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ABSTRACT

Due to the increased availability of documents igitdl form, the automated
categorization (or classification) of texts integefined categories has witnessed a large
interest among researchers in the last few yeatthel research community, the dominant
approach to the text classification problem is Hame Machine Learning techniques, in
which an inductive process automatically buildslasgifier by learning, from a set of
preclassified documents.

The advantages of this approach over the knowledgeeering approach (consisting in
the manual definition of a classifier by domain entp) are effectiveness, considerable
savings in terms of expert labor power, and sttéogivard portability to different
domains.

In this thesis, different techniques like Latentr@atic Indexing (LSI) and measures of
semantic relatedness and similarity for text cfasgion are discussed.

Latent Semantic Indexing is based upon the assompgtat there is an underlying
semantic structure in textual data, and that ttegiomship between terms and documents
can be re-described in this semantic structure farhe key idea of Latent Semantic
Indexing (LSI) is to map documents on to a vecijmace of reduced dimensionality,
called the latent semantic space. This mappingie dising a technique called Singular
Value Decomposition (SVD).

Semantic relatedness measures quantify the degrekich some words or concepts are
related, considering not only similarity but anyspible semantic relationship among
them. In this thesis, various semantic relatednesassures that use the WordNet as their
knowledge source and others MSRs like NGD and NCixkvmake use of the Web as
their knowledge base are computed. These semardggsures are tested and their

correlation with human judgement is checked.
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Chapter 1
INTRODUCTION

Considering the vast amounts of textual informatawvailable on the internet today,
retrieving information relevant to a user's speciiinformation need from large
collections of documents such as the World-Wide-Wabentific literature, medical
data, news repositories, internal databases of abiep, etc. has become a great
challenge as well as a pressing need. Quite a®ntally, this has led to an equally
explosive interest in accurate methods to filteategorize and retrieve information
relevant to the end consumer. Of special emphasssich systems is the need to reduce
the burden on the end consumer.

Modern search engines such as Google and Yahoorhagte efficient access to relevant
information possible through keyword based seamththe web. The basic idea is to
preindex the entire Web and quickly retrieve a emhkst of documents that match the
user’s key words based on some weighted rankinctiturs.

The Information Retrieval (IR) research communi&g laddressed the same challenge

of efficient information access from large collects through the formal problem of ad
hoc retrieval defined by the Text Retrieval Confieee (TREC). Ad hoc retrieval, also
sometimes called query based retrieval, is consitlarcore research problem in IR and
can be defined as the problem of retrieving a rdnist of documents relevant to a query
from a large collection of documents. The TREC aede community has developed
certain standardized test beds and objective etvatumetrics to measure the quality of

retrieval algorithms [1, 2] for this task.

1.1 An Overview of Classification

The notion of classification is very general ang haany applications within and beyond
information retrieval (IR). For instance, in com@uvision, a classifier may be used to
divide images into classes such as landscape,afiprénd neither. In the context of

information retrieval, it has applications such as:



* The automatic detection of spam pages (which themat included in the search
engine index).

* Sentiment detectioor the automatic classification of a movie or proddetection
review as positive or negative. An example applbeais a user searching for
negative reviews before buying a camera to make guhas no undesirable
features or quality problems.

* Personal email sortingA user may have folders like talk announcemesusing
electronic bills, email from family and friends, darso on, and may want a
classifier to classify each incoming email and edtically move it to the
appropriate folder. The most common case of thidiegtion is a spam folder that
holds all suspected spam messages.

» Topic-specific or vertical search/ertical search engines restrict searches to a
particular topic. For example, the query computgersce on a vertical search
engine for the topic China will return a list of iBbse computer science
departments with higher precision and recall tHa® query computer science
China on a general purpose search engine. Thigdause the vertical search
engine does not include web pages in its index ¢batain the term china in a
different sense (e.g., referring to a hard whiteec), but does include relevant
pages even if they do not explicitly mention thente€hina.

» Several of the preprocessing steps necessarydexiing: detecting a document’s
encoding (ASCII, Unicode UTF-8 etc), word segmeaataf(ls the white space
between two letters a word boundary or not?); tasing; and identifying the

language of a document.

In Machine Learning, the classification task is coomly referred to as supervised
learning. In supervised learning there is a spetifiet of classes, and example objects are
labelled with the appropriate class. The goal igeneralize (or form class descriptions)
from the training objects, that will enable novélexts to be identified as belonging to
one of the classes. The success of classificagaming is heavily dependent on the

guality of the data provided for training; a learhas only the input to learn from. If the



data is inadequate or irrelevant then the concescriptions will reflect this and

misclassification will result when they are appliechew data.
The process of classification is composed of tvepstvhich are:

» Training: Supervised learning of a training set of dater&ate a model.

» Testing Classifying the data according to that model.

@ Class 1

/".
&/

® Class 2

| —

') Class 3

/N

@ | Classd

Figure 1.1: A classification process

Some well-known classification algorithms includayBsian Classification (based on
Bayes Theorem), decision trees, neural networksbac# propagation (based on neural
networks), k-nearest neighbor classifiers (basedeaming by analogy), and genetic

algorithm.

1.1.1 Text Classification

During the last twenty years the number of textwhoents in digital form has grown
enormously in size. As a consequence, it is oftgoeactical importance to be able to
automatically organize and classify documents. &ebeinto text classification aims to
partition unstructured sets of documents into gsotlat describe the contents of the
documents. There are two main variants of textsdiaation: text clustering and text
categorization. The former is concerneith finding a latent group structune the set of
documents, while the latter (also known as tex¢sifecation) can be seen as the task of
structuring the repository of documents accordm@ tgroup structure that is known in

advance.
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Text classification/categorization is the task s§igning an electronic document to one
or more categories, based on its contents. Tegsifileation tasks can be divided into two
sorts: supervised document classificatiavhere some external mechanism (such as
human feedback) provides information on the corotassification for documents, and
unsupervised document classificatiomhere the classification must be done entirely
without reference to external information. Thereaiso asemi-supervised document
classification where parts of the documents are labeled byxterreal mechanism.

The goal of text categorization is to classify doemts into a fixed number of predefined
categories. Each document can be in multiple, &xacte or no category at all. Using
machine learning, the objective is to learn cléssffrom examples which perform the
category assignments automatically.

The steps followed in text categorization are shawirigure 1.2. The first step is to
transform documents, which typically are strings cbfaracters into a representation
suitable for the learning algorithm and the clasaifon task. Then, word stemming is
performed. Information Retrieval research suggebtt word stems work well as
representation units and that their ordering imeudnent is of minor importance in many
tasks. This leads to an attribute-value representaftf text. Each word ycorresponds to

a feature, with the number of times wordoecur in the document as its value. To avoid
unnecessarily large feature vectors, words areideresl as features only if they occur in

the training data atleast 3 times and if they atestop words (‘like’, ‘and’, ‘or’ etc.).

11
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Fig 1.2 Text Classification process [3]
Document classification appears in many applicatiancluding e-mail filtering, mail
routing, spam filtering, news monitoring, selectidessemination of information to
information consumers, automated indexing of sdierdrticles, automated population
of hierarchical catalogues of Web resources, ifileation of document genre, authorship
attribution, survey coding and so on. Automated t@tegorization is attractive because
manually organizing text document bases can besxpensive, or unfeasible given the

time constraints of the application or the numdetazuments involved.
1.2 Classification Algorithms

The goal of classification is to build a set of ralsdthat can correctly predict the class of
the different objects. The input to these metheds set of objects (i.e., training data), the
classes which these objects belong to (i.e. depgndgeiables), and a set of variables
describing different characteristics of the objécts independent variables). Once such a
predictive model is built, it can be used to prethe class of the objects for which class
information is not known a priori. The key advamagf supervised learning methods
over unsupervised methods (for example, clusterisgihat by having an explicit
knowledge of the classes the different objectsrigelo, these algorithms can perform an

effective feature selection if that leads to beprediction accuracy.

12



The following is a brief overview of some classdfion algorithms that have been used

in data mining and machine learning area.

1.2.1 k-Nearest Neighbor (KNN) Algorithm

KNN classifier is an instance-based learning atgami that is based on a distance
function for pairs of observations, such as theliBaan distance or Cosine. In this
classification paradigm, k nearest neighbors afaming data are computed first. Then
the similarities of one sample from testing datéhi k nearest neighbors are aggregated
according to the class of the neighbors, and thentg sample is assigned to the most
similar class. One of advantages of KNN is thas Mvell suited for multi-modal classes
as its classification decision is based on a snm&tihborhood of similar objects (i.e., the
major class). So, even if the target class is amidtdal (i.e., consists of objects whose
independent variables have different charactesigoc different subsets), it can still lead
to good accuracy. A major drawback of the simijaniteasure used in KNN is that it uses
all features equally in computing similarities. $tdan lead to poor similarity measures
and classification errors, when only a small subsktthe features is useful for
classification.

