
 10

Chapter 2 - Literature Survey  

 
This chapter discusses text mining and examines a variety of categorization and 

classification techniques and approaches, which supports concept discovery from 

document collections and document processing. This analyzes the characteristics, 

benefits, drawbacks and challenges associated with each approach.  

 

2.1 Introduction 
 

The reviewing of literature has been divided into two sections namely theoretical 

literature and practical literature. The theoretical literature is mostly focused on the 

theories and concepts used in text mining. The practical literature is focused on 

commercially available tools in text categorization. This area of study extensively 

utilizes and benefits from the concepts developed on text mining, by many institutions 

and scholars all over the world.  

Data sets are rich with hidden information that can be used to make intelligent 

decisions. Most of the text mining and information retrieval techniques rely on 

word matching. Clustering can be used as an alternative technique for information 

retrieval. Clustering is the process of partitioning the data sets into subsets, so 

that the data in each cluster is sharing the common characteristics. Clustering 

gives an overview of a document collection, manages a large number of text 

documents and provides mechanisms for efficient information retrieval [8]. 

Classification and prediction can be used to extract the models describing the 

important data classes or to predict the future data trends, whereas visualization 

has the ability to describe the structure of a classifier in an understandable way, 

by converting the data into usable knowledge [1, 2, 3].  

 

2.1.1 Data Mining  
Data mining, also known as knowledge discovery, has been defined as "the non-trivial 

extraction of implicit, previously unknown, and potentially useful information from 

data" and "the science of extracting useful information from large data sets or 

databases" (Frawley, 1992 ; Hand, 2001). This process automatically searches large 
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volumes of data for patterns, using techniques such as classification, association rule 

mining, clustering, etc. Data mining identifies trends within data that go beyond 

simple analysis. It analyses data from different perspectives and summarizes into 

useful information.   

Data mining software provides analytical tools that can be used to analyze data. It 

allows the users to analyze data from different dimensions or angles, to categorize it, 

and to summarize the relationships identified. Data mining software can be divided 

into two groups; tools and applications. Data mining tools provide techniques which 

can be applied to any business problem. Data mining tools increase the effectiveness 

of data mining applications. Data mining applications, on the other hand, embed 

techniques in applications which have been customized to address a specific problem. 

[21]. Data mining has links with multiple core fields in computer science and 

engineering. It adds value to rich seminal computational techniques from statistics, 

information retrieval, machine learning and pattern recognition. 

 

2.1.2 Text Mining  
Text mining extracts high quality information from the text documents, by 

considering the patterns in the data set. Text mining makes use of information 

retrieval, data mining, machine learning, statistics and computational linguistics. Text 

Mining can be considered as an application of machine learning in conjunction with 

natural language processing, information extraction and algebraic/mathematical 

approaches in computational information retrieval.  
Text mining is used to discover historical retrospective, summaries of the data.  

Features used in text mining algorithms are the best characterized words in document 

topics or triggers for a topic classifier. Most of the text mining tools are suitable for a 

limited number of tasks. The same data set can be used by different communities, 

depending on the domain knowledge, to extract different types of facts with different 

accuracy levels. 
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2.2 Text Categorization 
 

2.2.1 Importance of Text Categorization 
 Information retrieval (IR) systems identify the documents in a collection, 

where each document is assigned to one or more keywords describing its 

content. For example search engines identify the documents that are relevant 

to the given words. IR systems are usually used in digital libraries. IR systems 

select only the most relevant documents to a particular problem to speed up 

the analysis. However text mining applies computationally intensive 

algorithms to a large set of documents.  

 Natural Language Processing (NLP) analyze the human language so that 

computers can understand natural languages as humans do.  In text mining 

NLP is used in the information extraction phase with linguistic data relevant to 

the task. This is done by annotating documents with information such as 

sentence boundaries, part-of-speech tags, parsing results, which can then be 

read by the information extraction tools.  

 Information extraction (IE) automatically obtains structured data from an 

unstructured natural language document. It defines the general form of the 

interested data and guides the extraction process.  

 

2.3 Text Categorizing Application Areas  
 

Text categorization is involved in a wide range of areas and applications [4, 33].  

 

2.3.1 Areas of Text Categorization 

• Insurance: 

 To detect fraudulent claims in insurance 

 To identify urgent claims to respond immediately 

 To build templates based on existing documents 

• Human resource management 

 To select the best match from a collection of potential summaries  
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• Law 

 To search precedents in a legal database 

 To analyze documents to recognize consistent patterns and similar pieces of 

evidence 

• Market analysis, trading, forecasting 

 To discover market trends 

 To track important events 

 To predict outcomes based on previous data 

• Medicine, Biology, Chemistry 

 To recognize consistent patterns, similar pieces of evidence 

 To predict the outcome based on previous data 

 

2.3.2 Applications of Text Categorization 

• Automatic fax processing  

• Fax exchange system which exchanges faxes of different formats 

• Hotel booking which considers the domain ontology to process natural 

language queries 

• Document management systems used to discover patterns and understand text 

• Search systems which need to understand semantics of the content 

• A network agent can make use of text classification to browse documents to 

realize user profiles. It can also organize and prioritize news or other textual 

materials according to the customer requirements [34]  

• Document organizing systems can index the documents with a controlled 

vocabulary. Eg. Classify incoming newspaper articles into categories.  

• Text filtering classifies a stream of incoming documents dispatched in an 

asynchronous way.  

• Word sense disambiguation systems find the number of occurrences in a 

particular word. Use indexing with word sense, rather than by words. Eg. 

‘Bank of England’, ‘the bank of river Thames’, ‘I went to bank’.  
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2.4 Text Categorizing Approaches  
 

Over the years, there had been a variety of state-of-the-art methodologies which were 

involved with text mining tasks, such as text learning, text representation, feature 

subset selection, domain characteristics control, scalability of developed approaches, 

text classification methods, natural language processing for automated text analysis, 

extensions of these methods to handle different natural languages, performance 

evaluation measures, enhancement of text learning and analysis applications [41].  

Wide collections of text categorizing algorithms and methods have been published in 

the literature. Some algorithms identify common features among the data set using the 

attributes and their correlations. These algorithms belong to the class of unsupervised 

learning. Supervised learning methods are used to reproduce a given classification 

scheme. It processes a labelled training set and feeds it into the learning algorithm 

along with their labels. The algorithm adjusts the internal parameters and performs the 

classification task [50].  

In categorization, all the decisions are based on the extracted knowledge from the 

documents. Single label categorization assigns exactly one category to each data item. 

Multi-label categorization can assign many categories to a given data item [56]. 

Traditional approaches, use a separate binary classifier for each class and then submit 

the testing examples to all classifiers in parallel, when dealing with multi label 

elements. However it ignores mutual relations between classes. Researchers tried to 

solve this by considering each combination of classes as an ‘artificial’ class, but it 

succeeded only if the number of classes was limited [37].  

Major approaches for text categorization  

• Knowledge engineering: At the end of the 1980’s, text categorizing was based on 

knowledge engineering approaches. It manually defines a set of rules, which 

encodes the expert knowledge on how to classify documents under the given 

categories. Since the rules are manually defined, any updates need human 

intervention and this process is expensive and takes more time. This approach 

depends on the application domain [56].  

