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ABSTRACT 

The increase in the amount of electronic information has caused increasing need 

for efficient information retrieval techniques . Most techniques to retrieving textual 

materials from databases depend on exact term match between terms in user's 

query and terms by which documents are indexed . However, since there are 

usually many ways to express the same concept, the terms in the user's query 

may not appear in a relevant document. Alternatively, many words can have 

more than one meaning. Due to these facts term matching methods are likely to 

miss relevant documents and also retrieve irrelevant ones (Dumais , 1992; Berry , 

Dumais & Letsche, 1995). The Latent Semantic Indexing (LSI) technique of 

information retrieval can partially handle these problems by organizing terms and 

documents into a "semantic" structure more appropriate for information retrieval. 

This is done by modeling the inherent higher-order pattern in the association of 

terms with documents. 

In this thesis , the potential of LSI approach in Amharic text retrieval is 

investigated . 206 Amharic documents and 25 queries were used to test the 

approach . Automatic indexing of the documents resulted in 9256 unique terms 

which are not in the stop-word list used for the research . A 11 O-factor SVD of the 

term by document matrix is used for indexing and retrieval. Finally, the 

performance of the LSI approach is compared with the standard vector space. 

Except at one standard recall level (0.80) precision of the LSI approach was 

above that of the standard vector space. 
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CHAPTER ONE 

INTRODUCTION 

1.1 BACKGROUND 
As storage becomes more ample and less expensive, the amount of information 

retained by businesses and institutions is likely to increase. Searching that 

information and deriving useful facts, however, will become more awkward unless 

new techniques are developed to automatically manage the data (Baeza-Yates , 

1999; Salton , 1983; Chowdhury, 1999). The pace by which documents are created 

is much faster than the growth rate of the technology that manages and makes them 

accessible to the users (Rijsbergen, 1996). The result of this phenomenon is that 

relevant information gets buried since it is never revealed . 

Therefore, information retrieval systems, which can search large information 

collection and return only the relevant information to user's information need, will 

become more and more important. Users often describe their information need 

using a query which consists of a number of words . Information retrieval systems 

compare the query with the documents in the collection and return the documents 

that are likely to satisfy the information need . 

In information retrieval systems, representation of user's queries and documents in a 

way that facilitates effective retrieval is a central issue (Salton , 1983). Several 

techniques have been devised and integrated into information retrieval systems 
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(Baeza-Yates, 1999). Latent Semantic indexing (LSI ) information retrieval is a new 

technique which is based on vector representation of documents and user's query. 

1.1.1 Vector Based Information Retrieval Method and Latent 

Semantic Indexing 

I. The Vector Space Model (Vsm) 

Standard vector space model is one of the classic models of information retrieval. In 

this model , a vector is used to represent each item or document in a collection . Each 

component of the vector reflects a particular concept, keyword , or term associated 

with the given document. The value assigned to that component reflects the 

importance of the term in representing the semantics of the document. Typical ly, the 

value , which is often called the weight, is a function of the frequency with which the 

term occurs in the document and/or in the document collection as a whole (Berry, 

Drmac & Jessup, 1999; Carmel & Soffer, 2003; Salton , 1983). 

A document collection containing a total of 'd' documents described by , t' terms is 

represented as a 't X d' term-by-document matrix. The columns of the matrix are the 

document vectors , and the rows of the matrix are the term vectors. 

The term by document matrix is represented as follows: 

Term list Doc 1 Doc 2 Doc3 Doc4 ....... 

Term 1 W11 W12 W13 W14 ....... 

Term 2 W21 W22 W23 W24 ... ... 

Term 3 W31 W32 W33 W34 .. . .... 

Term 4 W41 W42 W43 W44 .. . .... 

. .... " .. .. . ... ... .. . ...... 

Table 1.1 Example of term by document matrix. 
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From the IR viewpoint (Carmel & Soffer, 2003; Salton , 1983), this kind of 

representation enables us to exploit the geometric relationship (d istance and/or 

angle) between term vectors and document vectors. 

In the vector space IR model , a query is a set of terms , perhaps with weights , 

represented just like a document (Berry, Drmac, & Jessup, 1999; Salton, 1983). It is 

likely that many of the terms used to represent the document collection do not 

appear in the query, meaning that many of the query vector components are zero. In 

this model , the documents returned as a response to a user query are those 

geometrically closest to the query according to some similarity measure (Kolda & 

O'leary, 2002; Baeza-Yates, 1999; Salton, 1983) 

Similarity in vector space model is determined by uSing associative coefficients 

based on the inner product of the document vector and query vector, where word 

overlap indicates similarity (Husband , Simon & Ding, 2001; Rijsbergen , 1996). The 

inner product is usually normalized . The most popular similarity measure is the 

cosine coefficient, which measures the angle between the document vector and the 

query vector (Berry, Drmac & Jessup, 1999; Salton, 1983). There are other 

measures that are widely used in the literature to measure vector similarities 

including the Jaccard's and Dice's similarity measures (Chowdhury, 1999; Salton, 

1983). 
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The standard vector space model of information retrieval suffers from the problem of 

literal term mismatch (Berry, Dramc, Jessup, 1999). The model treats the terms as 

unrelated objects in the semantic space. That is , if the query and documents in text 

collection share no common words , may be due to variabil ity in word choice between 

users and authors , zero similarity values wil l be the result and no document will be 

retrieved , even some documents may be actually relevant to the query. Another 

drawback of the vector space model is that for large text collection the term-by-

document matrix is always a huge and sparse one, which needs a lot of disk storage 

space (Penenovic, 1997, Berry, Drmac & Jessup, 1999). 

Over the years, alternative modeling paradigms, which are geared towards solving 

these drawbacks of standard vector space models , have been proposed . The 

generalized vector, the latent semantic indexing and the neural network models are 

the major once (Baeza-Yates , 1999). 

II. Latent Semantic Indexing IR 

LSI information retrieval model is a variant of the standard vector retrieval model 

(Berry, Dumais & O'Brien , 1995; Baeza-Yates, 1999) in which the dependencies 

between terms are explicitly taken into account in the representation of documents 

and queries. This is done by simultaneously modeling all the interrelationships 

among terms and documents. Through the pattern of co-occurrences of words , LSI 

is able to infer the hidden or "latent" structure of relationships between documents 

and words (Dumias, 2002 ; Deerwester et aI. , 1990). 
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Latent semantic indexing often uses statistical techniques called Singular Value 

Decomposition (SVD) to capture this latent structure of word usage in the 

documents of the collection (Berry, Dramc & Jessup, 1999; Ozel , 2002) . Singular 

value decomposition uses the term by document matrix produced in any vector 

space model to generate the indexing spaces. The term by document matrix is 

decomposed and reduced in dimension to a product of three separate matrices. The 

model uses these three matrices to store all the information of the text collection and 

do the retrieval. By using the reduced dimensional representation , the disk space 

usage is reduced and much of the problems that arise due to the variability in word 

usage between users and authors are eliminated . The major advantage of LSI is that 

it uses concepts or topics instead of individual words to index and retrieve the 

documents, consequently allowing a relevant document to be retrieved even when it 

shares no common words with the query (Berry, Dramc & Jessup, 1999). 

Experiments in English language (Berry, Dumais & Letsche, 1995; Deerwester, et 

aI. , 1990) showed that LSI retrieval model performs better than exact term matching 

techniques, such as the standard vector space models. This is especially true in 

situations where documents and queries share no terms due to the possibility of 

expressing the same concept using different words . 
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Amharic, the official language of the federal government and a language most widely 

used in Ethiopia , is a language that is characterized by this feature of synonyms 

(Bender, et ai. , 1976). The inspiration for this research comes from the desire to test 

performance of latent semantic indexing in Amharic text retrieval. 

1.2 STATEMENT OF THE PROBLEM 

A lot of valuable information is being produced in Ethiopia , most of them written in 

Amharic. The documents contain information related to: research in many fields; 

particularly agriculture and water resource development; information on the 

development of the tourist and business sectors ; government policies ; and bulk of 

information produced by offices in day to day work. Informative bulletins, magazines 

and newsletters are also regularly produced by most government ministries, UN 

agencies, and NGOs. 

Nonetheless, there is no a deep-rooted culture of information exchange and 

dissemination established in the country. The lack of accurate and fast accessing 

method for relevant information is acknowledged as a major hurdle affecting the 

success and quality of research and development activities , trade and industry (leT 

Focus, Vo11 , Issue 6). 

Since for most people English is a second or third language the ability of information 

storage and retrieval systems to represent, store and retrieve Amharic documents 

written in Ge'ez alphabet is important. Although small in number, some experiments 
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on information processing on Amharic documents have been made in several areas. 

Some of the experiments carried in this area are: The application of information 

retrieval techniques to Amharic documents (Saba , 2001 ; Bethlehem, 2002) ; 

Automatic Classification of Amharic documents (Zelalem, 2001) ; the application of 

OCR techniques on computer printout, type written and handwritten documents 

(Worku, 1997; Ermias, 1998; Dereje , 1999; Million, 2000 and Nigussie, 2000, 

Yaregal, 2002) ; Amharic Word Parsing (Abyoit, 2000); and others. 

Saba's work uses Extended Boolean technique, which is a Boolean model with 

vector functionality. Bethlehem's work , on the other hand , is based on N-gram 

indexing using vector space model for representation and retrieval. Considering the 

drawbacks of the standard vector space model and the high number of word variants 

in Amharic language, concept based retrieval systems, such as LSI retrieval system, 

are likely to perform more effectively than term matching systems. 

In Amharic language lexical variation is very common (Bender et ai. , 1976). Brief 

examination of some of the Amharic dictionaries (example, those written by Kesate­

Birhane Tessema and by Desta Teklewolde) giv~s indications of this characteristic 

of the language. A study conducted in four Amharic speaking regions in the North 

and North central part of the country (ibid) identified different types of lexical 

variations. 
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In the study, some words are found to be used with different meaning in different 

regions . For instance, the word 'zaman' (IIao'} ) is used to mean 'year' in Gojjam, 

where as in Addis Ababa and its environs it is used to mean 'long period of time'. 

Some genuine dialectal difference between pairs of synonyms is also observed , in 

wh ich one of the synonym is used to the exclusion of the other in a given area . For 

example, 'karra ' and 'billawa' are used in exclusion in different regions to refer to 

'knife '. There are many words that can have different meaning by stress ing some 

characters in the word while read ing. For example, the word 'Wana' ('1' <" ) which 

means 'swimming' can have another meaning 'the main' when 'n' is stressed. 

These characteristics of the language causes inconven ience for exact term match 

retrieval systems, such as standard vector space and Boolean models , as different 

people with different background, different needs or different linguistic habit use 

different words to express the same concept. 

Information retrieval systems that are based on exact term matching traditionally 

dealt with the problem of synonymy by using term expansion and thesaurus 

development. Of course, these techniques are helpful in improving recall , but they 

lead to decrement of precision, due to polysemy (word with different meaning). That 

is because the words generated from term expansion or from a thesaurus may have 

more than one meaning. Thus, using those additional terms can only improve reca ll , 

but wi ll also retrieve documents irrelevant to the original query, decreasing precision 

(Dumias, 2002 , Witter & Berry, 2001) . 

8 
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Dealing with the problem of polysemy has been found more difficult as it involves 

ambiguity inherent to natural languages (Hong , 2000; Berry, Dramc & Jessup). One 

approach is to use a controlled vocabulary (a specified set of vocabulary from which 

to choose index terms) to resolve ambiguity in query terms , but this has the obvious 

problem of usability, since a controlled vocabulary is likely to be unnatural and 

difficult to remember (Salton, 1983). In addition to that, the controlled vocabulary 

might not even be in a desired document, meaning that the document may not have 

been indexed with the correct term from the vocabulary. 