1.2.2 Naive Bayesian (NB) Algorithm

NB algorithm[4] has been widely used for the pugo$ document classification. The
basic idea is to use the joint probabilities of @grand categories to estimate the
probabilities of categories, given a document. NBoathm computes the posterior
probability that the document belongs to differelaisses and assigns it to the class with
the highest posterior probability. The posterioohability of class is computed using
Bayes rule and the testing sample is assigned docldiss with the highest posterior
probability. The naive part of NB algorithm is tassumption of word independence that
the conditional probability of a word given a caiggis assumed to be independent from
the conditional probabilities of other words givbat category. There are two versions of

NB algorithm. One is the multi-variate Bernoullieed model [5] that only takes into
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account the presence or absence of a particular g it doesn't capture the number of
occurrence of each word. The other model is thetinrhial model that captures the

word frequency information in documents.

1.2.3 Support Vector Machines (SVMs)

Support vector machines (SVMs) [6] are a set okesuiped learning methods used for
classification and regression. In simple words,egia set of training examples, each
marked as belonging to one of two categories, al 8¢ining algorithm builds a model
that predicts whether a new example falls into caegory or the other. Intuitively, an
SVM model is a representation of the examples astp@ space, mapped so that the
examples of the separate categories are divideddigar gap that is as wide as possible.
New examples are then mapped into that same spate@dicted to belong to a
category based on which side of the gap they fall o

More formally, a support vector machine constracts/perplane or set of hyperplanes in
a high or infinite dimensional space, which canuked for classification, regression or
other tasks. Intuitively, a good separation is eebd by the hyperplane that has the
largest distance to the nearest training data poofitany class (so-called functional
margin), since in general the larger the marginltiveer the generalization error of the
classifier.

1.2.4 Latent Semantic Indexing

Latent Semantic Indexing (LSI) [6] is an informatioetrieval method that organizes
information into a semantic structure that takegaathge of some of the implicit higher-
order associations of words with text objects. Té®ulting structure reflects the major
associative patterns in the data while ignoringesaifthe smaller variations that may be
due to idiosyncrasies in the word usage of indigldiocuments. This permits retrieval
based on the the "latent” semantic content of twuchents rather than just on keyword
matches.

Latent Semantic Indexin@] takes advantage of the implicit higher-ordeusture of the
association of terms with articles to create a raithensional semantic structure of the

information. This approach models documents asdbagerds and arranges them in a
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Term-Document Matrix. Through the pattern of cotocences of words, LSI is able to
infer the structure of relationships between afcland words. A Singular-value
decomposition (SVD) [8] of the term by article agation matrix is computed producing
a reduced dimensionality matrix containing the Iestthogonal factors to approximate
the original matrix as the model of "semantic" spdar the collection. This semantic
space reflects the major associative patternsand#ta while ignoring some of smaller
variations that may be due to idiosyncrasies invibed usage of individual documents.
In this way, LSI produces a representation of thdeulying latent semantic structure of
the information. Retrieving information in LSl oewemes some of the problems of
keyword matching by retrieval based on the higleeell semantic structure rather than
just the surface level word choice. Research on[@Fshows that retrieval of relevant
documents is significantly improved over keywordichang.

The steps that LSI performs when indexing a docu i€} are as follows:

1) Linearisation All the markup tags (i.e. code) from a pageraraoved so that all
its content is represented as a series of chasacter

2) Tokenization Formatting such as punctuation, capitalisatiod ararkup etc. are
removed.

3) Filtration: A stop list is applied to remove commonly usedrdgofrom the
document. This leaves with only the content words.

4) Stemming The remaining content words are then ‘stemmed:, the remaining
terms are reduced to common word roots (e.g. ‘techiar ‘technology’,
‘technologies’, ‘technological’).

5) Weighting Weighting is the process of determining how intaot a term is in a
document. 'Term weighting’ means the importancesgito terms or words that

appear in a document.

Latent Semantic Indexing is a statistical technitjugt leverages word co-occurrence
from large unlabeled corpus of texts. Although andie successfully used for many
purposes, its coverage is still restricted to thgpes used as input, and it needs costly
pre-processing tasks. Therefore, other methodsni&asures of semantic relatedness are

considered as alternatives to text classification.
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1.3 Measures of Semantic Relatedness

Semantic relatedness measures quantify the degngkich some words or concepts are
related, considering not only similarity but anyspible semantic relationship among
them. Many applications, in Natural Language Prsiogs(NLP) and other fields, benefit
from calculating measures to determine numeridadly semantically related two words
are. Semantic measures can also be defined betesdeally expressed word senses, or
between whole texts.[11]

There are at least two kinds of similaritittributional similarity is correspondence
between attributes ari@lelational similarityis correspondence between relations (Medin,
Goldstone, and Gentner 1990). When two words havegh degree of attributional
similarity, they are calledsynonyms When two wordpairs have a high degree of
relational similarity, they aranalogouq12]

Three main kinds of measures are considered altosittdpic: semantic similarity
semantic relatednessidsemantic distancéJnfortunately they have not been interpreted
always in the same way by different authors. Tleeseas follows:

1. Semantic similaritylt is usually defined by considering lexical ta@as of synonymy
(e.g.car, automobilg andhypernymythe meaning of a word is encompassed by another
more general term, as aar, vehiclg.

2. Semantic relatednesk covers any kind of lexical or functional assdion, so it is a
more general concept thaemantic similarity Dissimilar entities may still be related by
many possible relationships, suchnasronymy(or “part of” relation, as irfiinger, hand,
antonymy(opposite meanings, d®t, cold, or any kind of functional relationship or
frequent association (for examppenguin, Antarcticathat are not linked by any lexical
relation).

3. Semantic distancdt is the inverse ofemantic relatednes3he more two terms are

semantically related, the more semantically cloeg are. [11]

1.3.1 Calculation of Semantic Relatedness
Typically, automated systems assign a score of setneelatedness to a given pair of

words (target words) calculated from a relatedmesasure. The absolute score is usually
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irrelevant on its own. For example, a relatednessesof 0.7 between a and b, in a
possible range of O to 1, does not imply that a larade more related than the average
word pair. However, given that the semantic relagsd of ¢ and d is 0.6, the system can
conclude that a and b are more related than ¢ amtiu$ even though the absolute score
given by a relatedness measure is not of muchfgignce, it is important that the
measure give a higher score to word pairs which dnsrthink are more related and
comparatively lower scores to word pairs that ess related.[13]

Semantic Similarity represents a special case mwlgeéc relatedness: for example, cars
and gasoline would seem to be more closely relditaa, say, cars and bicycles, but the
latter pair are certainly more similar [14]. Semasimilarity measures are necessary for
various applications in natural language processimgh as word-sense disambiguation,
language modeling, synonym extraction, and aut@midgsauri extraction. Manually
compiled taxonomies such as WordNet and largedasydora have been used in previous
works on semantic similarity.

A new method which uses page counts and text stsppéracted from result pages of
web searches to measure semantic relatedness hetweds is proposed. They achieve
a high correlation measure of 0.83 on the CharléeiMbenchmark dataset. In yet
another method, the semantic relatedness usinydhmalized Google Distance (NGD),
in which Google is used to determine how closedlated two words are on the basis of

their frequency of occurring together in web docuotae

1.4 Thesis Outline

The thesis is divided into six chapters:

Chapter 1: The introduction to the work is provided

Chapter 2: Literature review section gives a bsigfvey of research going on in the area
of text classification and various methods usedtfor

Chapter 3: After going through the literature rewig¢he problem statement has been
identified and defined in this chapter.

Chapter 4: The general concepts used in the thesik are introduced. This chapter

gives a description of the techniques used for séimeategorization of text.
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Chapter 5: In this chapter, experimental resulte achieved by implementing
techniques like LSI and various measures of semamfiatedness. The illustrations
captured during the work done have also been dsscusriefly.

Chapter 6: Focuses on the conclusion of the wagkented in this thesis and ideas for

further research have been proposed.
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Chapter 2
LITERATURE REVIEW

Text categorization is the assignment of text aunte predefined categories. As the
volume of text content grows continuously, textegatrization, acts as a way to organize
the text content. Supervised text categorizatios ddearning (or training) component
where pre-defined category labels are manuallygassi to a set of documents that will
become the basis for subsequent automated catagionizwhereas text categorization
systems performing unsupervised training (or leayhiautomatically detect clusters or
other common themes in the data that identify ®piclabels without manual labelling
of the data.

In the late ‘80s the most popular approach to texiegorization, at least in the
“operational” (i.e., real-world applications) comnity, was a knowledge engineering
(KE), but in190s this approach is slowly being replaced by tlaehime learning (ML)
paradigm, according to which a general inductivecpss automatically builds an
automatic text classifier by learning, from a sepre-classified documents. Supervised
and unsupervised learning have been the focustmfatresearch in the areas of machine
learning and artificial intelligence. In the litéwee, these two streams flow independently
of each other, despite their close conceptual aadtipal connections. The automated
categorization (or classification) of data intogeéned categories has seen a significant
rising interest in the last ten years, due to therdased availability of documents in
digital form and the ensuing need to organize thieahrizio Sebatiani [3], in his survey
discusses the main approaches to text categomnztas fall within the machine learning
paradigm.

Thorsten Joachims [15] proposed Support Vector Mash (SVMs) for text
categorization. The theoretical analysis concludg §VMs acknowledge the particular
properties of text : (a) high dimensional featysaces , (b) few irrelevant features (dense
concept vectors) and (c) sparse instance vectors.

