 
numerical vectors, sparse distribution, since the inner products of its input vector and training 
examples generates zero values very frequently. 

 
The third popular and traditional approach to text categorization is BP. It is most popular 
supervised neural network and used for not only classification tasks but also nonlinear 
regression tasks [10][11]. It is also derived Perceptron, together with SVM. When a 
distribution of training examples is not linearly separable, in SVM, the given space is 
changed into another space where the distribution is linearly separable, whereas in back 
propagation, a quadratic boundary is defined by adding one more layer, called hidden layer 
[10][11]. More detail explanation about back propagation is included in [10] or [11]. In 1995, 
BP was initially applied to text categorization by Wiener in his master thesis [31]. He used 
Reuter 21578 as the test bed for evaluating the approach to text categorization and shown that 
back propagation is better than KNN in the context of classification performance. In 2002, 
Ruiz and Srinivasan applied continually back propagation to text categorization [23].They 
used a hierarchical combination of BPs, called HME (Hierarchical Mixture of Experts), to 
text categorization, instead of a single BP. They compared HME of BPs with a flat 
combination of BPs, and observed that HME is the better combination of BPs. Since BP 
learns training examples very slowly, it is not practical, in spite of its broad applicability and 
high accuracy, for implementing a text categorization system where training time is critical. 
Research on machine learning based approaches to text categorization has been progressed 
very much, and they have been surveyed and evaluated systematically. In 1999, Yang 
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evaluated 12 approaches to text categorization including machine learning based approaches 
directly or indirectly in text categorization [33]. She judged the three approaches, LLSF 
(Linear Least Square Fit), K Nearest Neighbor, and Perceptron, worked best for text 
categorization. In 2002, Sebastiani surveyed and evaluated more than ten machine learning 
based approaches to text categorization [25]. He asserted that Support Vector Machine is best 
approach to text categorization with respect to classification performance. All approaches 
which were surveyed and evaluated in these literatures require encoding documents into 
numerical vectors in spite of the two problems. We explored and presented previous cases of 
applying one of the four traditional machine learning algorithms to text categorization. 
Although the traditional approaches are feasible to text categorization, they accompany with 
the two main problems from representing documents into numerical vectors. In the previous 
works, dimension of numerical vectors should reserve, at least, several hundred for the 
robustness of text categorization systems. In order to mitigate the second problem, sparse 
distribution, a task of text categorization was decomposed into binary classification tasks in 
applying one of the traditional approaches. This requires classifiers as many as predefined 
categories, and each classifier judges whether an unseen document belongs to its 
corresponding category or not. There is a previous trial to solve the two problems. In 2002, 
Lodhi et al proposed a string kernel for applying Support Vector Machine to text 
categorization [16]. In their solution, documents as raw data are used directly for text 
categorization without representing them into numerical vectors. String kernel is a function 
computing an inner product between two documents given as two long strings. An additional 
advantage of the solution is to process documents independently of a natural language in 
which documents are written. However, their solution was not successful in that it took far 
more time for computing string kernel of two documents and the version of SVM using the 
string kernel was not better than the traditional version. There are many research works for 
text classification found based on rule and machine learning approaches. But there is no 
comparison of Naïve Bayes and support vector machine classification techniques are 
available in the literature of Nepali text is made. Since, classification of Nepali text is 
challenging problem. There is a large corpus of research on the application of text 
classification in different domains, but no system to date has achieved the goal of system 
acceptability for Nepali text classification. This research will be a successful attempt to solve 
Nepali news type classification problem by proposing Naïve Bayesand support vector 
machine classifier. 
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2.2 Machine Learning 
Machine learning is programming computers to optimize a performance criterion using 
example data or past experience. Learning is done by the execution of a computer program to 
optimize the parameters of a defined model, which can be predictive to make predictions in 
future or descriptive to gain knowledge from data or both. There are two things that need to 
be achieved in the learning process. First, the training needs to be done with an efficient 
algorithm to solve the optimized problem, and to store and process the data. Second, the 
trained model needs an efficient representation and algorithm for inference. 
2.2.1 Types of Machine Learning Algorithms 
Machine learning algorithms are organized in a taxonomy based on their desired outcomes. 
The common algorithm types are: 

 Supervised learning – These algorithms generate a function based on the training data 
set that maps inputs to predetermined labels or classes.  

 Unsupervised learning – These algorithms are not provided with classification. They 
seek out similarities between data points to form clusters.  

 Semi-supervised learning – The algorithms combine both labeled and unlabeled data 
to generate a classifier.  

 Reinforcement learning – These algorithms learn by interacting with an environment. 
Instead of being trained on an existing data, these algorithms learn from their actions 
which are selected based on past actions (exploitation) or by new choices 
(exploration). The algorithm receives a numeric reward from the environment for a 
successful outcome of an action and it selects actions that maximize the accumulated 
reward over time [8].  

 
 Transduction – These algorithms are similar to supervised algorithms but instead of 

explicitly specifying a function, they try to predict new outputs based on training 
inputs, training outputs, and testing inputs.  
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 Learning to learn – These algorithms learn their own inductive bias based on previous 
experience.  

2.3 Overview of Data Mining Concept 
Data Mining is the process of extracting knowledge or discovering of new information from 
large volumes of raw data [15]. The knowledge or information should be new and one must 
be able to use it. It discovers patterns and relationship using data analysis tools and 
techniques to build models. 
There are two main kinds of models in data mining which are as follow: 

 Predictive model: In this model, known data results are used to develop a model and 
that can be used to explicitly predict values. 

 Descriptive model: In this model, patterns are described from existing data and 
models are abstract representation of reality which can be reflected to understand 
business and suggest actions. 

2.4 Data Mining 
Data mining was introduced in the 1990s and it is traced back along three categories i.e. 
classical statistics, artificial intelligence and machine learning. Data mining is the process of 
discovering patterns in large data sets involving methods at the intersection of artificial 
intelligence, machine learning, statistics, and database systems. It is also known as 
knowledge discoveries detecting something new from large–scale or information processing 
[15]. Its objective is to extract information from a data set and transforms it into an 
understandable structure for further use. It is mainly related to database and data management 
aspects, data pre-processing, model and inference considerations, interestingness metrics, 
complexity considerations, post processing of discovered structures, visualization, and online 
updating. The data mining step might identify multiple groups in the data, which can then be 
used to obtain more accurate prediction results by a decision support system. 
A Decision Support System [15] is a computer-based information system that supports 
business or organizational decision making activities. It serves the management, operations, 
and planning levels of an organization and help to make management decisions, which may 
be rapidly changing and not easily specified in advance .Hence, the actual data mining task is 
the automatic or semi-automatic analysis of large quantities of data to extract previously 
unknown interesting patterns such as groups of data records (cluster analysis i.e. grouping a 
set of objects in such a way that objects in the same group are more similar to each other than 
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to those in other groups ), unusual records (anomaly detection i.e. detection of outliers, noise, 
deviations or exceptions in large data sets) and dependencies (association rule mining i.e. 
detecting interesting relations between the variables in large databases). 
2.4.1 Purpose of Data mining 
Data mining can automate the process of finding relationships and patterns in raw data. Thus, 
results can be either utilized in an automated decision support system or assessed by a human 
analyst. There are three main reasons to use data mining: especially in science and business 
areas which need to analyze large amounts of data to discover trends which they could not 
otherwise find. 

 Too much data and too little information. 
  There is a need to extract useful information from the data and to interpret the data. 
  Predict outcomes of future situations. 
2.4.2 Technique in Data mining 
Data mining is the automated extraction of patterns representing knowledge implicitly stored 
in large databases, data warehouses and other massive information repositories. Some of the 
techniques adopted in data mining as given below: 
2.4.2.1 Association rule 
In this technique, interesting association between attributes that are contained in a database 
are discovered which are based on the frequency counts of the number of items occur in the 
event (i.e. a combination of items), association rule tells if item X is a part of the event, then 
what is the percentage of item Y is also the part of event. 
2.4.2.2 Clustering 
Clustering is a technique used to discover appropriate groupings of the elements for a set of 
data. It is undirected knowledge discovery or unsupervised learning i.e, there is no target field 
and relationship among the data is identified by bottom-up approach. 
2.4.2.3 Decision Tree 
In this technique, classification is performed by constructing a tree based training instance 
with leaves having class labels. The tree is traversed for each test instance to find a leaf, and 
the class of the leaf is predicted class. This is a directed knowledge discovery in the sense 
that there is a specific field whose value we want to predict. 
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2.4.2.4 Neural Network 
It is often represented as a layered set of interconnected processors. These processor nodes 
are frequently referred as neurons so as to indicate a relationship with the neurons of the 
brain. Each node has a weight connection to several other nodes in adjacent layers, each 
individual nodes take the received from connected nodes and use the weights together to 
compute output values. 
 
2.4.2.5 Classification and prediction 
Classification is the technique in which set of documents are classified in the predefined 
category. Prediction is the process of predicting categorical class labels, constructing a model 
based on the training set and class labels in a classifying attribute. 

2.5 Automatic Text Classification 
Automatic text categorization has an important application and research topic since the 
inception of digital documents. The TC task assigns category label to new documents based 
on the knowledge gained in a classification system. A wide variety of supervised machine 
learning algorithms has been applied to this area using a training data set of categorized 
documents. TC can play an important role in wide range of more flexible, dynamic and 
personalized task. In general, it can be applied in many applications requiring document 
organization or selective and adaptive document dispatching. Automatic document 
classification tasks can be divided into three sorts: 
2.5.1 Supervised Text Classification 
In Supervised Learning, incorporates an external teacher, the set of possible classes is known 
in advance so that each output unit is told what its desired response to input signals ought to 
be. It may require global information during the learning process. Supervised learning 
includes error-correction learning, reinforcement learning and stochastic learning. An 
important concerning issue of supervised learning is the problem of error convergence, i.e. 
the minimization of error between the desired and computed unit values. The aim is to 
determine a set of weights which minimizes the error. A paradigm of supervised learning is 
least mean square convergence which is known method among many paradigms. 
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2.5.2 Unsupervised Text Classification 
In unsupervised classification, the set of possible classes is not known. After classification, 
we can try to assign a name to that class. It is called clustering, where the classification is 
done entirely without reference to external information. It uses no external teacher and is 
based upon only local information. It is also referred to as self-organization, in the sense that 
data are organized by itself presented to the network and detects their emergent collective 
properties.  
2.5.3 Semi-supervised text Classification 
In this classification, parts of the documents are labeled by the external mechanism. It learns 
with a small set of labeled examples and a large set of unlabeled examples i.e. learning with 
positive and unlabeled examples. 