• Machine learning: In the 1990’s machine learning was introduced to perform text 

categorizing. These are widely used automatic text classifiers, built by learning 

from a set of pre-defined documents, which gives the characteristics of the 
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categories [50]. In this approach the learner is domain independent. When there 

are changes, it is easy to repeat the inductive process [56].  This is more portable 

and less labour intensive than the manual processing.  It extracts the implicit 

knowledge contained in the text to perform categorization. It is possible for a 

document to belong to many classes. To overcome this problem it is possible to 

create a separate classifier for each class but it leads to high computational cost 

[37]. 

• Ad hoc methods of text categorization are based on word/ phase searching, where 

the document should satisfy the search criteria. Whereas statistical methods are 

based on character / n-gram, where the documents are close to the statistical ideal 

[47].The approaches based on probabilistic models may not accurately 

approximate to probabilistic distributions. Methods based on boosting algorithms, 

combine several classifier outputs from different training data sets. They help to 

minimize the hamming distance between the correct class labels and find a 

classifier with minimum ranking loss [37].  

Classification is a supervised criteria whereas clustering is an unsupervised learning 

method. Classification techniques use some training data to classify others whereas in 

clustering techniques the training data is unknown. 

 

2.4.1 Clustering 
A cluster is a collection of objects which are ‘similar’ among them selves and are 

‘dissimilar’ to the objects belonging to other clusters. Clustering is the process of 

partitioning and organizing the data set into different groups. So that the data in each 

group share common features [67]. Clustering forms groups, in such a way that the 

intra-cluster similarity is maximized and the inter-cluster similarity in minimized. 

Clustering is used to extract salient features of related text documents and identify 

interesting distribution in the underlying data. Traditional clustering algorithms either 

use pre-defined document structures or probability techniques to define the similarity 

among the text documents. They either favour clusters with spherical shapes and 

similar sizes, or are very fragile in the presence of outliers.  

Text categorization models documents into classes based on their content. It 

assigns unseen documents into categories and handles the exponential growth in 

available text documents [8]. The labels usually come from one or more pre-defined 
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sets that reflect the knowledge structures intended to organize the documents [32].  

 

    

 

 

 

 

 

 

• The Goals of Clustering 

The goal of clustering is to determine the intrinsic grouping in a set of unlabelled data. 

It can be shown that there is no absolute “best” criterion which would be independent 

of the final aim of the clustering. Consequently, it is the user which must supply this 

criterion, in such a way that the result of the clustering will suit their needs. 

 

Two main types of clustering:  

o Distance based clustering: Data instances belong to the same cluster if they are 

close according to a given geometrical distance.  

o Conceptual clustering: Data instances belong to the same cluster if it can 

define a common concept for all instances [67].  

 Distance based methods such as k-means analysis, hierarchical clustering use a 

selected set of features in different documents as the dimensions. Each feature vector 

in a document can be viewed as a point in the multi-dimensional space [48].  

 

There are two ways of using a text classifier: 

• Document-pivoted categorization (DPC):  

DPC finds all the categories a given document can belong to. This method is 

used when the documents become available at different moments. Eg. E-mail 

filtering 

• Category-pivoted categorization (CPC):  

CPC finds all the documents under a given category. This method is used 

when new categories are added after some documents have already been 

classified.  

Figure 2.1: Graphical representation of four clusters 
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2.4.1.1. Unsupervised Clustering 

Unsupervised clustering builds models from data without pre-defined knowledge. 

Based on a similarity scheme defined by the clustering technique, it groups the data 

elements. The learning process builds the knowledge structure considering the cluster 

quality. The goal of unsupervised clustering is to discover concept structures in data. 

Evaluation techniques can be used to analyze the formed clusters [69].  

• Uses of unsupervised clustering: 

 To identify the meaningful relationships among data in the form of concepts 

 To detect outliers that do not group naturally with the other instances.  

To evaluate the performance 

To determine the best set of attributes 

 

In general, it is difficult to evaluate unsupervised clustering. A common method is to 

calculate the summation of squared error differences between each cluster instance 

and their relevant cluster centre. Smaller values of the sum of squared error 

differences indicate clusters with high quality. Another internal evaluation technique 

is to repeat the clustering process until satisfied, to get an optimal value. [69].  

However most of these approaches do not work well with a large document space, 

because it increases the dimensionality of the feature space. Since most of the distance 

based schemes require the calculation of the mean of document clusters, if the 

dimensionality is high, then the calculated mean does not significantly differ among 

clusters and does not produce a good cluster [48]. It is possible to reduce the 

dimensionality of the data set either by selecting only the k-most frequent words from 

each document or by extracting only the salient features of each document.   

The main requirements that a clustering algorithm should satisfy are: 

• Scalability; 

• Dealing with different types of attributes; 

• Discovering clusters with arbitrary shape; 

• Minimal requirements for domain knowledge to determine input parameters; 

• Ability to deal with noise and outliers; 

• Insensitivity to order of input records; 

• High dimensionality; 

• Interpretability and usability. 
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Problems with clustering 

• Current clustering techniques do not address all the requirements adequately 

and concurrently 

• Dealing with a large number of dimensions and a large number of data items 

can be problematic because of time complexity 

• The effectiveness of the method depends on the definition of ‘distance’, for 

distance-based clustering 

• It is difficult to define the distance measures in multi-dimensional space 

•  The result of the clustering algorithm can be interpreted in different ways 

 

2.5 Stages in Text Categorization  
 

2.5.1 Data Pre-processing  
Data consists of textual data with noise; hence some attributes may be irrelevant 

to the clustering task. Therefore relevance analysis on data has to be performed to 

remove redundant attributes from the learning process. Data cleaning and pre-

processing algorithms are used in data pre-processing to extract, remove noise 

and clean the textual data. It avoids the interference of irrelevant words during the 

clustering. The word filtering process eliminates pre-defined words such as 

prepositions, commonly used words, non-alphabetic words, and names of the 

months [54]. It helps to recognize and classify significant vocabulary items from 

the text.  

Data cleaning has to be applied on the data set, before performing the categorization 

task, to reduce the incorrect results. Replacing multiple spaces with single space, 

replacing upper case letters with lower case letters, removing prepositions, are some 

of the data pre-processing techniques. These simple transformations are only 

applicable to text, in the English language. For non-English based languages more 

complex transformation rules are needed. Indic language text mapping depends on the 

text, language and other factors such as locale. At the semantic level, functions apply 

stemming, which is language dependent, to reduce each word to the base form, from 

which it originates.  For example, considering English text, stemming used to map the 

word ‘computer’ into ‘comput’ and ‘going’ into ‘go’. Words such as conjunctions can 

be excluded, before or after stemming, which is known as stop-word cancellation [50].  
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A document processing application cannot directly interpret the original text data. It 

needs an indexing procedure to map text into a compact representation of its content. 

This process is based on selecting the meaningful units of text, combining them, and 

selecting unimportant units of text [14, 56].  

 

2.5.2 Filtering Raw Data 
Raw data can be filled with noise, such as unrelated images and links. There is a need 

for a filtering machine to reduce the noise in the generated data. Pre-processing filter 

eliminates certain categories from consideration, whereas post-processing filter 

analyses all the documents as a group and selects documents into the final meta 

document.  

Data pre-processing eliminates prepositions, common symbols and consider 

synonyms, phonemes, proper names, multiword terms, abbreviations, and numeric 

forms of numbers before applying categorization.  