The experimental results [16] show that SVMs cdesity achieve good performance on

text categorization tasks, outperforming existingtimods substantially and significantly.
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With their ability to generalize in high dimensidri@ature spaces, SVMs eliminate the
need of feature selection, making the applicatibrntext classification considerably
easier. Furthermore, SVMs don’t require any paramaining, since they find good
parameter settings automatically. All this makedviS\a very promising and easy to use
method for learning text classifiers from exampdascompared to others like decision

trees, k nearest neighbours algorithm etc..

Marcus et al proposed Latent semantic indeXic§l) [17] as an Information retrieval
technique that takes synonymy and polysemy intowticas a means to locate concepts
and is based on the Vector Space Model (VSM) ampro@his technique compresses
document vectors into vectors of a lower-dimendiss@ace whose dimensions are
obtained as combinations of the original dimensibypdooking at their patterns of co
occurrence. In practice, LSI infers the dependemo®ng the original terms from a
corpus and “wires” this dependence into the neviltaimed, independent dimensions. It
takes a large matrix of term-document associatata dnd constructs a "semantic" space
wherein terms and documents that are closely astgdcare placed near one another. The
function mapping original vectors into new vectasobtained by applying Singular
value decomposition (SVD) [8] to the matrix formby the original document vectors.
Singular-value decomposition allows the arrangenaérthe space to reflect the major
associative patterns in the data, and ignore tr@lemless important influences. As a
result, terms that did not actually appear in audoent may still end up close to the
document, if that is consistent with the major @ai$ of association in the data. Position
in the space then serves as the new kind of semialiéxing, and retrieval proceeds by
using the terms in a query to identify a point ire tspace, and documents in its
neighbourhood are returned to the user.

SVD represents both terms and documents as vedtora space of choosable
dimensionality, and the dot product or cosine betwpoints in the space gives their
similarity. In Text Classification, this technique applied by deriving the mapping
function from the training set and then applyintpitraining and test documents alike.
Generalized Vector Space Models (GVSM) [19] extdredstandard Vector Space Model
(VSM) by embedding additional types of informatiomesides terms, in the
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representation of documents. An interesting tyjp@formation that can be used in such
models is semantic information from word thesailig WordNet.

WordNet [20] is a lexical database in which nowesbs, adjectives, and adverbs are
each organized into networks of synonym seimgets such that each represent one
underlying lexical concept and are interlinked watiariety of relations. (A polysemous
word will appear in one synset for each of its sshsin their workGeorge Tsatsaronis
and Vicky Panagiotopoulou [19] present a new GVSBUdeail that exploits WordNet'’s
semantic information. The model is based on a nexaswre of semantic relatedness
between terms. Experimental study conducted inetAifREC collections reveals that
semantic information can boost text retrieval pemf@ance by considering the semantic
relatedness between the query and document terhs. method computes semantic
relatedness between terms and takes into accolatibreweights, and senses’ depth,
exploiting all the semantic information a thesawas offer.

Existing measures of semantic relatedness relyeritn ontologies and semantic
networks or just raw text. Budanitsky, BudanitskydaHirst [14] and Patwardhan et al.
did an extensive survey and comparison of the uarM/ordNet-based measures. They
selected five measures that use WordNet as theivleaige source: Hirst and St-Onge’s
[21], Leacock and Chodorow’s [22] , Jiang and Ginis [23] , Lin’s [24], and Resnik’s
[25]. The first is claimed as a measure of semamdigtedness because it uses all noun
relations in WordNet; the others are claimed ordyreeasures of similarity because they
use only the hyponymy relation

Lin [24] defined the similarity between two concepds the information that is in
common to both concepts and the information corathin each individual concept.
However, due to the very limited size of Word Netaaknowledge base and the absence
of well known named entities (e.g., Harry Potter\WWord Net, researchers have started to
look for more comprehensive knowledge bases.

The advent of Wikipedia in 2001 has fulfilled theed for a more comprehensive
knowledge base. Many techniques that use Wikipmieompute semantic relatedness
have been developed in the recent years. AmongptBé&rube and Ponzetto [26] have

used Wikipedia to determine semantic relatedneswir Tresults outperform those
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obtained using Word Net, hence showing the effeaiss of Wikipedia in determining
the similarity between two words.

Matsuo et. al [27] used a similar approach to mesthe similarity between words and
apply their method in a graph-based word clustealgprithm. Given a taxonomy of
concepts, a straightforward method to calculatelarity between two words (concepts)
is to find the length of the shortest path conmecthe two words in the taxonomy. If a
word is polysemous then multiple paths might ekistween the two words. In such
cases, only the shortest path between any two sevfsthe words is considered for
calculating similarity.

Bollegala et al. [27] have proposed to use pagetsoand text snippets extracted from
result pages of web searches to measure semafdtedmess between words. They
achieve a high correlation measure of 0.83 on th&l€s-Miller benchmark dataset [28].
Sahami and Heilman) have used a similar measutdrdsi et al. have proposed to
compute the semantic relatedness using the Nomadhloogle Distance (NGD), in
which they used Googl¥ to determine how closely related two words ar¢henbasis of
their frequency of occurring together in web docuatee The Cilibrasi and Vitanyi's
Normalized Google Distance [29] (NGD) uses the tiadafrequency whereupon two
terms appear on the Web within the same documeéw®D is well-founded on
information distance and Kolmogorov complexity thes, and it does not preclude any

kind of relationship between compared words.

From the past few years, much research is going time area of text classification with
large focus on techniques like Latent Semantic ximde (LSI) etc. and more recently,
using various measures of semantic relatednesbdariassification of text.

Some groups have proposed to use the descriptiovofs present in dictionaries and
techniques such as LSI to compute semantic relagsdn

Most of traditional methods to compute semantic suess exploit particular lexical
resources: corpus, dictionaries, or well structusegbnomies such as WordNet. Some of
them explore path lengths among nodes in taxonorégers exploit glosses (textual
descriptions of concepts) in dictionaries, whilengogroups rely on annotated corpora to

compute information content. The limited dictionaffythe lexical database like WordNet
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and search engines like Wikipedia has forced tsearehers to think about the World

Wide Web as an effective alternate database.
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Chapter 3
PROBLEM STATEMENT

3.1 Problem Definition

The task of classifying textual data is of primgortance considering the huge amount
of information available today. Traditional machitearning programs use a training
corpus of often hand-labeled data to classify negt examples. Training sets are
sometimes extremely small, due to the difficult aedious nature of labelling, and
decisions can therefore be difficult to make withhconfidence.

The simplest approach to represent the semanticstigat the text as an unordered bag
of words, where the words themselves (possibly sted) become features of the textual
object. The sheer ease of this approach makes stuitble candidate for many
information retrieval tasks such as search and datd¢gorization. However, this simple
model can only be reasonably used when texts arly fang, and performs sub-
optimally on short texts. Furthermore, it is noteato resolve the two main problems of

natural language processing (NLPyJysemyandsynonymy.

During the literature review, it was analyzed thatent Semantic Indexing (LSI) is a
purely statistical technique, which leverages woodoccurrence information from a
large unlabeled corpus of text. LSI does not usg arplicit human-organized
knowledge; rather, it “learns" its representatiory lapplying Singular Value
Decomposition (SVD) to the words-by-documents cowoence matrix. LSI is
essentially a dimensionality reduction techniquat tidentifies a number of most
prominent dimensions in the data, which are assumedrrespond to “latent concepts”.
Meanings of words and documents are then reprasaentéhe space defined by these
concepts.

LSI can be implemented for five applications whésk: finding the nearest neighbour of
a term (i.e. term which is closest to given termainorpora), matrix comparison, one to
many comparison (i.e. comparing a target text aganset of texts) and finding the

coherence among sentences.
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Methods of similarity and semantic relatedness alan be used for text classification.
The more similar or related two words are, the migedy they are found to be together.
These measures can either use WordNet as theresotiknowledge or the entire Web
as their knowledge base. In both the cases, tladures can be compared against the

standard Miller Charles values which are basedunam judgement.

3.2 Methodology

The step-by-step methodology to be followed fort tebassification using statistical
techniques like Latent Semantic Indexing (LSI) avatious measures of semantic
relatedness is:

e Study of LSI technique for information retrievamplement the algorithm and
obtain LS| based word or passage vectors, siméartietween words and words,
words and passages, and passages and passages.

e Calculate similarity values using measures whicke tise lexical database
WordNet as a knowledge base.

* Calculate values of similarity and semantic relats$ using Measures of
Semantic Relatedness such as Normalized Googlari2gst(NGD), Normalized
Compression Distance (NCD) which make use of thebVds a source of
knowledge.

» Compare the obtained results with the standardlagityi values of the Miller-

Charles word pairs.
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Chapter 4
TEXT CLASSIFICATION TECHNIQUES

Text classification (or text categorization) is tteehnique of automatic assignment of
documents to a fixed number of predefined categoEach document can be in multiple,
exactly one or no category at all. In the appro#itht uses the Machine Learning
techniques for text classification, a general oithe process automatically builds an
automatic text classifier by learning, from a sepreviously classified documents, the
characteristics of the categories of interest.