2.6 Automatic Text Classification Techniques 
Dealing with unstructured text, handling large number of attributes, examining success of 
preprocessing techniques , dealing with missing meta data and choice of a suitable machine 
learning technique for training a text classifier are major concerns of automatic text 
classification. Since, no single method is found to be superior to all others for all types of 
classification. Some of widely accepted techniques due to extensive increase in digital 
documents are as follows: 
2.6.1Support Vector Machines 
Support Vector Machines (SVMs) are a generally applicable tool for machine learning. Let 
training examples are xi, and the target values yi€ {-1, 1}. SVM searches for a separating 
hyper plane, which separates positive and negative data samples from each other with 
maximal margin, in other words, the distance of the decision surface and the closest example 
is maximal[12]. 
2.6.2Artificial neural networks 
A neural network is a powerful data-modeling tool that is able to capture and represent 
complex input/output relationships [11]. The motivation for the development of neural 
network technology stemmed from the desire to develop an artificial system that could 
perform ”intelligent” tasks similar to those performed by the human brain. Neural networks 
resemble the human brain in the following two ways: 
 

 a neural network acquires knowledge through learning. 
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 a neural network’s knowledge is stored within inter-neuron connection strengths 
known as synaptic weights. 
 

Physical nervous system is highly parallel, distributed information processing system having 
high degree of connectivity with capability of self-learning. Human nervous system contains 
about 10 billion neurons with 60 trillions of interconnections. These connections are modified 
based on experience. 
 
Artificial neural network is non-linear, parallel, distributed, highly connected network having 
capability of adaptively, self-organization, fault tolerance etc. which closely resembles with 
physical nervous system. Artificial neural networks are composed of interconnecting artificial 
neurons that mimic the properties of biological neurons which can be either be used to gain 
an understanding of biological neural networks, or for solving artificial intelligence problems 
without necessarily creating a model of a real biological system. The real biological nervous 
system is highly complex. Artificial neural network algorithms attempt to abstract this 
complexity and focus on what may hypothetically matter most from an information 
processing point of view. Another incentive view is to reduce the amount of computation 
required to simulate artificial neural networks, so as to allow one to experiment with larger 
networks and train them on larger data sets. 
 
2.6.3 K-Nearest Neighbor 
K-NN is a simplest type of machine learning algorithms, proposed by Galavotti in 2000. In 
the learning, function is approximated locally and all computation is deferred until 
classification. It is well known as lazy learning algorithm or instance based learning. It is 
non-parametric method used for classification and regression in which input consists of k 
closest training set in the feature space. The output depends on whether K-NN is used for 
classification or regression. In K-NN classification: the output is a class membership. An 
object is classified by a majority vote of its neighbors, with the object being assigned to the 
class most common among its k nearest neighbors (where k is a positive integer, typically 
small). If k = 1, then the object is simply assigned to the class of that single nearest neighbor. 
In k-NN regression, the output is the property value for the object. This value is the average 
of the values of its k nearest neighbors. The training examples are vectors in a 
multidimensional feature space, each with a class label. The training phase of the algorithm 
consists only of storing the feature vectors and class labels of the training samples. In the 
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classification phase, k is a user-defined constant, and an unlabeled vector (a query or test 
point) is classified by assigning the label which is most frequent among the k training 
samples nearest to that query point. In this learning, Euclidean distance is commonly used for 
continuous variables and Hamming distance is used for discrete variables for text 
classification problems. A common weighting scheme consists in giving each neighbor a 
weight of d, where d is the distance to the neighbor. 
 
2.6.4 Decision Tree 
This learning algorithm constructs the decision tree with a divide and conquers strategy. Each 
node in a tree is associated with a set of cases. At the beginning, only the root is present, with 
associated the whole training set and with all case weights equal to 1. At each node the 
following, divide and conquer algorithm is executed; trying to exploit the locally best choice, 
with no backtracking allowed. 
 
Let T be the set of cases associated at the node. The weighted frequency freq (Ci,T) is 
computed of cases in T whose class in Ci, i €[1,N]. If all cases in T belong to a same class Cj 
(or the number of cases in T is less than a certain value) then the node is a leaf, with 
associated  
class Cj. 
 
If T1, T2, . . . Ts are the subsets of T and T contains cases belonging to two or more classes, 
then the information gain of each attribute is calculated. 
 

I = H(T) − ෍ |T୧||T|
଼
୧ୀଵ  

Where, 
(ܶ)ܪ = − ෍ ൫ݍ݁ݎ݂ ௝ܿ , ܶ൯

|ܶ|
௡

௝ୀଵ
∗ log ቆfreq൫ ௝ܿ , T൯

|ܶ| ቇ 

is the entropy function. 
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2.6.5Naive Bayes Probabilistic Model 
The most widely used method for text categorization is Naive Bayes Classifier, each word 
position in a document is defined as an attribute and the value of that attribute to be the word 
found in that position. Naive Bayes categorization is given by, 
 

ேܸ஻ = ൫ܲݐ݊݁݉ݑ݃ݎܽ ௝ܸ൯ܲ൫ܽห ௝ܸ൯ 
 
To conclude, the Naive Bayes Categorization VNB is the categorization that maximizes the 
probability the words that were actually found in the training documents. Naive Bayes is very 
popular among spam filters, because it is very fast and simple for both training and testing. 
Hence, it is simplicity to learn from new examples and the ability to modify an existing 
model. 

2.7 Document Representation 
Each document is typically represented by the feature vector or the bag of words. The most 
common text representation is bag of word approach (BoW). Here, text is represented as a 
vector. The BoW vectors are then refined by feature extraction, where vectors are removed 
from the representation using computationally less discrimination value. The set of feature 
vectors is of very high dimension in the vector space and each vector represents a unique 
term. 
In order to improve the scalability of the text categorization system, dimensionality reduction 
techniques should be employed to reduce the dimensionality of the feature vectors before 
they are fed as input to the text classifier. The following are dimensionality reduction 
techniques applicable to the text categorization system. 
 
2.7.1 Document Term Matrix 
If we have a large collection of documents and hence a large number of document vectors 
then it is more convenient to organize into a matrix. The row vectors of the matrix correspond 
to terms (words) and the column vectors correspond to documents. Hence, describes the 
frequency of terms that occur in a collection of documents known as Document–Term 
matrix. Document frequency of a feature is the number of documents in which the frequency 
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occurs and is class independent because of its simple computation and good performance 
[21]. 
2.7.2 TF-IDF Method 
Tf-idf [32] stands for term frequency-inverse document frequency, often used in information 
retrieval and text mining. It is used to evaluate how important a word to a document in a 
collection or corpus. The importance increases proportionally to the number of times as a 
word appears in the document but is offset by the frequency of the word in the corpus. 
Variations of the tf-idf weighting scheme are often used by search engines as a central tool in 
scoring and ranking a document’s relevance given a user query. 
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Chapter 3 

RESEARCH METHODOLOGY 
 

3.1 Automatic Text Classification System Overview 
The Top level document classification system is divided into four sub-systems, data 
acquisition, preprocessing, feature extraction and classification. Each stages of this 
theoretical model are briefly described in this section. Detail of each subsystem is given in 
later sections. The top level of data flow diagram of the proposed system is given in Figure 
3.1. Various stages have to be performed to achieve automatic text classification for the 
Nepali documents. Detailed sub-system flow is given in Figure 3.2. 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 3.1: Top Level DFD of Automated Text Classification System. 

 
 
 
 
 
 

 
  Data Acquisition  Start Preprocessing   Feature extraction   

Document 
classification   

 
System Evaluation   End 
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Figure 3.2: The Detail Architecture of Automatic Text Classification System for Nepali 
Language. 

3.2 Data acquisition 
Data are acquired from different online and offline Nepali newspaper. Since, data which are 
collected in huge amount are stored in UTF-8. UTF-8 format is a variable-width encoding 
that can represent every character in the Unicode character set. The collected documents are 
transformed into a uniform format which is understandable by machine learning algorithm as 
input. 

3.3 Preprocessing 
An approach applied to remove the set of non-content-bearing functional words from the set 
of words produced by word extraction is known as stop words removal. The next step of text 
mining process is text preprocessing in which collected documents are analyzed syntactically 
or semantically. Since, the collected text document is considered as a bag of words because 
the words and its occurrences are used to represent the document. The algorithm applied in 
this stage is stemming, digit and non-Nepali text removal, stop word removal, number 
removal and strip whitespaces. Another task is tokenization which is the task of chopping it 
up into pieces, called tokens, perhaps at the same time throwing away certain characters, such 
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as punctuation. We have created dictionary for those common words that are useless and has 
a less discriminative value that do not add meaningful content to the document (auxiliary 
verbs, conjunctions and articles). 
 
3.3.1 Stop word removal 
Stop words are high-frequency words of a language which rarely contribute to useful 
information in terms of document relevance and appear frequently in the text but provide less 
meaning in identifying the important content of the document [26, 28]. Those common words 
that are consider as stop words , useless and has a less discriminative value that do not add 
meaningful content to the documents are auxiliary verbs , conjunctions and articles. Words 
are pruned at the processing phase to reduce the number of features vector. The stop word 
lists for English and other languages are freely available on the Web and often utilized in 
classification. But, we cannot find easily the stop word list for Nepali language. We have 
prepared the list of stop words for Nepali language manually for this dissertation. During the 
removal procedure all the words that appear in a list of stop words are removed by matching 
from the source documents. Some of the Nepali stop words are given in Figure 3.3. The 
details of dictionary used for stop word removal is explained in Section 5.2. 
 Algorithm 3.1 Stop Word Removal 
 

1. Read text document. 
2. Match the token of document with token in the stop word dictionary. 
3. Remove matched token from document. 
4. Repeat until all stop words are not removed. 

 
 

Figure 3.3: Sample Stop Words. 
 
3.3.2 Symbols removal 
Document may contain some symbols to represent some information. They are not so 
informative, like the symbols $, #, %, etc. are used to denote some information in the 
document. So, we need to remove such symbols from the document before feature extraction. 
As in any language, punctuations are used to organize the text and give the sentence a 
powerful meaning. 
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The punctuation in the text summary does not have any value, so we remove all punctuations 
which are not full stop. The data dictionary used for symbol removal is explained in section 
5.2. 
 
Algorithm 3.2 Symbol and Punctuation mark Removal 

1 Read text document. 
2 Match the token of document with token in the symbol and punctuation mark 

dictionary. 
3 Remove matched token from document. 
4 Repeat until all stop words are not removed. 

 
3.3.3 Stemming 
In a text document, a word may exist in different morphological variants, stemming reduces 
such different morphological variant words into the number of unique root words. In text 
categorization and many other similar tasks, the root word may have different forms. So, it is 
desirable to combine these morphological variants of the same word into one canonical form. 
The different morphological variant of the same word which is combined into a single 
canonical form is called stemming or base word transformation [9].Many NLP applications 
which use words as basic elements employ stemmers to extract the stems of words. Mainly, it 
is used in information retrieval systems to improve performance. Actually, this operation 
reduces the number of terms in the information retrieval system, thus decreasing the size of 
the index files. Stemming helps to obtain the stem or root of each word, which ultimately 
helps in semantic analysis and faster processing. There need a specific language dependent 
stemmer, and is requires some significant linguistic expertise in the language. 
A typical simple stemmer algorithm involves removing suffixes/prefixes using a list of 
frequent suffixes/prefixes, while a more complex one would use morphological knowledge to 
derive astem from the words. The stemmer which simply prunes the suffixes/prefixes using 
the list of frequent suffixes/prefixed is very efficient and lightweight approach compared to 
morphologic parsing. Even though there are some advanced stemmers for languages such as 
English, the algorithms which they employ do not work well for highly inflected languages 
such as Nepali. Since, Nepali is a highly inflected language so there are many word forms to 
denote a single concept. This situation is highly effected for the frequency of a term and 
therefore words have to be stemmed before getting their frequencies. There is light weight 
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stemmer and morphological Analyzer that were developed under Madan Puruskar 
Pustakalya, Nepal [2]. Stemming algorithm for Nepali language is given in Algorithm 3.3. 