 

2.5.3 Word Frequency  
Word is the most basic term which can be used to represent a text document [8]. 

Words can be selected as features for the classification to reduce the feature 

dimensionality. Word frequency is defined as the number of occurrences a word 

appears in a given document. Frequency counts were used to determine the 

significant words in each document. Every word is represented only once in the 

text representation. This helps to extract the significant set of words [34].  

 

2.5.4   Transformations: 
To increase the performances in language simulation following transformations can 

be applied to specify the importance of the terms.  

1. Transform the cell values in to the cumulative frequency as in  log(freqij + 1) where 

freqij is the frequency of term i in document j.  

2. Inversely transform the overall occurrence of the terms in the collection 

Note:  it is stated that a set of words cannot be accurately understood without all of its 

words. So that a zero weight function can be used to compare short word strings.  
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2.5.5 Information Retrieval 
Information extraction supports applications with information retrieval, search 

engines, machine translation, summarization and categorization. Classic information 

retrieval includes indexing, query suggestion, spelling, and ranking. The performance 

of these tasks can be improved using natural language processing [42].  

Most of the information retrieval systems use word stems as the representation units 

in feature selection and extraction. Languages such as English and other Indo 

European languages have a natural delimiter between words [38].  

 

2.5.6 Feature Extraction 
2.5.6.1. Language identification systems 

Linguistic methods: based on word/ sentence with short or common words, list of 

words for each language, unknown documents are compared to dictionaries to find the 

closest match.  

Cryptographic methods: based on character/ n-gram which count the characters or 

groups of characters. The statistics of unknown documents are compared to statistics 

of documents in language training sets to find the closest match.  

Vector methods: based on linear algebra clustering, where documents in n-

dimensional space can be modelled as an n-element vector. A vector from an 

unknown document is compared to the vector of a document in training sets to find 

the closest match.  

 

2.5.6.2. Current Issues  

Computers can use ASCII representation to store text, which is not appropriate for 

non-English languages [50]. Therefore there is a need for finding a better way to 

represent text in a computer. An alternative is to encode the text as a sequence of 

numbers, one per character. Although this representation does not cause loss of 

semantic information, this form is not suitable to use in machine learning algorithms. 

Therefore it extracts relevant features from text and stored as a feature vector, which 

can be used in machine learning approaches. The feature extraction process is a 

critical task, because the chosen attributes are the only input which is used to decide 

the category [18, 23]. Bag-of-words and n-grams are widely used approaches to 

generate feature vectors. Feature selection improves classification [50].  
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2.5.6.3. Bag-of-words 

This is a commonly used feature extraction method, which scans each text and 

calculates the word frequencies with reference to a known vocabulary and used as a 

vector to characterize the given text. It counts the number of occurrences of a word 

within a document. It represents a given text with a feature vector.  Weighting the 

count of each word ‘w’, by its inverse document frequency ‘Iw’, can enhance this 

approach. It enhances the contribution of uncommon words with respect to the words 

widely found, including conjunctions and adverbs. This can be calculated using the 

following expression, where ‘n’ is the total number of documents and ‘fw’ is the 

number of documents in which the word ‘w’ appears.   Iw = log ( n / fw )     

Bags-of-words approach works well with word stemming, even if the words are not in 

order. This approach reduces the feature space to 10% of the original size and does 

not affect the classification performance [19, 49, 50]. 

 

2.5.6.4. Attribute selection 

In the feature extraction process, it is important to reduce the dimensionality of the 

input space to reduce the computational cost. It is good to eliminate irrelevant features, 

which do not contribute to predict the category or redundant features which are 

strongly correlated with each other. The document frequency threshold approach is 

based on the frequency of documents, on which a given word appears. If the value of 

‘Iw‘is below a certain threshold it disregards the term. This approach assumes that the 

words with low frequency are not carrying sufficient information with them, so that 

they are not useful to predict the category or the performance. [50].  

 

2.5.6.5. N-gram language identification 

N-gram approach is a natural representation, which can be applied without previous 

knowledge of the language of the input, to order the characters in the input text. It 

represents a given text with a feature vector. This method breaks the input sequence 

into n-parts of consecutive characters. Each attribute counts the frequency of n-gram, 

which appears in a given document. Increasing n will not improve the classification 

accuracy, but the dimensionality of feature space grows exponentially. According to 

the literature, when n=4, it gives good results. Large n-grams have no specific features 

that can be found only in a single text and this results in a set of orthogonal documents 

which cannot be used to calculate, a useful distance among them [50].  
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In this approach we first collect the training set of documents with the relevant 

language and extract, count and order the n-grams keeping the top m as the n-gram 

profile for the language. Then compare each n-gram from the documents, with n-

profile for each language and identify the best match with the closest. Finding the best 

measure is still an active research area. An alternative is to calculate the absolute 

distances between the rank orders of each n-gram in two profiles [47].   

Eg.  N-Grams of “TEXT” 

2-grams: _T, TE, EX, EX, T_ 

3-grams: _TE, TEX, EXT, XT_, T_ _ 

4-grams: _TEX, TEXT, EXT_, XT_ _, T_ _ _ 

5-grams: _TEXT, TEXT_, EXT_ _, XT_ _ _, T_ _ _ _ 

Where _ represents a blank and n-grams do not cross word boundaries 

 

2.5.6.6. Trigrams identification 

Eg. Trigrams of ‘computer’:  _CO, COM, OMP, MPU, PUT, UTE, TER, ER_ 

If any of the trigrams are not in the document, then the word ‘computer’ is not in the 

document. Trigrams are tested in inverse order of frequency, so that the least likely is 

tested first. The number of trigrams in training set documents determines the expected 

frequency. Documents are classified according to the order based on trigram 

frequencies [34, 47].  

 

2.5.7 Vector Model 
A document is usually represented as a vector of term weights. A vector has many 

dimensions based on the features of the document collection. The weight represents 

the contribution of the term to the semantics of the document. There are different 

ways to identify terms and weights [56].  

 

• Terms: 

Terms can be defined as sets of words or bag-of-words. Phrases can be defined as 

synthetic or statistical phrases. A textual document contains common words or 

function words such as articles, prepositions and conjunctions. These words are 

pruned using stop-words. The pre-processing techniques such as stemming and base 

words can be used for data cleaning.  
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• Weights: 

Weights associated with terms usually range between 0 and 1 to represent the absence 

and presence of the term in the document respectively.  Higher weight is used when 

the term occurs often in the document, and lower weight is used when the term occurs 

in many documents. Assignment of weights can depend on the application. For 

example, a higher weight can be assigned to the title and a lower weight can be 

assigned to the body of the document. The title of an article contributes more to the 

meaning of that text, so the words in the title should have a higher weight [54]. 

Moreover the content words that appear many times in a document should have more 

weight than any other word that appears once.  

 

2.5.8 Dimensionality Reduction 
 

Many algorithms cannot handle data sets with high dimensionality. Dimensionality 

reduction helps to reduces over-fitting. Classifiers that over fit the training data is 

good at re-classifying the training data, however it is worse in classifying unseen data. 

The selection of terms to reduce dimensionality is performed, in such a way that it 

increases the effectiveness of the given application. There are many approaches and 

techniques to reduce dimensionality of the term space [43, 56].  

• Local dimensionality reduction:  

A reduced set of terms is selected from each category, to classify that category. So 

that different subsets are used for different categories.  

• Global dimensionality reduction: 

A reduced set of terms is selected under all categories, to perform classification.   