In text classification, a descriptioil® of a document, where X is the document space;
and a document fixed set of classes C = {c1, c2]}.ixgiven. Classes are also called
categories or labels. Typically, the document spaée some type of high-dimensional
space, and the classes are human defined for dus o an application. Also, a training
set D <d, c>, where <d, €>X x C of labeled documents is given.

Using a learning method or learning algorithm, Wwert wish to learn a classifier or a

classification functiory that maps documents to classes:

This type of learning is called supervised learnbegause a supervisor (the learning
human who defines the classes and labels trainowurdents) serves as a teacher
directing the learning process. The supervisediiegmmethod is denoted lbyand

I'(D) =y. The learning methoH takes the training set D as input and returndgamed
classification functiory. [30]

4.1 Types of Classifier Learning Algorithms

Some of the widely used linear classifiers likeein Naive Bayes Classifier, Support

Vector Machines(SVMs) etc. have been discussediwbelo
4.1.1 Naive Bayes Classifier

The Naive Bayes is a probabilistic generative inginmethod that learns a model of the

distribution P(x,y) from the training sample S. WaBayes is “naive” in that it assumes
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conditional independence between all feature vaines feature vector. Naive Bayes
nevertheless produces fairly accurate classifinatides in many cases. The probability
of a document d being in class c is computed asngby Equation 4.2:
Pleld) o Ple) [] Plile)
1=k=ns
where P(t |c) is the conditional probability of termdccurring in a document of class c.
P(& |c) is the measure of how much evidenamntributes that c is the correct class. P(c)

is the prior probability of a document occurringciass c.

NB’s main strength is its efficiency: Training addssification can be accomplished

with one pass over the data. Because it combiriieseetCy with good accuracy it is often
used as a baseline in text classification resedirchoften the method of choice if a very
large amount of training data is available andghemore to be gained from training on

a lot of data than using a better classifier omalker training set.

4.1.2 Support Vector Machines (SVMs) Classifier

Improving classifier effectiveness has been an akantensive machine learning
research over the last two decades, and this waek lad to a new generation of
classifiers, such as support vector machines.

An SVM is a kind of large-margin classifier. Itasvector-space—based machine-learning
method where the goal is to find a decision boundaetween two classes that is
maximally far from any point in the training dat8VM performs classification by
constructing anN-dimensional hyperplane that optimally separates dhta into two
categories. SVM models are closely related to neng@vorks. Using a kernel function,
SVM'’s are an alternative training method for polgmal, radial basis function and multi-
layer perceptron classifiers in which the weighitshe network are found by solving a
guadratic programming problem with linear constigimather than by solving a non-
convex, unconstrained minimization problem as amgard neural network training.

In the terms of SVM literature, a predictor varmbk called anattribute and a
transformed attribute that is used to define theehylane is called feature The task of

choosing the most suitable representation is knasfeature selectionA set of features
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that describes one case (i.e., a row of predichtues) is called &ector So the goal of
SVM modeling is to find the optimal hyperplane tkaparates clusters of vector in such
a way that cases with one category of the targeala are on one side of the plane and
cases with the other category are on the other cfizbe plane. The vectors near the
hyperplane are theupport vectorsFigure 4.1 below presents an overview of the SVM
process.

" Foatums Spaco

Figure 4.1: SVM algorithm[31]

The SVM in particular defines the criterion to lm®king for a decision surface that is
maximally far away from any data point. Figure 42ows the margin and support
vectors for a sample problem. Other data pointg ptapart in determining the decision
surface that is chosen.
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Figure 4.2: The support vectors are the five pointsight up against the margin of the
classifier [15]

Maximizing the margin seems good because points theadecision surface represent
very uncertain classification decisions; there lmast a 50% chance of the classifier
deciding either way. A classifier with a large margmakes no low-certainty

classification decisions. This gives us a classiftm safety margin: a slight error in
measurement or a slight document variation willcaise a misclassification.

4.2 Techniques for Text Classification

Text documents cannot be directly interpreted myaasifier or by a classifier building
algorithm. Because of this, an indexing procedina maps a text dj into a compact
representation of its content needs to be uniforapiglied to training, validation and test
documents.

The fact that certain words often co-occur andsarelar to each other can also be used
for text classification, and this could be disc@cerfrom large collections of text in
domain. To achieve classification of text, techeigjlike Latent Semantic Indexing (LSI)
[7], measures of semantic relatedness and sinyilatiich make use of this fact can also
be used.

The main advantage of using LSI is that it is ukefisolving the problems giolysemy
(one word can have different meanings) aythonymy(different words are used to
describe the same concept), which can make cleatsifin tasks more difficult. It is based
upon the assumption that there is an underlyingasémstructure in textual data, and
that the relationship between terms and documemisbe re-described in this semantic
structure form. Categorization systems based onlBEk do not rely on auxiliary
structures (thesauri, dictionaries, etc.) and adependent of the native language being
categorized.

Similarly, semantic relatedness measures quartigydegree in which some words or
concepts are related, considering not only sintjlafbut any possible semantic
relationship among them. There are certain semamg@sures that use WordNet as their
knowledge base to find the similarity, while othdike Normalized Google Distance
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(NGD), Normalized Compression Distance (NCD) make of the web as knowledge

source.

To get an idea of the performance of a computatioeasure, Miller Charles word pairs

are selected and their similarity values basedwnam judgment are compared wit those
obtained using these measures. The more similar vlwals are, the higher their

probability of being together. These approacheslim@issed in brief below.

4.2.1 Approach using Latent Semantic Indexing forext classification

Latent Semantic Indexing (LSI) [32] is a machinarteng model that induces
representations of the meaning of words by anafyttie relation between words and
passages in large bodies of text. In the contéxexi classification, Latent Semantic
Indexing (LSI), is used to index, analyze, and gatize text documents. It analyzes how
terms are spread over the documents of a text saapd creates a search space with
document vectors: similar documents are located eeah other in this space and
unrelated documents far apart of each other. lused to analyze the linguistic
information. LSI has been used in applied settiwgh a high degree of success in areas
like automatic essay grading and automatic tutotcongnprove summarization skills in
children. As a model, LSI's most impressive achiegats have been in human language
acquisition simulations and in modeling of highdewomprehension phenomena like
metaphor understanding, causal inferences and jeditgnof similarity.

LSI was originally developed in the context of infation retrieval as a way of
overcoming problems with polysemy and synonymy theturred with vector space
model (VSM) [18] approaches. The method used bytb®hpture the essential semantic
information is dimension reduction, selecting thesmimportant dimensions from a co
occurrence matrix decomposed using Singular Valeeobhposition. It is an information
retrieval technique that locates linguistic topits set of documents [7]. LSI is applied
to compute the linguistic similarity between sousréifacts (e.g. packages, classes or
methods) and cluster them according to their sitylaThis clustering partitions the
system into linguistic topics that represent groofpdocuments using similar vocabulary.
It has been shown in [32] that LS| addresses thersyms very well. With simple corpus

30



training, LS| managed to answer correctly 64% ef sgnonyms questions in the Test of
English as a Foreign Language, better than theageestudent. There is a wide range of
applications of LSI, such as automatic assignméméwviewers to submitted conference
papers [33], cross-language search engines, spkers and many more. In the field of
software engineering LS| has been successfullyiegppb categorized source files [34]
and open-source projects [35], recover links betwedernal documentation and source
code [36]. LSI produces measures of word-word, waagsage and passage-passage
relations that are well correlated with several haontognitive phenomena involving
association or semantic similarity. LS| allows fosely approximate human judgments
of meaning similarity between words and to objesdfivpredict the consequences of
overall word-based similarity between passagesimasds of which often figure
prominently in research on discourse processingh&tmore LS| has proved useful in
psychology to simulate language understanding efhitnman brain, including processes

such as the language acquisition of children.

4.2.1.1 Term-Document Matrix

Like other information retrieval (IR) techniquesatent Semantic Indexing (LSI) is based
on the vector space model (VSM) approach. Thisaaagdr models documents as bag-of-
words and arranges them in a Term-Document Matrisukh that g equals the number
of times term;toccurs in document.dAs discussed earlier, LS| can overcome problems
with synonymy and polysemy that used to occur inrprectorial approaches, and thus
improve the basic vector space model by repladmegdriginal term-document matrix
with an approximation. This is done using singwalue decomposition (SVD), a
principal components analysis (PCA) technique oally used in signal processing to
reduce noise while preserving the original sigiiéle measure of similarity computed in
the reduced dimensional space is usually, butlm@ys, the cosine between vectors.
Assuming that the original term-document matrixassy (the synonymy and polysemy),
the approximation is interpreted as a noise redacetthus a better model of the text
corpus.

For example, a typical search engine covers actayus with millions of web pages,

31



containing some ten thousands of terms, whichdaaed to a vector space with 200-500
dimensions only. In Software Analysis, the numidedlacuments is much smaller and the
text corpus is reduced to 20-50 dimensions.

The entire corpus can be represented as a ternvdmtumatrix D. D consists of
document vectors;dThe document vectors are the columns of thisimddocument

vector ¢ contains m generalized term.