3.4 Feature Extraction 
Feature extraction plays major role in the classification system and it is heart of the 
classification system. A good feature sets should represent characteristic of a class that helps 
to distinguish it from other classes, while remaining invariant to characteristic differences 
within the class. Hence, to improve the accuracy of the classifier, it is necessary to identify a 
set of “good” features for object representation. To create improved features, measurement of 
various object properties are carried out to identify good features from a set of raw features 
[24]. 
 
3.4.1Term frequency-inverse document frequency (TF-IDF) 
For a machine learning method, the most widely adopted feature weighting scheme in IR, 
TF- IDF is used, to represent the news as a vector in a vector space model, and it is calculated 
as follows: 

ܽ௜௝ = ௧௙೔ೕ.௟௢௚ |ವ|
ವಷ೔

ඨ∑ ൬௧௙ೖೕ .௟௢௚ |ವ|
ವಷೖ൰మ

ೖ
                             (3.1)  

   
Where, 
 tfij is news in the training set and DFi is the number of news, containing the term i.  
The importance of a term in news is measured by the frequency and its inverse document 
frequency. The more times an item appears in news, the more important it is, and the more 
times it appears in the training set, the less poorly discriminative it becomes. Often the 
logarithms of  
tfijor DFi are taken in order to de-emphasize the increases in weighting for larger values [27]. 
The TF- IDF weighting of each news text is calculated in the feature extraction procedure of 
the framework. This is more efficient method to extract the feature, since TF-IDF is 
constructed based on the word occurs many times in a document. TF-IDF is often used as a 
weighting factor in text classification. 

 
TF- IDF has many advantages. It is convenient and suitable to use in other languages than 
English such as Chinese, Japanese, Nepali, because the word segmentation of other language 
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is more complex than English. This is more efficient method to extract the feature, which TF-
IDF.  The TF- IDF is constructed based on the word occurs many times in one document. 
Feature Vector construction is the process of representing the news into a vector form. To 
represent news in vector form, the TF-IDF weighting value for each word in news is taken as 
a dimensional value in a vector. 

3.5Bayes Theorem 
Bayes’ Theorem is a statement from probability theory that allows for the calculation of 
certain conditional probabilities. Conditional probabilities are those probabilities that reflect 
the influence of one event on the probability of another event. The term generally used in 
Bayes’ theorem is prior probability and posterior probability. The prior probability of a 
hypothesis or event is the original probability obtained before any additional information is 
obtained. The posterior probability is the revised probability of the hypothesis using some 
additional information or evidence obtained.  
Bayes’ Theorem can be written as: 
 

(ܤ|ܣ)ܲ                                 = (ܣ)ܲ(ܣ|ܤ)ܲ
(ܤ)ܲ                                                                   (3.2) 

Where,  
P (A) is the prior probability of A  
P (B) is the prior probability of B  
P (A|B) is the posterior probability of A given B  
P (B|A) is the posterior probability of B given A 
 
3.5.1 Naive Bayesian Classifier 
A naïve Bayes classifier is a probabilistic classifier based on applying Bayes’ theorem with 
strong independence assumptions. Depending on the precise nature of the probability model, 
naive Bayes classifiers can be trained very efficiently in a supervised learning setting. In 
many practical applications, parameter estimation for naive Bayes models uses the method of 
maximum likelihood; in other words, one can work with the naive Bayes model without 
believing in Bayesian probability or using any Bayesian methods. The naïve Bayesian 
classifier was first described in [22] in 1973 and then in [21] in 1992.  
An advantage of the Naive Bayes classifier is that it requires a small amount of training data 
to estimate the parameters (means and variances of the variables) necessary for classification. 
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Because independent variables are assumed, only the variances of the variables for each class 
need to be determined not the entire covariance matrix. 
 
3.5.2 The Naive Bayes probabilistic model 
The probability model for a classifier is a conditional model 
 

ܲ൫ܥหܨଵ,ܨଶ, . . ,  ௡൯                                   (3.3)ܨ
 
Over a dependent class variable C with a small number of outcomes or classes, conditional 
on several feature variables F1throughFn. The problem is that if the number of features is 
large or when a feature can take on a large number of values, then basing such a model on 
probability tables is infeasible. We therefore reformulate the model to make it more tractable. 
Using Bayes’ theorem, we write   

   ܲ൫ܥหܨଵ,ܨଶ, . . , ௡൯ܨ = ,ଵܨ)൫ܲ(ܥ)ܲ ,ଶܨ … , ൯ܥ௡)หܨ
,ଵܨ)ܲ ,ଶܨ . . , (௡ܨ                 (3.4)   

In plain English the above equation can be written as, 
 

ݎ݋݅ݎ݁ݐݏ݋݌             = ݎ݋݅ݎ݌) ∗ ݈݈݅݇݁݅ℎ݀݋݋)
 (3.5)                                     ݁ܿ݊݁݀݅ݒ݁

 
In practice we are only interested in the numerator of that fraction, since the denominator 
does not depend on and the values of the features Fi are given, so that the denominator is 
effectively constant. The numerator is equivalent to the joint probability model, 

,ܥ)ܲ ,ଵܨ ,ଶܨ . . ,  (௡ܨ
This can be rewritten as follows, using repeated applications of the definition of conditional 
probability: 
 
 
 
,ܥ)ܲ ,ଵܨ ,ଶܨ . . , (௡ܨ =
,ܥ|ଶܨ)ܲ(ܥ|ଵܨ)ܲ(ܥ)ܲ                         ,ܥ|ଷܨ)ܲ(ଵܨ ,ଵܨ ,(ଶܨ . . , ,ܥ|௡ܨ)ܲ ,ଵܨ ,ଶܨ . . ,   ௡ିଵ)                   (3.6)ܨ
 
 



Now the “Naive” conditional independence assumptions come into play: assume that each 
feature Fi is conditionally independent of every other feature F
thatܲ൫ܨ௜หܥ, ௝൯ܨ = for I≠j, and so the joint mo (ܥ|௜ܨ)ܲ

ܥ)ܲ                
This means that under the above independence assumptions, the conditional distribution over 
the class variable can be expressed like this:

,ܥ)ܲ                           ,ଵܨ ,ଶܨ . . , ௡ܨ

 
    

3.6 Support Vector Machine
Support Vector Machine is a framework of structural risk minimization and statistical 
learning theory developed by Vapnik and hi
classification hyperplane of linear classification situation. SVM finds a maximum margin 
separating hyper plane between two classes of data
function and density estimation based algorithm.
 

Figure 3.4: Support Vector Machine
 
In [29], it was indicated that classifier built on SVM shown promising results with its 
efficiency and effectiveness. SVM can be achieved by non
functions and sigmoid functions. SVM bypasses the curse of dimensionality by employing 
kernel functions and enables the straight forward analysis of high
ability to determine the margin completely as well as the capability of handling high 
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Now the “Naive” conditional independence assumptions come into play: assume that each 
feature Fi is conditionally independent of every other feature Fj for j≠i. This means 

≠j, and so the joint model can be expressed as  

,ܥ) ,ଵܨ ,ଶܨ . . , (௡ܨ = (ܥ)ܲ ෑ (3.7)(ܥ|௜ܨ)ܲ
௡

௜ୀଵ
 

This means that under the above independence assumptions, the conditional distribution over 
the class variable can be expressed like this: 

௡) = 1
z (ܥ)ܲ ෑ ௜ܨ)ܲ

௡

௜ୀଵ
,                                           (ܥ

Support Vector Machine 
Support Vector Machine is a framework of structural risk minimization and statistical 
learning theory developed by Vapnik and his co-workers [12]. SVM is based on the optimal 
classification hyperplane of linear classification situation. SVM finds a maximum margin 
separating hyper plane between two classes of data as shown in figure 3.4. It is a non

estimation based algorithm. 

 
Figure 3.4: Support Vector Machine 

], it was indicated that classifier built on SVM shown promising results with its 
efficiency and effectiveness. SVM can be achieved by non-linear mapping, polynomial 

functions. SVM bypasses the curse of dimensionality by employing 
kernel functions and enables the straight forward analysis of high-dimensional data, the 
ability to determine the margin completely as well as the capability of handling high 

Now the “Naive” conditional independence assumptions come into play: assume that each 
i. This means 

This means that under the above independence assumptions, the conditional distribution over 

            (3.8) 

Support Vector Machine is a framework of structural risk minimization and statistical 
. SVM is based on the optimal 

classification hyperplane of linear classification situation. SVM finds a maximum margin 
. It is a non-linear 

], it was indicated that classifier built on SVM shown promising results with its 
linear mapping, polynomial 

functions. SVM bypasses the curse of dimensionality by employing 
dimensional data, the 

ability to determine the margin completely as well as the capability of handling high 



30  

dimensionality and small sample problems [29]. SVM has a great generalization capability 
too. 
 
In SVMs hyper-plane that are separate the training data are measured by the maximum 
margin, therefore all vectors that lie on one side of the hyperplane are labeled as  
-1 (w x – b= - 1) and the other side as  
+1 (w x – b = 1). Thus when new data is introduced, it maps to the closest support vector 
based on the maximum margin.  
To find the maximum margin, the following algorithms are used, given linear separable 
vectors  ݔ௜(݅ = 1, … … . . , ݈), ௜ݔ ∈ ܴ௡ with labels  ݕ௜ =  ±1, and for linearly separable space; 
the decision surface is a hyperplane which can be written as:     

ݓ ∗ ݔ + ܾ = 0 (3.9) 
 
And the equation is    

(ݓ)݃ = 1
2  ଶଶ (3.10)||ݓ||

 
With a constant    

ݓ)௜ݕ ∗ ௜ݔ + ܾ) ≥ 1, ݅ = 1, … … … , ݈ (3.11) 
 
The optimal hyperplane calculation as follows 
 

෍ ௜ݔ)௜ܽ௜ݕ ∗ (ݔ + ܾ଴ = 0௟
௜ୀଵ  (3.12) 

 
3.6.1 Multi-Class Classification 
 There are established methods of using SVM for multi-class classification. Most commonly 
an ensemble of binary (two-class) classifiers is used for this problem. In such an ensemble 
each classifier is trained to recognize one particular category versus all other categories. For 
each category the classifiers are trained on a labeled set where the documents from the 
corresponding category make up positive examples and rest of the documents become 
negative examples. In order to classify new data, each classifier in the ensemble is used to 
produce a confidence value of a point belonging to the corresponding category and the 
category with greatest confidence is selected. 
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3.7 Categories of classification for Nepali documents 
For the empirical evaluation of the hypothesis, Nepali document database is created by 
collecting documents from the Nepali newspaper. There are six classes of documents: 

1 Business 
2 Crime 
3 Education 
4 Health 
5 Sport 
6 Politics 

More detail about the collected datasets is given in the Section 5.1. 