LSI partially overcomes some of the deficiencies of exact term matching retrieval 

systems and provides a way of dealing with synonymy and polysemy automatically 

without the need for manually constructed thesaurus , a grammar, or ontology (Berry, 

Drmac & Jessup, 1999). As a result, it reduces costs related to the development, 

implementation, and maintenance of these auxiliary structures. 

Because it operates on the basis of concepts , not keywords ; searches are not 

constrained by the specific words that users choose when they formulate queries. By 

using statistical techniques , like singular value decomposition, the LSI model can 

retrieve relevant documents even when those documents do not share any words 

with a query (Deerwester, et al. ; 1990). Thus , this research is initiated by the desire 

to examine and explore these capabilities of LSI in Amharic text retrieval. 
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1.3 OBJECTIVES OF THE STUDY 

The general and specific objectives of the research are discussed in this section: 

1.3.1 General Objective 

The general objective of th is study is to examine the potential of Latent Semantic 

Indexing tech nique in the retrieval of Amharic text documents and compare its 

performance with that of exact term match ing technique , the standard vector space. 

1.3.2 Specific Objectives 

To accomplish the aforementioned general objective, the following specific 

objectives are formulated. 

o Review concepts in automatic indexing and vector representation of 

documents and user queries. 

o Review literature on Latent Semantic Indexing and Singular Value 

Decomposition in the context of text retrieval. 

o Review the features of Amharic writing system pertinent to the purpose of 

this research. 

o Setup the test set by selecting Amharic documents and queries , and 

co llecting relevance judgment from expert in the particular area to identify 

which documents are relevant to a specific query. 

o Apply the classic vector space method to the selected Amharic documents 

and queries in order to derive indexing terms and represent the documents as 

a vector of term by document matrix. 

o Apply Singu lar value decomposition to the term-document matrix in order to 

decompose the matrix into a concept space of K dimensions. The value of K 
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is determined by evaluating the performance of the LSI space for different 

values of K, and selects the one that performs best. 

o Use the developed K-dimensional concept space for the purpose of retrieving 

relevant documents to the users' queries. 

o Use the recall and precision measures to evaluate the performance of the 

system. 

o Compare the result with the performance results obtained for standard vector 

space method. 

o Draw conclusions and forward recommendations for further study 

1.4 METHODOLOGY 

The methods employed to achieve the above stated objectives of the research 

are presented below. 

1.4.1 Literature Review 

Extensive literature review was conducted to get deeper understanding on 

information retrieval systems and in particular on latent semantic indexing 

approach to text retrieval. A review of literature was also conducted to get 

familiarized with the basic Amharic text features in relation to computer 

representation and retrieval. Printed materials like books , journal articles , and 

previous related research work as well as electronic materials on the Web have 

been consulted for this purpose. 

II 



1.4.2 Data Source selection 

The test data are 206 Amharic local news articles available in electronic form . 

The news articles are obtained from the archive on the Web site of Walta 

information center. Walta Information Center is a government information center 

that produces and distributes news for broadcast over television and radio (Saba . 

2001) . 

The fact that the news articles are easier to access , in sufficient amount and in 

electronic form , was the major motive to use them. The entire article (the title and 

the body of the news) was used for indexing, because the entire text of the 

articles is better representative of the content of the news. Besides, the small 

size of the news articles (in most cases half a page) supported the decision to 

use the entire document. 

1.4.3 Experimentation method 

The process of developing a latent semantic indexing model was broken into 

three phases: 

i) Pre-processing and indexing (this includes extracting terms , term-

document matrix generation and calculating term weighting) 

ii) K-dimensional Singular Value Decomposition (SVD) (K represents 

the dimension of the LSI space) 

and iii) Query Projection, Matching and Ranking of Relevant documents. 
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A program code using Borland Delphi 5.0 is developed to automatically generate 

index terms. Delphi allows writing Windows programs more quickly and easily. 

Its string manipulation facilities were the major incentives to use Delphi 

programming language. 

The weighting and all the activities in the last two phases are done on Matlab 

software Release 12. The name MATLAB is an abbreviation for 'Matrix 

Laboratory'. It is an interactive, matrix-based system for scientific and 

engineering calculations. Matlab was chosen because it is freely accessible and 

suffices for this research . 

1.4.4 Evaluation Method 

In information retrieval, the classic recall and precision are often used to measure 

the performance of information retrieval systems. Recall is the fraction of the 

relevant documents that are returned by the system. Precision is the fraction of 

relevant documents in the set of returned documents (Salton , 1983; Van 

Rijsbergen , 1996; & Baeza-Yates, 1999). In this research too , Precision-recall 

curves are used to evaluate the performance of the system. Precision-recall 

curve reflects precision at different standard recall levels . 
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1,5 SIGNIFICANCE OF THE STUDY 

Besides being an academic exercise to carry out the requirement of the Masters 

program, this research is believed to produce results that can indicate the merit 

of applying latent semantic indexing in Amharic text retrieval. The technique can 

be applied to any problem where there is a need to retrieve Amharic documents 

from a large collection. Especially, the LSI model can be more effective in 

situations where high recall is need and text description are short. The method 

can also be extended to other application on the ,Amharic language like 

information filtering . The research is also believed to have significant contribution 
.' 

in an attempt to use latent semantic indexing for cross-language retrieval in 

which Amharic is one of the components 

1,6 SCOPE AND LIMITATION OF THE STUDY 

Due to the requirement of larger time and memory space in SVD computation the 

number of test documents used in this research is small (206). Through the use 

of external sever (that store and operates on data) and Matlab's object oriented 

features one can handle large number of documents. 

In this research , stemming of index terms is not done. By its very nature LSI 

partially handles the problems that arise due to morphological variation .of index 

terms. If words with the same stem are used in similar documents they will be 

have similar vectors in the reduced LSI space (Berry, Dumais & Letsche, 1995). 

Of course, had stemming been used , it would have at least reduce the number of 

14 



index term (if not improved the performance) and in turn al low to add some 

additional documents into the test collection. 

1.7 OUTLINE OF THE THESIS 

The remainder of this thesis is organ ized as follows ; chapter two is devoted for 

literature review. General concepts on information retrieval and on Amharic 

writing system applicable to the research are discussed . Latent semantic 

indexing and related researches on latent semantic indexing are also reviewed . 

Chapter three describes the test col lection used in th is thesis , discusses the 

development of prototype LSI model and the evaluation metrics. Chapter four 

discusses conclusions and recommendations. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 INTRODUCTION 

This chapter is broadly divided in to three sections. The first section discusses 

concepts related to indexing and the series of activities involved in document and 

query indexing process. Concepts like term extraction and term weighting are 

briefly introduced. Evaluation of information retrieval system is also dealt with . 

The two conventional measures of effectiveness of IR systems, recall and 

precision, are discussed in detail. 

In the second section the features of Amharic writing system pertinent to 

information retrieval is discussed. The Amharic alphabets , numbers and 

punctuation marks are also introduced. 

The third section discusses about LSI (Latent Semantic Indexing) technique of 

information retrieval. It presents the basic tasks involved in LSI information 

retrieval , such as: Singular Value Decomposition (SVD) of term by document 

matrix and query representation. Related works are also reviewed . 
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2.2 AUTOMATIC INDEXING 

Most computer-based information retrieval systems store only a representation of 

the documents or queries. Describing text documents based on their contents, 

called indexing, is an important process in an IR system (Salton , 1983). When 

the process is done with the help computer, it is often called automatic indexing. 

In this thesis the terms 'indexing' and 'automatic indexing ' are used 

interchangeably. 

The indexing process in IR systems involves analysis of text documents in order 

to assign identifiers that are capable of representing the content of the 

information items. These identifiers are supposed to allow obtaining access to an 

item whenever it is wanted (Salton , 1983; Rijsbergen , 1999). 

The original idea that suggests the use of certain terms automatically extracted 

from document text to represent document content was forwarded by Luhn 

(Salton, 1983). Still today, the search engines that operate on the Internet index 

the documents based on this principle (Baeza-Yates, 1999). The task of indexing 

is therefore concerned with identifying those words that properly reflect the 

content of a document they are taken from. This is because, all words in a text 

are not good in representation of the content of a document and also words that 

are good do not contribute equally in defining the content (Salton , 1983; 

Rijsbergen , 1999). 
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2.3 AUTOMATIC TERM EXTRACTION AND WEIGHTING 

Automatic indexing process can be considered to be composed of two major 

tasks: first , assigning terms or concepts capable of representing the content of 

each document in the database, term extraction and second , assigning to each 

term a weight or value that signifies its importance for purposes of content 

description, term weighting (Radu, 2001 ; Salton , 1983). 

2.3.1 Index Term Extraction 

The task of extracting content descriptors itself is composed of a sequence of 

activities (Salton, 1983) 

• Lexical Analysis 

Lexical analysis involves identification of individual words that constitute the input 

text. It also incorporates a sort of text cleaning process , such as conversion of 

abbreviations and acronyms into their full text, conversion of cases , removal of 

numbers and symbols (example $, @, %, # , etc) which do not make up good 

index terms (Matsumura , 2002). Lexical analysis process produces candidate 

index terms that can be further processed, and eventually selected as index 

terms. 

• Use of stop-List 

The words of a document text do not have equal value for indexing purpose. 

High-frequency function words often appear in almost al l documents in a 
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collection . Function words are lexical devices that serve grammatical purposes 

and do not refer to objects or concepts of the world (Moens, 2000). They often 

belong to syntactic classes such as articles, pronouns, particles, and 

prepositions. These words are characterized by poor ability to identify relevant 

items and to distinguish them from the non-relevant once since they exist in 

every document (Salton, 1983; Rijsbergne , 1996; Baeza-Yates, 1999). Thus , 

they could be removed from the text by comparing each term in the text with a list 

of common words developed for a particular language and some times for a 

particular domain . 

• Stemming 

The process of stemming is designed to reduce different morphological variants 

of words to their stem/root form . The basic assumption behind stemming is that 

words with the same stem are semantically related and have the same meaning 

to the user of the text (Salton, 1983; Rijsbergen, 1996). 

In IR environment, stemming is performed in order to boost the recall of the 

system (Croft, 1995; Salton, 1983). Since different variants of the same word , in 

both documents and queries, are mapped to the same stem the chance of 

matching between the query and documents will be enhanced. Additionally, 

stemming reduces the number of index terms and consequently the size of the 

vocabulary in the text representations , having the benefit of reducing storage 

cost. 
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The effect of stemming on retrieval effectiveness has been evaluated on different 

languages (In English Frakes, 1992 and Hull , 1996; In Dutch Klraij & Puhimann , 

1996 cited in Moens, 2000) . The generalization reached from the experiments is 

that stemming either has a positive or no effect on retrieval effectiveness. 

2.3.2. Term Weighting 

All the terms included in the index list are not equally important in reflecting the 

content of a specific text. An importance indicator or a term weight should be 

associated with each index term. Term weighting is important to select good 

index terms for inclusion in the text representation or to better discriminate the 

index terms when matching a query in a retrieval environment (Rijsbergen, 1999; 

Salton, 1983). Weighting index terms increase the precision of retrieval (Dumais , 

1992). 

Many weighting functions have been proposed and tested (Dumais , 1992). Most 

of the weighting functions rely upon the distribution pattern of the terms with in a 

document as well as in the document collection as a whole . The functions use 

these distribution statistics to compute the weight of each term in each document 

and query (Salton , 1983). The major weighting functions that are widely used in 

IR environment are discussed below. 
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I. Term Frequency Weighting Function 

The basic premise for this function is that the degree of treatment of a topic in a 

text is reflected by the frequency of occurrence of terms in it (Spark Jones & 

Willet, 1997; Salton, 1983). A content term (after stop-word removal) that 

appears more frequently in a text is more important than a rarely appearing term. 

Hence , term frequency (tf) weighting measures the frequency of an index term in 

the document text. 