Since the terms might not be of the same type @ne.term may be a term count, one
may be some relative quantity) it no longer malegsse to normalize across terms. So, it
is assumed that the columns of D are not normalimediment vectors, because they are
considered as generalized terms. Earlier the docunvectors were considered
individually. The question of how the documentgha corpus relate to each other is not
considered, except implicitly with respect to theexry and in consideration of the IDF
(Inverse Document Frequency). The idea is to gebedter representation of the
documents that corresponds to the structure otdpus, since a better representation
may help us do better retrieval.

Inverse document frequency (IDF) considers the wltdcument corpus. IDF looks at
the distribution of the terms in the whole corpusl ahrinks term frequencies for terms
that occur a lot in the corpus. IDF thus uses thexall corpus characteristics to alter our
document representation.

Figure 4.3 schematically represents the LSI procEss document collection is modeled
as a vector space. Each document is representéaebyector of its term occurrences,
where terms are words appearing in the documerd. téim-document-matrix A is a
sparse matrix and represents the document veatatitseorows. This matrix is of size n x
m, where m is the number of documents and n th&l tmimber of terms over all
documents. Each entry;as the frequency of term in document d. A geometric
interpretation of the term-document-matrix is a sktdocument vectors occupying a
vector space spanned by the terms. The similaeityden documents is typically defined
as the cosine or inner product between the correBpg vectors. Two documents are

considered similar if their corresponding vectaogmpin the same direction.
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Figure 4.3: LSI takes as input a set of documentsd the terms occurrences, and
returns as output a vector space containing all theerms and all the documents. The
similarity between two items (i.e., terms or documas) is given by the angle between

their corresponding vectors [37].

4.2.1.2 Data Normalization

All words are not equally significant as some waads more likely to discriminate
documents than others. Words with a high frequeareyconsidered to be too common
and those with low frequency too rare, and theeefaoth of them are not contributing
significantly to the content of a document. Wordghwmedium frequency have the
highest ability to discriminate content. Thus albrds above an upper and all words
below a lower threshold are excluded from the tism

The removal of high frequency words is usually dereluding a list of common words,
called stopwords. As the distribution of word frequies follows the power law, this
removal reduces the size of a text corpus by aBoubd 50 percent. In case of an English
text corpus, the SMART stopword list is well-estsled: it contains about 500 common
non-discriminative words like the, of, to, a, i8]3The removal of low frequency words
is usually done by excluding all words that oceuonly one document.

Furthermore the same term may appear in differearhmatical inflections. Most words
are composed of a stem, which bears the meanitigeoivord, and a suffix that bears
grammatical information. If two words have the sastem then they refer to the same
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concept and should be indexed as one term. Thegsaaf removing the grammatics is
called stemming, and a standard approach is to &dm of suffixes and to remove the
longest possible one. For example, train, traimetiteaining are all reduced the common
stem train. In case of an English text corpus tbhadP Stemming Algorithm is well
established.

Research in information retrieval (IR) has showatthormalization leads to more

effective retrieval than if the raw term frequerscieere used [39].

4.2.3 Term Frequency and Weighting

The goal of a weighting function is to balance ety rare and very common terms.
Typically a combination of two weighting schemesjplied, a local weighting and a
global weighting. The first puts a term occurreimceelation to its document, and the
latter in relation to the whole text corpus. IR teyss assign weights to terms by
considering:

1. Local information from individual documents

2. Global information from collection of documents

In addition, systems that assign weights to lir&pdgr information to properly account for
the degree of connectivity between documents. Waighting scheme is given by the

equation:
Term Weight = w; ={f; Tlog| =
77

where:
» tfi=term frequency (term counts) or number of timésra i occurs in a
document.
» dfi = document frequency or number of documents coimgiterm i

* D = number of documents in the database
Local Weights

Equation 4.3 shows that;\wcreases with itf This makes the model vulnerable to term

repetition. Given a query q,
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1. For documents of equal lengths, those with moréantes of g are favoured
during retrieval.
2. For documents of different lengths, long documanésfavoured during retrieval

since these tend to contain more instances of g.

Global Weights
In Equation 4.3, the log(D/dfi) term is known ag thverse document frequency (IDFi) —
a measure of the shear volume of information aasetito a term i within a set of
documents. Inspecting the dfi/D ratio, this is tmbability of retrieving from D a
document containing term i. In equation, we simiplyert this probability and take its
log. The result is then premultiplied by tfi. Sealemodifications to the equation have
been proposed and more general form of this equéatigiven below:

xi,j = local(ti, dj) X global(ti) .............. ... 4.4)
Equation 4.6 shows that wi decreases as dfi ineeeaBor example, if in a 1000-
document database only 10 documents contain aplartiterm, the IDF for this term is
log(1000/10) = 2. However, if only one document teoms that term, then IDF is
log(1000/1) = 3. Thus, terms which appear in tomyndocuments (e.g. stopwords, very
frequent terms) receive a low weight, while uncomnterms which appear in few
documents receive a high weight. This makes sanse 850 common terms are not very
useful for distinguishing a relevant document framnon-relevant one. Terms with
acceptable weights are those that are not too canondoo rare; i.e. their term vectors
are not too far or too close to the query vector.
When applied on textual data LSI achieves bestlteesuth the entropy weighting.
Nevertheless we present here the tf-idf -weightayy it is more popular in both

information retrieval and software analysis.

4.2.4 Singular Value Decomposition

LSI starts with an input as term-document-matrigjghted by a weighting function to
balance out very rare and very common terms. SVDsex to break down the vector
space model into less dimensions. This algorithesgmves as much information as
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possible about the relative distances between dweirdent vectors, while collapsing
them into a much smaller set of dimensions.

SVD decomposes matrix A into its singular valued @s singular vectors, and yields—
when truncated at the k largest singular values approximation A* of A with rank k.
Furthermore, not only the low-rank term-documentrirad™ can be computed but also a
term-term matrix and a document-document matrixusTH.SI allows us to compute
term-document, term-term and document-documentagiities.

A=UxSxV

Singular value decomposition transforms the matixinto three matrices, using
Eigenvalue decomposition. This yields three masticd x S x V. The two outer
matrices contain the singular vectors: U is thentematrix, it contains the left singular
vectors and each of its row corresponds to a t@itm. same goes for V, the document
matrix, which contains the right singular vectomsdawhose rows correspond to
documents. The middle matrix S is a diagonal matitk the singular values, which are
a kind of eigenvalue, of A in descending order.
When multiplying all three matrices together toamstruct the original matrix, the
singular values act as weights of the singular arsctA singular vector with a large
corresponding singular vectors has a large impa¢he reconstruction, while a small
value indicates a singular vector with almost npaet on the result. Thus small values
and their vectors may be discarded without affgctire result noticeably. Keeping the k
largest singular values only yields a low-rank agpnation of A, which is the best rank
k approximation of A under the least-square-erriexgon:

A nxm = Unxk X Sok X VTkxm
As the rank is the number of linear-independentsrawd columns of a matrix, the vector
space spanned by A" is of dimension k only and nies complex than the initial space.
Applying SVD on natural data (such as signals, iesagr text documents) yields a
distribution of singular values that follows thewsr law: a few large values, and a long
tail with very small values. When used for inforioatretrieval, k is typically about 200-
500, while n and m may go into millions. That isywh text corpus with millions of
documents can be approximated with such a low-chmkatrix. When used to analyze

software on the other hand, k is typically about2Dwith vocabulary and documents in
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the range of thousands only, and since A" is tist &pproximation of A under the least
square- error criterion, the similarity between wloents is preserved, while in the same
time mapping semantically related terms on one afxibe reduced vector space and thus
taking into account synonymy and polysemy. In otlerds, the initial term-document
matrix A is a table with term occurrences and bgaking it down to much less
dimension the latent meaning must appear in A'esthere is now much less space to
encode the same information. Meaningless occurretat is transformed into
meaningful concept information.

4.2.5 Term and Documents Similarity
To show the SVD factors geometrically, the rowshef matrices are taken as coordinates
of points representing the documents and term®reanensional space. The nearer one

points to the other, if they are more similar doeuis or terms.
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Fig 4.4 On the left: An LSI-Space with terms and documeng, similar elements are placed
near each other. [37]

Similarity is typically defined as the cosine beem the corresponding vectors:

sim (di, dj) = cos(vi, Vj)
Computing the similarity between document di anésdjone taking the cosine between
the i-th and j-th row of the matrix.
The resulting cosine value, similarity values rafrgen 1 to 0: 1 for similar vectors with
the same direction and to O for dissimilar, orthzgjosectors. Theoretically cosine values
can go all the way to —1, but because there areegative term occurrences, similarity

values never goes below to zero.
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Though the use of LSI for text classification hdsantages like its independence of the
use different languages, and its significant degfaéaherent noise immunity with regard
to errors in the documents being processed, lBuiffiérs from certain problems like:

« The SVD algorithm is O(Rk®), where N is the number of terms plus documents,
and k is the number of dimensions in the concepcapTypically, k will be
small, ranging anywhere from 50 to 350. Howeverrding rapidly as the number
of terms and the number of documents increase. mhiges the SVD algorithm
unfeasible for a large, dynamic collection.

» Determining the optimal number of dimensions in ¢bacept space to obtain the
best results for information retrieval.