3.8System Evaluation Measures 
The correctness of a classification can be evaluated by computing the number of correctly 
recognized class examples (true positives), the number of correctly recognized examples that 
do not belong to the class (true negatives), examples that either were incorrectly assigned to 
the class (false positives) and examples that were not recognized as class examples (false 
negatives).These four counts constitute a confusion matrix [20]. Measures for multi-class 
classification based on a generalization of the measures of binary classification for many 
classes Ci are given below. Where, tpi represent true positive for class Ci, fpi represent false 
positive for class Ci, fni represent false negative for class Ci, tni represent true negative for 
class Ci, and µ represent micro averaging. 
3.8.1Average System Accuracy 
Average system accuracy evaluates the average per-class effectiveness of a classification 
system. 
 

Average Accuracy = ∑ ௧௣೔ା௧௡೔
௧௣೔ା௙ ೔ା௙௣೔ା௧௡೔

௟௜ୀଵ
݈  

  
3.8.2 Precision    
Precision (also called positive predictive value) is the number of correctly classified positive 
examples divided by the number of examples labeled by the system as positive. 
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Micro precision is the agreement of the data class labels with those of classifiers if calculated 
from sums of per-test decisions. 
 

ஜ݊݋݅ݏ݅ܿ݁ݎܲ = ∑ ௜௟௜ୀଵ݌ݐ
∑ ௜݌ݐ + ௜௟௜ୀଵ݌݂

 
3.8.2 Recall  
Recall (also called sensitivity) is the number of correctly classified positive examples divided 
by the number of positive examples in the test dataset. 
Micro recall is the effectiveness of a classifier to identify class labels if calculated from sums 
of per-test decisions.    

ܴ݈݈݁ܿܽஜ = ∑ ௜௟௜ୀଵ݌ݐ
∑ ௜݌ݐ + ݂݊௜௟௜ୀଵ
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Chapter 4 

PROGRAM DEVELOPMENT AND IMPLEMENTION 

4.1 Development Methodology and Tools 
 

4.1.1 Programming Language Used 
Java is a powerful object-oriented programming language introduced by Sun Microsystems in 
1995, which has built-in support to create programs with a graphical user interface (GUI), 
utilize the Internet, create client-server solutions, and much more. Programs written in Java 
can run, without change, on any of the common computer operating systems Windows 
95/NT, Macintosh, and Unix. A variant of Java programs called applets can be embedded 
inside a web page and execute on the computer that is viewing the page, automatically and in 
a secure environment.  
As a language, Java is closely related to C++, which is also object-oriented but retains a lot of 
idiosyncrasies inherited from its predecessor language C. Java has removed the inconsistent 
elements from C++, is exclusively object-oriented, and can be considered a modern version 
of C++ Because of its logical structure Java has quickly become a popular choice as a 
teaching language, and because of its extensive Internet support and the promise of writing 
programs once and using them on every operating system Java is becoming more and more 
accepted in industry. 
 
4.1.2 Eclipse IDE 
The Eclipse Platform is specially designed for building integrated development environments 
(IDEs), and arbitrary tools. The Eclipse Platform’s principal role is to provide tool providers 
with mechanisms to use, and rules to follow, that lead to seamlessly-integrated tools. These 
mechanisms are exposed via well-defined API interfaces, classes, and methods. The Platform 
also provides useful building blocks and frameworks that facilitate developing new tools. It 
contains large set of functionality required to build an IDE. It supports both GUI and non-
GUI based application development environments and runs on a wide range of operating 
systems, including WindowsR , LinuxTM, Mac OS X, Solaris AIX and HP-UX. Eclipse 
Platform enables the tool or application to integrate with other tools and applications also 
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written using the Eclipse Platform. The Eclipse Platform is turned in a Java IDE by adding 
Java development components (e.g. the JDT) and it is turned into a C/C++ IDE by adding 
C/C++ development components (e.g. the CDT). It becomes both a Java and C/C++ 
development environment by adding both sets of components. However, the Eclipse Platform 
is itself a composition of components; by using a subset of these components, it is possible to 
build arbitrary applications. Hence, Eclipse SDK, Eclipse Rich Client Platform (RCP) and 
Eclipse IDE are popular framework which is widely used. 
 

 The Eclipse SDK includes Java Development Tools and Plug-in Development 
Environment. 

 
 It includes building applications that work in conjunction with application servers, 

databases and other backend resources to deliver product providing a rich and 
consistent experience for its users. 

 
 Eclipse IDE is designed to Support the construction of a variety of tools for 

application development. It supports tools to manipulate arbitrary content types (e.g., 
HTML, Java, C, JSP, EJB, XML, and GIF). 

 

4.2 Machine Learning Library and Plug-ins 
A piece of program or application that is use to create, debug, maintain and support other 
applications is called Programming tool. It is a simple program which is integrated together 
to accomplish a task or support other program, to fix application. They make easier to do 
some specific tasks such as IDE combine the features of many tools in one package to 
develop applications. Another term is Plug-in, which is a software component that is used to 
support a specific feature to an existing software application, to enable customization. There 
are lots of tools and plug-ins is available. 
 
4.2.1 Weka 
Weka (Waikato Environment for Knowledge Analysis) is a comprehensive and free available 
suite of Java class libraries that support the implementation of machine learning algorithms 
for data mining tasks. Weka contains tools for: data pre-processing, classification, regression, 
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clustering, association rules, and visualization. It allows users to apply Weka class libraries of 
machine learning techniques to their own data regardless of computer platform. It is 
developed in Java platforms to support data mining tools, a suite of Java packages to provide 
facilities for developers. The core package contains classes that are accessed from almost 
every other class in Weka.The most important classes in it are Attribute, Instance, and 
Instances. An object of class “Attribute” represents an attribute-it contains the attribute’s 
name, its type, and, in case of a nominal attribute, it’s possible values. An object of class 
“Instance” contains the attribute values of a particular instance; and an object of class 
Instances contains an ordered set of instances-in other words, a dataset. Weka is used for 
Naive Bayes Classifier Training and Testing. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 



36  

Chapter 5 

 EXPERIMENTATIONS AND RESULTS  
 
Multi class Nepali text classification system is experimented by creating two training dataset 
and one test dataset of Nepali text documents of five classes. This chapter describes the 
datasets and data dictionaries used in the experiments and corresponding empirical results. 
Training and testing datasets are described the Section 5.1 and all other NLP data dictionaries 
used in the system are described in the Section 5.2. Experimentation results and graphical 
analysis are described in the Section 5.3. 

5.1 Training and Testing Datasets 
We have collected five classes of Nepali text documents for system evaluation. Documents 
are collected from various online sources, such as www.onlinekhaber.com, 
www.nagariknews.com, www.swasthyakhabar.com and www.nepalhealthnews.com  and 
various offline sources, such as books, manuscripts, and articles. 
 
1 Crime: 
Crime class of documents contains information about unlawful acts or punishable acts. 
Criminal acts may include murder, rape, theft etc. Sample documents of crime class are given 
in Figure 5.1. 
 

 
  

Figure: 5.1: Sample Crime Documents 
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2 Education: 
Education class contains all the documents related to academic stuffs which contain 
knowledge, skills, and habits and teaching, training, or research strategies. Sample documents 
of education class are given in Figure 5.2. 
 

 
 

Figure: 5.2: Sample Education Documents 
3 Health: 
Health class of dataset contains all the documents that are related to illness, injury, pain and 
diagnostics. It also contains documents related to nutrition, health care and health educations. 
Sample documents of health class are given in Figure 5.3 

 
 

Figure: 5.3: Sample Health Documents 
 



38  

4 Sports: 
Sports class of dataset contains the documents related to sports. It includes sport 
competitions, tournaments, and other related news and events. Sample documents of sports 
class are given in Figure 5.4. 

 
Figure: 5.4: Sample Health Documents 

5 Business: 
Business class of the text documents contains information about the trade of goods and/or 
services. Sample documents of business class are given in Figure 5.5. 

 
Figure: 5.5: Sample Business Documents 
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5.1.1Training Datasets 
5.1.1.1 Dataset I 
Statistics about dataset I are given in the Table 5.1.Data set I consist of namely five classes of 
Nepal news text document collected from different data sources like news paper, books and 
other offline sources .As described in table there are 75 numbers of crime document, 120 
numbers of business document, 140 number of health document and 171 number of sport 
document and 125 numbers of education document. 

Table 5.1: Dataset I 
Classes No. of samples  
Crime 75 

Business 120 
Health 140 
Sports 171 

Educational 125 
Totals 531 

 
5.1.1.2 Dataset II 
Statistics about dataset II are given in the Table 5.2.Data set II consist of namely five classes 
of Nepal news text document collected from different data sources like news paper, books 
and other offline sources .As described in table there are 70 numbers of crime document, 127 
numbers of business document, 150 numbers of health document and 171 numbers of sport 
document and 130 numbers of education document. 
 

Table 5.2: Dataset II 
Classes No. of samples  
Crime 70 

Business 127 
Health 150 
Sports 171 

Educational 130 
Totals 648 
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5.1.2 Testing Dataset 
Statistics about test dataset is given in the Table 5.3.Test data is used for analyzing system 
accuracy. As described in table testing data set, it consist of five classes of documents namely 
crime, business, sports, health and education. The testing data set have 15 numbers of crime 
document,20 numbers of business document,10 numbers of health document,20 numbers of 
sports document and 12 numbers of education document . 

Table 5.3: Test Dataset 
 

Classes 
 

No. of samples  
Crime 15 

Business 20 
Health 10 
Sports 20 

Educational 12 
Totals 77 

5.2 Data Dictionaries 
5.2.1 Stop Word Dictionary 
Stop word dictionary contains all the common and less informative words. Un-useful words 
are removed from the document in pre-processing stage to make feature space smaller. The 
words in the document that matched with the words listed in the stop word dictionary are 
excluded. Some of the stop words from the stop word dictionary are given in the Figure 5.6. 
 

 
Figure 5.6: Stop word Dictionary 
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5.2.2 Symbol Dictionary 
The symbols that don’t carry the special meanings are removed in the pre-processing stage. 
Some of the special symbols are given in Figure 5.7. 

 
Figure 5.7: Symbol Dictionary. 

5.3 Experimentation Results 
System is trained and tested against collected datasets described in the Section 5.1. Various 
performance matrices (Section 3.8) are evaluated. This section describes all the empirical 
results and analysis of the outcomes. 
 
