
ADDIS ABABA UNIVERSITY 

SCHOOL OF GRADUATE STUDIES 

WORD SENSE DISAMBIGUATION FOR AMHARIC 

TEXT RETRIEVAL: A CASE STUDY FOR LEGAL 

DOCUMENTS 

'

" ;!:I;" 
, /"D~_, :"",l _ . 

By: Teshome Kass"ie,c.,·' '. 

L \'," .- .. 

';, ' ;. 

A THESIS SUBM ITTED TO 

THE SCHOOL OF GRADUA TE STUDI ES OF ADDIS ABABA UNIVERSITY IN PARTIAL 

FULFILLM ENT FOR THE DEGREE OF MASTERS OF SCIENCE IN COMPUTER 

SCIENCE 

April , 2009 



/ 

ADDIS ABABA UNIVERSITY 

SCHOOL OF GRADUATE STUDIES 

WORD SENSE DISAMBIGUATION FOR AMHARIC 
TEXT RETRIEVAL: A CASE STUDY FOR LEGAL 

DOCUMENTS 

! />,rX· if, ,_;" ,', 
By: Teshome KaS[S'i e,C~ ::;~. ,:' 

I I ',' \ I I .... -, ' 

A THESIS SUBMITTED TO 

T HE SCHOO L OF GRADUATE ST UDI ES OF ADDIS ABABA UN IVERSITY IN PART IAL 

FULFILLMENT FOR TH E DEG REE OF MASTERS OF SCIENCE IN COM PUTER 

SCI ENCE 

; 

Api'iI, 2009 

-~-, 
" 



ADDIS ABABA UN IVERSITY 

SCHOOL OF GRADUSTE STUDIES 

FACULITY OF INFORMATICS 

DEPARTMENT OF COMPUTER SCIENCE 

WORD SENSE DISAMBIGUATION FOR AMHARIC 
TEXT RETRIEVAL: A CASE STUDY FOR LEGAL 

DOCUMENTS 

By: Teshome Kassie 

Approved by examining board: 

I. ______________ __ 

2. ______________ __ 

3. ______________ __ 

I 
J 



DEDICATION 

To my family- Kibretie Alemayehu 
Samuel Teshome 
Heran Teshome 
Daniel Teshome 
Yo.-danos Teshome 

\ 

J 



TABLE OF CONTENTS 

List of tables ... ......... ........ ...... ... ...... .... .... .. .......................... ................. ....... .... ............................... iii 

List offigures .................. ..................................... ....... ....... .. ......................... ................. .. ....... .. .... iv 

List of appendices ..... ..... ...... .. ... ...... ........ .... ... ........ ........... ... ..... ....... ... ........ ... ........ ... ....... ............... v 

List of Acro nyms .................. . ......... ... ...... ... .. ...................... . ................................................. .. .... ... vi 

Acknowledgement. .. .. .. ....... ... ...... ... .. ..... .. ..... ......... .... ..... ...... ....... ..... .......................... .................. vi i 

ABSTRACT .......................................................................... ......................................... .. ........... viii 

I. Introduction ....... ..... ....... ..... .... .. ... .. .. .. ... .. ..... .... .. ..... .. ... .. ........... ............................... .. ............. I 

1.1. Background ........ .. ...... .. ..... .. ...... . .. .... ...... .......... .. ... .. .... .. .... .... ...... .. .......... .... ..................... I 

1.2. Motivat ion of the work ....................................... .. .. ................................. ... .... .. .... .. .......... 2 

1.3. Statement of the Problem ......... .............. .. ............ .. ........... .. .. .. ................. .. .... .. ................ 3 

I A. Objective of the Project ...................................... ............................................... .... ........... 4 

1.5. Scope of the project ............................................ ........... ......................... ....... .. ..... ............ 4 

1.6 . Organ ization of the thes is .......... .. .......... ............. .... ........ ..... ............................................. 5 

2. Research Methodo logy ............. ........ .. ................................. ............... ... ....... ... ............. .......... 6 

2.1. Corpus ...... .. .... .. .............................................. .................. ................................................... 6 

2.2. Word sense d iscr iminat ion for Information retrieva l ........ .. .................................................. 8 

2.3. Data Ana lys is ........ .. ........................ ..................................... ............................................... 9 

3. Litrature Review .... ..... .. .. .. .... ......... .. .. ....... .... .. ........ .... ................................. .. .......... ... ... 10 

3. 1. Informat ion Retrieval ............. .. .. .... ........ ... .. ............................. ................... ....................... 10 