* Another problem with LSI is that the concept spa&eiot understandable by
humans. This makes LSI difficult to debug and difft to understand.

Considering these problems associated with LSleradtive methods for text
classification are explored. These include findsigilarity between word pairs. The
values obtained are then compared with the standiandarity values of the Miller

Charles word pairs.

4.3 Measures of semantic relatedness and similarity

Budanitsky and Hirst [14] descrilsemantic relatedness follows:

Recent research on the topic in computational Istgs has emphasized the perspective
of semantic relatedness of two lexemes in a lexieaburce, or its inverse, semantic
distance. It's important to note that semantictezlaess is a more general concept than
similarity; similar entities are usually assumedb related by virtue of their likeness
(bank—trust company), but dissimilar entities mepde semantically related by lexical
relationships such aseronymy(car—wheel) andntonymy(hot—cold), or just by any kind
of functional relationship or frequeassociationpencil-paper, penguin—Antarctica).
Determining the semantic relatedness between twdsu@fers to computing a statistical
measure of similarity between those words. Semamtiasures play an important role in
text classification. Measures of Semantic Relatesli{#ISRS) are statistical methods for
extracting word associations from text corpora. &ame relatedness measures quantify

the degree in which some words or concepts aréetklaonsidering not only similarity

38



but any possible semantic relationship among thdemy semantic measures have been

proposed in the past to compute degrees of relagsdimmong words, texts or concepts.

4.3.1 Desirable features of semantic relatedness aseires:

As discussed in [11], the characteristics that@srable for a semantic measure are:-

1. Domain independence Nowadays, an increasing amount of online ontologied
semantic data is available on the Web, thus, emadi new generation of semantic
applications. In developing that kind of domainepéndent applications, one has to deal
with this increasing heterogeneity, without esttiihg in advance the ontologies to be
accessed.

2. Universality Semantic measures, in the highly dynamic contexhefWeb, must be
flexible and general enough to be used independehtiheir final purpose, and without
relying on specific lexical resources or knowledgpresentation languages.

3. Maximumcoverage: It is assumed that, in the context of wapplications with no
predefined domairmaximum coveragef possible interpretations of the words must be

warranted.

4.4 Classification based on source of knowledge lized

Semantic measures can also be defined betweerallgxexpressed word senses, or
between whole texts. Manually compiled taxonomieshsas WordNet and large text can
be used for finding similarity between words. Armtimethod can be, regarding the Web

as a live corpus and using it to find semanticteglaess measure between words.

4.4.1 Using WordNet as a knowledge base

All approaches to measuring semantic relatednegsutie a lexical resource construe

the resource, in one way or another, as a netwodkected graph, and then base the
measure of relatedness on properties of pathsisngttaph. Most of the methods use
WordNet, a broad coverage lexical network of Eighgords. The lexical database
WordNet is particularly well suited for similaritpeasures, since it organizes nouns and

verbs into hierarchies ag—arelations. Nouns, verbs, adjectives, and adverbseach
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organized into networks of synonym setyr(sets that each represent one underlying
lexical concept and are interlinked with a varietyelations.
WordNet is based on the following definitions amdations:
» Thelengthof the shortest path in WordNet from synset csyoset cj (measured
in edges or nodes) is denoted by len(ci, ¢j ).
» The depthof a node is the length of the path to it from tjlebal root, i.e.,
depth(ci = len(root, ci ).
» Thelowest super-ordinatéor most specific common subsumer) of cl1 and c2 is
denoted by Iso(cl, c2).
* Given any formulael(cl, c2)for semantic relatedness between two concepts cl

and c2, the relatedness rel(wl,w2) between two svewbland w2 is :

mll?wllf%) = I [reu':'lf'SE:I]
SRS L= LY

where s(w) is “the set of concepts in the taxonomy thatssmeses of word {. That is,
the relatedness of two words is equal to that efmtiost-related pair of concepts that they
denote.

Given taxonomy of concepts, a straightforward mettm calculate similarity between
two words (concepts) is to find the length of thersest path connecting the two words
in the taxonomy. If a word is polysemous then rpldtipaths might exist between the
two words. In such cases, only the shortest patvdsn any two senses of the words is
considered for calculating similarity. A problemaths frequently acknowledged with
this approach is that it relies on the notion thlhtlinks in the taxonomy represent a
uniform distance.

WordNet::Similarity [40] makes it possible to messuthe semantic similarity or
relatedness between a pair of concepts (or wordesgnlt provides six measures of
similarity, and three measures of relatednessoflvhich are based on the lexical
database WordNet. These measures are implemenkatlanodules which take as input
two concepts, and return a numeric value that sgmts the degree to which they are
similar or related.

Three similarity measures are based on path lergghwgeenconceptsich (Leacock &
Chodrow) [22],wup (Wu &Palmer) [41], ancpath The Ich measure finds the shortest
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path between two concepts, and scales that valtleebpnaximum path length in the is—a
hierarchy in which they occur. wup finds the pathdth to the root node from the least
common subsumer (LCS) of the two concepts, whictihésmost specific concept they
share as an ancestor. This value is scaled by uhe of the path lengths from the
individual concepts to the root. The measure psitbgual to the inverse of the shortest
path length between two concepts.

The three remaining similarity measures are basedhformation contentwhich is a
corpus—based measure of the specificity a condégise measures inclugen (Jiang &
Conrath) [23],lin (Lin) [24], res (Resnik) [25]. Thdin andjcn measures augment the
information content of the LCS of two concepts witle sum of the information content
of the individual concepts. TH®m measure scales the information content of the LES b
this sum, while jcn subtracts the information contef the LCS from this sum (and then

takes the inverse to convert it from a distanca samilarity measure).

4.4.2 Using Wikipedia as a knowledge base
The advent of Wikipedia in 2001 has fulfilled theed for a more comprehensive
knowledge base. Many techniques that use Wikiptmieompute semantic relatedness
have been developed in the recent years. Sometrexszarch efforts have focused on
using Wikipedia to improve coverage with respectr&alitional thesauri-based methods.
Nowadays Wikipedia is rapidly growing in size, aha not difficult to find new terms
and named entities on it. Some classic measuresdafged to use Wikipedia instead of
WordNet as knowledge source, showing promising lt®siA further step in using
Wikipedia is found in [9]. They propose a methodr@present the meaning of texts or
words as weighted vectors of Wikipedia-based caiscepsing machine learning
techniques.
Wikipedia can also be used to represent the meaniingxts or words as weighted
vectors of Wikipedia-based concepts, using madeaeing techniques.
Although they have clear benefits, Wikipedia idl stbt comparable with the whole Web
in the task of discovering and evaluation of imiplrelationships because all the words

can still not be found in Wikipedia.
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4.4.3 Measures based on Web

Semantic relatedness between the words is alspedktising the Web. Rudi L and et al.

[12] developed the method that defines the relassirbetween the words via Google
Similarity Distance. They use the World Wide Webtlas database, and Google as the

search engine. Some of these measures are NGD,eCD

Normalized Google Distance (NGD)

Every text corpus or particular user combined witllequency extractor defines its own
relative frequencies of words and pharses usagédnWorld-Wide-Web and Google

setting there are millions of users and text capeach with its own distribution. The

Google distribution is universal for all the indival web users distributions. The number
of web pages currently indexed by Google is vergda Every common search term
occurs in millions of web pages. This number is/ast, and the number of web authors
generating web pages is so enormous (and can bemedso be a truly representative
very large sample from humankind), that the proidads of Google search terms,

conceived as the frequencies of page counts retlboné&oogle divided by the number of

pages indexed by Google, approximate the actuativel frequencies of those search

terms as actually used in society.

Google distancas a measure of semantic interrelatedness defreed the number of
hits returned by the Google search engine for argset of keywords. Keywords with the
same or similar meanings in a natural languageesézsd to be "close" in units of
Google distance, while words with dissimilar megsitend to be farther apart.
Mathematically, thenormalized Google distand@9] between two search termsandy
is:
.\IGD(?:,y) _ max{log f(?:)! l{'.!g f(y)} - lﬂg f(.’]?,? )

log M — min{log f(z),log f(y)}

where M is the total number of web pages searched by @oég) andf(y) are the
number of hits for search termsandy, respectively; and(x, y) is the number of web

pages on which botk andy occur. If the two search termtsandy never occur together
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on the same web page, but do occur separatelyatmealized Google distance between
them is infinite. If both terms always occur tog&titheir NGD is zero.

The same method may be used with other text colp@ahe King James version of the
Bible or the Oxford English Dictionary and frequgnmount extractors, or the world-
wide-web again and Yahoo as frequency count extract

This is experimentally evidenced by the fact thdtew Google doubled its size the
sample semantics of rider, horse stayed the samriining the NGD between two
Google search terms does not involve analysis oficpgar features or specific
background knowledge of the problem area. Insteathalyzes all features automatically
through Google searches of the most general basikdrknowledge

database: the World Wide Web.

Normalized Semantic Score (NSS)
Normalized Semantic Score (NSS) is an MSR thatersvdd from NGD. To be more
precise, the relatedness between two words x asaderived as follows:
NSS(X,y) =1 —-NGD(X, ¥).......... (4.6)
The value of NSS varies between 0 and 1 and mdtesigalue, closer is the association

of a word to the respective category.