5.3.1 Experiment 1 
First experiment is carried in Training Dataset I (Section 5.1.1.1) and Testing Dataset 
(Section 5.1.2). Experimentation results show Naive Bayes classifier performs better than 
Support vector machine based classifier. Table 5.4 shows results of the experiment 1. Figure 
5.8 shows graphical representation of the results. Table 5.4: Experimentation Results 
(Experiment 1) 

Algorithm Avg. Sys. Acc. (%) Precision (%) Recall (%) 
SVM 85.92 84.5 92.12 

Naive Bayes 86.17 95.47 87.51 
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Figure 5.8: Graph of Experiment 1. 
 

 
5.3.2 Experiment 2 
Second experiment is carried in Training Dataset II (Section 5.1.1.2) and Testing Dataset 
(Section 5.1.2). Experimentation results show Naïve Bayes Classifier performs better than 
support vector machine based. Table 5.5 shows results of the experiment 2. Figure 5.9 shows 
graphical representation of the results. Table 5.5: Experimentation Results (Experiment 2) 

Algorithm Avg. Sys. Acc. (%) Precision (%) Recall (%) 
SVM 87.6 83.5 96.70 

Naive Bayes 88.18 88.99 90.24 
 

Figure 5.9: Graph of Experiment 2. 
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5.4 Result Analysis 
Aggregate results of both the experiments are shown in Table 5.6. 

Table 5.6: Aggregate System Results 
Algorithm Avg. Sys. Acc. (%) Precision (%) Recall (%) 

SVM 86.76 81.03 94.4 
Naive Bayes 88.09 80.03 93.87 

 
Results show Naïve Bayes based classifier has high system accuracy than support vector 
machine based classifier. System results greatly influenced by number of training and testing 
data and extracted features. Classifier parameters also play important roles for better learning 
of the system. Computational and efficiency effectiveness can be enhanced by code 
optimization and distributed computing. Due to the unavailability of standard training and 
test datasets, system performance cannot be generalized well. But, so far- so good, results are 
promising and can be enhanced further. 



  

Chapter 6 

CONCLUSION 

6.1 Conclusion 
An automatic multi class text classification problem for Nepali language is addressed in this 
dissertation work. As the solution of the stated problem, two machine learning based 
classification techniques are experimented and performance is measured for both the cases. 
Classification systems take input an unknown text document and assign to a known class among 
five classes (”Business”,”Crime”,”Education” ”Health”, “Sport”). Input text document ispassed 
through various pre-processing steps like stop-word removal, symbol removal and stemming. 
Then, fine grained document is passed into feature extractor, where term frequency based 
features are extracted. Feature vector is than fed to classification systems-which are previously 
trained with given datasets and given classes in supervised manner. Empirical results shows, 
Naïve Bayes classifier performs better than Support vector machine (SVM) based classifier. 
SVM classification system has the average system accuracy rate of 86.76%, precision rate of 
81.03% recall rate of 94.4%. Similarly, Naive Bayes classification system has the average 
system accuracy rate of 88.09%, precision rate of 80.03% and recall rate of 93.87%. 

6.2 Limitations and Future Scope 
The performance of the proposed system may further be improved by improving pre-processing 
techniques. Exploring more features and enhancing data dictionaries can improve classification 
accuracy. System performance is greatly influenced by training and testing corpus. Classifier 
parameters also play important roles for better learning of the system. Computational and 
efficiency effectiveness can be enhanced by code optimization and distributed computing. 
Due to the unavailability of standard training and test datasets, system performance cannot be 
generalized well. But, so far- so good, results are promising and can be enhanced further. 
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Appendix A 
  Sample System Outputs   Sample Input 
  
 
 
 
 
Symbol and Digit Removed 
 
 
 
 

 
Stemming  
 
 

 
 
 



  

Appendix B 
Sample Source Code 
 

 

Document Preprocessing  
import com.nlp.dc.stemmer.StemmerStart; 
import java.util.ArrayList; 
import java.util.List; 
 
public class Preprocessing{ 
public List<String> stopwordRomoval(List<String> stopwordDict, 
List<String> input) { 
// Stop word removal from input text. 
List<String> output = remove(stopwordDict, input); 
return output; 
} 
public List<List<String>> stopwordRomovalFromLL(List<String> stopwordDict, 
List<List<String>> input) { 
List<List<String>> output = remove1(stopwordDict, input); 
return output; 
} 
public List<String> symbolRemoval(List<String> symbolDict, 
List<String> input) { 
 
// Special symbol removal from input text. 
List<String> output = remove(symbolDict, input); 
return output; 
} 
public List<List<String>> symbolRemovalFromLL(List<String> symbolDict, 
List<List<String>> input) { 
List<List<String>> output = remove1(symbolDict, input); 
return output; 
} 
public List<String> conjunctionWordRemoval(List<String> conjunctionDict, 
List<String> input) { 
// Conjunction word removal from input text. 
List<String> output = remove(conjunctionDict, input); 
return output; 
} 
private List<String> remove(List<String> noise, List<String> input) { 
int nRows = input.size(); 
List<String> output = new ArrayList<String>(); 
 
for (int i = 0; i < nRows; i++) { 
List<String> tokenArray = new ArrayList<String>(); 



  

String[] tArray = input.get(i).split("[ ,'\"-()â€˜â€™]"); 
 
for (int j = 0; j < tArray.length; j++) { 
if (!tArray[j].trim().isEmpty()) 
tokenArray.add(tArray[j].trim()); 
} 
tokenArray.removeAll(noise); 
if (!tokenArray.isEmpty()) { 
StringBuilder builder = new StringBuilder(); 
for (String s : tokenArray) { 
builder.append(s.trim()); 
builder.append(" "); 
} 
output.add(i, builder.toString().trim()); 
} else { 
output.add(i, " "); 
} 
 
} 
return output; 
} 
 
private List<List<String>> remove1(List<String> noise, 
List<List<String>> input) { 
int nClasses = input.size(); 
// System.out.println("nClass: "+nClasses); 
 
List<List<String>> output = new ArrayList<List<String>>(); 
for (int i = 0; i < nClasses; i++) { 
int nSamples = input.get(i).size(); 
// System.out.println("nSamples: "+nSamples); 
List<String> sampleArray = new ArrayList<String>(); 
for (int j = 0; j < nSamples; j++) { 
List<String> tokenArray = new ArrayList<String>(); 
String[] tArray = input.get(i).get(j).split("[ ,'\"()â€˜â€™!^à¥¤ï¿½@!#%&*{}.â€œâ€�-]+"); 
 
// tokenArray=Arrays.asList(tArray); 
 
if (tArray.length == 0) { 
continue; 
} 
for (int k = 0; k < tArray.length; k++) { 
if (!tArray[k].isEmpty() || !tArray[k].trim().isEmpty()) 
tokenArray.add(tArray[k].trim()); 
} 
// System.out.println("tokenArray: "+tokenArray); 



  

 
if (tokenArray.isEmpty()) { 
continue; 
} 
tokenArray.removeAll(noise); 
StringBuilder builder = new StringBuilder(); 
for (String s : tokenArray) { 
builder.append(s); 
builder.append(" "); 
// System.out.println("s: "+s); 
} 
 
sampleArray.add(j, builder.toString()); 
tokenArray.clear(); 
} 
output.add(i, sampleArray); 
 
} 
return output; 
} 
public List<List<String>> stemmerLL(List<List<String>> input) { 
List<List<String>> output=new ArrayList<List<String>>(); 
int nClasses=input.size(); 
for(int iClass=0;iClass<nClasses;iClass++){ 
//System.out.println("Class: "+iClass); 
int nSamples=input.get(iClass).size(); 
List<String> sTempOut = new ArrayList<String>(); 
List<String> sOut = new ArrayList<String>(); 
for(int iSample=0;iSample<nSamples;iSample++){ 
String sentence=input.get(iClass).get(iSample); 
//   System.out.println("Class: "+iClass+" Sample: "+iSample+" Document: 
"+sentence); 
if (sentence.length()>0) { 
sTempOut = StemmerStart.stemmer(sentence); 
//    System.out.println("sTempOut: "+sTempOut); 
StringBuilder builder = new StringBuilder(); 
for (String s : sTempOut) { 
builder.append(s); 
builder.append(" "); 
} 
sOut.add(builder.toString()); 
}else{ 
sOut.add(" "); 
} 
} 
output.add(iClass,sOut); 



  

} 
return output; 
} 
public List<List<String>> digitRemoval(List<List<String>> input) { 
List<List<String>> output=new ArrayList<List<String>>(); 
int nClasses=input.size(); 
for(int iClass=0;iClass<nClasses;iClass++){ 
int nSamples=input.get(iClass).size(); 
List<String> sOut = new ArrayList<String>(); 
for(int iSample=0;iSample<nSamples;iSample++){ 
String sentence=input.get(iClass).get(iSample); 
//   System.out.println("Class: "+iClass+" Sample: "+iSample+" Document: 
"+sentence); 
if (sentence.length()>0) { 
sentence= sentence.replaceAll("[à¥¦à¥§à¥¨à¥©à¥ªà¥«à¥¬à¥-à¥®à¥¯]+",""); 
sentence=sentence.replaceAll("[0-9]+", ""); 
sentence= sentence.replaceAll("[A-Za-z]+", ""); 
sentence=sentence.replaceAll("[Ã·+,:\\ï¿½'\"()\\â€˜\\â€™!^à¥¤ï¿½$@!#%&*{}.\\â€œ\\â€�\\
â€“\\-]+", ""); 
} 
sOut.add(iSample,sentence); 
} 
output.add(iClass,sOut); 
} 
return output; 
} 
} 
 
Feature Extraction  
import java.util.*; 
import java.util.Map.Entry; 
public class FeatureExtraction{ 
 public int noOfWordsInLongestSentence(List<String> sArray) { 
  // input is sentence wise array of input document 
  int len = 0; 
  int nSentences = sArray.size(); 
  String sentence; 
  for (int j = 0; j < nSentences; j++) { 
   sentence = sArray.get(j); 
   String[] tokens = sentence.trim().split("[ ,]+"); 
   if (j == 0) { 
    len = tokens.length; 
   } 
   if (tokens.length > len) { 
    len = tokens.length; 
   } 



  

  } 
  return len; 
 } 
 public int noOfWords(String sentence) { 
  String[] tokens = sentence.trim().split("[ ,]+"); 
  return tokens.length; 
 } 
 