Raw term frequency measure does not give any distinction between the 

occurrences of a rare term in a short text and in a long text. However, the 

occurrence of a rare term in a short text is more significant than its occurrence in 

a long text. The logarithmic term frequency is often used to smooth this bias 

(Spark Jones & Wi llet, 1997) . 

Wt; = Log (tf; + 1) (equ2.1) 

i.e. the weight of term i is the logarithm of its occurrence frequency 

II. Inverse Document Weighting Function 

It is perhaps the most commonly used term weighting function . The function is 

based on the notion that a term that occurs in many documents is less important. 

The more rarely a term occurs in individual texts the more discriminating that 

term is (Rijsbergen, 1999; Spark Jones & Willet, 1997; Salton , 1983). 

Specifically, the number of documents in which a term i occurs is counted. This 

gives the document frequency df(i) of term i, representing the number of 
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documents to which term i is assigned. Then , a measure of the inverse document 

frequency can be written as 

idf(i) = Log N/df(i) + 1 (equ 2-2) 

where N is the total number of documents 

Hence, a composite expression measuring the weight of a term i in document j 

(Wij) is given by; 

Wij = tf(i, j) * Log2 N/df(ti) + 1 (equ 2-3) 

This scheme gives more .importance to less frequent and more discriminating 

terms . 

III. The Signal-Noise Ratio (Log-Entropy) Weighting Function 

The signal-noise ratio is another popular term weighting scheme based on 

Information Theory (Spark Jones & Willet, 1997; Salton, 1983). This scheme 

treats broad and nonspecific terms as noisy and gives them low weight. It favors 

those terms that distinguish specific documents from the remainder of the 

collection (Rijsbergen, 1999; Salton, 1983). Terms that occur only in small 

number of documents in the collection are considered to have high signal value. 

In this weighting scheme, the local term weight is the logarithm of term frequency 

and the global weight or the signal value uses Entropy E(i) and they are specified 

by: (Salton , 1983; Dumais, 1992) 

L(i, j) = Log 2tf(i, j) + 1 (equ 2-4) 

G(i) = 1 - E(i) E(i) = - 2: j=1, m Po' Log2!E.i;} 
Log 2N 
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where 'm' is the number of documents in the collection, Pij is the probability of 

term i in document j and N stands for the total frequency of term i. 

Therefore the weight of term i in document j (Wij) is given by 

Wij = L(i, j) * G(i, j) (equ 2-6) 

IV, Term Discrimination Value Weighting Function 

This weighting scheme estimates the importance of a term as a document 

discriminator by using the type of change occurring in the space configuration 

when a term is assigned to documents of a collection (Salton , 1983; Rijsbergen , 

1996). Hence, good discriminators are those index terms that increase the 

average distance between documents or lower space density upon their 

assignment to the documents in the collection (ibid). Consequently, those index 

terms that decrease the average distance between documents or increase space 

density upon their assignment are poor discriminators. 

The discrimination value of a term (say term i), DVi, is given by: 

DVi = Q - Qi (equ 2-7) 

where Q denotes space density before assignment of term i to the document 

collection 

and Q i denotes space density after assignment of term i. 

Here, space density (Q and Qi ) represents the average pair-wise document 

similarity in the collection. i.e . 

Q = 1/N(N+1) Li=l , N Lj=l ,N i~j Sim ( Di, Dj ), (equ 2-8) 

for some constant 1/N(N+1) where N is the number of documents 
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Alternatively, the space density can be computed more efficiently by constructing 

an average document located in the center of the document space, called 

document Centroid, C=(C" .. CN) (Salton, 1983). The terms of the document 

centroid are assumed to have average frequency characteristics . 

Ck= 1/N Li=1 ,M tfik for k=1 , ... N where N- number of index terms and M -

Number of documents (equ 2-9) 

The space density is then computed as the sum of the similarity of each 

document with the centroid 

Q = K Li=1 ,N Sim (C, Oi) , for some constant K (equ 2-10) 

This simplified formula significantly reduces the number of similarity coefficient 

computations . 

From experiment, (Salton, 1983) it has been found that high frequency terms 

have got negative discrimination values . Low frequency terms are characterized 

by near zero discrimination values. And medium frequency terms are found to be 

good discriminators, with positive discrimination values. 

Therefore , the weight of a specific term i in document j is computed by 

Wij = tf(i, j) * OVi (equ 2-11) 
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2.4 QUERY MATCHING 
Another important activity in an IR system is comparison of query and document 

representations in order to retrieve documents that are more similar to the 

specific query. The three classic models of Information retrieval : the Boolean 

model , the Vector space model and the probabilistic model are often used to 

accomplish this task. The Boolean and probabilistic models are briefly discussed 

below. The vector space model is already discussed in chapter one. 

I. The Boolean Model 
The Boolean model of Information retrieval is the oldest of the three classic 

retrieval models and it relies on the use of Boolean operators in combination with 

set theory (Baeza-Yates , 1999). The terms in a query are linked together with 

AND, OR and NOT. This method is often used in search engines on the Internet 

(eg. Google) because it is fast and can therefore be used online (ibid). 

Unfortunately, the Boolean model has got its own drawbacks. It requires the 

users to have some knowledge of the search topic for the search to be effective 

(Carmel & Soffer, 2003; Baeza-Yates, 1999). A wrong word in a query could rank 

a relevant document non-relevant. In addition to that, all retrieved documents are 

considered to be equally important. 

Another problem of the Boolean model is that, most users find it difficult to 

translate their information need into a Boolean expression (Carmel & Soffer, 

2003; Salton , 1983). This means most users need an intermediary to work with 
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the Boolean retrieva l model, which in turn brings its own problems, such as 

misunderstanding and possibly misrepresentation of the information needs of the 

user. 

II. The Probabilistic Model 

In the probabilistic model , the retrieval is based on the Probability Ranking 

Principle (Carmel & Soffer, 2003; Rijsbergen , 1996). The probability ranking 

principle asserts that the best retrieval effectiveness will be achieved when 

documents are ranked in decreasing order according to their probability of 

relevance. 

Given a user query, the document collection can be divided in to two sets ; a set 

which contain exactly the relevant documents and a set which contains the non-

relevant documents. Hence, the querying process can be seen as specifying the 

properties of the relevant document set using index terms. However, since the 

properties of the relevant document set is not known in advance, there is always 

the need to guess at the beginning the descriptions of this set. The user then 

takes a look at the retrieved documents for the first query and decides which 

ones are relevant and which ones are not. By repeating this process iteratively 

the probabilistic description of the relevant document set can be improved 

(Chowdhury , 1999; Baeza-Yates, 1999). 
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The characteristic of the probabilistic model to rank documents in decreasing 

order of their probability of relevance to the user query is taken as the most 

important feature of the model (Rijsbergen, 1996; Salton , 1983). 

However, lack of initial information on the relevant and non-relevant documents 

in the collection with respect to specific query; its ignorance to the frequency with 

which an index term occurs in a document and the assumption of index terms 

independence are taken as its major drawbacks. (Moens, 2000; Rijsbergen , 

1996; Carmel & Soffer, 2003) 

2.SIR SYSTEMS EVALUATION 

Recall and Precision are two commonly used metrics to measure the retrieval 

effectiveness of IR systems (Rijsbergen, 1996; Salton, 1983; Chowdhury, 1999). 

Recall is defined as the proportion of relevant documents that the retrieval 

system found and precision is the 'proportion of documents that the system found 

that are relevant. 

To illustrate these metrics, suppose we have a document collection D, a query Q, 

and a retrieval system S. Out of the documents in the collection, let us assume 

that R of them is relevan t to query Q . The relevance of a document to a query is 

often determined by domain experts. Finally, let us suppose that system S 

retrieves a set of 'n' documents for Q and 'r' of the 'n' retrieved documents is 

relevant to Q The recall and precision for Q and D are defined as : 
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Recall (S) = r/R 

Precision(S) = rln 

However, most modern IR systems do not return a set of documents for a query, 

hence, not possible to directly apply these formulas. Instead, they output a list of 

documents ranked in descending order of probability of relevance to the query 

(Baeza-Yates, 1999; Rijsbergen , 1996). To come up with a solution to this 

problem, a recall/precision pair is calculated for each relevant document in the 

ranked output and then interpolate to find the precision at standard recall points 

0.0 , 0.1, 0.2, ... , 1.0. Hence, precision for recall point 0.0 means the precision for 

the first relevant document in the ranked output. Often the average of the 

precision values at the standard recall points is used as a single metric to 

measure the quality of the ranked output (Chowdhury, 1999; Salton , 1983; 

Rijsbergen , 1996; Baeza-Yates, 1999). 

When a set of query is considered , the precision at a recall point for the query set 

takes the average of the precision values of all queries at that recall point. The 

average precision for the query set takes the average of the average precision 

values of all queries. 
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2.6 THE AMHARIC WRITING SYSTEM 

In this section the features of Amharic writing system relevant to the purpose of 

this research are discussed. 

2.6.1 The Amharic Alphabets 

The current Amharic writing system consists of a core of thirty-th ree characters 

(odL, fidel) each of which occurs in a basic form and in six other forms known as 

orders (Getachew, 1967). The non-basic forms are derived from the basic forms 

by more-or-Iess regular modifications. Thus there are 231 different characters. 

The seven orders represent syllable combinations consisting of consonant and 

following vowel. This characteristic according to Bender (1976) makes the 

Amharic writing system a syllabic writing system. A character or a symbol is used 

to represent a phoneme, which is a combination of a vowel and a consonant. 

In a syllabic system, like Amharic, the number of characters (symbols) needed by 

the language is determined by the number of basic sounds used (Bender, 1976). 

In addition to the 231 characters there are nearly forty others which contain a 

special feature usually representing labialization, for example , ·ti (kWa) from h 

(ka) and 'I:. (qWa) from q (qa). Only about twenty of these are common and are 

usually listed as an appendix to the main list (ibid). 
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2.6.2 The Punctuations 

The Amharic writing system consists of as many as 10 punctuation marks in 

addition to the characters (Daniel , 1994). However, only few of them are 

practically used , especially in computer-written system. The word-separator 

(Hulet Neteb), two square dots arranged like colon , :, and sentence-separator, 

four square dots arranged in a square pattern :: , are the basic punctuation 

marks in Amharic writing system. Hulet Neteb is oddly used more in hand written 

practices today than in modern typesetting. Its place is almost completely taken 

over by space. 

Lists in Amharic text are separated by an equivalent of comma, 'netela sereze' 

(#) followed by ASCII space and 'derib sereze' ( \ ), which is the equivalent of 

semi-colon , may also be found in use as a list separator. In addition to these, the 

writing system has borrowed some punctuation marks from foreign languages. 

For instance, the exclamation mark 'I' and the question mark '7' are used in the 

language (Bender et ai , 1976). 

2.6.3 The Amharic Number System 

The Amharic number system consists of twenty (20) single characters. They 

represent numbers one to ten , multiples of ten (twenty to ninety) , hundred , and 

thousand. These characters are derived from Greek letters (Bender et ai , 1976), 

and in order to make them look like the Amharic characters the symbols are 

modified by adding a horizontal stroke above and below. 
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The system has no place value and there is not symbol representing the number 

zero (0). In addition , the number system does not use commas or decimal points. 

These situations make arithmetic computation using this system very 

complicated (Bender et al., 1976). 

Both Amharic and Western numerals are in use today. Though the Amharic has 

long since been retired to a reserved use primarily for calendar dates and 

demarcation of sections in literature, while Western numerals are used 

everywhere else following western practices (ibid) . 

2.6.4 Problems in Retrieving Amharic Text 

Here, some of the problems in Amharic text retrieval systems that are caused by 

the nature of the writing system of the language are discussed . 