3.2. Natural Language Process ing (NLP) ...................... .. .. .. ...... .. ... .............................. ............. 19 

3.3. Word sense disamb iguation (WSD) ..................... .. ................ ...... .... .. .. .. ................ .. .. .... .. .. 20 

3.3. 1. Ambiguity ............ .................................... .... ......... .. ........................ ... ..................... 20 

3.3.2 . Corpus- Based approach .. ..... ... .... ..... ........ ... .. .. ......... ........... ..................................... 22 

3.3.3. Supervised approaches ......... ... .... ............. ............................ .. ................................. 23 

3.3A. Unsupervi sed approaches .......................... .. ............. ................................... .. .......... 24 

3A. WS D and Informat ion Retr ieval ....... ... .. .. ..... .. ... .. ................... ................... ............ .. ........... 25 

3.5. Amharic Language ... ....... ................................. ............................... .. ........ .. ....................... 28 

4. Design of word sense ind uced info rm ation ret rieval protoype .. .... ......... ................ .. ............. 33 

4.1 . Preprocessi ng ................................ .................................. .. ....... ... .... .. ... .. ....... ............. ....... . 34 

4.1.1. Norma lizat ion ................ . .. .. ...................... ....... .... .... .. ............................................. 34 

4. 1.2. To keni zatio n .. ....... ... .................. .. ........................................................................... 35 

4.1.3. Stop word removal ............ .... .. .. ... ........................... ................................................ 35 

4. 1.4. Stemm ing ...................... .. .. .. ...... ................ .............. ............ ................................... 36 



4.2 . Word Space .................................... ....................................... ................... ........ ................. 36 

4.2. I . Random Indexing ............................... .................... ..... .. ......... .... .. ....... .. .. ................ 38 

4.3. Llicene ...................................... .. ....... .. ................................. .. ............................ ... .. .. ........ 43 

5. Im plementation ... ..... .... .... .... ........ ... ........ .......... .. ........... ... .... ...... ... ..... .. ................................ 44 

5. I . Experim ental Resu lts ................................................ .. ...... ... ............. ........ .... ..... .. .... ....... ... 48 

6. Conclusion and Recommendation ..... ...... ... ... .... .... .. ...... ... .... ............................. .. .................. 52 

6. I. Concilis ion ......... ... .. .. ....................................................................... .. ................................ 52 

6.2. Recommendations ...... ............................... ...... .. ........ .. .... ........ .... ... .. ....................... .. ........ 53 

References : ...... .... ....... .. ... ................... ... .... ......... .... ........ .................. .......... .................................. 55 

Appendices : ......... .......... ................. ......... ..... ..... ...... ............. ... .... .. .... .. ............. .... ..... ..... .. .. ......... 58 

II 



List of tables 

Table 3.1 Experimental result (Schutze and Pederson 1995) .. . ..27 

Table 3. 2 Types oj ambiguities oj Amharic ......................... 31 

Table 5.1 precision recall results ..... . . .... . 49 

111 



List of figures 

Figure 3. 1. Typeji-equencies, sorted in descending order .......... , .................... , ............ .. .............. , 12 

Figure 3.2 Conceptual scheme ofJR, (Fuhr, 1992). d = document, q = que/yo .. , ........ .. .............. , 16 

Figure 3.3 The task of word sense disambiguation (Nikumen, 2007) . ............ ,,, .... , .. , .. ..... , .. , .. , .. , .. , 22 

Figure 3.4. Precision- Recall graph [SP95j. ................ , ............ , ................... , ........ , .... , ...... , ........ , 27 

Figure 3, 5 results oflR base line and applica tion of errors (Sanderson 1994) .............................. 28 

Figure 4,1 Design of the system .......... . , .... , ........ , ................ " ..... , ...... , ........ .. ...... .... , ............ .. .... , .. , 33 

Figure 5, 1 showing document retrieval snapshot for a given query .. ...... " .... .. . , .. ...... ........ .. .... .. , ... 46 

Figure 5.2 showing results fo r que/y «t'ltlflJ"J » ............ " ............. , ........ ... ..... ............................... 47 

Figure 5.4 showing results for query " Uli)"} » ............... .... .................... ........ .. ............. ................. 47 

IV 



List of appendices 

Appendix I. Amharic Alphabets 

Appendix 11. Amharic Numerals .... ........ .. . 