 @Override 
 public double lengthOfSentence(int noOfWordsInLongestSentence, 
   String sentence) { 
  // It returns the relative length by counting the number of 
  // words in a sentence and making its length relative 
  // to the longest sentence in the current document. 
  int noOfWordsInSentence = noOfWords(sentence); 
  double output = (double) noOfWordsInSentence 
    / noOfWordsInLongestSentence; 
  return output; 
 } 
 
 
 public double sentencePosition(List<String> input, int sPos, String sentence) { 
  // It returns relative sentence position. Each sentence in the document 
  // is given a rank ranging from 1 to max (max is the 
  // number of sentences in the document). More weight is given to 
  // sentence at the beginning than the rest. We compute sentence absolute 
  // position feature using equation 
  // input-sentence array 
  // sentence-particular sentence 
  double noOfSentences = input.size(); 
  if (noOfSentences == 0) { 
   return 0.0; 
  } 
  // int sPos = input.indexOf(sentence); 
  double absSPos = ((noOfSentences - sPos + 1) / noOfSentences); 
  // System.out.println(absSPos); 
  return absSPos; 
 } 
 
  
 public int neClass(List<List<String>> neDict, String word) { 
  // 1-person 2-location 3-organization 4-misc 5-not NE 
  // System.out.println(word); 
  if (neDict.get(0).contains(word)) { 
   // System.out.println(word); 
   return 1; 



  

  } else if (neDict.get(1).contains(word)) { 
   return 2; 
  } else if (neDict.get(2).contains(word)) { 
   return 3; 
  } else if (neDict.get(3).contains(word)) { 
   return 4; 
  } else { 
   return 5; 
  } 
 } 
 
  
 public int posTag(List<List<String>> posDict, String word) { 
 
  return 0; 
 } 
 
  
 public int tf(List<String> tokens, String word) { 
  // tokens-token list of given document 
  // frequency of the word in the given document 
  int tf = Collections.frequency(tokens, word); 
  return tf; 
 } 
 
  
 public int isf(List<String> sentences, String word) { 
  // input: sentences (sentence list of given document) 
  // output: (number of sentences in which "word" occurs) 
  int n = 0; 
  for (Object o : sentences) { 
   if (o.toString().contains(word)) { 
    n = n + 1; 
   } 
  } 
  return n; 
 } 
 
 public double wordWeight(List<String> input, String word) { 
  List<String> sentences = listSentencise(input); // sentence list 
  List<String> tokens = listTokanize(input); // token list 
  int ns = sentences.size(); // number of sentences 
  int tf = tf(tokens, word); 
  int isf = isf(sentences, word); 
  double tf_isf = (double) tf * Math.log((double) ns / (double) isf); 
  return tf_isf; 



  

 } 
 
 public double wordWeight1(List<String> sentenceArray, 
   List<String> tokenArray, String token) { 
  // Term Frequency Ã— Inverse Sentence Frequency (TF-ISF) for a word 
  int ns = sentenceArray.size(); // number of sentences 
  int tf = tf(tokenArray, token); 
  int isf = isf(sentenceArray, token); 
  double tf_isf = (double) tf * Math.log((double) ns / (double) isf); 
  return tf_isf; 
 } 
 
 
 public List<Double> sentenceWeight(List<String> input) { 
  // input is document list. 
  List<Double> weights = new ArrayList<Double>(); 
  List<Double> tw = new ArrayList<Double>(); 
  List<String> sentences = listSentencise(input); // sentence list 
  List<String> tokens = listTokanize(input); // token list 
  int ns = sentences.size(); // number of sentences 
 
  for (Object o : sentences) { 
   double wi = sentenceWeight2(sentences, tokens, o.toString()); 
   tw.add(wi); 
  } 
  double maxw = Collections.max(tw); 
  for (Object o : tw) { 
   weights.add((Double) o / maxw); 
  } 
  return weights; 
 } 
 
 public double sentenceWeight1(List<String> sentenceArray, String sentence) { 
  List<String> tokenArray = listTokanize(sentenceArray); 
 
  double wi = 0.0; 
  List<String> sentenceTokenArray = sentenceTokanize(sentence); 
  int nTokens = sentenceTokenArray.size(); 
  for (int i = 0; i < nTokens; i++) { 
   double twi = 0.0; 
   String token = sentenceTokenArray.get(i).toString(); 
   twi = wordWeight1(sentenceArray, tokenArray, token); 
   wi = wi + twi; 
  } 
  return wi; 
 } 



  

 
 
 public double sentenceWeight2(List<String> sentences, List<String> tokens, 
   String sentence) { 
  double wi = 0.0; 
  String[] tt = sentence.toString().split("[ ,\t]"); 
  for (int i = 0; i < tt.length; i++) { 
   double twi = 0.0; 
   if (!tt[i].trim().isEmpty()) { 
    twi = wordWeight1(sentences, tokens, tt[i]); 
    wi = wi + twi; 
   } 
  } 
  return wi; 
 } 
 
  
 public List<String> listTokanize(List<String> input) { 
 
  List<String> temp = new ArrayList<String>(); 
 
  for (Object o : input) { 
   String[] tt = o.toString().split("[ ,?à¥¤\t\n]"); 
   for (int i = 0; i < tt.length; i++) { 
    if (!tt[i].trim().isEmpty()) { 
     temp.add(tt[i]); 
    } 
   } 
  } 
  return temp; 
 } 
 
  
 public List<String> sentenceTokanize(String sentence) { 
  List<String> temp = new ArrayList<String>(); 
  String[] tt = sentence.split("[ ,?à¥¤\t\n]"); 
  for (int i = 0; i < tt.length; i++) { 
   if (!tt[i].trim().isEmpty()) { 
    temp.add(tt[i]); 
   } 
  } 
  return temp; 
 } 
 
  
 public List<String> listSentencise(List<String> input) { 



  

  List<String> temp = new ArrayList<String>(); 
 
  for (String s : input) { 
   if (s == null || s.length() == 1 || s.isEmpty() 
     || s.trim().equals("") || s.equals("")) { // Ashok: I don't 
            
    // know why 
            
    // s.length()==1 
            
    // works but not 
            
    // s.length()==0. 
            
    // It sucks my 3 
            
    // hours. 
    continue; 
   } 
   String[] tt = s.trim().split("(?<=[?à¥¤]+)"); 
   for (int i = 0; i < tt.length; i++) { 
    if (tt[i].length() != 0 || !tt[i].trim().equals("") 
      || !tt[i].trim().isEmpty()) { 
     temp.add(tt[i].trim()); 
    } 
   } 
  } 
  return temp; 
 } 
 
  
 public List<String> listSentencise1(List<String> input) { 
  List<String> temp = new ArrayList<String>(); 
 
  for (String s : input) { 
   if (s == null || s.length() == 1 || s.isEmpty() 
     || s.trim().equals("") || s.equals("")) { // Ashok: I don't 
            
    // know why 
            
    // s.length()==1 
            
    // works but not 
            
    // s.length()==0. 
            



  

    // It sucks my 3 
            
    // hours. 
    continue; 
   } 
   String[] tt = s.trim().split("[à¥¤?]+"); 
 
   for (int i = 0; i < tt.length; i++) { 
    if (tt[i].length() != 0 || !tt[i].trim().equals("") 
      || !tt[i].trim().isEmpty()) { 
     temp.add(tt[i].trim()); 
    } 
   } 
  } 
  return temp; 
 } 
 
  
 public List<String> listSentencise(String input) { 
  List<String> temp = new ArrayList<String>(); 
 
  if (input.length() != 0 || input.trim().equals("")) { 
   String[] tt = input.trim().split("(?<=[?à¥¤]+)"); 
   for (int i = 0; i < tt.length; i++) { 
    if (tt[i].length() != 0 || !tt[i].trim().equals("") 
      || !tt[i].trim().isEmpty()) { 
     temp.add(tt[i].trim()); 
    } 
   } 
  } 
  return temp; 
 } 
 
  
 public List<String> listSentencise1(String input) { 
  List<String> temp = new ArrayList<String>(); 
 
  if (input.length() != 0 || input.trim().equals("")) { 
   String[] tt = input.trim().split("[?à¥¤]+"); 
   for (int i = 0; i < tt.length; i++) { 
    if (tt[i].length() != 0 || !tt[i].trim().equals("") 
      || !tt[i].trim().isEmpty()) { 
     temp.add(tt[i].trim()); 
    } 
   } 
  } 



  

  return temp; 
 } 
 
 
 public double df(List<List<String>> input, String token) { 
  // The document frequency of token: the number of documents that contain 
  // token: 
  // input: class 0: document 0,1,2,... 
  // class 1: document 0,1,2,... 
  // class 2: document 0,1,2,... 
  // 
  double df = 1.0; //no avoid divide by zero error 
  int nClasses = input.size(); 
  for (int iClass = 0; iClass < nClasses; iClass++) { 
   int nSamples = input.get(iClass).size(); 
   for (int iSample = 0; iSample < nSamples; iSample++) { 
    String doc = input.get(iClass).get(iSample); 
    if (!doc.isEmpty()) { 
     Boolean found = Arrays.asList(doc.split(" ")).contains( 
       token); 
     if (found) { 
      df = df + 1; 
      // System.out.println("Keyword matched the 
string. Class:"+iClass+"Document: "+iSample+"df:"+df); 
 
     } 
    } 
   } 
  } 
 
  return df; 
 } 
 
 public double idf(List<List<String>> input, String token) { 
  int N = 0; // Total number of documents in the collection 
  for (int iClass = 0; iClass < input.size(); iClass++) 
   for (int iSample = 0; iSample < input.get(iClass).size(); iSample++) 
    N = N + 1; 
 
  double df_t = df(input, token); 
  double idf = Math.log10(N / df_t); 
 
  return idf; 
 } 
 
  



  

public double tf(Map<String,Integer> docFreqMap, String token){ 
 int tf_td=0; 
 if(docFreqMap.containsKey(token)){ 
  tf_td=docFreqMap.get(token); 
 } 
  
 return (1+ Math.log10(tf_td)); 
} 
 
public Map<String,Integer> wordFrequencyCount(String doc){ 
 Map<String,Integer> hmap= new HashMap<String,Integer>(); 
 for(String tempStr : doc.split("[ ]+")) 
 { 
   if(hmap.containsKey(tempStr)) 
   { 
      Integer i=hmap.get(tempStr); 
      i+=1; 
      hmap.put(tempStr,i); 
   } 
   else 
      hmap.put(tempStr,1); 
 } 
return hmap; 
} 
 
public double tfidf(double tf,double idf){ 
 return tf*idf; 
} 
 
 public double[][] createFeatureVector(HashSet<String> dict, 
   List<List<String>> input) { 
 
  // Total number of documents 
  int nDocs = 0; 
  for (int iClass = 0; iClass < input.size(); iClass++) 
   for (int iSample = 0; iSample < input.get(iClass).size(); iSample++) 
    nDocs = nDocs + 1; 
 
  // Total number of features 
  int nFeatures = 1 + dict.size(); // 1 for class index 
 
  Object[] dictionary = dict.toArray(); 
 
  double[][] featureVector = new double[nDocs][nFeatures]; 
  for (int i = 0; i < nDocs; i++) { 
   for (int j = 0; j < nFeatures; j++) { 