I. Redundancy Of Some Characters 

In Amharic Alphabets there are some different symbols having the same 

pronunciation (sound) . Although in Ge'ez language, these different symbols give 

each word different meanings, in the Amharic language they have are used 

interchangeably (Getachew, 1967; Bender et aL , 1976). The presence of these 

redundant characters with the same sound in the language creates problem , 

especially in term matching retrieva l systems. Literally different word can be 

formed by combining the different form of the same sound cha racter. For 
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instance, the same word 'tsehay' 1 hY, can be written differently as ?v,e, 1 ~Y, 

1 'Y, 1 :Y, [~Y, ['Y, etc. 

The class of symbols with the same sound falls into two . The first class includes 

characters with the same sound for the first and fourth order. These are h and 

:, ~ and ~, A and " x and .. , and; and >, The second class includes 

characters with different alphabets that share the same sound. These characters 

are h,~, and A, s and G, x and;, and 1 and [ . 

II. Formation Of Compound Words 

In Amharic writing system there is no agreed upon standard in spelling 

compound words (Bender et ai. , 1976). They are sometimes written as a single 

word and some other time as two separate words. For example, the word 

'megneta bet' which means "bed room" can possibly be written as 'UD'};Nvl" 

and 'au'} ;J. (1, -r' and also the word 'bet mekides' which means "temple" can be 

written as '(1, ,,·ulJ·l· r,t'l' and '(1,1' un:"f<'.t'l'. 

Occasionally, the constituent terms may have completely different meaning from 

the compound word formed from them. For example, the word 'hode-sefee' 

(ll'f<'.-r'l&.) which means 'tolerant' has different meaning from the constituent terms 

'hade' which means 'stomach' and 'sefee' which means 'wide '. 
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In literal term matching retrieval systems, the constituent terms of the compound 

noun are considered as independent and a document which contains one of 

these terms is treated as relevant. This phenomena result in retrieval of irrelevant 

materials for a query which contains one of the constituent terms . However, 

concept based retrieval systems, like LSI , can partially handle this problem , as 

the co-occurrence frequency of the constituent terms is taken into account in 

determining the relation between the terms (Dumias, 1992; Deerwester et al ,. 

1990). 

"I. Existence of Irregular Spelling 

A number of words in Amharic can be written with different spelling (Bender et 

aI., 1976). For example , the word "samtoal' which means 'he has heard ' may be 

spelled as (J9";i:A , M":"'I'A and M"·y·)',A and also the frequently used term 

"Ethiopia" can also be spelled as )'l.'H·*· J' and )'" +i"* . .r (Bender et aI. , 1976). 

Literal term matching retrieval systems also suffer from this irregularity in 

spelling, as the same word can have different spelling. 

Transliteration of foreign words into Amharic writing system is one of the main 

causes of this irregular spelling of words (ibid) . Amharic language lacks some 

basic English sounds. As Bender (1976) stated, about six vowels and three 

consonant sounds common to English are absent in Amharic. Due to this a 

native Amharic speaker may fail to correctly pronounce some English words. The 
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situation is similar to other foreign languages. Hence, each writer has a tendency 

to write a foreign word the way he/she pronounces it. 

2.6.5 Amharic Software 

Fundamentally, computers just deal with numbers. They store letters and other 

characters by assigning a number for each one (Stalling, 1993). Amharic 

alphabets do not have a representation in the ASCII (American Standard Code 

for Information Interchange) code table. Apparently, different Amharic word 

processing software makes use of the ASCII code for writing Amharic by 

associating the English keyboard buttons with Amharic symbols . Since the 

number of Amharic character together with punctuation marks is much greater 

than English, two and three keys are used to represent a single Amharic symbol 

(Worku , 1997). 

Different Amharic word processing software have been developed since 1987 

(e.g Power Ge'ez, Geez, Agafari, Visual Ge'ez etc.) (Zelalem, 2001). These 

software use the same English keyboard differently. That is , two Amharic word 

processors can use the same button to represent two different Amharic 

characters . As a result , whenever data is passed between different Amharic word 

processing software, that data always runs the risk of corruption. ECoSA 

(Ethiopian Computer Standards Association), a professional association, is 

working to solve the problems that result from the inconsistency in the available 

different Amharic software (ICT Focus, Vol 2. Issue 1 ). 
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Most of the software are written to work only with Microsoft word. However, there 

are few which can work in other programs. Visual Ge'ez is one of the exceptions. 

Visual Ge'ez has two versions ; VG2 and VG2000 developed for different 

versions of Microsoft office products. Both the test collection and the sample 

queries used in this research are written in VG2 version of Visual Ge'ez. 

2.7 LATENT SEMANTIC INDEXING (LSI) IR 

This section discusses about LSI (Latent Semantic Indexing) technique of 

information retrieval. It presents the basic tasks involved in LSI information 

retrieval, such as : dimension reduction (using Singular value decomposition 

(SVD)) of raw term by document matrix and query representation. Related works 

are also reviewed . 

2,7,1 Shortcomings Of Term Matching Retrieval Systems 

The classic information retrieval models (Boolean , standard vector space and 

probabilistic) are all based on term matching . Typically, only text documents that 

contain one or more words in common with those in users query are returned as 

relevant. However, there are a number of issues which can prevent the results of 

an exact term matching search from being accurate. Two of these issues include 

polysemy and synonymy (Deewester et aI., 1990; Furnas et aI. , 1988; Berry, 

Dramc & Jessup, 1999). 
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Polysemous words are characterized by different meaning based on the context. 

For instance, the word " },II9" " in Amharic can mean 'the world ', or it can also 

mean 'every one' or 'Happiness', or 'wealth' (Taken from Desta Teklewold 

Amharic Dictionary) . Polysemy causes terms in the query to be matched with 

words in irrelevant documents and for the search results to be too broad (Berry, 

Dramc & Jessup, 1999; Dumais , 1992). 

Words that are synonyms have equivalent meaning. Synonyms allow people to 

use different ways to refer to the same thing. It happens to the everyday 

searcher, even though , different people have same object in mind to search for , 

each issues different queries (Baeza-Yates, 1999). They are all valid as they are 

synonyms. For example, in Amharic the words "US: ', 'A'iihC' and '},'IA;J,e ' , all 

can be used to mean 'servant' (from Desta Teklewold Amharic Dictionary). Thus, 

in a literal search, only documents containing the literal query terms will be 

matched , causing the search results to exclude relevant documents (Berry, 

Dramc & Jessup, 1999). Therefore, synonyms tend to reduce the recall of IR 

systems. 

2.7.2 Existing Approaches To Solve The Problem Of Synonym 

And Polysemy. 

A number of approaches have been employed to solve the problems of polysemy 

and synonymy in information retrieval systems (Salton, 1983; Baeza-Yates, 

1999; Moens, 2000). Some of these methods are, stemming, thesaurus 

construction , relevance feedback and dimensionality reduction . 
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Stemming: - stemming is one of the methods .used to solve word mismatches in 

user's queries and in documents in the collection that are caused due to 

morphological variation (Moens, 2000) . For instance, if the user of a retrieval 

system uses the word 'vegetable" in his query, it is most likely that documents 

that conta in the word "vegetables" are of interest to the user. Thus , stemming 

algorithms, or stemmers , reduce words in queries and documents to common 

roots so that documents containing both morphological variants as well as exact 

words in the query are retrieved . 

Thesaurus construction : - thesaurus is used to handle the problem of 

synonymous by representing a group of synonym terms by a sing le group 

identifier (Salton, 1983). For example, if a query contains the word "computer", 

documents that conta in the words "Laptop" and "PC" are likely to be relevant. 

Hence, the query needs to be expanded by including the synonym words . 

Relevance feedback: - relevance feedback is a method that enhances a query 

depending on the relevance judgment on the retrieved documents (Dumais, 

1992; Berry, Drmac & Jessup , 1999; Salton , 1983). Words that frequently appear 

in relevant documents are included into the query and also the weights of the 

query words are adjusted based on their appearance in the relevant and non­

relevant documents. Relevance feedback techniques can find valuable words 

which do not have obvious semantic relationship with the original query words 

(Sa lton, 1983). For example, "Sadam", and "chemica l and biological weapon" 
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may be added to the query "War for Iraq Freedom" after observ ing the 

documents returned in the first search. 

Dimensionality Reduction : - Dimensionality reduction technique seeks to 

resolve the problems of synonymy and polysemy by examining the "latent" 

structure of a document and the terms within it (Deerwester, 1990; Dumais , 

1992; Berry, Drmac, & Jessup, 1999). These techniques decompose words and 

documents into vectors in a low dimensional space. 

The variability in word choice between the system users and authors of 

documents is addressed , because any word can be matched with another word 

to some degree in the low dimensional space (Dumais , 1992; Deerwester, 1990; 

Berry, Dumais & Letsche, 1995). Latent semantic indexing (LSI ) is an example of 

these techniques. 
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2.7.3 Latent Semantic Indexing Technique 

Latent semantic indexing is one of the many recent information retrieval 

techniques that are based on a vector space model (Dumais , 1992; Berry, 

Dumais & Letshe, 1995; Berry, Drmac, Jessup, 1999). However, LSI adds 

additional processing on the term by document matrix, perhaps the weighted 

one, generated by standard vector space model. 

The term by document matrix is decomposed into a set of 'r', rank of the matrix, 

orthogonal factors from which the original matrix can be approximated by linear 

combination . Typically, any rectangular matrix, X, for instance, a tXd matrix of 

terms and documents can be decomposed into the product of three other 

matrices 

x = 
tXd 

Uo * So * V/ 
tXr rXr rXd 

(equ 2-1 2) 

such that columns of Uo and Vo define the left and right singular vectors of matrix 

X, which are the orthogonal eigenvectors associated with XXT and XTX 

respectively. So is a diagonal matrix representing the singular values of X 

arranged in decreasing order, which are non-negative square roots of the 

eigenvalues of XTX (Dumais , 1992; Wall, Rechtsteiner & Roche , 2003). This is 

called Singular Value Decomposition (SVD) of X. 
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If only the 'k' largest singular values of So (where K<= r (rank of A)) are kept 

along with their corresponding columns in the matrices Uo (U l, U2 ... Uk) and Vo 

(Vl , V2··· Vk), and the rest avoided, yielding matrices Uk, Sk and Vk , the resulting 

matrix Xk is the unique matrix of rank 'k' and is closest in the least squares sense 

to the original matrix X (Witter &Berry, 1998; Dumais, 1992; Husbands, Simon , & 

Ding, 2001) 

x - Xk = Uk * Sk * Vk
T (equ2-13) 

tXd tXd tXk kXk kXd 

The point here is that the reduced matrix Xk, by keeping only the first 'k' 

independent linear components of X, captures the major associational structure 

in the matrix and also much of the noise caused by, such as, polysemy and 

synonymy, that leads to poor information retrieval is removed with the reduction 

in dimensionality (Berry, Drmac & Jessup, 1999; Deerwester et aI. , 1990). 

Hence , the selection of the right dimensionality or the value of 'k' is a crucial 

issue. Of course, the value of 'k' should be large enough to integrate all the real 

structure in the document collection , but also it should be small enough so that 

noises that are caused by the variability in word usage are not included 

(Deerwester, 1990; Berry, Dumais, & Letsche, 1995; O'Leary & Kolda , 1998). 

There is no hard and fast rule that can be used determine the optimal value of 'k'. 

Currently, an operational criteria is used, that is , a value of 'k' which yields good 

retrieval performance (Deerwester, et aI. , 1990; Dumais, 1992). 
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In this reduced model , the similarity of documents is determined by the overall 

pattern of term usage instead of exact term match, so documents can be near 

each other regardless of the precise words that are used to describe them 

(Deerwester, 1991; Witter & Berry, 1998). A document which has no words in 

common with a user's query may be near to the query if that is consistent with 

the major pattern of word usage 

Geometrically, the location of terms and documents in the approximated k-

dimensional space is given by the row vectors from the U k and Vk metrics 

respectively (Berry, Drmac & Jessup, 1999; Dumais, 1992). The cosine or dot 

product between vectors in this space corresponds to their estimated similarity. 