• Dimensionality reduction using term selection 

A subset of the original term set is selected as the reduced term set. This selection 

affects the effectiveness of the given application. There are two approaches to perform 

this task. The wrapper approach iteratively finds the reduced set of terms, and tests it 

with the application. The filtering approach keeps the term that receives the highest 

score according to a function that measures the importance of the term for the task. 

The functions such as document frequency and stop-word can be applied to perform 

this task [40].  Functions such as chi-square, information gain, odds ratio, and 

relevancy score can be used as the information theoretic term selection functions.  
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• Dimensionality reduction using term extraction 

Terms to be reduced, can be obtained by combining and transforming the original 

terms. Term extraction generates a set of synthetic terms from the original term set, to 

maximize the effectiveness. Due to polysemy, homonymy and synonymy, the original 

terms may not be optimal dimensions for document content representation [56].  

 

2.6 Text Categorizing Learning Methods 
 

Wide collections of text categorizing algorithms are used in active research, which 

show state-of-the-art performance [12].  

 

2.6.1 Support Vector Machine 
This is a kind of kernel method which depends on scalar products of input vectors, 

which is on the n-gram matrix. A subset of input vectors, support vectors, influences 

the selection of the margin [50].  

Support vector machine computes the linear separable surface with maximum margin 

for a given training set. This machine learning technique separates the training data 

into two classes and makes decisions based on the support vectors from the training 

set. This is based on the structural risk minimization principle in computational theory 

[38, 57].  

 

 

 

 

 

   
Figure 2.2. :  Data points in a support vector machine 

 

  Solid lines: Separating hyper planes 

  Bold solid line: optimal separating hyper plane 

  Data points on the dashed line: support vectors  

  Dashed lines: max margin. 
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SVM finds the optimal separating hyper-plane (OSH) that has the maximum margin 

to both sides. That is it maximizes the distance from positive and negative training 

sets. The points that are closest to the OSH are considered as the support vectors. 

SVM perform classification based on the OSH (support vectors) instead of the whole 

training set by finding the side of the OSH the test pattern is located. This improves 

the computational efficiency and the predictive accuracy in large scale training sets 

[11, 38].  

SVM does not work well when the training sets are small, sparsely distributed and the 

margin between the positive and the negative patterns are relatively narrow. With a 

small training set, this gives high precision, low recall and low micro averaged F1 

measure.  Text categorization methods based on SVMs are appropriate in domains 

with more features, with some irrelevant features, and with sparse elements [17]. 

Although this is a robust method it has high computational cost [37]. SVM with a 

slack variable is used, when there are noisy data, and when linear separation does not 

exist. SVMs have shown good results in the text classification process [50]. 

 

2.6.2 Self-Organizing Map 
Self-organizing maps can be used to model and represent complex data, as well as for 

constructing semantic maps. When a SOM is used to model a sequence of input 

features, the input vectors decompose into feature vector components. This can be 

used as the basis vectors to span the input vector space [34].  

 

2.6.3 Adaptive Resonance Associative Map (ARAM) 
ARAM is a predictive self organizing neural network, which performs supervised 

learning incrementally on recognition categories, multi dimensional maps of patterns 

and associates each category with its prediction [38].  

A recognition category is an associative cluster of the training patterns. It can be 

considered as a dynamic rule-based representation of the categorization knowledge. 

The supervised incremental learning is used to extract only the important 

representations of the training patterns. ARAM is scalable due to its pattern 

abstraction capability so this can be used to handle large data sets [38].  
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2.6.4 Latent Semantic Indexing 
Latent Semantic Analysis (LSA) was first developed at Bellcore in the late 1980’s. 

LSA is a variation of the vector space model that can be used to represent the meaning 

of words, using data patterns in a set of documents [59]. LSA is a text classification 

technique which can be used in natural language processing. Latent Semantic 

Indexing compresses a document vector into vectors of a lower-dimensional space, 

whose dimensions are obtained as combinations of the original dimensions by looking 

at their patterns of co-occurrence [56]. LSI is a currently used information extraction 

technique, which is focused on synonymy and polysemy. This technique uses SVD 

process to decompose the input text document matrix into a low dimensional triplet as 

follows.  

X = U . S . V 

where U and V are ortho normal matrices and S is a diagonal matrix which contains 

singular values.  

Singular value decomposition extracts the k largest singular values from the word-

document matrix. It sets the remaining values to 0. This k dimensional reduced matrix 

has best approximation to the original matrix in the least squares sense. For most of 

the language simulations 50 < k < 1000, and the optimal dimensions occur within 250 

< k < 350 and also depend on the simulated domain. 

Since the words and documents are represented as vectors, it is easy to find the 

similarity between the documents. The metrics such as cosine distance, which has a 

relation to the dot-product criterion and Euclidean distance can be used to measure the 

similarities.  

Similarity matrix is used to compute the similarity between the documents as follows.  

1. Multiply the ortho-normal matrix U, by the reduced matrix S.  

2. Normalize resulting vectors by dividing each vector by its length to map all 

the vectors onto a hyper-sphere.  

3. Compute the document-document matrix (XX’ is a square symmetric matrix) 

of inner products, to determine the similarities between all documents as 

follows.  

XX’ = U S2 V’ 

The centroid of each class is calculated in the decomposed SVD space. Since it 

predefined the similarity threshold of categorization for each centroid, text documents 
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with similar measurements larger than the threshold are labelled as ‘relevant’ and 

others are labelled as ‘non-relevant’. This resultant matrix which is approximate to the 

original matrix, is capable of capturing the latent semantic relationship between the 

text data. LSI has high performance on the precision, recall and F1 [44]. 

LSI is a popular, powerful vector space information retrieval model for concept based 

searching. During the documents parsing, it constructs a term-by-document matrix, 

which is considered as the existing document association structure, which can be used 

to capture weighted vocabulary occurrence patterns in the text document [45, 71].  

 

• Advantages of LSA: 

 Results in high recall, by retrieving relevant information by constructing a 

concept space; even the words do not match exactly with each other.  

 Work with short text descriptions 

 Work with noisy text 

 Able to work with multiple languages 

 

• Limitations of LSA 

 Adding of new terms should not require the re-computing of the large 

semantic space. The average of the original vectors can be used to calculate the vector 

value of the new term. New document vectors are computed as the sum of their word 

vectors. The re-computing of the document space has significant effects on SVD only 

if the changes are more than 20%. Moreover there is no exact method to find the 

number of dimensions that should be removed [71].  

 

2.6.5 Latent Dirichlet Allocation  
Latent Dirichlet Allocation is a graphical, generative model used for topic discovery 

in information retrieval, which is somewhat similar to LSI. Since LDA model is 

modular, it can be easily extended.  

 LDA views each document as a collection of topics. The topic distribution is assumed 

to have Dirichlet prior, which results in realistic collection of topics in a document. It 

explains the reason for having similar parts in a set of observations, by using 

unobserved groups. If the observations are a collection of words in a document, as it 

explains the reason is, each document is a collection of topics and each word belongs 
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to a topic. As the ‘bag of words model’ assumption, words are considered to be 

independent given a topic and the individual words are exchangeable. A document is 

generated by considering the distribution over topics, and given a distribution; it picks 

a topic of each specific word and given a topic, words are generated.   

Consider the two topics ‘cat’ and ‘dog’ in LDA model. The ‘cat’ topic has a 

probability of generating words such as ‘milk’, ‘meow’, ‘kitten’. The ‘dog’ topic has a 

probability of generating words such as ’puppy’, ‘bark’, ‘bone’. Words without a 

special importance may have a probability between classes or can be placed in a 

separate category.  