  

    featureVector[i][j]=0.0; 
   } 
  } 
   
  int iDoc = 0; 
  for (int iClass = 0; iClass < input.size(); iClass++) { 
   for (int iSample = 0; iSample < input.get(iClass).size(); iSample++) { 
    Map<String, Integer> docFreqMap = 
wordFrequencyCount(input.get( 
      iClass).get(iSample)); 
    featureVector[iDoc][0] = iClass; // 
featureVector[docId][0]=classId 
     
    for (Entry<String, Integer> entry : docFreqMap.entrySet()) { 
     String iWord = entry.getKey(); 
     Integer value = entry.getValue(); 
      
     int iWordIndex = 
Arrays.asList(dictionary).indexOf(iWord); 
//        System.out.println(iClass+" "+iSample+ "Key = " + 
iWord + " Value = " + value); 
     if (iWordIndex != -1) { //If word is not in dictionary, 
leave it. 
//       System.out.println("Dictionary Index: 
"+iWordIndex+" value: "+dictionary[iWordIndex]); 
//      System.out.println(iWordIndex+1); 
       
      //Calculate tf-idf of the word 
      double tf=tf(docFreqMap,iWord); 
      double idf= idf(input, iWord); 
      double tfidf=tfidf(tf, idf); 
      featureVector[iDoc][iWordIndex+1] = tfidf; 
     } 
//     System.out.println(); 
    } 
    iDoc++; 
   } 
  } 
 
  /*System.out.print(" "); 
  for (int i = 0; i < dictionary.length; i++)  
   System.out.print(" " + dictionary[i].toString()); 
  System.out.println(); 
   
  for (int i = 0; i < nDocs; i++) { 
   for (int j = 0; j < nFeatures; j++) { 



  

    if(j!=0 && featureVector[i][j]==0.0){ 
     System.out.print(" -" ); 
    }else 
    System.out.print(" " + featureVector[i][j]); 
   } 
   System.out.println(); 
  }*/ 
  return featureVector; 
 } 
 
}  

Naïve Bayes  
import weka.classifiers.Classifier; 
import weka.classifiers.Evaluation; 
import weka.classifiers.bayes.NaiveBayes; 
import weka.core.Attribute; 
import weka.core.FastVector; 
import weka.core.Instance; 
import weka.core.Instances; 
public class NaiveBayesLearning { 
public Classifier NaiveBayes(int numClasses, int attribSize, double[][] featureVector) 
   throws Exception { 
  // Declare two numeric attributes 
Attribute[] fvAttribute = new Attribute[attribSize]; 
  for (int i = 0; i < attribSize; i++) { 
   String attribname = "" + i; 
   fvAttribute[i] = new Attribute(attribname); 
 
  } 
  // Declare the class attribute along with its values 
  FastVector fvClassVal = new FastVector(numClasses); // Classes 
  for (int i = 0; i < numClasses; i++) { 
   String className = "" + i; 
   fvClassVal.addElement(className); 



  

  } 
 
  Attribute ClassAttribute = new Attribute("classes", fvClassVal); 
  FastVector fvWekaAttributes = new FastVector(attribSize + 1); 
  for (int i = 0; i < attribSize; i++) { 
   fvWekaAttributes.addElement(fvAttribute[i]); 
 
  } 
  fvWekaAttributes.addElement(ClassAttribute); 
 
  // Create an empty training set 
  Instances trainingSet = new Instances("Rel", fvWekaAttributes, 
    featureVector.length); 
 
  // Set class index 
  trainingSet.setClassIndex(attribSize); 
  // Fill the training set 
  Instance iSample = new Instance(attribSize + 1); 
 
  for (int i = 0; i < featureVector.length; i++) { 
   int k = 0; 
   for (int j = 1; j < featureVector[i].length; j++) { 
    iSample.setValue((Attribute) fvWekaAttributes.elementAt(k), 
      featureVector[i][j]); 
    k++; 
   } 
   iSample.setValue( 
     (Attribute) fvWekaAttributes.elementAt(attribSize), 
     Integer.toString((int) featureVector[i][0])); 
   trainingSet.add(iSample); 
 



  

  } 
  Classifier cModel = (Classifier) new NaiveBayes(); 
  cModel.buildClassifier(trainingSet); 
 
  return cModel; 
 } 
  
public double[][] testNaive(Classifier cModel,  int numClasses, int attribSize, double[][] 
featureVector) 
   throws Exception { 
  // Declare two numeric attributes 
int numInstances=featureVector.length; 
 
  Attribute[] fvAttribute = new Attribute[attribSize]; 
  for (int i = 0; i < attribSize; i++) { 
   String attribname = "" + i; 
   fvAttribute[i] = new Attribute(attribname); 
 
  } 
  // Declare the class attribute along with its values 
  FastVector fvClassVal = new FastVector(numClasses); // Classes 
  for (int i = 0; i < numClasses; i++) { 
   String className = "" + i; 
   fvClassVal.addElement(className); 
  } 
  Attribute ClassAttribute = new Attribute("classes", fvClassVal); 
  // Declare the feature vector 
  FastVector fvWekaAttributes = new FastVector(attribSize + 1); 
  for (int i = 0; i < attribSize; i++) { 
   fvWekaAttributes.addElement(fvAttribute[i]); 
 



  

  } 
  fvWekaAttributes.addElement(ClassAttribute); 
 
  // Create an empty training set 
  Instances testingSet = new Instances("Rel", fvWekaAttributes, 
    featureVector.length); 
 
  // Set class index 
  testingSet.setClassIndex(attribSize); 
//  System.out.println("Training set Size and class index set"); 
  // Fill the training set 
  Instance iSample = new Instance(attribSize + 1); 
 
  for (int i = 0; i < featureVector.length; i++) { 
   int k = 0; 
   for (int j = 1; j < featureVector[i].length; j++) { 
    iSample.setValue((Attribute) fvWekaAttributes.elementAt(k), 
      featureVector[i][j]); 
    k++; 
   } 
   iSample.setValue( 
     (Attribute) fvWekaAttributes.elementAt(attribSize), 
     Integer.toString((int) featureVector[i][0])); 
   testingSet.add(iSample); 
 
  } 
  // Test the model 
  Evaluation eTest = new Evaluation(testingSet); 
  eTest.evaluateModel(cModel, testingSet); 
 
   



  

  double[][] output = new double[numInstances][numClasses]; 
  for (int i = 0; i < numInstances; i++) 
   for (int j = 0; j < numClasses; j++) 
     output[i][j]=0.0; 
 
  for (int i = 0; i < numInstances; i++) { 
   double y = eTest.evaluateModelOnce(cModel, testingSet.instance(i)); 
   for (int k = 0; k < numClasses; k++) { 
    if ((int) y == k) { 
     output[i][k] = 1; 
     break; 
    } 
   } 
   
  } 
   
  /*for (int i = 0; i < numInstances; i++){ 
   for (int j = 0; j < numClasses; j++){ 
     System.out.print(" "+output[i][j]); 
   } 
  System.out.println(); 
  }*/ 
   
  // Print the result Ã  la Weka explorer: 
  /*String strSummary = eTest.toSummaryString(); 
  System.out.println(strSummary); 
  System.out.println("class detail: "+eTest.toClassDetailsString()); 
  // Get the confusion matrix 
  double[][] cmMatrix = eTest.confusionMatrix(); 
  for (int row_i = 0; row_i < cmMatrix.length; row_i++) { 
   for (int col_i = 0; col_i < cmMatrix.length; col_i++) { 



  

    System.out.print(cmMatrix[row_i][col_i]); 
    System.out.print("|"); 
   } 
   System.out.println(); 
  }*/ 
  return output; 
 } 
 
 
 public void naiveDemo() 
   throws Exception { 
  // Declare two numeric attributes 
  Attribute Attribute1 = new Attribute("firstNumeric"); 
  Attribute Attribute2 = new Attribute("secondNumeric"); 
 
  // Declare a nominal attribute along with its values 
  FastVector fvNominalVal = new FastVector(3); 
  fvNominalVal.addElement("blue"); 
  fvNominalVal.addElement("gray"); 
  fvNominalVal.addElement("black"); 
  Attribute Attribute3 = new Attribute("aNominal", fvNominalVal); 
 
  // Declare the class attribute along with its values 
  FastVector fvClassVal = new FastVector(2); 
  fvClassVal.addElement("positive"); 
  fvClassVal.addElement("negative"); 
  Attribute ClassAttribute = new Attribute("theClass", fvClassVal); 
 
  // Declare the feature vector 
  FastVector fvWekaAttributes = new FastVector(4); 
  fvWekaAttributes.addElement(Attribute1); 



  

  fvWekaAttributes.addElement(Attribute2); 
  fvWekaAttributes.addElement(Attribute3); 
  fvWekaAttributes.addElement(ClassAttribute); 
 
  // Create an empty training set 
  Instances isTrainingSet = new Instances("Rel", fvWekaAttributes, 10); 
 
  // Set class index 
  isTrainingSet.setClassIndex(3); 
 
  // Create the instance 
  Instance iExample = new Instance(4); 
  iExample.setValue((Attribute) fvWekaAttributes.elementAt(0), 1.0); 
  iExample.setValue((Attribute) fvWekaAttributes.elementAt(1), 0.5); 
  iExample.setValue((Attribute) fvWekaAttributes.elementAt(2), "gray"); 
  iExample.setValue((Attribute) fvWekaAttributes.elementAt(3), "positive"); 
 
  // add the instance 
  isTrainingSet.add(iExample); 
  Classifier cModel = (Classifier) new NaiveBayes(); 
  cModel.buildClassifier(isTrainingSet); 
 
  // Test the model 
  Evaluation eTest = new Evaluation(isTrainingSet); 
  eTest.evaluateModel(cModel, isTrainingSet); 
 
  // Print the result Ã  la Weka explorer: 
  String strSummary = eTest.toSummaryString(); 
  System.out.println(strSummary); 
 
  // Get the confusion matrix 



  

  double[][] cmMatrix = eTest.confusionMatrix(); 
  for (int row_i = 0; row_i < cmMatrix.length; row_i++) { 
   for (int col_i = 0; col_i < cmMatrix.length; col_i++) { 
    System.out.print(cmMatrix[row_i][col_i]); 
    System.out.print("|"); 
   } 
   System.out.println(); 
  } 
 } 
} 
 
 
Evaluation  
import java.text.DecimalFormat; 
import java.util.*; 
public class Evaluation{ 
 FeatureExtractionDaoImpl feDao = new FeatureExtractionDaoImpl(); 
 int nFeatures = new Integer(9); 
 public List<String> summaryGeneration(List<String> input, 
   List<String> ppOutput, List<List<String>> neDict, float nSummary) { 
  // input-sentence list 
  List<String> summary = new ArrayList<String>(); 
  double[][] scoreArray = sentenceScoring(ppOutput, neDict); 
  double[][] rankArray = sentenceRanking(scoreArray); 
  int nRows = rankArray.length; 
  // int nSummarySentences = (int)Math.ceil(nRows * nSummary); 
  int nSummarySentences = (int) Math.round(nRows * nSummary); 
  int[] ssIndexArry = new int[nSummarySentences]; 
  for (int i = 0; i < nSummarySentences; i++) { 
   ssIndexArry[i] = (int) (rankArray[i][0]); 