The representation of both term and document vectors in the same space makes 

the computation of the similarity between any combination of terms and 

documents very easy (Witter & Berry, 1998; Berry, Drmac & Jessup, 1999). 

From IR point of view, three basic similarity comparisons in the reduced matrix Xk 

are important (Deerwester et aI. , 1990; Dumais, 1992; Berry, Dumais & Letsche 

1995). 

I. Term By Term Comparison 

The term to term comparison is used to determine the extent to wh ich two terms 

have a similar pattern of occurrence across the document. 
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. Using the reduced matrix Xk in equ (2-13) and the dot-product simi larity measure, 

the term-to-term similarity values can be computed as 

Xk . Xk T = (Uk.Sk.Vk T). (Uk.Sk.V/) T = Uk. Sk . Vk T . Vk . Sk. Uk T 

= Uk . Sk . (Vk T . Vk) . Sk . Uk T 

= (Uk ' Sk) . (Uk ' Sk)T since Vk is orthonormal (equ 2-14) 

Here, we can see that the i, j ce ll of the square matrix Xk . Xk
T can be obtained by 

taking the dot-product between the ith and /h rows of the matrix Uk . Sk. We can 

consider Uk. Sk as coordinates for terms, because since Sk is a diagonal matrix, it 

is merely used to stretch or shrink the axis of the reduced vector space without 

affecting the position of Uk in the space. 

II. Document By Document Comparison 

This comparison is used to determine the degree of sim ilarity between the 

documents by identifying the extent to wh ich the two documents have a similar 

term occurrence pattern (Berry, Dumais & Letsche, 1995). This can be attained 

by computing the dot-product of col umn vectors of the reduced matrix Xk i.e. 

XkT. Xk = (Uk,Sk,VkT)T . (Uk.Sk.Vk
T) 

= Vk .Sk ' (Uk
T. Uk) .Sk.VkT 

(equ 2-15) 
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The i, j ce ll of XkT. Xk, which is a document-by-document square matrix , is 

obtained by taking the dot product between the i1h and r row of the matrix Vk.Sk. 

However, the space of Vk . Sk is just a stretched or shirked version of the space 

of Vk. in proportion to the corresponding diagonal elements of Sk. 

III. Term By Document Comparison 

The third comparison is between a term and a document. However, the 

comparison between a term and a document is just the value of an individual cell 

of Xk. Hence, 

X - U S V T - U S y, S y, V T - (U S y, ) (V S Y, )T 
k- k·k·k- k·k · k k - k · k k ·k (equ 2-16) 

This implies that the i, j ce ll of Xk is obtained by taking the dot-product between 

the illl row of the matrix Uk .SkY, and the jlh row of the matrix Vk .SkY, (or the jlh 

column of (Vk ,SkY,)T ). Here again , the effect of the factor SkY, is stretching or 

shrinking of the axes by a factor of its value. 

2.7.4 Query Representation 

In LSI based IR systems, a user's query is often considered as a pseudo-

document and is represented as a vector in the reduced term-by-document 

space (Witter & Berry, 1998; Berry, Dumais & Letsche , 1995; Kolda & O'Leary, 

1998). First, the terms used by the searcher are represented by an (m X 1) 

vector 'q' whose elements are either zero or correspond to the frequency of 

terms that exists in the database of reduced vector space. The local and global 

term weights used for the document collection are applied to each non-zero 
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elements of the query vector q. Then the query vector is represented in the 

reduced LSI space by the vector 

where qT. Uk is the sum of term vectors specified by vector q scaled by Sk T 

(Witter & Berry, 1998; Berry, Dumais & Letsche, 1995). 

Finally the query vector can be compared to all existing document vectors, and 

the documents ranked by their similarity to the query. One common measure of 

similarity is the cosine between the query vector and document vector. Typically, 

the first 'n' closest documents or all documents exceeding some cosine threshold 

are returned to the user (Deerwester et aI. , 1990). 

2.7.5 Review Of Related Researches 
In this section a review of several researches related to the application of LSI is 

made. 

I. LSI: In Information Retrieval 
Originally, LSI was developed for IR application (Berry, Dumais &Letsche, 1995). 

In its first application , automatic matching of queries with document abstracts , 

LSI provided a remarkable improvement over prior methods (Landauer, Foltz & 

Laham, 1998). 
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The first tests for evaluating the performance of LSI in IR environment were 

against standard collection of documents having well formulated queries and 

relevance judgment obtained from knowledgeable domain experts (Berry, 

Dumais & Letsche, 1995, Landauer, Foltz & Laham, 1998; Deerwester et ai. , 

1990; Dumais et al., 1988). The results of the experiments were in the worst case 

equivalent to the best prior methods and reach up to 30% better than that 

obtained using standard keyword vector method. It was also observed that the 

LSI method performs best relative to standard vector method when the queries 

and relevant documents do not share many words, and at high levels of recall. 

Even in recent projects , sponsored by the National institute of standards and 

Technology, LSI was compared with a large number of other experimental and 

commercial retrieval systems (Landauer, Foltz & Laham , 1998). Although , direct 

quantitative comparison among the many retrieval systems was not appropriate, 

due to variations in preprocessing , overall performance results of LSI models 

were quite similar to earlier ones. 

In another experiment carried out to compare the standard vector method with 

LSI approach ; it was found that LSI was a 16% improvement (Dumais, 1994). 

The experiment was conducted by keeping the preprocessing actives the same 

(like using the same stop Lists, getting rid of case differences and spelling errors, 

identifying proper nouns as special etc.). 
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Furnas et al. (1988) conducted experiments to examine the effectiveness of LSI 

in two standard document sets to which user queries and relevance judgments 

were available . The first database was consisted of 1033 medical reference 

abstracts and titles and 5823 automatically extracted terms which appear in more 

than one document. After approximating the term by document matrix by a 100 

factor SVD, the retrieval effectiveness of the system is evaluated against 30 

queries available with the dataset. The result was a 13% improvement over the 

basic inner product term matching . This improvement was attributed to the LSI 

ability to capture some structure in the data which was missed by raw term 

matching. The improvements were large, particularly at higher levels of recall. 

The second experiment was found to show no improvement over the literal word 

matching method. The research was conducted on 1460 information science 

abstracts (CISI ). Through automatic indexing 5135 terms occurring in more than 

one document were extracted . 35 queries available with the dataset were used to 

evaluate a 100-factor SVD approximation of the term by document matrix. For 

this particular dataset, precision for all retrieva l systems was below 0.30, even for 

the lowest levels of recall. 

Dumais and his co-workers (1992) studied several techniques used to improve 

the basic LSI method , including term weighting, selecting the optimal value of 

dimension (k) and relevance feedback. 
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Selection of the appropriate number of dimensions for the reduced dimensional 

representation is a challenging problem (8erry, Dumais & Letsche, 1995). 

Dumais and his co-workers have evaluated retrieval performance of the LSI 

model using a range of dimensions. From their experiment, on several 

Information science test collections for which queries and relevance 

assessments were available, it was observed that the performance of the model 

improves considerably as the number of dimensions increase from a very low 

dimension, reach the highest point between 70 and 100 dimensions, and then 

begins to reduce slowly approaching the level of performance attained by 

standard vector method. It is obvious that with sufficiently large dimensions, SVD 

will exactly reconstruct the original term by document matrix. This pattern was 

consistent for all databases. 

The effects of several local and global weighting schemes on the performance of 

the LSI model were also examined by the same research in five different 

Information science test collections . Six different term weighting schemes were 

explored in each of the test collection: raw term frequency with no global 

weighting , four combinations of raw term frequency as a local weight and one of 

GFIDF (global frequency I document frequency) , IDf, Entropy or Normal (1/-..}tfij) 

as a global entropy weight, and one combination of a local Log weight (Log (tfij + 

1)) and a global entropy weight (Log-Entropy) . The results of the experiments 

were consistent on all test col lections. Normal and GFIDF were worse than no 

global weighting and IDF; Log-Entropy resulted in SUbstantial performance 
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improvements. Averaged over the five test collections, Log-Entropy weighting 

was 40% more effective than raw weighting . 

The effect of relevance judgment was also examined in the research . In the 

experiment retrieval is first performed using the original query. Then this query is 

replaced by 

i) the first relevant document in the ranked list of retrieved documents. 

ii) the average of the first three relevant documents. 

Replacing the original users' query with the first relevant document improved the 

performance of the LSI retrieval model by an average of 33%. The replacement 

of the original query by the average of the first three relevant documents resulted 

in 67% performance improvement. 

The users' were supposed to view a median of only one document in order to 

find the first relevant document , and a median of 7 documents had to be viewed 

by the user in order to get the first three relevant documents. Here, one can 

easily observe that this substantial performance improvement is obtained with 

little burden on the side of the users. 
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II. LSI: In Information Filtering 

In addition to IR, LSI has also been shown to be effective in Information filtering 

environment (Foltz, 1990). In information filtering tasks , as opposed to IR, a user 

has a relatively stable long-term interest or profile (ibid) . New information sources 

are constantly received and presented to the specific user by matching the 

sources with the somewhat stable user profile . To apply LSI to information 

filtering, first an initial sample of documents will be parsed into a keyword-

document matrix and then approximated by a reduced dimensional space using 

LSI/SVD. One or more vectors will be used to represent users' profile in this 

reduced dimension LSI space, as a user may have many different types of topics 

that he/she is interested in (Foltz & Dumais, 2001) . 

To determine if a document is relevant, it is first folded into the semantic space 

on the basis of its contained terms. If the document appears close enough to the 

users' profile vector/s, it wou ld be considered likely to be interesting and 

presented to the corresponding user. 

Foltz (1990) compared LSI and standard keyword matching models for the task 

of filtering news articles (Netnews). First users were permitted to judge articles as 

to whether they are of interest or not, and based on these judgments, both LSI-

generated model and literal keyword matching model predicted whether incoming 

article would be judged interesting . The result was that LSI offered a significant 

improvement (13%-25%) over the standard keyword matching . This implies that 
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LSI is capable of capturing more of the semantic structure that is useful in 

predicting user preferences than the keyword matching. 

Two years later Foltz & Dumais (1992) made similar experiment. The research 

was designed to test several information retrieval methods for filtering Technical 

Memos. 34 regular users of the technical memos were selected and sent monthly 

personalized list of new technical Memo abstracts that were predicted to best 

match their interest. However, the predictions were made using two methods for 

describing user profiles; one based on sets of keywords that the users provided , 

and the other using feedback about previous abstracts which are judged relevant 

by the users. Two information retrieval methods were tested to make the 

predictions; one using standard keyword matching, and the other using LSI. In 

this particular research all four methods effectively selected relevant abstracts. 

But the best method for filtering used LSI with feedback about previous relevant 

abstracts . 

III. LSI: In Cross-Language Retrieval 

In cross-language retrieval , documents will be written in several language and 

users specify their request in anyone of these languages and get access to the 

relevant documents written in any of the languages (Berry, Dumais & Letsche, 

1995). 
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Landauer & Littman (1990) were able to show the effectiveness of LSI in a fully 

automatic cross- language retrieval environment. In their experiments term­

document matrix is formed using a collection of abstracts that have both English 

and French versions. The two versions of a specific abstract are combined and 

treated as a single document. A reduced dimensional approximation of the terms 

by the combined abstract matrix is computed by using truncated SVD. Once this 

LSI space is generated , abstracts in either French or English are simply folded in 

into the existing space. Then queries in anyone of the language can be matched 

to French or English abstracts. 

The experiment showed that retrieval of French documents in response to 

English queries and vice versa was equally effective with first translating the 

queries into French and searching a French only document collection. 