Normalized Compression Distance (NCD)

The NCD between two binary strings is defined mmie of compressed sizes of the two
strings and of their concatenation; it is desigtethe an effective approximation of the
non computable but universal Kolmogorov distancegwben two strings. The
Normalized Compression Distance NCD(X, y) betwaem lhinary strings x and y

is given mathematically by Equation 4.7 as :

_ O{wy) — min{C{e), Cle)}
NCD{w y) = im{c{kz},c‘{y)} =

The lower the value of NCD is for a particular wquair, the more related the two words
are.
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Chapter 5
IMPLEMENTATION & RESULTS

5.1 Implementation of Latent Semantic Indexing (LS)

LSI can be implemented for four main applicatioriscl are as follows:

1. Nearest neighborReturns a list of the terms in the LS| space #ratmost similar to a

target term and the corresponding cosines to angesen.

2. Matrix comparisonCompares a set of texts or terms against ea@hn.oth

3. Sentence compari

each adjacent pair (u

soibubmits a sequence of texts and receive the epdietween

sed for calculating textuhkcence).

4. One to many comparisorCompares a target text against a set of texted(dier

vocabulary testing and essay grading).

|

M One-T

Near Neighbors ——'M

e PR o Sk [ N

Hducational Text T edge i  Stmmary Street

E
i

(S s (R

Figure 5.1: The home page of the LSI Web site



As with all of the applications, a suitable semargipace and the number of factors to
employ (the maximum number of factors availabld @ used if this field is left blank)
have to be selected. Implementation of LSI appbcast has been done through
http://Isa.colorado.edu as shown in Figure 3llthe applications provided by this site
are implemented on a corpus known as the ‘GeneratliRg Corpora’.

5.1.1 The Nearest Neighbor Application

Near Neighbors I
This interface allows vouto select a set of n near neighbor terms based on a submitted term or piece of text (pseudodoc). The terms returned are those in the LSA space
which are nearest the submitted term or pseudodoc.
At the end of the return page is atext list of the return items to cut and paste into other applications if you like.
To try the system, enter a term or piece of text in the mput area below. Then press the "Submit Text' button.
Select atopic space: General_Reading_up to_Tst year_college (300factors) -
Number of terms to refurn: 20 -
Number of factors touse: (Leave blank for maximum factors available)
Remove terms from return list that appear in corpus with frequency less than (<=). . 4 3
Select the type of input text: pseudodoc  +
Note: By selecting rerm no weighting is used Selecting p: uses log entropy weighting.
Text to submit:
[ Submit Text ] [ Resst to Defautts ] -

Figure 5.2: The nearest neighbor tool

0.75 moop
_ bsu haging
Simiiarity
099 | dog
| 086 | barked
| 086 |  dogs
\ 0.81 | wagging
| 080 | colle
' 079 | leash
| 075 | manilak
' 075 | moops
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Table 5.1:Results From the Nearest Neighbor Application forte Term "Dog”
With the Frequeny Cutoff Set to 10

5.1.2 Matrix Comparison Application

The only parameter that needs to be set other tirarspace and number of factors
parameters while using this application is the kafdcomparison—“term to term” or

“document to document.” As in the nearest neighdgplication, this parameter controls
whether log entropy weighting is used. When “teonterm” is set, no weighting is used.

When “document to document” is set, all items agedntropy weighted.

Comparison

This interface allows you to compare the similarity of multiple texts or terms within a particular LSA space Each text is compared to all other texts.

To compute the similarity of multiple texts. enter each in the input box below. Use a blank line to separate each text. Then press the "Submit Texts' button. The syster
will compute a similarity score between -1 and 1 for each submitted text compared to all submitted texts.

Selectatopic space: General_Reading_up_to_1st_year_college (300factors) -
Selectthe comparisontype: temtotem -
Number of factors touse: (Leave blank for maximum factors available )

Texts to compare (separate different texts with ablank line):

Submit Texts ] l Reset to Defaults ]

Figure 5.3: The matrix comparison tool

The submitted texts’ similarity matrix (in term @ is as shown below in Table 5.2:
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Document | dog| cal puppy kitten

Dog 1 036/ 0.76 | 0.28

Cat 036 1 0.38 | 0.61

Puppy | 0.760.38 1 | 0.43

Kitten 0.28/0.61| 0.43 1

Table 5.2: Results from the Matrix Application for the Terms”’Dog,” "Cat,”
"Puppy,” and”Kitten”
5.1.3 Sentence Comparison Application

The text coherence is found that by taking the mafathe cosines of the LSI vectors
representing successive sentences in a text. Tleapon indicates the cosine between
each successive pair of sentences and providend¢ha and standard deviation of these

values.

Sentence Comparison

This interface allows you to compare the similarity of sequential sentences within a particular LSA space Each sentence is compared to next sentence. The program will
automatically parse the input into sentences -- you do not have to separate sentences on differentlines.

To compute the similarity of multiple sentences, enter your textin theinput box below. Use normal punctuation to separate each sentence. Then press the "Submit

Texts' button. The system will compute a similarity score between -1 and 1 for each submitted sentence compared to next submitted sentence.

Select atopic space: Generzl_Reading_up_to_1st year college (300factors) -

Number of factors to use: (Leave blank for maximum factors available.)

Texts to compare (separate different sentences witha punctuation):

-

Submit Texts H Reset to Defaults ]
Figure 5.4 Sentence Comparison tool
[cos| SENTENCES |
0.32|1:
0.40|2: The largest dog bit all of the cats 2.
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0.31|3: There are at least three cats 3.
0.75|4: A pet dog should also be washed several times 4.
5. The quick brown fox jumped over the lazy dog

Mean of the Sentence to Sentence Coherence is: 0.44
Standard deviation of the Sentence to Senten€eli8:

Table 5.3: Sentence to Sentence Coherence Compand®esults

5.2.4 One to Many Comparison Application

The one to many application takes a single text @mdpares it to a number of other
texts. The tool allows to generate vector lengfhable 5.4). Vector lengths give an
indication of the amount of information that is eded by a text and they can be useful

in determining the importance of individual terms subtexts to the meaning vector
associated with a larger text.

One-To-Many Comparison

This interface allows vou to compare the similarity of multiple texts within a particular LSA space One designated textis compared to all other texts.

To compute the similarity of a particular text to many other texts. enter the main text in the first edit field and each of the othersin the second box below. Use ablank line to

separate each text in the second box Then press the "Submit Texts button The system will compute a similarity score between -1 and 1 between the main text and the
other submitted texts.

Select a topic space: General_Reading_up_to_1st_year_college (300factors) -
Select the comparison type: tem to tem -

Number of factors to use: (Leave blank for maximum factors available.)
Show vector lengths El

m

Main text (fo be compared to each of the others]

Texts to compare (separate different texts with a blank line):
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Figure 5.5: The one to many tool.

Texts | Vector Length

dog 3.36

cat 1.88

puppy 0.70

kitten 0.46

Table 5.4: Results from one to many application

5.2 Computing Measures of Similarity and Semantic Blatedness for
text classification

Measures of similarity quantify how much two cortsegre alike. The lexical database
WordNet is particularly well suited for similaritpeasures.

WordNet::Similarity makes it possible to measure semantic similarity or relatedness
between a pair of concepts (or word senses). Niges six measures of similarity, and
three measures of relatedness, all of which aredbas the lexical database WordNet.
These measures are implemented as Perl moduleh tethie as input two concepts, and
return a numeric value that represents the degredich they are similar or related. As
discussed above, the three similarity measuresbase=d on path lengths between
conceptsich (Leacock & Chodorow) [22]wup (Wu & Palmer 1994), angath The
three remaining similarity measures are based fannration content, which is a corpus—
based measure of the specificity of a concept. &hmaeasures includgn (Jiang &
Conrath) [23],lin (Lin) [24], res (Resnik) [25]. These measures are computed for the
variousMiller Charlesword pairs and results are compared with the watb#ained by
human judgement.

The output of semantic relatedness for a Miller &saword pair (glass-magician) using
WordNet::Similarity is as shown below in Figure6 5.
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Results:

The relatedness of glass#n#1 and magician#n#1 using heo 1= 0.

The relatedness of glass#n#2 and magician#n#1 using jon is 00604,
The relatedness of glass#n#5 and magician®#n# 2 using wup i= 0.5333.
The relatedness of glass#Fn#1 and magician#n#2 using path i=s 0,125,
The relatedness of glass#Fn#Z and magician#n#1 using lin is 0.1421.
The relatedness of glass#Fn#2 and magician#n# 2 using lesk is 3.

The relatedness of glass#Fn#5 and magician#n#1 using res 1s 1.8747.
The relatedness of glass#Fn#1 and magician®#n#2 using Ich is 1.6094,
Thes relatedness of glass#v#1 and magician#n#Z using vector_pairs is 0.0121.
The relatedness of glass#Fn#1 and magician®#n#1 using vector is 00675,
Wiew relatedness of all senses (without traces)

View relatedness of all senses (with traces)

WView traces

Figure 5.6: Results of semantic relatedness for theord pair glass magician
Besides calculating similarity measures using Watdads a database, relatedness is also
calculated using other relatedness measures likendlized Google Distance (NGD),
Normalized Compression Distance (NCD) etc. whick tee web as a database source.