Appendex III. Amharic Punctuation Marks 

Appendix IV Sample Normalized term to term vectors 

Appendix V Sample 0/ Document vectors representation 

Appendix VI. List o/Stop words 

v 

... ........ 58 

..... ... 59 

59 

.... ... .. 60 

.. .. .. 61 

......... 62 



ACM 

AP I 

CACM 

GTF 

HAL 

IDF 

IR 

LSA 

NLP 

POS 

RI 

RSV 

SVD 

TF 

TREC 

WSD 

List of Acronyms 

Association of Computing Machinery 

Application Programming Interface 

Communication of the Associat ion of Computing Machinery 

Global Term Frequency 

Hyperspace Analogue to Language 

Inverse Document Frequency 

Information Retrieval 

Latent Semantic Analysis 

Natural Language Processing 

Part of Speech 

Random Index ing 

Retrieval Status Value 

Singular Value Decomposition 

Term Frequency 

Text REtrieva l Conference 

Word Sense Disambiguation 

vi 



Acknowledgement 

I would like to thank Dr. Nega Alemayehu, my supervisor, fo r his enco uragement , patience and 

expert advice to finalize this thesis work. I would like to thank everybody that he lped and 

supported me in one way or another. 

Specia l thanks to Tessema Mindaye, Shibru Belete for the ir valuab le support in the course of 

the research. I also express my gratitude to Dr. Pau l R. Doresy and Caryl Lee Fisher from 

DeJcian Inc. for their reviewing this research and gave me their inva luab le comments. 

Finall y I would like to thank my famil y especially Samuel Tesho me. 

VII 



ABSTRACT 

This stud y demonstrates how lingu istic d isambiguation based on semanti c vecto r analysis can 

improve the effecti ve ness of an Amhar ic document query retr ieva l a lgorithm. 

Accurate document retr ieva l based on query criteria is important in every knowledge do main . 

The ability to retrieve appropriate documents is made more diffi cu lt by the fact that many words 

can have different meanings in different co ntexts. If search engines could disambiguate those 

words, more accurate retrieva l of documents shou ld be able to be achieved. 

For this study, an Amharic di samb iguation a lgorithm was developed based on the principles of 

semantic vectors and implemented in Java. The disambiguat ion algor ithm was then used to 

develop a document search eng ine. 

A set of 865 Ethiopian Amharic language legal statute documents were se lected as the 

document populat ion that wou ld be searched. Ten queries conta ining Amharic keywords with 

ambiguous meaning were se lected. An expert was used to identify which documents sho uld 

idooll y be retrieved by each query. Depend ing on the query, the expert identified between 6 and 

25 documents that sho uld be retrieved . 

The semantic vector query algo rithm created in th is study was compared to the well known 

Lucene a lgorithm. Each query was run us ing both algorithm s. The 20 most relevant documents 

were identified for each query from each algo rithm . 

For each query, the list of documents retrieved by each a lgorit hm was compared to the list of 

documents identified by the expert. The number of correct (consistent with the expert's cho ices) 

documents ret rieved by each algorithm was measured. 
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Results are that the semantic vector algorithm was superior for 6 of the 10 queries (Lucene was 

superior on 2 queries, and o n two they were tied). This difference was not statistica ll y 

significant. However, if the total number of correct document identifications are taken into 

account (not just which a lgorithm was superior for each query) then the semantic vector 

algorithm averaged 82% correct identification of documents where as the Lucene algorithm was 

only 49% accurate. This difference was highl y statistica ll y significant (p <0.02) less than the 

leve l of significant (p<O.OS) for rejecti ng null hypothesi s. 

The conclusion is that for Amharic lega l statute documents, for queries that include ambiguous 

keywords, the semantic vector a lgorithm is superior over lucene algo rithm. 

Keywords: word sense disambiguation, semantic vectors, Information retrieval. 
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WORD SENSE DISAMBIGUATION FOR AMHARIC TEXT RE TRIEVAL: A CASE STUDY fOR LEGAL DOCUMENTS 

1.1. Background 

Chapter One 

Introduction 

The rapid growth of information tec hnology and capab ility of information storage devices 

increase the availability of large co ll ections of texts/documents electro nically. The eno rmous 

increase in the amo unt of o nline text avai lable and the demand for access to diffe rent types of 

information have, however, led to a renewed interest in a broad range of IR- related areas 

[AL03]. 