Another experiment by Young (1994) has shown comparable performance for 

retrieving English abstracts and Japanese kanji ideographs, and for cross­

language translations of the Bible in English and Greek languages. 
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CHAPTER THREE 

DESIGN, DEVELOPMENT AND TESTING OF THE PROTOTYPE 

LSI RETRIEVAL MODEL 

3.1 INTRODUCTION 
This chapter discusses the design , development and testing of the LSI Model for 

Amharic Text Retrieval (LSIMoATR). The peculiar characteristics of Amharic 

writing system in relation to text retrieval and basic concepts in LSI text retrieval 

discussed in chapter three are taken into account in the process. 

In this research , 206 Amharic News articles were included in the test set. 100 of 

them were used by Bethlehem (2002) in her research on 'N-gram Based 

Indexing for Amharic Text Retrieval '. The remaining 106 news articles are 

obtained from the Arch ive in the web site of Walta Information Center. Each 

news article is kept in a separate text file written in a VG2 Main font under a 

common folder. In addition , 32 queries, 16 of them used by Bethlehem (2002) 

and the other 16 used by Saba (2001) in her research on 'The Application of 

Information Retrieval Techniques to Amharic Documents on the Web' were 

selected. Bethlehem used 100 out of the 313 test collection saba used . 

To identify which news articles in the test collection are relevant for a specific 

query a relevance judgment for each of the documents were made by two 

journalists (from 'Addis Zana', senior editor and reporter) . However, 7 of the 

queries, those taken from Saba (2001) , were found not to have a relevant 
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document in the collection . Hence, the remaining 25 queries were used in this 

research . Like the news articles in the test set, all text files each containing a 

single query, are kept in a separate folder. 

Basica lly, there were three main stages involved in the processing of documents 

and queries, and development of the LSI retrieval system. 

1. Pre-processing and indexing (this includes extracting terms, term-

document matrix generation and calculating term weighting) 

2. K-dimensional Singular Value Decomposition (SVD) 

3. Query Projection , Matching and Ranking of Relevant documents. 

Finally, comparison of the performance of the LSI model aga inst the standard 

vector model was made. The performance of each method is evaluated by 

measuring precision at several different levels of recall. 

3.2 DESCRIPTION OF THE PROTOTYPE SYSTEM 

The design of the prototype LSI Amharic text retrieval system has the 

components depicted in figure 3.1 below. The different components represent the 

major activities involved in the prototype LSI retrieval model development. 

53 



I Document Input ~ I Query Input ~ 
~ ~ . 

Identification of Individual Words 

~ ~ 
Convert Characters with the Same 

Sound into a Commmon Form .... 
~ ~ 

Remove Common Words .... 
1 1 

Identify and Store Unique Words , their 
Remove Words that do not Occur in the 

Collection Frequency 
Document Collection Vocabulary .... 

and Document Frequency .... 
J l 

Generate Term by Document Matrix 
Compose the Pseudo-Document that 

.... Represent the Query .... 
~ l 

Term Weig hting .... -
1 1 

Reduced Dimensional Representatio~ 

1 1 
Term Vectors and Document vector~ Query Vector .... 

l 1 
Matching 

~ 
1 y 

Ranked Output List 

Figure 4.1 The design of the Prototype LSI Retrieval Model 
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The ultimate objective of this prototype model is to represent index terms, 

documents and queries in the same reduced-dimensional space so that 

comparison of the documents, terms and queries in this reduced-dimensional 

space is possible . In the middle of the prototype model , a standard vector space 

model is obtained. This makes comparison of the standard vector space model 

and the LSI model straightforward. 

The test collection and sample query files stored in their respective folders are 

read and individual words which are not in the stop-word list are extracted . The 

term by document matrix and the query vector are generated . In order to 

increase or decrease the importance of each term based on their ability to 

represent the content of a document and also discriminate it from other 

documents in the collection; both the term-document matrix and the query 

vectors are weighted . 

The weighted term-document matrix is then given to the SVD algorithm as an 

input and a reduced dimensional representation of the matrix is generated. The 

reduced-dimensional representation of the query vectors (pseudo-documents) is 
J 

also obtained through projection into the reduced space. After the terms , 

documents and queries are represented in the same reduced space, cosine 

similarity measure is used to identify the ranked list of relevant documents for 

each query. 
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3.3 SELECTING DOCUMENT PART FOR INDEXING 
To obtain index terms which can be used to represent documents, one may use 

the entire content of a document, or some delimited portion of it, such as the title 

or abstract, or a paragraph . Each news article used in the experiment is 

composed of a title and the body of the news. In this experiment, the entire 

document (both title and body) was use for indexing, because the researcher 

believes that the entire text of the articles is better representative of the content 

of the articles. Besides, as the news articles are of small size (i n most cases half 

a page) taking the entire document will not consume much memory space. 

3.4 DOCUMENT AND QUERY PRE-PROCESSING 
The pre-processing stage, which involves preparing the text documents for SVD 

algorithm has been done in two phases. The first phase is a natural language 

pre-processing. This includes: identification of individual words; remova l of 

extraneous characters ; changing redundant characters (characters with the same 

sound) into a common form ; removal of common terms by referring to a 

previously developed stop-word list (negative dictionary); and generation of a raw 

term by document matrix (where each number in the cell of the matrix indicates 

simple frequency of the term in the corresponding document) . Each activity is 

discussed in the next section . 
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The second phase is a numerical data-preparation. In this phase, each term in 

the term by document matrix, generated in the first phase, is weighted (using log-

entropy weighting scheme) in order to emphases or de-emphases its relative 

importance within the document as well as in the document collection . 

A program in Borland Delphi was developed to handle all the activities indicated 

in the natural language pre-processing. A small weighting function was also 

written in Matlab software (Release 12) to accomplish the weighting task. 

3.4.1. The Natural Language Pre-Processing 

I. Identification Of Individual Words 

A natural language text often contains numbers and various punctuation marks. 

These symbols do not have their own meaning . For instance, a number '123' can 

be used to indicate 'number of cars' in one text, it might be used to indicate 'page 

number' some where in the same text or in the text of other document, it might 

also be used to indicate the 'number of causalities ' in a certain accident, etc. 

Likewise, punctuation marks are used for syntactic, grammatical or structural 

purposes. Often, they are used to clarify meaning in a text, to help convey 

emphasis and breathing pauses, to indicate sentence structure , and also to 

enhance readability (M icrosoft®Encarta®Encyciopedia99). Due to these facts , 

numbers and punctuation marks in the text of the test documents and sample 

queries were not considered for indexing. 
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As discussed in section 3.6, Amharic words in a text are separated by 

punctuation marks, spaces, tabs , carriage return and line feed characters . 

However, since the test documents in the collection as well as the queries are 

written in VG2 Main Amharic writing software, the punctuation marks considered 

in this research are those that are supported by the writing software. These 

comprise: :, :: , : , I, -, ?, /, ., and « ». 

Consequently, the codes that represent these punctuation marks in the 

implementation of the software are identified and used in the process of word 

identification. Some decisions were made concerning the punctuation marks '-

' and ' .' . In Amharic texts the punctuation mark ' -', equivalent of hyphen in 

English , is used to form compound words. However, in the test collection this 

punctuation mark was not used consistently. The same compound words were 

found written both as separate words without the hyphen mark and as compound 

words with hyphen (example, ?t. ~,S:fl and U.-nS.:fl ). To keep consistency 

throughout the test collection, a decision was made to replace the hyphen mark 

with one character space and split compound words into their constituent terms. 

Likewise , the symbol ' .' is used for abbreviation purpose. Through analysis of the 

document collection , it was found that the symbol was used only with two 

abbreviations: ~, . 9" and ~d" which are equivalent to A.D and A.A (for Addis 

Ababa). Because, their frequencies in the collection were high , removing them 
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from the text was believed to cause no significant difference in the performance 

of the models. 

The algorithm given below, developed by Zelalem (2001), was adopted for the 

actual word identification purpose. 

I. initialize the variables to hold the word 
2. read a characterji'om the sentence (document) 
3. check if the character is anyone of the Amharic delimiter (punctuation 

mark, space, tab, carriage return, and line feed characters) 
4. if not, concatenate the character to the variable 
5. else if the character length is above one character report the word 
6. if there is more data to process, go to step 1. 

The identified words were also checked for whether they contain a number or 

not. This is because, words such as 1;;'(1 st), 020:;'0)· (during the 20th
), ('1 977 ·', 

(the 1977), etc. were not considered for indexing. Besides identifying individual 

words , the algorithm was made to produce the frequency count of each word in 

each document. Finally, unique words together with their frequency were stored 

in a text file . 

II. Changing Redundant Characters to a Common Form. 
As pointed out in section 2.6.4 , the presence of several Fidels (symbols) with the 

same sound in the Amharic writing system creates a problem in text retrieval. 

The same word written using different symbols (letters) with the same sound will 

be considered as different words by the retrieval system. In this research , 

choosing one letter for the group of letters with the same sound and replace the 

remaining ones is taken as a solution to the problem. Therefore , if a character is 
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any of " 1, ') , ;:" rh , '11 or 'f (all with the sound 'h') then , it is replaced by ' 0 ' . Also 

the different orders of rh and ') are changed to their correspond ing equivalent 

orders of o. Similarly, all orders of IP (with the sound 's') are changed to their 

corresponding equivalent orders of t'l , all order of 0 (with the sound 'a') are 

changed to their correspond ing equ ivalent orders of i"" all orders of II (with the 

sound 'tse') are changed to their corresponding equivalent orders of 7. . Zelalem's 

algorithm is used to accomplish this task. 

The algorithm is stated as follows: 

}. read Ihe characler 

2. i( the characler is anyone of 

A-o , <) , ;:" rh , '11 or 'f or any olher order thereoflhen 

change it to 0 exit 

else if il is IP or any other order thereof 

change il to t'l exit 

else if it is II or any other order thereof 
change it to 7. exit 

3. iflhe character Ihal follows Is a diacritic marking, allach illo 

Ihe changed base character 

III. Removal Of Common Words 

All terms in a text are not equally important in allowing retrieving relevant 

documents from a document collection (Salton, 1983; Rijsbergen, 1996). It is a 

common practice to remove the non-content bearing terms , which are not useful 

to specifically identify some portions of the document collection , from the index 

term list. These terms are often high frequency terms (ibid) . Mostly, non-content 

bearing terms are removed by either removing hi9 ~ frequency terms from the 

indexing term list or by using a negative dictionary (stop word list) for that 

language. 
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In this research both alternatives were used . A list of 85 Amharic common terms , 

which were used by Nega (2002) in his PhD dissertation entitled 'Stemming on 

Amharic words for Information Retrieval' ; are included as stop-words. Then , two 

kinds of stop words were identified from the word list generated in section 

4.3.1 (I); common words which are not in Nega's list and news specific stop 

words. The terms are selected in light of the fact that stop words often occur 

frequently in the majority of the documents in the collection. Using this concept, 

all terms that occur in fifty (50) and above fifty documents (which is almost a 

quarter of the collection) with collection frequency greater than 100 were 

retrieved and examined to identify stop words of both types. In determining the 

above thresholds the two journalists, who made the relevance judgment for the 

documents, were involved. The frequency of the terms contained in the word list 

ofseclion 4.3. 1 (I) ranges from 1 to 318. 