Methods such as Markov Chain, Monte Carlo can be used for learning the 

distributions, topics, associated word probabilities, topic of each word and the topic of 

each document. However it has slow performance in practice [46].  

 

2.6.6 K-Nearest Neighbour Algorithm  
kNN is a widely used statistical pattern recognition algorithm. It predicts the category 

of an unseen pattern, by finding the closest distance with the k training patterns. A 

classification technique that classifies each record based on the records most similar 

to it. This method evaluates similarity measure between the data to be classified and 

the existing data. It assumes that the category of test data is likely to be the same as to 

the closest instance.  The metrics such as Euclidean distance is used to measure the 

distance among instances. The categorizing accuracy is further improved by using the 

k-nearest neighbour algorithm [50].  

Euclidean distance metric is used to measure the distances [38].   

 

 

It is difficult to decide the optimal k value initially. This can be considered as a 

weakness of this algorithm. kNN does not generate category knowledge 

representation, so that it is considered as a lazy learning method.  However it finds the 

training patterns that are nearest to a test pattern, with the assumption of the patterns 

in the same category have similar feature representations [38].  

Moreover the methods based on k-NN rule, suffers from high costs in domains with 

many features, and also sensitive to the choice of a number of clusters k and sensitive 

to imbalanced class representation [37]. 
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2.6.7 K-Means Clustering Algorithm  
K-means clustering algorithm is a numeric, non-deterministic, unsupervised, 

iterative learning algorithm which finds a structure in a collection of unlabeled data. 

K-means is a widely used central clustering technique that minimizes the average 

distance between an observation and its cluster center [1]. This is a simple, fast and 

easy way to classify a given dataset through a certain number of clusters fixed a 

priori. It generates a specific number of disjointed, flat (non hierarchical) clusters. K-

means clustering extracts a given number of cluster locations and can be used to 

classify data into distinct classes [66]. This algorithm iteratively assigns each data 

point to the cluster with the nearest center until no more changes are done. This 

minimizes intra-cluster variance, but does not ensure that the result has achieved a 

global minimum with respect to variance [1], [8].  

• Properties of K-Means Algorithm  

There are always K clusters. 

There is always at least one item in each cluster. 

The clusters are non-hierarchical and they do not overlap. 

Every member of a cluster is closer to its cluster than any other cluster because 

closeness does not always involve the 'center' of clusters. 

• Parameters of K Means Algorithm 

Number of initial clusters: Randomly chosen 

Number of cluster centers:  2~√N 

Criteria for splitting and merging cluster centers: Number of iterations 

Stop conditions: loop until the change in all cluster means are stable or a 

convergence criteria is met.  

 

• Partitioning method to construct k clusters  

Each cluster consists of at least one object n and each object k must belong to one of 

the clusters. This condition implies that k<= n. The different clusters cannot have the 

same object, and the construct k groups up to the full data set. This grouping is based 

on some defined distance measure. The metric to minimize and the choice of a 

distance measure will determine the shape of the optimum clusters. It can be viewed 

as a greedy algorithm for partitioning the n samples into k clusters so as to minimize 

the sum of the squared distances to the cluster centres [67].  
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There are situations which need the separation of clusters into partitions or the 

merging of the clusters when their means are too close to each other. Splitting is done 

by finding the greatest sigma-i in the cluster and the merging is done by finding the 

shortest distance between the clusters. This process is iteratively done until the 

specified number of times is reached [66].  
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• Matrices used to measure the minimum distance between the data point and the  

cluster  centroid:  

Maximum distance to its centroid for any object.  

Sum of the average distance to the centroids over all clusters.  

Sum of the variance over all clusters.  

Total distance between all objects and their centroids.  

 

• The K-Means Algorithm Process 

The data set is partitioned into K clusters and the data points are randomly assigned to 

the resulting clusters that have roughly the same number of data points. These points 

represent initial group centroids. 

o For each data point: 

Calculate the distance from the data point to each cluster centroid. 

For each pattern X, associate X with the cluster Y closest to X using the 

Euclidean distance:    ∑
=
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m

i
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If the data point is closest to its own cluster, leave it where it is. If the data 

point is not closest to its own cluster centroid, move it into the closest 

cluster. 

o When all objects have been assigned, recalculate the positions of the K 

centroids. 

o Repeat the above step until a complete pass through all the data points, results 

in, no data point moving from one cluster to another. At this point the clusters 

are stable and the clustering process ends. 
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This produces a separation of the objects into groups from which the metric to be 

minimized can be calculated. The choice of initial partition can greatly affect the final 

clusters that result, in terms of inter-cluster and intra-cluster distances and cohesion. 

 

Benefits of K-means algorithm 

• K-means is a simple clustering method that, when appropriate, shows optimal 

results  

• The implementation of k-means assumes all attributes to be independent and 

normally distributed.  

•  K-means algorithm can be adapted to many problem domains. It is a good 

candidate for extension to work with fuzzy feature vectors.  

• Able to run fast on large data sets.  

• It is computationally efficient and simple to understand the results.  

•  It minimizes intra-cluster variance, but does not ensure that the result has a global 

minimum of variance. 

 

Weaknesses of K-means algorithm 

• The way to initialize the means was not specified. One popular way to start is to 

randomly choose k of the samples.  

• The results produced depend on the initial values for the means, and it frequently 

happens that suboptimal partitions are found. The standard solution is to try a 

number of different starting points.  

• It can happen that the set of samples closest to mi is empty, so that mi cannot be 

updated. This is an annoyance that must be handled in an implementation, but that 

we shall ignore.  

• The results depend on the metric used to measure || x - mi ||. A popular solution is to 

normalize each variable by its standard deviation, though this is not always 

desirable.  

• The results depend on the value of k.  

 

There is no general theoretical solution to find the optimal number of clusters for any 

given data set. A simple approach is to compare the results of multiple runs with 

different k classes and choose the best one. However increasing k results in smaller 

error function values by definition, and increasing risk of over fitting [67]. 
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Limitations of K-means algorithm 

• A lack of explanation requires additional analysis by a supervised learning model  

• It does not yield the same result with each run, since the resulting clusters depend 

on the initial random assignments. 

•  The number of clusters has to be defined in advance and the algorithm is dependent 

upon the starting centroid locations. 

•  Although it can be proved that the procedure will always terminate, the k-means 

algorithm does not necessarily find the most optimal configuration, corresponding 

to the global objective function minimum.  

• The algorithm is also significantly sensitive to the initial randomly selected cluster 

centres. The k-means algorithm can be run multiple times to reduce this effect. 

 

2.6.8 Gaussian Mixture Model (GMM) 
Model based clustering approaches use models for clustering and attempt to optimize 

the relationship between data and the model. It represents each cluster by a parametric 

distribution such as Gaussian model. The entire data set can be modelled by a mixture 

of these distributions.  In a mixture model with high likelihood there is high cohesion 

within the data in a cluster. Therefore the component distributions have high peaks. 

Moreover since it covers all the data, the dominant patterns in the data can be 

captured by component distributions. Model-based clustering is associated with 

statistical inference techniques, so that it is easy to select the component distribution 

and obtain density estimation for each cluster [67].  