Information retrieva l (l R) dealing with the presentat ion, storage, organ izat ion, and access to 

information items should provide the user with easy access to the infonllation in w hich he/she is 

interested. In IR system, the user must fi rst translate hislher in format ion need into a query 

which can be processed by the search engine (or IR system) [BY99]. Given the user query, the 

key goal of an IR system is to retrieve information which might be useful or relevant to the 

user. To be effective in its attempt to satisfy the user information need, the IR system must 

somehow 'interpret' the conte nts of the information item s (documents) in a co llectio n and rank 

them accord ing to a degree of re levance to the user query. This ' interpretation' of a document 

co ntent involves extracting syntact ic and semant ic information from the document text and 

using this inform ation to match the user info rmation need. The diffic ulty of retrievi ng relevant 

documents can be tack led by resolving ambiguities of words in the collection of texts. 

As in [SMJ03] ambiguity in natural language has long been recognized as having a negati ve 

effect on the performa nce of text based information retrieval (lR) systems. When an amb iguous 

wo rd is used in a sentence, hum ans are able to select the correct sense of that word without 

considering alternative senses. But in any app lication, a co mputer cannot be able to identify and 

reso lve the usage of ambiguous word s in processing natural language. Sanderson used the word 
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"bat", which has two meanings: an instrument used m sports to hit ball s; or a furry, flying 

mammal, to explain the co ncept [SM94]. 

Searching for a text from a large information repository where ambiguous words are com mon 

could resu lt with the inclusion of irrelevant texts where the user should filter aga in the required 

ones manuall y. This occurs mostly whe n there are polysemy wo rds i.e. words which have more 

than one meaning in the language used. These types of word s create ambigu ity in processing 

where a machine cou ld not identify the sema ntic of a given query to process according to the 

need of the user. From this perspective it is important to disambiguate those words in the 

co ntext of a given domain for the effectiveness of information retr ieval. 

Processing Amharic language text using computers has become common for more than two 

decades. This days government and non government organizations as well as individuals are 

using computer systems for processing documents in Am har ic. Documents are the major 

info rmation sources for researchers and the public in genera l. The increasing ava ilab ility of 

electronic documents creates a prob lem of info rm ation access effectiveness by providing 

irrelevant information. Developing a word sense di scrim inat ion induced information retrieva l 

system for retrieving Amharic legal documents for a query could help users of those documents 

for easy access. 

1.2. Motivation of the work 

The main motivation of this wo rk is to test the e ffecti ve ness of information retrieva l of Amharic 

texts by reso lving ambiguity of wo rds in the Amharic language corpus. 

Government regulations should id eall y be accessible with ease by lega l practitioners as we ll as 

users who need to use legal documents. In rea lity, regulations are vo lumi nous, heavil y cross­

referenced and often ambiguous. 
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The importance of information retrieval fo r the legal system and the ju risprudence is not 

questionable. Lawyers work wi th words, sentences, and texts. The language is a centra l subject 

of a lawyer's work. Legal thinking is based on the vocabulary of legal terms which are used to 

express a definite concept. The IR-system ca nnot distingu ish between term s with d ifferent 

meanings and thu s retri eves irrelevant texts for a qu ery. The user is not always aware of this 

de fic iency of the information stored electronicall y and a lso not able to overco me this problem 

by special research techniques [SW94]. To overcome thi s problem one o f the so lutio ns used is 

word sense di sambiguatio n (WSD) in NLP. Vario us researches have been undertaken in 

Amharic natural language process ing ([NW02]: [A BOO] ; [MEO I D. However, to the best of my 

knowledge there has never been a work on WSD. The intu iti ve of WSD in IR is to help users in 

getting re levant docum ents for the queries resulting in the effective ness of e lectronic docu ments 

retrieval systems. 

1.3.Statement of the Problem 

There are a lot of legal documents in Ethiopia which can he stored electronically and retrieved 

to support the day to day activities of lawyers and the public in genera l. Current ly, those 

documents are not well organi zed and stored electronica ll y for easy access. The Ethiop ian pena l 

code which is composed o f 865 articles, where in some cases artic les are composed of sub 

artic les is o ne of the legal documents w hich is used in the li ti gation process. Considering 

articles and sub articles as documents, the penal code has mo re than 865 documents. Users of 

the penal code search fo r a document/article among the above specified number o f documents 

manuall y. Manual search for a document is time consuming. In conventionallR, docum ents are 

retrieved by posting a query. Queries may be simply a collection of keywords. Inco rpo rating 

WSD to the IR system fo r a massive document repos itory is supposed to improve the result of 

the system fo r a given query. 
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Law consolidation activities, wh ich compile lega l provis ions through the identification or the 

act ive (working) regulations from the repealed regulat ions, required references to exist ing 

documents. Doing the above mentioned act ivit ies manually is cumberso me and time 

co nsuming. Furthermore, with the advent of information technology there is a need to establ ish 

E-Government with in the country as a result of which fede ra l and regional states could benefit 

fro m exchange of lega l provis ions withi n the country fro m electronically stored documents. 