Stop words that are categorized as news specific are those terms which are 

frequently used by Journalists and reporters while reporting an incident to the 

public. For example, 'inform' or 'notify' ('1M" , '/-1M" 1',1')0)''' , 1',1')0l</' , M);NJl''', 

MI;:I-O)'/' , MI;:I-Oh/''I'A, MI:J-O)-</'Ol', m~'r'lOl' , ~,'}J',1f1?·:" etc. ). Similarly, terms 

that are frequently used in the text and have no specific relation with the content 

discussed in the document are categorized as common words . The two 

categories together produced a total of 745 stop-words. This constitutes about 

8% of the unique words in the collection. 
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Common Stop words News Specific Stopwords 
~Ol' ?, 'H', "'1 fll'.Ol' 
r,:,!(/)' 'I'A;)' 

"I.e l" '}C:C'''I, n 
.>. .y. ,'-r, "/ t.. 'I' A 

f.. o/lln Mln'uOOl' 

:JC M{,Y;~A 

'I.", ,,·hr,Ol'5:A 

['1,'" l,(f)-fH'(/)' 

"I'} .>. UlJ A 11 ," 'I' A 
Table 3.1 Sample Stop words of each category 

IV. Term by Document Matrix Generation 
Latent semantic indexing being a variant of vector space method , the documents 

as well as the queries are represented mathematically as vectors in some vector 

space (Berry, Drmac & Jessup, 1999). To generate the term by document matrix, 

a code is written that first declares a matrix with dimensions; number of unique 

terms by number of documents in the collection . The entries in the cells of the 

matrix are initialized to O. Then, a text file containing the list of all unique terms is 

created . The frequency of each term in each document is read from the text file 

generated in section 4.3.1 (I) and substituted in the appropriate cell of the matrix. 
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Term List 01 02 0 3 04 05 06 0 7 08 0 9 0 10 
fl,,,"' -/-A4. 1 0 0 0 0 0 0 0 0 0 
TC'~:tI-r- of. 3 0 0 0 0 0 1 0 0 4 
til. ;/. 5'.- 1 0 0 0 0 0 0 0 0 0 
}, r -t- ill r; 4· 4: 2 0 0 0 0 0 0 0 0 0 
9"'}6L" 1 0 0 0 0 0 0 0 0 0 
"/Unt -'!! 1 0 0 0 0 0 0 0 0 0 
-/'I)5'.-/W 1 0 0 0 0 0 0 0 0 0 
~.,}f?: 1 0 0 0 0 0 1 0 0 0 
Nl:'-: ant_'1:W- 1 0 0 0 0 0 0 0 0 0 
[' -ti/.-U 3 0 0 0 0 0 0 0 0 0 
OlJm-r 2 0 0 0 0 0 0 0 0 0 
h·/-nw/:w- 1 0 0 0 0 0 0 0 0 0 
I'lli. -P, 1 0 0 0 0 0 0 0 0 0 
f'()O~ ·t 1 0 0 0 1 0 0 0 0 0 

l> 'I" 1 0 0 0 0 0 0 0 0 0 
/J·n-'l· 1 0 3 0 0 0 0 0 0 0 
fIIt),y.: '}t;' 1 0 0 0 0 0 0 0 1 0 
h:t5'.il·)- 1 0 0 0 0 0 0 0 0 0 
ruu?'"'6.fm· 1 0 0 0 0 1 0 0 1 0 

Table 3.2 Sample raw term by document matrix 

3.4.2 The Numerical Data-Preprocessing/Term Weighting 
The numerical data-pre-processing/weighting was done on Matlab software 

package. On ly the body of the term by document matrix generated in the first 

phase, excluding the term list and document 10, is selected and saved into a text 

file (in a folder reachable by Matlab) . Then , the matrix is imported into the Matlab 

workspace using the load command. 

The basic rational behind weighting is that a term has high weight if it is frequent 

in the relevant documents but infrequent in the document collection (Salton , 

1983) . There are many popular local and global weighting schemes proposed so 

far (see section 2.3.2) . However, it is found that the log-entropy weighting 
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scheme provided a 40% advantage over simple term frequency on several 

standard document test collection (Dumias, 1993). So, in my research the log-

entropy weighting scheme is used . This weighting scheme modifies the value of 

the elements in the term by document matrix to a product of its local and global 

weight. In section 2.3.2 (III) the log-entropy weighting is discussed in detail. 

Apparently, a code for a Matlab function that computes the weight of the term-

document matrix is written. The function accepts the raw term-document matrix 

as input apply the weighting to each of its elements and return a weighted term-

documents matrix as well as the global weights (a va lue that indicate the 

importance of the term in the document co llection) used for index term . Here, the 

function is intentionally made to return the global weight of each term , because, 

the values are used later for weighting query vectors . The code for the function is 

given below. 

Function [Wmatrix, Gi} =weight(A) 
% signal noise weighting scheme 
% A function used to weight a term by document matrix A and return 
% the weighted matrix W 
% Gi is a vector which holds the globed weight of each term in the 
%vocabulary list 

(i'v1, NJ =size(A) % AI-terms and N-documents 
for i=i :M 

gft=o; % collection/i"equency of term i 
for j =l.·N 

gif=gft + A(i,)) % adds thefrequency of term i in each document 
end 

No ise=O, 
Denom=log2(N), 

for j =l .N 
pij=A(i,j)/gft, 
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end 

ij(pij-=O) 
Noise=No ise + pij *log2(pij)/denom; 

end 

Gi= I - Noise, % global weight of term i. 

forj=I:N 
Wmalrix(i,j)=log2(A(i,j) + J) *Gi(i); 

end 
end 

Term List 01 0 2 0 3 04 05 06 
r h,'''/-''A4, 1 0 0 0 0 0 
TC':~:h ·r· oJ' 30943 0 0 0 0 0 
hl.,l,.i!" 1.1 055 0 0 0 0 0 
'lr-"illc-,' ~I' ~I: 1.585 0 0 0 0 0 
9"'}6/}' 1.25 0 0 0 0 0 
flO/ V (l /,. fJ! 1 0 0 0 0 0 
·/,UY,"W 1.3578 0 0 0 0 0 
lOY,' 1.4562 0 0 0 0 0 
.r ll~: on /,.:':(J1. 1 0 0 0 0 0 
rn·u 2.6235 0 0 0 0 0 
ODm'l' 2.2614 0 0 0 0 0 
h·I· ,eIl~:t'm· 1 0 0 0 0 0 
()Ib.~ 1 0 0 0 0 0 
rl'l°'l. '} 1.3903 0 0 0 1.3903 0 
~trJ 1.2062 0 0 0 0 0 
u·n:'· 1.4904 0 2.9808 0 0 0 
l''Ol.f: '}fj' 1.3021 0 0 0 0 0 
h. ,}y.1'I·1· 1 0 0 0 0 0 
rOD9"t.,em· 1.3652 0 0 0 0 1.3652 

Table 3.3 Sample weighted term by document matrix 

0 7 0 8 0 9 
0 0 0 

1.5472 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 0 

1.4562 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 1.3021 
0 0 0 
0 0 1.3652 

· ~ .. "'. 

3.5 K-dimensional Singular Value Decomposition (SVD) 

0 10 
0 

3.5924 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

The weighted term-document matrix 'W' of the previous stage is used as an input 

and its SVD is computed for a reduced dimension K, where K is less than both 

the number of terms and the number of documents in the matrix (i.e. the number 

of rows as well as the number of columns of the matrix) . 
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The K-dimensional SVD of the weighted matrix is performed using Matlab's built-

in function , 'svds'. The function accepts the weighted matrix and the number of 

dimensions as an input and returns three matrices: the K-Iargest left singular 

vectors, Uk, of W, the K-Iargest right singular vectors, Vk, of W, and a diagonal 

matrix Sk whose non-zero entries in the principal diagonal are the singu lar values 

of W arranged in decreasing order. 

In short, [Uk , Sk, Vk)=svds(W, k), where W is the weighted matrix and k is the 

reduced dimensionality. 

• Choosing The Number Of Dimensions 
As we have mentioned in section 2.7.3, there is no straightforward rule that can 

be used to select the optimal va lue of dimension K. In this research , the value for 

the dimension is chosen by the principle of 'What works best'. That means, the 

retrieval performance of the LSI model was examined for several different 

dimensions and the dimensionality that maximizes performance was selected . 

Performance of the model was taken to be average precision over recall levels of 

0.25, 0.50 and 0.75 for four different queries. The numbers represent equal 

interval in the range between the minimum and maximum recall levels (0 and 1). 

The queries are chosen in such a way that the number of words they conta in and 

the number of relevant documents they have in the collection vary from small to 

large. 
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The figure as well as the table below shows the performance of the LSI retrieval 

models for different values of dimensions . 

0.95 ,----,-----,---,------,---,-----, 

0.9 

0.85 

<= 
.2 0.8 
'" u 
i£ 

Q. 0.75 
'" 0> 

~ 

'" < 0.7 

0.65 

0.6 

0.55 '-----'----"------"-----'-----'----' 
o 20 40 60 80 100 120 

Number of Dimensions (K) 

Figure 3.2 Average precision at recall points of 0.25,0.50 and 0.75 for a range of 
LSI dimensions 

Dimension 10 20 30 40 50 60 70 80 90 100 110 120 

Mean 0.56 0.67 0.69 0.75 0.77 0.80 0.80 0.84 0.86 0.86 0.89 0.88 

Precision 

.. 
Table 3.4 Dimension vs. Average precIsion at recall levels of 0.25, 0.50 and 0.75 
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From the figure it can be seen that performance continually increases from 10 or 

20 dimensions, peaks between 100 and 110, and then began to diminish very 

slowly. Consequently, 110-dimensional representation is found to work well for 

the test collection . However, as compared to the number of documents in the 

collection, the dimension is really big . This might be due to the heterogeneous 

nature of the topics in the news articles in the test collection ; smaller dimensions 

may not be adequate to capture the major patterns of word usage across the 

document collection. Large number of topics is discussed on the news in the 

collection. Even a single news article talks about three or more topics . For 

example document 92 only talks about construction of schools, roads , health 

care center, clinics and irrigation projects . 

3.6 QUERY PROJECTION, MATCHING AND RANKING OF 

RELEVANT DOCUMENTS. 

3.6.1 Query Projection 
The queries are treated as pseudo-documents. Hence, the natural language pre-

processing performed on the test document collection is also performed on the 

queries and the vectors indicating the frequency of each term in the queries are 

obtained . In addition to that, in order to represent the queries in the same space 

with the test document collection, they are weighted using the same scheme 

used in weighting the documents, and then projected into the space 
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A Matlab function , designed to perform the weighting and project the queries into 

the reduced space using the formu la "q=qT ' Uk • Sk-1" which is stated in section 

2.7.4 (equ 2-17) is shown below. 

Funclion newque/y=queryproj(q, Gi, Uk, SkY 

% A function used 10 weight and p roject a query vector 

% Gi is Ihe global weight of each IeI'm producedji-om weighling Ihe 

% original term-documcnl matrix 

% Uk and Sk are the lefi singular vector and the diagonal matrix oflhe 

% SVD of the original malrix 

fo r i=l .length(q) 
Wq(i, 1)= log2(q(i) + /) 'Gi(i) ; %weighting of each lerm in Ihe que/y 

end 
[M, N} =size(Sk), 
T=Sk, 
for i=l:M 

T(i, i)= J/T(i, i) ; 

end 
newquery= Wq " Uk' T; 

3.6.2 Matching and Ranking of Relevant documents. 

Now, that the queries and the documents are situated in the same reduced LSI 

space, it is possible to compute the Euclidean distance between the queries and 

each document and take the nearest documents as the best (relevant) ones for 

the specific query. However, as the term-document matrix was not normalized, a 

decision was made to use the cosine similarity measure, because by computing 

the angle , the lengths of the documents, which can affect the distance between 

the query and the documents in the space can be normalized (Salton , 1983). 
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Consequently, having the red uced dimensional representation of the query 

vector 'q' and the scaled document matrix '0 ' (i .e. D=Vk*Sk), the angle between 

them can be computed by the formula 

Cosx = ~ 
Ilq ll * 11011 , where Ilqll and 11011 are the norm of the query 

and document vector respectively. 

After the cosine measure is computed , the documents are sorted according to 

the cosine coefficients , the larger the cosine coefficient, the more re levant the 

document. 

The Matlab code developed to perform these tasks is given below. 