A Gaussian Mixture Model is a widely used automatic cluster detection method which 

is used to recognize patterns. GMMs can be considered as the universal 

approximations of densities [65]. Gaussian mixture is a probability density function, 

which consist of a weighted sum of Gaussian density functions. Each Gaussian 

component is associated with a weight wk [63].  It models the probability density 

function of observed variables using a multivariate Gaussian mixture density. This 

technique identifies the clusters by combining the multivariate normal density 

components. In a full rank GMM the number of parameters is the square of the 

number of dimensions.   

The Gaussian mixture architecture estimates probability density functions (PDF) for 

each class, and then performs classification, based on Bayes’ rule [66]. Free 
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parameters of the Gaussian mixture model are the mean, co-variance matrix of the 

Gaussian components and the weights which indicate the contribution of each 

Gaussian to the approximation of p(X|Ci) [66].  The model parameters are 
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Let each component generates data from Gaussian distribution with mean µi and 

covariance matrix σ2I and the weight of the ith component is wi.  

Generate each data point according to [62, 67]: 

 Randomly select a component i with probability P(wi) 

 So the data point is in normal distribution with mean µi` and variance matrix 

σ2I.   Data point ~ N( µi` , σ2I ) 

  

The Gaussian mixture model estimates p(X | Ci) as a weighted average of multiple 

Gaussians using the following expression. It produces a pdf model for each class [61, 

66].  
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Where µk : mean of the Gaussian  

           Vk : covariance matrix of the Gaussian  

 

The component weights or probabilities or the parameters of the model wk, fulfil the 

condition 1
1
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The vector x is multivariate Gaussian with the mean µ and the diagonal covariance 

matrix V. The distribution can be expressed using the following equation [64,65]. 
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The likelihood of the model defines the goodness for the model. Since the probability 

of a single result in a continuous density is zero, the density at a location of a 

particular result is considered as the likelihood. The product of the density values of 

all data points is the likelihood of the entire data set. Since the likelihood value is so 

small, it is expressed in log domain [63]. GMM can be trained by maximum 

likelihood using efficient algorithms.  

The likelihood function for the class j is expressed in the following expression [66].  
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The maximum likelihood function should calculate by 0=
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. Since it is complex, 

Expectation-Maximization algorithm is used to find the maximum likelihood [67].  

 

• Expectation-Maximization (EM) Algorithm 

Parameters of the Gaussian mixture model can be fine tuned using Estimate-maximize 

(EM) algorithm. Given a series of inputs, it refines the weights of each distribution, 

through expectation-maximization algorithms (EM) [20, 60, 62]. It is an iterative 

procedure based on initial conditions and used to maximize the likelihood )|( θxp of 

the set x from an unknown distribution with a model parameterized byθ , generated 

by the estimated pdf [58, 65, 66].    ∏
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EM introduces a hidden variable, which simplifies the maximization of )|( θxp . 

Estimation and a modification task are associated with each of the iterations of the 

algorithm.  

E-step : Considering the current value of the parameters and the data, it estimates the 

distribution of the hidden variable.  

M-step : Modifies the parameters to maximize the joint distribution of the data and the 

hidden variable.  

The main steps of the algorithm are as follows [65]: 

- For each point identify the hidden variable, which indicates the Gaussian that 

generated it.  

- For each point, estimate the probability that each Gaussian generated it 

- Modify the parameters according to the hidden variable to maximize the 

likelihood of the data and the hidden variable.   
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GMMs can be applied in applications such as biometric person authentication, 

classifying imbalance data, dimensionality reduction applications and quantization 

applications [65].  

 

2.6.9 Principal Direction Divisive Portioning (PDDP) Clustering 

Algorithm  
PDDI algorithm is a divisive method which can handle high dimensional data. It 

represents each document by a feature vector of word frequencies, scaled to unit 

length. The vectors are gathered into a single term frequency matrix. PDDI algorithm 

starts with all the documents in a single cluster, and proceeds by recursively splitting 

it into sub clusters in an unsupervised way until it gets a fixed scatter value. It selects 

a cluster to split by using the average distance from the documents in a cluster to the 

cluster mean and by considering the cluster size. The clusters can be split by using a 

linear discriminate function based on the direction of maximal variance (principal 

direction). It defines a hyper plane normal to the principal direction, which is the 

leading eigen vector of the sample covariance matrix, and passing through the mean. 

This study uses the norm scaling, in which each document is represented by a feature 

vector of word counts, scaled to unit length in the Euclidean norm [10, 48]. 

 

2.6.10   Comparison 
When comparing PDDI with LSI, LSI is formulated to reduce the dimensionality of 

the space. LSI operates on un-scaled vectors, whereas PDDI scales the document 

vectors to have unit length. LSI computes the singular value decomposition of the 

matrix document vector itself, whereas PDDI shifts the documents such that their 

mean is at the origin to compute the co-variance matrix. Moreover, LSI computes 

singular vectors of the entire matrix of document vectors at the beginning of the 

process, whereas PDDI computes only the single leading singular vector, for each 

cluster, which is easy to obtain and perform fast in later clusters [48].   
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2.6.11    Other Approaches Associated with Text Mining 

• Decision trees: Tree-shaped structures that represent sets of decisions. These 

decisions generate rules for the classification of a dataset. It is a plan of a set of 

attributes to test, in order to predict the output. It is computationally cheap and 

easy to understand, implement and use.  

• Rule induction: The extraction of useful if-then rules from data based on 

statistical significance.  

• Naïve Bayes Classifier: Naïve Bayes is a simple, popular text classification 

algorithm which classifies using estimator classes. This allows for a detailed 

analysis of the effects of using word clusters instead of words as features [6]. It 

uses joint probabilities of words and categories to estimate the probabilities of 

categories in a given document. The dependencies between words are ignored in 

this algorithm to ensure efficiency [10].  

• Kernel based methods : These methods used an arbitrary function to transform 

the original vector into some other vector space. The transforms such as linear 

separation, make it easier to perform the classification task. This was originally 

proposed for bioinformatics applications [50].  

• Data visualization: The visual interpretation of complex relationships in multi-

dimensional data. This is used to find new patterns in data and a way of 

representing complex patterns after they have been discovered. 

 

2.7 Problems with Current Text Categorization  

 
Most of the full text documents are rather long and potentially with a loose 

structure. Previous studies show that word clustering techniques can reduce the 

feature space dimensionality, with only a slight change in classification precision 

[13]. Most common approaches start by evaluating the co-occurrence of words 

versus documents [8]. The clustering approaches which are based on frequency of 

terms may not exhibit significant structural information as their data points are 

not similar to each other. However the count matrices tend to be sparse and noisy 

when the data set is relatively small. Although the documents are represented in a 

high dimensional sparse feature space, it is not optimal for classification [9].  
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Considering all practical settings it is difficult to apply clustering in a high 

dimensional space. Furthermore it is hard to explain well, why the text clusters 

have been constructed the way they are [6]. It is difficult to obtain a 

categorization that is both meaningful and complete [6]. 

 

2.8 Text Categorizing Tools  
 

A wide range of text categorization tools are commercially available. Although they 

perform well in a given domain, their performance degrades with the increase of the 

data set. Most of the text categorization tools can work with text written only in 

English and also some of them return irrelevant results too, thus missing the necessary 

information [33].  

• Importance of a text categorization tool [33] 

 Increase user service level 

 Reduce manual work 

 Decrease response time to incoming documents. 