The results obtained are shown in Table 5.5

5.3 Results

WordNet

: Miller- NGD= | |eacock
Word Pair Charles NSS 1-NSS 2 Lin

Chodrow
Cord-smile 0.13 0.2 0.79 0.21 1.291 0 0.015
rooster - voyage jeAsLs} 0.26 0.781 | 0.219 0.51 0 0.005
noon - string 0.08 0.23 0.741 | 0.259 1.204 0.092 0.078
glass - magicianjes&s 0.285 | 0.787 | 0.213 1.61 0.142 0.16
Monk - slave 0.55 0.2 0.975 | 0.025 2.079 0.201 | -0.011
coast - forest 0.42 0.23 0 1 1.897 0.118 0.107
monk - oracle 1.1 0.23 0.421 | 0.579 1.6094 0.182 0.054

lad - wizard 0.42 0.23 0.641 | 0.359 2.079 0.224 0.167
forest -
graveyard 0.84 0.31 0.737 | 0.263 1.491 0.112 -0.026

food - rooster 0.89 0.26 0.627 | 0.373 0.916 0.076 0.033

LSA
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coast - hill 0.87 0.2 0 1 0.2 0.728 0.036

car - journey 1.16 0.26 0.157 | 0.843 0.798 0 0.099
crane -
implement 1.68 0.31 0.201 | 0.799 2.079 0.332 -0.046

brother - lad 1.66 0.26 0.85 0.15 2.079 0.24 0.214
bird - crane 2.97 0.2 0.69 0.31 2.302 0 0.265
bird - cock 3.05 0.16 0.825 | 0.175 2.995 0.778 0.326
Food - fruit 3.08 0.2 0.403 | 0.597 1.386 0.155 0.363

Brother - monk PRy 0.26 0.9 0.1 2.995 0.207 0.016
asylum -
madhouse 3.61 0.28 | 0.579 | 0.421 2.995 0.981 0.113

furnace - stove JREHNS 0.26 0.606 | 0.394 1.386 0.229 0.294

magician -
wizard 3.5 0.28 | 0.622 | 0.378 3.688 1 0.224

Journey -
voyage 3.84 0.26 1 0 2.995 0.827 0.413
coast - shore 3.7 0.2 0.641 | 0.359 2.995 0.963 0.392
implement - tool FAE 0.31 0.199 | 0.801 2.995 0.914 0.127
Boy - lad 3.76 0.13 | 0.801 | 0.199 2.995 0.797 0.473
automobile - car jEEA 0.33 0.261 | 0.739 3.689 1 0.572
midday - noon 3.42 0.23 0.876 | 0.124 3.689 1 0.534
gem - jewel 3.84 0.2 0.819 | 0.181 3.689 1 0.211

Table 5.5: Semantic relatedness and similarity vaks obtained using various
measures.

It can be noticed from Table 5.5 that the semargiatedness between these pairs of
words for both Miller Charles (based on human judeget) and Leacock & Chodrow
measure lie in a scale from 0.0 to 4.0 (from rateelness at all, to identical or strongly
related words). On the other hand, the values laftabr MSRs lie between 0.0 & 1.0.
Therefore, both the Miller Charles and Leacock &@tow similarity values should be
normalised to make them lie in the range from @.QL0. This is achieved using the

following mathematical formula:

Suppose the dissimilarity index is in the rangé8f" , d"®] and is not in the range of [0,
1]. Itis to be transformed into the range of [P,Lket d be the original dissimilarity ardd

the normalized dissimilarity. Then the normalisedue is given by Equation 5.1:

I:I'I_Efmﬂ

mI dl:l:l.:i:l'l

In our case:
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d = original value of dissimilarity
d™ = upper limit of the range= 4

d™ = lower limit of the range= 0

The resulting values of similarity and semanti@atetiness after normalization are given

in Table 5.6.

WordNet
Normalised
Leacock &
Chodrow
values

Normalised
Miller
Charles
values

Word Pair

cord-smile
rooster - voyage

noon - string
glass - magician

monk - slave

coast - forest
monk - oracle
lad - wizard
forest - graveyard
food - rooster
coast - hill
car - journey
crane - implement
brother - lad
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bird - crane 0.742 0 0.575 0.2 0.31 0.265
bird - cock 0.762 0.778 0.748 0.16 0.175 0.326
food - fruit 0.77 0.155 0.346 0.2 0.597 0.363
brother - monk 0.705 0.207 0.748 0.26 0.1 0.016
asylum - madhoust 0.902 0.981 0.748 0.28 0.421 0.113
furnace - stove 0.777 0.229 0.346 0.26 0.394 0.294
magician - wizard 0.875 1 0.922 0.28 0.378 0.224
journey - voyage 0.96 0.827 0.748 0.26 0 0.413
coast - shore 0.925 0.963 0.748 0.2 0.359 0.392
implement - tool 0.737 0.914 0.748 0.31 0.801 0.127
boy - lad 0.94 0.797 0.748 0.13 0.199 0.473
automobile - car 0.98 1 0.922 0.33 0.739 0.572
midday - noon 0.855 1 0.922 0.23 0.124 0.534
gem - jewel 0.96 1 0.922 0.2 0.181 0.211
Table 5.6: Values obtained after Normalization of Mler Charles and Leacock &

Chodrow similarity values

To evaluate the performance of these measures,oliteined values are plotted

graphically and. The graphs are shown in Figurés®8, 5.9, 5.10, 5.11, 5.12.

LSl as a semantic relatedness measure

12

—o—LSI

—m@— Normalised Miller Charles
values

semantic relatedness

1 3 5 7 9 11131517 19 21 23 2527
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Figure 5.7: Plot of semantic relatedness values ug LSI against standard values for
Miller Charles word pairs
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Figure 5.8: Plot of similarity values using NCD as similarity measure

Normalized Google Distance (NGD)
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Figure 5.9: Plot of semantic relatedness values agi NGD as a similarity measure
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Leacock & chodrow similarity values based on

WordNet
1.2
1 |
> 0.8 —e— Leacock & Chodrow
B values
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0 T T T T T T T T T T T T T T T T T
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Figure 5.10: Plot of similarity values using Leacdc& Chodrow similarity measure
based on WordNet
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Lin similarity values based on Wordnet
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Figure 5.11: Plot of similarity values using Lin smilarity measure based on
WordNet
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Figure 5.12: Plot of similarity values using all te measures against Normalized
Miller Charles values
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CHAPTER 6
CONCLUSIONS & FUTURE SCOPE

6.1 Conclusions

Due to large amount of information available todagxt Classification or categorization
of text into fixed pre-defined categories has beeane of the most important needs of
retrieval of information that is relevant to a usejuery.

In this thesis, we have studied various methods ¢ha be used for text classification.
These include Latent Semantic Indexing (LSI) andaddees of Similarity and Semantic
Relatedness.

LSl is a statistical technique which is based anghnciple that words used in the same
context tend to have same meanings. It performsgoatzation of text based on the
similarity between either documents or terms.

In this thesis work, the LSI algorithm has beenlenpented to find the nearest neighbor,
matrix comparison, one to many comparison and seat&® coherence values, based on
a fixed corpora. Though the results are satisfgctiont it can be seen that LSI has its
limitations in that it makes no use of word ordee. there isno consideration for
syntactic relations or logic, or morphology. Moreagyvif the size of the corpora grows,

then results are affected.

Therefore, the use of various measures of semaelatedness is explored for text
classification. It has been observed that the &xitatabase WordNet can be used to
compute the similarity and semantic relatednesssarea. The semantic relatedness
measure takes into account all of the semantics lioftered by WordNet. It considers
WordNet as a graph, weighs edges depending ontipsrand depth and computes the

maximum relatedness between any two nodes, corthei@ene or more paths. But due
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to the very limited size of WordNet as a knowlethgse, researchers have started to look
for more comprehensive knowledge bases.

The advent of Wikipedia has fulfilled the need tormore comprehensive knowledge
base. The results obtained from Wikipedia outpenftinose obtained using Word Net,
hence showing the effectiveness of Wikipedia iredatning the similarity between two
words.

Although Wikipedia has proven to be better than dM®t, many terms are still
unavailable on Wikipedia. This has motivated the osthe whole web as the knowledge
base for calculating semantic relatedness. Thisghas rise to various other measures
like Normalized Google Distance (NGD), Normalizedngpression Distance(NCD) etc.
The values of WordNet measures like Leacock & CbadrLin etc. and Web based
measures like NGD, NCD, LSI etc. have been caledland compared with the standard
values of the Miller Charles benchmark datasetait be shown from the graphs that the
measure which is closest to the standard Millerrlesavalues is NGD, which is a Web
based method.

Thus, it can be concluded that the Miller Charledadet should not only focus on
WordNet because of its limited dictionary, but tak consideration the entire Web as a

source of knowledge.
6.2 Future Scope
The major achievements of our work have been cadhd listed in Chapter 5, but

there is still a lot of scope for improvement. Tgieen work can be extended further:

e Large datasets can be used for our experiment$san L

¢ Knowledge of text classification can be used fa@igi®ng a Semantic Web.
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