Function [Svaiue, Rank} =rankorder(D, q) 

% Ajimction used to compute the cosine of the angle between a query 

% and each documents and rank the documents according to the 

% similarity value 
[M, N} =size(D); % determines the dimensions (row and column) of D 

forj =l.·N 
Di=D(J:M, j); % select a column ji-om the dueument matrix D 

R(i) = abs(Di ' *q)l(norm(Di}*norm(q)); 

%R(i) computes the cosine of the angle between document vector Di and 

% query q and store the value in a vector R 

end 

[Svaiue, Rank}= Sort(R) % Rank the elements of R in ascending order 

Here, the function 'rankorder' accepts the Document matrix '0 ' and the query 'q ' 

and returns two output vectors . The first vector 'Svalue' contains the cosine 

simi larity va lues sorted in ascending order and the vector 'Rank ' contains the 

corresponding document numbers. 
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The same function can also be used to compare any document matrix and query 

vector with compatible dimensions. The same function is used with the standard 

vector space model to compute the similarity of each vector in the weighted term-

document matrix with the queries before projection into the reduced LSI space. 

3,7 TESTING 
The classic Recall and Precision measures are used to judge the retrieval 

performance of the two indexing approaches. An attempt has been made to 

compare the results of the Latent Semantic Indexing (LSI) method against the 

standard vector space approach . For the vector space model, the same term by 

document matrix, that was the starting point for the LSI method , is used . 

The automatic indexing of the test document collection resu lted in 9256 indexing 

terms that occur in at least one document, and not in a stop-word list prepared 

for this research. Some addition characteristics of the dataset are given in the 

table below. 

Number of Unique terms Standard Vector space LSI 

Number of Unique terms 9256 9256 

Mean Number of terms per 186 186 

Document 
Mean number of terms per query 4 4 

Mean number of relevant documents per query 6 6 

Table 3.5: Some charactenstlcs of the datasets 
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To evaluate the ranked list of outputs returned by the different indexing 

approaches, precision is plotted against recall after each relevant document. 

However, to facilitate computing average performance over a set of queries -

each with a different number of relevant documents - individual query precision 

values are interpolated to a set of standard recall levels , from 0 to 1 in steps of 

0.1. 

The particular rule used to interpolate precision at a specific standard recall level , 

say i, is to use the maximum precision obtained for the query for any actual recall 

level greater than or equal to i (Baeza-Yates, 1999). As an example, the following 

sample tables are used to calculate precision at standard recall levels using the 

above procedure. 

Query Query Relevant Ranked list of output documents 
No Document number 
15 rt'l,nA 'IIC,f' 47 , 78 , 115, 159, 115,176,118, 47, 3,159,49, 78, 

o'l'tj'ti. J' 9"C9"C 176 80, 136, 179, 146, 132, 125, ' , , 
24 rm. r, ," * '''I ,), 22, 130, 117, 149, 22, 149, 185, 40, 130, 191 , 197, 

T}I]::I' 92 , 191 , 205 183, 205, 109, 117, 140" , , 

Table 3.6 Query, relevant document list and ranked list of output documents 

Note: - In the ranked list of output documents the numbers in bold represent 

relevant documents. 
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Query Standard Recall Points 
No 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 
Doc15 1.00 1.00 1.00 1.00 1.00 0.75 0.75 0.67 0.67 0.63 0.63 
Doc24 1.00 1.00 1.00 0.60 0.60 0.67 0.56 0.56 0.55 0.06 0.06 .. 
Table 3.7 PrecIsion at standard recall levels for query 15 and 24. 

The precision values were obtained after the implementation of the interpolation 

procedure. 

Simi larly, for each available query (25 in number) precision at the standard recall 

points are computed and then averaged over all queries. The following table 

presents the results obtained for the LSI and standard vectors space 

approaches. 

Recall AveraQe Precision for 25 queries 
Level LSI Method Standard 

Vector Method 
0.00 0.9232 0.8960 
0.10 0.9000 0.8828 
0.20 0.8968 0.8788 
0.30 0.8540 0.8116 
0.40 0.8428 0.7960 
0.50 0.7960 0.7764 
0.60 0.6780 0.6644 
0.70 0.5832 0.5784 
0.80 0.5352 0.5456 
0.90 0.4460 0.3940 
1.00 0.4180 0.3800 
Table 3.8 Average recall-precIsion resu lts for LSI and standard vector space 
indexing methods. 

The figure below shows precision as a function of recall for LSI 110-factor and 

standard vector space methods. 
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Fig 4.3 Average Recall-precision graph for two indexing methods 

As can be seen from the graph for all recall levels , except at recall level 0.8, the 

precision of the LSI model is above that of the vector space. 

The average difference in precision between the LSI and the standard vector 

method is 0.0244, which is the difference between the average precision for the 

LSI approach (0.7157) and the average precision of the vector space approach 

(0 .6913) . This represents a 2.4% improvement over the standard vector space 

method . 
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Since it is difficult to judge the significance of the differences between the two 

performance measures by simply citing percentage improvement, an attempt has 

been made to furnish statistical evidence indicating whether the resulted 

difference between the two averages is in fact significant. 

For this purpose a simple sign test is used. In table 3.9 a set of output data from 

a sign test process is shown for the two indexing methods LSI and Vector space. 

The table is based on the 11 standard recall levels. For each recall level , the 

table shows the number of queries favoring LSI and vector space approaches 

(ignoring ties) , respectively, and the sign ('+' and '-' .) of the differences between 

the two values . 

Recall Favoring Tied Sign of change from LSI 

level LSI Vector Space to Vector space 

000 3 0 22 + 

0.10 4 1 20 + 

0.20 4 1 20 + 

0.30 7 2 16 + 

040 6 3 16 + 

0.50 4 5 16 -
0.60 8 7 10 + 

0.70 10 6 9 + 

0.80 9 7 9 + 

0.90 13 6 6 + 

1.00 14 6 5 + 

Table 3.9 Sign test for LSI and Vector space retrieval approaches 

To test the claim that the performance difference between the two methods did 

not occur by chance , the following hypothesis is formulated and tested at 0.05 

levels of significance (95% confidence). 
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Ho= There is no difference between the performance the two approaches 

(i.e . the observed difference is not significant) (Null hypothesis) 

H1= LSI method is better than standard vector space 

As can be seen from table 3.9 above, at 10 of the 11 recall levels the number of 

queries favoring LSI is greater. 

For 11 recall points with 1 statistic (the number of times the less frequent sign 

occurs) and at 0.05 level of confidence a statistical table is referred to get the 

critical point (one tailed) . The critical point is 2, which is greater than the statistic 

(less frequent sign) . This resulted in the rejection of the null hypothesis. That is , 

the observed performance difference between the two methods is significant and 

for this research , LSI is statistically better than Vector space. 

3.8 DISCUSSION 
In order to understand the retrieval performance of the LSI method better, an 

examination of two kinds of failures of the method has been made. First, 

documents that the LSI method ranked highly but are judged to be irrelevant by 

the journalists (the persons who made the relevance judgment) were examined. 

Second, those documents that are classified as relevant, but are not in the top 30 

returned by the LSI model were examined . 
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The observations presented below are based on preliminary analysis of some 

query topics on which the model performed relatively poorly. 

The most common reason for the first kind of failure was lack of specificity. The 

highly ranked but irrelevant documents were generally about the topic of interest 

but not meet some of the restrictions described in the query topic. Some queries 

request answer to specific issue and demand the returned documents to focus 

exclusively on that particular issue. However, LSI systems were not designed to 

handle such kind of problems (Deerwester, et aI., 1990). For instance, a query 

that requests news articles on the 'complain of Telephone customers' , retrieved 

news articles which talks about telephone service expansion activities in the 

country in the top list. 

For some of the top ranked but irrelevant documents it was not clear why they 

appear in the first row of the ranked output. Particularly, this phenomena was 

prevalent for smaller dimensional representation of the LSI space (k=20, 25, 30). 

As we have discussed in chapter two section 2.7, one advantage of LSI method 

of retrieval is that documents can match queries even when they share no word 

in common . This is because, LSI uses a statistically derived , 'semantic' space 

and not exact word overlap for matching queries to documents (Deerwester, et 

aI. , 1990; Dumias, 1993). Hence, this advantage of LSI method can some times 

result in spurious answers . 
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In order to analyze the second kind of problem, missing relevant documents, a 

random subset of relevant articles that were not in the top 30 returned by the LSI 

method were examined . 

Many of the missed documents examined in the process represent news that 

were about a different topic than the query, but contains a few lines or sentences 

that are relevant to the query. In each document in the subset the majority of the 

terms were dedicated for the discussion of the topic advertised on the title. 

However, in chapter two section 2.7 it was mentioned that in LSI space 

documents are represented as the average of their constituent term vectors . This 

fact indicates that documents often tend to be near the dominant concept 

discussed in them. 
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CHAPTER FOUR 

CONCLUSION AND RECOMMENDATION 

4.1 CONCLUSION 
Information retrieval (IR) is concerned with locating documents that are relevant 

for a user's information need or query from a large collection of documents. A 

fundamental problem with the classic information retrieval systems is that 

different ways of expressing the same concept may lead to missing of relevant 

documents and retrieval of irrelevant documents. A query is often a short and 

incomplete description of the information need. The users of IR systems and the 

authors of the documents often use different words to refer to the same concept. 

The goal of the research is to examine the benefits of LSI text retrieval approach 

for Amharic text retrieval. Investigation on the retrieval performance of two text 

retrieval approaches has been made: standard vector space; and Latent 

Semantic Indexing , and the experimental results have been presented. 

In this research, a test collection of 206 news articles were taken . The entire text 

of the news was used for indexing purpose. During the preparation of the text for 

indexing , punctuation marks, space, tab , carriage return and line feed character 

were used as word identifiers. 
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Each document is indexed automatically. All terms that do not occur in ~top word 

list of 745 common words (including news specific common words) were included 

in the analysis . The automatic indexing resulted in a total 9256 unique words . 

The analysis begins with a weighted term by document matrix in which each 

number in the cell of the matrix represent the importance of the term within as 

well as in the entire document collection. This weighted matrix is used for 

indexing and retrieval by the standard vector space method . 

The weighted matrix was analyzed further by the Singular Value Decomposition 

to derive the latent structure model which was used for indexing and retrieval by 

the LSI retrieval model. The SVD of the matrix was computed for a range of 

dimensions and the optimum dimension (110 for this research) for the co llection 

was chosen by the criteria of 'best retrieval performance'. Queries were placed in 

the resulting space at the resultant of their constituent terms . 

Cosine similarity measure between the query vector and document vectors were 

used to identify documents which are near (relevant) to each queries and the 

documents are ranked according the their cosine measures. 

At last, the outputs of the latent semantic indexing (LSI) method were compared 

against the outputs of standard vector space. 

80 

I 
.J 



Precision at several different levels of recall was measured. This was done 

separately for each of the 25 queries and then averaged over all queries. Except 

at one recall level , the recall-precision graph of the LSI method was above the 

standard vector method. The biggest differences between the two approaches 

were observed at the last two high recall levels (0.90 and 1.00). 

4.2 RECOMMENDATIONS 
This research is just an attempt to see the advantageous of LSI in Amharic text 

retrieval. There are a number of directions in which the work in this thesis can be 

further pursued . 

• :. The size of the test co llection used in this research is too small. However, 

one can increase the test collection in many folds through the use of 

external servers . 

• :. The index terms that are used to represent documents and queries were 

not stemmed. Using stemmed index terms , apart from enhancing 

performance it will significantly reduce the number of unique index terms 

in the collection . 

• :. A retrieval system should allow addition of documents and terms and also 

removal of obsolete terms and documents into/from the collection. One 

can consider incorporating these capabilities into the model. 
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.:. One of the most important and robust technique of improving performance 

of retrieval systems is relevance feedback (Salton, 1983). One can 

consider enhancing the model , so that the model reformulates the query, 

submitted by user, automatically by altering it based on the user's 

feedback about which documents are relevant to the initial request. 

.:. Applying LSI for cross language retrieval (Amharic vs. English) and 

information filtering on Amharic documents is highly advisable. 
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