 Improve marketing and product offerings 

  Support information management  

 Recognize faulty documents 

• Features of a good text categorization tool [33] 

 Focus and extract information within a specific domain 

 Minimize irrelevant resources 

 Rate the significance of a document 

 Process a search request in a given natural language 

 Understand document subject matter 

 Find semantically similar documents 

 Identify a hierarchical relationship among categories 

 Recognize grammatical forms of words 

 Special tools to create or edit domain specific knowledge base 

 Create document templates 

 Verify documents against the patterns  

 

Following is a description of tools availability.  
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2.8.1 Magenta Technology 
Magenta technology aimed at automating the process of document processing, 

grouping, semantic search and analysis with a decision making support system by 

offering solutions in natural language processing, text mining and web mining. This 

software is focused from the skin-deep processing of documents to a semantic 

analysis of their underlying meaning. Magenta tool performs intellectual text analysis 

and effective information retrieval, estimating relevance of documents, some precisely. 

It analyses grammatical and semantic relations in the vocabulary in a given text [33]. 

Magenta software is based on agents and supports to recognize, organize, search and 

analyze textual data. It automates document processing, grouping, semantic search 

and analysis with decision making support systems. They have represented 

unstructured information in natural language as the text understanding approach. This 

is incorporated with multi agent negotiations of knowledge pieces, which allows 

reconstructing the logic of a sentence and use of ontology. These ontologies are built 

to store the context of text in the form of semantic descriptors, to represent the text 

logic in the form of a semantic network.  

The main feature of this model is, it uses the self organization of word meanings when 

the context scene is being built to capture the logic of the text. Each word gets 

program agents for its different meaning, which competes and cooperates to define 

each word in a sentence and to sense the sentence itself, based on the knowledge they 

get from ontology. The system gets the concept of the whole document by analyzing 

sentence by sentence and adjusting the sense of the previously analysed sentences 

according to the new ones.  The analysis process consists of morphological analysis, 

syntactic analysis, semantic analysis and pragmatics analysis. This intellectual 

analysis allows to analyse and search documents in advance, to group documents in a 

consistent way, to identify mistakes and irrelevances and to create templates based on 

the identified similarities.  

• Features of Magenta tool:  Analyze and recognize the essence and meaning of text.  

Extract important information from unstructured text 

Find patterns in textual data 

Build templates based on existing documents 

Organize documents based on their content 

Validate document consistency 
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2.8.2 WEBSOM Method and Browsing Interface  
WEBSOM is an Internet newsgroup article classifier which analyses full text and 

automatically organizes text documents to easy exploration. This uses self organizing 

maps which is an unsupervised learning method used to order high dimensional 

statistical data in such a way that similar inputs are mapped close to each other.  

In information retrieval, even with the clear information it is difficult to extract all the 

suitable key terms. As a solution this tool considers semantically homogeneous word 

categories, rather than individual words. A text analysis method also has to encode 

synonymous expressions. Since it is not feasible to consider all the possibilities, this 

considers the statistics of the contexts of words to get the relationship.  By clustering 

words into meaningful categories, documents can be effectively represented using a 

small feature set. This approach input three-word sequences to the self-organization 

map to get a text context map. 

WEBSOM method is experimented with different news group articles, and has used 

partly supervised methods to separate the different groups. Pre-processing of the input, 

formation of the word category map and the document map are the main stages of this 

study.  First the semantic SOM categorizes the words into clusters and using this word 

category map it creates an ordered document [35, 36].  

There are some performance limitations associated with this method. When ordering 

the histogram of words, as an encoding scheme, it does not consider the order of the 

words, to reduce computational complexity. However there is a computational 

complexity due to the large vocabularies and each word contributes equally to the 

histogram, irrespective of its meaning. It uses self organizing semantic maps to reduce 

the size of the word histograms and to get the semantic similarity of the words.  

This method can be applied to any collection of textual documents even without a 

special knowledge of the domain. This study emphasizes that, to analyze documents, 

not only the document titles, but also the whole text of the document need to be 

considered.   
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2.8.3 Other Tools for Text Mining  
  Waikato Environment for Knowledge Analysis (WEKA) data mining tool 

WEKA is an open-source data mining package containing a full collection of machine 

learning algorithms for solving various data mining problems. This is an easy to use, 

extensible package which contains a collection of machine learning algorithms for 

solving real world data mining problems. It is written in Java and runs on almost any 

platform. The algorithms can either be applied directly to a dataset or called from the 

Java code itself. It includes several implemented schemes for classification, 

association rule discovery, clustering, and prediction. This tool also contains data 

preprocessing tools such as filtering algorithms as well as visualization tools to 

evaluate the results [24].  

 Clustering and Profile Generation Tools 

This is a set of programs developed for clustering and generation of profiles based on 

the results of clustering. The set also includes some programs to assist in 

characterizing the generated clusters. The documentation for each program and some 

example data sets are included in the distribution.  

 ODBCMine 

ODBCMINE is a data mining tool for classification that generates decision trees from 

ODBC databases using the C4.5 classification model algorithm. It analyzes the data in 

any ODBC data source, and creates graphical decision trees in Scalable Vector 

Graphics (SVG) format.  

 Magnum Opus 

Magnum Opus is a tool for finding association rules from data. It uses the highly 

efficient OPUS search algorithm for fast association rule discovery and does not rely 

on sparse data for efficient processing.  

  CBA 

CBA is a data mining tool for the discovery of association rules and for classification. 

The classification technique used in CBA is based on using a subset of associations 

discovered. CBA implements two versions of Apriori algorithm (one using a single 

minimum support parameter, and another using multiple minimum support at different 

levels). It also includes features for visualizing association rules using a tree structure.  
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 CViz 

CViz is a visualization tool for clustering and analysis of multi-dimensional data sets. 

CViz is most valuable when applied to situations where little or no information is 

known about the relationships between attributes and class or between different 

attributes. CViz gives the data analyst a unique tool for viewing the entire set of data 

points across the most interesting dimensions in a short period.  

 

2.9 Sinhala Language   
 

The Sinhala language is spoken by about 15 million people and is the national 

language of Sri Lanka which has a high literacy rate of over 90%. Sinhala was 

included in Unicode in 1998 [26]. This chapter analyzes the grammatical rules for 

the composition of words in Sinhala language and identifies the permitted textual 

character elements, simple characters and complex characters in non English 

based languages. 

 

2.9.1 Features of the Sinhala Language 
Indic languages consist of consonants and vowels. In Sinhala text, strokes arranged 

around the consonant represent a vowel following a consonant. The shape and the 

position of a stroke depend on the base consonant. For example, the absence of a 

stroke represents default vowel. A distinct symbol is used to represent a pure vowel, 

without an associated vowel, which is included at the beginning of a word. A stroke 

can be placed in any side of a consonant and a vowel may be represented by two or 

more strokes. For example the vowel modifier for long o (ඕ) consists of three strokes. 

It uses kombuva before the consonant, aela-pilla and al-lakuna after the consonant, e.g. 

ක+ඕ = ෙ◌කා◌ ්. 

In contrast to other Indic language text, Sinhala letters do not touch adjacent 

characters. Most of the time, a pure constant is represented by adding an al-lakuna to 

the constant symbol without combining it with the subsequent letter. However there 

are some situations where it contradicts this rule. For example, the stroke yansaya 

( ) is represented by the letter ya (ය) followed by a pure consonant and the stroke 

rakaransaya ( ) is represented by the letter ra (ර) followed by a pure consonant.  
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In Sinhala text, a conjunct letter is formed by combining some consonants. The letter 

ksha ( ) can be considered as an example for that. Moreover the stroke rephaya 

(  ) can be shown by the letter r (ර්) preceding a consonant [26]. However these 

letters do not frequently occur in most of the currently available text documents.   