Therefore, legal document retrieval with some simple mechanism is a necess ity with the 

co nsideration of Ethiopic script features with the appl ication o f WSD. 

1.4. Objective of the Project 

The genera l objective of the project is to design and develop an information retrieval system for 

lega l documents with the appl ication of WSD for Amharic language and evaluate its 

performance. The specific objectives of the research are: 

).> To collect a test data. To identify best parameters and values words which increase the 

effectiveness of information retrieval. 

).> To design and implement a retrieval system with WSD for Amharic lega l documents. 

).> To evaluate the effecti veness of the algorithm developed using re levance judgment. 

1.5. Scope of the project 

The scope of this study is to develop information ret rieva l prototype system usi ng word sense 

di scr iminat io n, which includes indexi ng co llection of documents, random indexing w hich is 

used for dimensio n reduction o f high dimension of word space created from the test col lection. 

In th is research work semantic vecto rs wh ich inc lude term vectors and document vectors 

fo rmulation will be created for the implementation of word sense ind uced information retrieval. 

4 
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1.6. Organiza tion ofthe thesis 

This thesis is organized into five chapters including the current one: 

• Chapter 2 deals with the methodology used in this research. It describes the corpus used 

for the work and the preprocess ing work that was done. 

• Chapter 3 includes a literature review of research on word sense disambiguation, 

information retrieval , and the combination of the two; i.e. the application of word sense 

for information retrieval system s. 

• In Chapter 4, the process of ind ucing word sense extracted from context is explained 

along with the components of the system. 

• Chapter 5 describes the implementat ion of the information retrieval system designed for 

this project, and the experiments with effectiveness measurement conducted using a 

traditional information retrieval system. 

• Chapter 6 summarizes the conclusions based on the research and recommendations for 

future study of this topic. 
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Chapter Two 

Research Methodology 

The research methodology describes the procedures used to conduct the research, including how 

the corpus was prepared , and how word vectors, context vectors, and sense o f word s were 

acq uired fro m the corpus. Weighting and implement ing the word meanings in the IR are 

described. 

2.1. Corpus 

The corpus used for our experiment is the Ethiopian Penal Code which is composed of 865 

articles. An article in a co rpus is consid ered as one document. Each document is identifi ed by 

its artic le number with respective title. In some cases, an article co nta ins sub-articles. The 

corpus has 19,493 words in size without the application of stemming, normalizing, and stop 

words removal. 

Before using a co rpus for the retrieval experiment, preprocessmg of the test corpus was 

performed. This preprocessing included normalizing, tokenizing, stemm ing, and stop word 

removal. Each preprocessing is described below. 

i. Normalizing 

Since Amharic language has some characters that represent the same sound, use of these 

characters differs from user to user. Such characters include:- U; rh;') i 1'1; U' i It; 0 and 

others. In order to exclude such variatio ns in processing the Amharic text, one character 

representation fo r the same sound is necessary, so such representatio n was used for the text 

included in the experim ent. 

6 



WORD SENSE DISAMBIGUATI ON fOR AMHARIC TEXT RETRIEVAL: A CASE STUDY fOR LEGAL DOCUMENTS 

ii. Stop word rcmoval 

In info rm ation retrieva l systems, the analys is o f word distribution in the corpus is important. 

Accord ingly the frequency d istri bution of words is considered. The usage of words in eac h 

se ntence has to be analyzed. Sentences are formed by using a sequence of words or terms. 

The frequency d istribution of these terms in the corpus has different values. In other words, 

there are hi gh and low frequency terms. In infonnation retrieval, content words are a more 

important factor in the perfo rm ance of IR system s than function o r stop words, which 

although occu rring in high frequencies, have less importance. For this reaso n, sto p words 

were removed befo re indexing docu ments for retrieval. 

iii. Tokcnizing 

The process of d ividi ng the input text into units called toke ns, where each token consists of 

e ither a word or something e lse such as a num ber or a punctuation mark is called 

tokenization. The inp ut text is token ized with regard to the Amharic language characteristics 

used to retrieve the documents. 

iv. Stcmming 

In most cases, morpho logical variants of wo rds have simi lar semantic interpretations and 

can be cons idered as equiva lent for the purpose of IR appl ications. For this reason, a 

number of so-called slemming algorithms, or slemmers, have been deve loped, wh ich 

attempt to reduce a word to its stem or root fo rm. Thus, the key term s of a query or 

document are represented by stems rather than by the origina l word s. This not only means 

that different variants of a term can be conjlated to a s ingle representati ve form, but it also 

reduces the dictionmy size, that is, the num ber of distinct terms needed for representing a 

set of docum ents. A smaller d ictionary size resu lts in a savi ng of sto rage space and 

processing time. 