  

  } 
 
  // Order the generated summary in original document order for 
  // readability 
  Arrays.sort(ssIndexArry); 
 
  // Retrieve summary sentences 
  for (int i = 0; i < nSummarySentences; i++) { 
   summary.add(input.get(ssIndexArry[i])); 
   // System.out.println(input.get(ssIndexArry[i])); 
  } 
  return summary; 
 } 
 
 public double[][] sentenceRanking(double[][] scoreArray) { 
 
  Arrays.sort(scoreArray, new Comparator<double[]>() { 
   @Override 
   public int compare(double[] int1, double[] int2) { 
    Double numOfKeys1 = int1[1]; 
    Double numOfKeys2 = int2[1]; 
    return -numOfKeys1.compareTo(numOfKeys2); // to return result 
in 
             
  // decreasing order 
   } 
  }); 
  return scoreArray; 
 } 
 
 public double[][] sentenceScoring(List<String> input, 



  

   List<List<String>> neDict) { 
  double[][] featureArray = sentenceFeatures(input, neDict); 
  int nSentences = input.size(); 
  double[][] scoreArray = new double[nSentences][2]; 
 
  for (int i = 0; i < nSentences; i++) { 
   scoreArray[i][0] = i; 
   scoreArray[i][1] = featureArray[i][1] + featureArray[i][2] 
     + featureArray[i][3] + featureArray[i][4] 
     + featureArray[i][5] + featureArray[i][6] 
     + featureArray[i][7] + featureArray[i][8]; 
  } 
  System.out.println("-----------------------------------------------"); 
  System.out.println("Features of Sentences"); 
  System.out.println("-----------------------------------------------"); 
  for (int i = 0; i < nSentences; i++) { 
   for (int j = 0; j < 9; j++) { 
    System.out.print(featureArray[i][j] + " "); 
   } 
   System.out.println(); 
 
  } 
  System.out.println("-----------------------------------------------"); 
  System.out.println("Score of Sentences"); 
  System.out.println("-----------------------------------------------"); 
  for (int i = 0; i < nSentences; i++) { 
   for (int j = 0; j < 2; j++) { 
    System.out.print(scoreArray[i][j] + " "); 
   } 
   System.out.println(); 
 



  

  } 
  return scoreArray; 
 } 
public double[][] sentenceFeatures(List<String> input, 
   List<List<String>> neDict) { 
  // input-sentence list 
  int nWordsInLongestSentence = feDao.noOfWordsInLongestSentence(input); 
  int nSentences = input.size(); 
  double[][] featureArray = new double[nSentences][nFeatures]; 
  String sentence; 
  List<String> tokenArray = new ArrayList<String>(); 
 
  for (int i = 0; i < nSentences; i++) { 
 
   if (input.get(i).isEmpty() || input.get(i).trim().isEmpty() 
     || input.get(i) == null) { 
    featureArray[i][0] = i; 
    featureArray[i][1] = 0; 
    featureArray[i][2] = 0; 
    featureArray[i][3] = 0; 
    featureArray[i][4] = 0; 
    featureArray[i][5] = 0; 
    featureArray[i][6] = 0; 
    featureArray[i][7] = 0; 
    featureArray[i][8] = 0; 
   } else { 
    sentence = input.get(i).toString().trim(); 
    // Sentence Index 
    featureArray[i][0] = i; 
 
    // Length Feature 



  

    featureArray[i][1] = feDao.lengthOfSentence( 
      nWordsInLongestSentence, sentence); 
    // Postion Feature 
    featureArray[i][2] = feDao.sentencePosition(input, i + 1, 
      sentence); 
 
    // NE Features 
    tokenArray = feDao.sentenceTokanize(sentence); 
    int nTokens = tokenArray.size(); 
    int neResult; 
    String word; 
    int nPersons = 0, nLocations = 0, nOrganizations = 0, nMisc = 0, 
nNotNE = 0; 
    for (int j = 0; j < nTokens; j++) { 
     word = tokenArray.get(j); 
     neResult = feDao.neClass(neDict, word); 
     switch (neResult) { 
     case 1: 
      nPersons = nPersons + 1; 
      break; 
     case 2: 
      nLocations = nLocations + 1; 
      break; 
     case 3: 
      nOrganizations = nOrganizations + 1; 
      break; 
     case 4: 
      nMisc = nMisc + 1; 
      break; 
     case 5: 
      nNotNE = nNotNE + 1; 



  

      break; 
     default: 
      break; 
     } 
 
     featureArray[i][3] = nPersons; 
     featureArray[i][4] = nLocations; 
     featureArray[i][5] = nOrganizations; 
     featureArray[i][6] = nMisc; 
     featureArray[i][7] = 0.0; // featureArray[i][7] = nNotNE; 
            // //Not 
NE feature bias the 
            // 
result.(to be improved) 
    } 
    // Term Frequency Features 
    featureArray[i][8] = feDao.sentenceWeight1(input, sentence); 
   } 
  } 
  return featureArray; 
 } 
 
 public void systemEvaluation(List<String> manualSummary, 
   List<String> systemSummary) { 
  double precision = precision(manualSummary, systemSummary); 
  double recall = recall(manualSummary, systemSummary); 
  double beta = 1; 
  double fscore = fscore(precision, recall, beta); 
 
  System.out.println("-----------------------------------------------"); 
  System.out.println("Results"); 



  

  System.out.println("\tPrecision: " + roundTwoDecimals(precision * 100) 
    + "%"); 
  System.out.println("\tRecall: " + roundTwoDecimals(recall * 100) + "%"); 
   
 } 
 
 public String[] systemEvaluation1(List<String> manualSummary, 
   List<String> systemSummary) { 
  double precision = precision(manualSummary, systemSummary); 
  double recall = recall(manualSummary, systemSummary); 
  double beta = 1; 
  String[] result = new String[3]; 
  result[0] = roundTwoDecimals(precision * 100) + "%".toString(); 
  result[1] = roundTwoDecimals(recall * 100) + "%".toString(); 
  result[2] = roundTwoDecimals(fscore * 100) + "%".toString(); 
 
  return result; 
 } 
 
 double roundTwoDecimals(double d) { 
  DecimalFormat twoDForm = new DecimalFormat("#.##"); 
  return Double.valueOf(twoDForm.format(d)); 
 } 
 
 public double precision(List<String> manualSummary, 
   List<String> systemSummary) { 
  int nSystemSumarySentences = systemSummary.size(); 
  Set<String> intersect = new HashSet<String>(manualSummary); 
  intersect.retainAll(systemSummary); 
  int nSystemCorrectSummarySentences = intersect.size(); 
 



  

  // System.out.println("PnSystemSumarySentences: "+nSystemSumarySentences); 
  // System.out.println("PnSystemCorrectSummarySentences: 
"+nSystemCorrectSummarySentences); 
 
  return (double) nSystemCorrectSummarySentences / nSystemSumarySentences; 
 } 
 
 public double recall(List<String> manualSummary, List<String> systemSummary) { 
  int nManualSumarySentences = manualSummary.size(); 
  Set<String> intersect = new HashSet<String>(manualSummary); 
  intersect.retainAll(systemSummary); 
  int nSystemCorrectSummarySentences = intersect.size(); 
 
  // System.out.println("RnManualSumarySentences: 
"+nManualSumarySentences); 
  // System.out.println("RnSystemCorrectSummarySentences: 
"+nSystemCorrectSummarySentences); 
 
  return (double) nSystemCorrectSummarySentences / nManualSumarySentences; 
 } 
 
 public double fscore(double precision, double recall, double beta) { 
  double f = 0.0; 
  if (precision != 0.0 && recall != 0.0) { 
   f = ((beta * beta + 1) * precision * recall) 
     / ((beta * beta) * precision + recall); 
  } 
  return f; 
 } 
 
 public class values { 



  

  int val1; 
  int val2; 
 
  values(int v1, int v2) { 
   this.val1 = v1; 
   this.val2 = v2; 
  } 
 
  public void Update_VAl(int v1, int v2) { 
   this.val1 = v1; 
   this.val2 = v2; 
  } 
 }// end of class values 
 
 public double cosineSimilarityScore(String Text1, String Text2) { 
 
  double sim_score = 0.0000000; 
  // 1. Identify distinct words from both documents 
  String[] word_seq_text1 = Text1.split(" "); 
  String[] word_seq_text2 = Text2.split(" "); 
  Hashtable<String, values> word_freq_vector = new Hashtable<String, values>(); 
  LinkedList<String> Distinct_words_text_1_2 = new LinkedList<String>(); 
 
  // prepare word frequency vector by using Text1 
  for (int i = 0; i < word_seq_text1.length; i++) { 
   String tmp_wd = word_seq_text1[i].trim(); 
   if (tmp_wd.length() > 0) { 
    if (word_freq_vector.containsKey(tmp_wd)) { 
     values vals1 = word_freq_vector.get(tmp_wd); 
     int freq1 = vals1.val1 + 1; 
     int freq2 = vals1.val2; 



  

     vals1.Update_VAl(freq1, freq2); 
     word_freq_vector.put(tmp_wd, vals1); 
    } else { 
     values vals1 = new values(1, 0); 
     word_freq_vector.put(tmp_wd, vals1); 
     Distinct_words_text_1_2.add(tmp_wd); 
    } 
   } 
  } 
 
  // prepare word frequency vector by using Text2 
  for (int i = 0; i < word_seq_text2.length; i++) { 
   String tmp_wd = word_seq_text2[i].trim(); 
   if (tmp_wd.length() > 0) { 
    if (word_freq_vector.containsKey(tmp_wd)) { 
     values vals1 = word_freq_vector.get(tmp_wd); 
     int freq1 = vals1.val1; 
     int freq2 = vals1.val2 + 1; 
     vals1.Update_VAl(freq1, freq2); 
     word_freq_vector.put(tmp_wd, vals1); 
    } else { 
     values vals1 = new values(0, 1); 
     word_freq_vector.put(tmp_wd, vals1); 
     Distinct_words_text_1_2.add(tmp_wd); 
    } 
   } 
  } 
 
  // calculate the cosine similarity score. 
  double VectAB = 0.0000000; 
  double VectA_Sq = 0.0000000; 



  

  double VectB_Sq = 0.0000000; 
 
  for (int i = 0; i < Distinct_words_text_1_2.size(); i++) { 
   values vals12 = word_freq_vector 
     .get(Distinct_words_text_1_2.get(i)); 
 
   double freq1 = (double) vals12.val1; 
   double freq2 = (double) vals12.val2; 
   VectAB = VectAB + (freq1 * freq2); 
   VectA_Sq = VectA_Sq + freq1 * freq1; 
   VectB_Sq = VectB_Sq + freq2 * freq2; 
}sim_score = ((VectAB) / (Math.sqrt(VectA_Sq) * Math.sqrt(VectB_Sq))); 
 
  // return(sim_score); 
  return (roundTwoDecimals(sim_score * 100)); 
 } 
} 
 
 

 
 
 
 
 
 
 
  
 