 

When incorporating Sinhala text with text processing, it is important to select a 

Sinhala encoding method, which can represent all features efficiently and accurately. 

One approach is representing text as a linear sequence of symbols, where some appear 

above or below another symbol. Considering the above facts, it can be concluded that 

Sinhala is not a complex or bi-directional text [26].   

The sorting rules of the Sinhala language help to sort the same words written in 

conjunct consonants.  In other words, words which are written in different styles 

should occur in the same place in the sorting order [25, 27]. 

Every language consists of a set of sounds. Indo-European languages have a variety of 

sounds from one another, but about the same number of sounds. Native speakers of 

each of the sister languages hear and think of the collection of the sounds of their 

language as the native sound set of their own language. Linguists call them phonemes 

[50]. Sinhala is Indo-European because it has cognates shared with other sister 

languages [15, 16]: 

E.g. Sinhala: wathura, English: water, German: wasser,  

       Pali jçaana, English: knowledge, Sinhala: nuvana 

 

2.10 Text Representation   
 

Abstract characters are grouped into alphabets. An alphabet forms the basis of the 

written form of a certain language or a set of languages. There should be a standard 

way to represent character sets digitally, to support interoperability between 

computers [56].  

• Character set standards: 

 ASCII 

 ISO-8859 ( eg. ISO Latin 1) 

 Unicode 

 UTF-8, UTF-16 
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2.10.1    ASCII Representation 
Traditionally text information in computers is represented by ASCII. It is the standard 

made for the English alphabet. ASCII originally had a 7 bit code which can represent 

128 code points, including 95 printable characters. The code points 0-31 and 128 are 

assigned to control characters, which are mostly outdated. With the need for more 

code point representations, it used 8 bits to represent 256 code points. In this 

representation the values 0-127 are mapped to the ASCII characters and other values, 

to additional symbols. It also includes code points to represent Roman characters [56].   

There are problems with this extended ASCII representation. Since different 

manufacturers developed their own representation, there were difficulties in 

translations. Moreover the number of code points was not sufficient to represent all 

the characters in most of the languages [56]. With the need for representing non-Latin 

characters in the computer, there was the requirement for a standard, to avoid using 

the same code for multiple characters.  Proprietary character encoding supports such 

languages, to avoid such situations in text processing. It preserves the common codes 

ASCII had with the given language and overwrites the code points assigned to other 

Latin characters with the given language’s fonts. However any such character can be 

encoded in different ways by different software, so that they cannot be shared [28].  

 

2.10.2    ISO 8859 Representation  
In 1980’s multipart standard ISO 8859 defined a collection of 8 bit character sets, 

each designed to a group of languages, which covers most of the Western European 

languages. The values 0-127 used to map ASCII characters, the values 128-159 

mostly unused and other 96 code values used for accented letters and symbols.  

 

2.10.3    UNICODE Representation 
For the ideographically represented languages such as Chinese, Japanese and for 

simultaneous use of many languages, the 256 code values were not sufficient. As a 

solution more than 1 byte is used to represent each code value [56]. A UNICODE 

code point assigns a unique number for each character, of any possible language, 

independent of the application and the computer platform which stores and uses the 

textual data [28]. Unicode is the international standard for non-Latin scripts. Sinhala 

was included in Unicode in 1998.  
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So that a 16 bit character set has 65,536 code points. It provides nearly 39000 code 

values for symbols and 6400 code points have been reserved for private use. Since 

they are not assigned to characters, by the standard, they will not conflict with the 

standard. Code values for all the characters that are used to write contemporary 

‘major’ languages and the classical form of some languages such as Latin, Greek, 

Arabic, Bengali, Tamil, Sinhala, Thai and Chinese.   

UNICODE has code points for punctuation marks, symbols, accented letters and also 

a mechanism to build composite characters. Since two characters that look the same, 

may have different code values, normalization can be applied to avoid it. Unicode 

encoding is used to map a code value into a sequence of bytes for storage and 

transmission [30, 31].  

 

2.11 Cluster Evaluation Techniques 

 

2.11.1    Correlation 
The correlation is one of the most common and useful statistical analysis tools. The 

correlation coefficient of determination describes the degree of relationship between 

two variables. Since the words and documents are represented as vectors, it is easy to 

find the similarity between the documents.  

A correlation matrix of n random variables X1, …, Xn is the n × n matrix whose i,j 

entry is corr(Xi, Xj). The correlation is defined as the covariance between Xi and Xj 

divided by the product of their standard deviations. Covariance gives the average of 

the products of deviations for each data point pair. It determines the relationship 

between two data sets. The correlation matrix is symmetric as the correlation between 

Xi and Xj is the same as the correlation between Xj and Xi. 
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2.11.2    Checker-board Graph 
Checker-board or pseudo-colour graphs are used to plot a matrix. The values of the 

elements of the matrix are represented by colours in each cell of the plot. In default 

shading mode, each cell has a constant colour and the last row and column of the 

matrix are not used. With the interpolated shading, since it minimizes the mean square 

error, each cell has a colour resulting from bi-linear interpolation of the colour as its 

four vertices and all elements of the matrix are used. The colour range depends on the 

values in the matrix. Therefore the elements in the matrix are linearly mapped to an 

index, in the colour-map [68]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

2.11.3    Selecting the best partition 
Documents are partitioned in such a way as to maximize the inter cluster similarity 

and to minimize the intra cluster similarity. This can be measured by means of the 

utility. A partition with a high utility is considered a good partition.  

 

wSim : sum of inter cluster ( within cluster) similarity 

bSim : sum of intra cluster (between cluster) similarity 

utility = wSim / (wSim + bSim) 

 

 

 

Figure 2.3: Comparison of data using checker-board graph 
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2.12 Performance 
 

2.12.1    Recall and Precision 
Performance is an important measure in any system. It is used to compare different 

algorithms and fine-tune parameters to achieve high performance. This is based on 

precision and recall. Some algorithms have adjustable parameters such as ‘confidence 

threshold’, on which the precision and recall depends [50].   

The performance of an algorithm can be measured using ‘CHI’ statistics. It is used to 

outperform other feature ranking measures such as term strength (TS), document 

frequency (DF), mutual information (MI), and information gain (IG).  

 

The concept recall represents the percentage of relevant terms. Categories which are 

more specific with a high level of abstraction or more concise with single word 

categories typically received low recall. The concept precision represents the 

percentage of ideas captured, which are useful as categories. Categories which are 

more general, more generic, more specific have low precision [40].  

In a good system, precision and recall should be maximized. Following metrics are 

used to define precision and recall [37]. These scores are calculated for a series of 

classification experiments, for each category 

 

TP (true positives) the number of correctly classified positive examples 

FN (false negatives) the number of positive examples misclassified as negative 

FP (false positives) the number of negative examples misclassified as positive 

TN (true negatives) the number of correctly classified negative examples.  

 

Recall (R):  The percentage of the documents for a given category that are classified 

correctly.  

Precision (P): The percentage of the predicted documents for a given category that are 

classified correctly.  
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Both recall and precision are combined, when comparing classifiers in terms of a 

single rating. F1 rating is a commonly used measure which combines precision and 

recall [38].  