7 
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For IR purposes, it does not usually matter whether the stems generated are genuine words 

or not. Therefo re, "computat ion" might be stemm ed to "comput" provided that (a) different 

words with the same "base mean ing" are conflated to the same fo rm , and (b) words with 

distinct meanings are kept separate. An algorit hm that attempts to co nvert a word to its 

lingui stically correct root ("co mpute" in th is case) is so metim es called a lemma lise,.. 

2.2. Word sense discrimination for Information retrieval 

Since word sense discrimination greatly enhances the results of an information retrieval system 

query, [SC98], [SP95], this type of method was used for the research descr ibed in thi s project. 

After the preprocessing stage, highl y frequent words were analyzed for opt imum selection of a 

freq uency thresho ld. From these highly freq uent words, a term-term matrix C was constructed. 

The entry C;j is the number of times that word i and word j co-occur in a symmetric wi ndow of 

total size k. 

To reduce the high real va lued d im ens ion of the matrix, singu lar value decompositio n (SVD) is 

used. Co lumn elements rep resent entries of the thesauru s vector. Simi lari ty between thesaurus 

vectors for each was calcu lated using a cosine distance function. Cos ine distance measures the 

semanti c relation between words. A thesaurus is constructed by associating eac h wo rd with its 

nearest neighbors. A co ntext vector is derived from the sum of the thesaurus vectors of the 

context words. After identifying context vectors corresponding to a ll occurrences of a particular 

wo rd, vectors were partitioned into regions of high density, where each regio n cou ld map 

according to word meaning. 

For disambiguation of a given word, the context vector of its occurrence was co mputed. Then 

the meaning of the occurrence was assigned for the closest centroid (average) of the region. 
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For the final stage of thi s experiment, word mean ings was used for information retrieval by 

replacing words by their meanings in the representation of documents and indexi ng. This should 

improve the precision and recall measurements of information retri eval for Amharic texts. 

2.3. Data Analysis 

There are different ways to evaluate the performance of word sense disambiguation (WSD) 

algorithms: Sense tagged data, pseudo words, upper and lower bounds on performance, 

SENSEVAL are among the techniques used for evaluation. 

Sense tagged data are used to compare the accuracy of the disamb iguation a lgorithm in 

contrasting the resu lt of a disambiguated word with the predefined word sense. Due to laborious 

and time consuming of sense tagging manually of a large volume of corpus, pseudo words 

which are artificial words are used for evaluating word sense disamb iguation. Pseudo words are 

created by conflating two or more natural words. For example, one can replace banana and door 

by an artificial word banana-word in the corpus. Usi ng the text with pseudo words as 

amhiguous source text and the original one with amhiguous words disam biguated is used for 

evaluation [SM941, [MS99]. 

For our experiment, the evaluation of information retrieval system was done based on the 

precision and recall measurements by formulating a set of queries for retrieva l purposes. 

Domain expert was involved to evaluate the prototype system . 
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3.1. Information Retrieval 

Chapter Three 

Litrature Review 

Information retrieval (IR) involves the representation, storage, organization of, and access to 

inform at ion items. The representat ion and organ izat ion of the information items in the 

system should provide the user wi th easy access to the desired [SM83]. 

The need for effecti ve methods of automated IR has grown because of the tremendous 

exp losio n of the amount of unstructured data, inc lud ing internal, corporate document 

collections, and the growing num ber of document sources on the Internet [EGO I]. 

Information retrieva l systems typ ically use index terms to index and retrieve docu ments. 

An index term is any word which ap pears in the text of a document in the co ll ectio n. The 

retrieva l of documents using index terms is based on not ion that the semantics of the 

documents and the user 's informatio n need can be naturall y expressed through sets of index 

terms [BY99]. 

IR techno logy can be categorized into two broad categori es; semantic and stati st ical 

approaches. Statistical approaches deals w ith several different techn iques: Boolean, 

extended Boo lean, vector space, and probab il istic. Statist ical approaches break documents 

and queries down into terms. These terms are the populati on that is counted and measured 

statistically. Most commonly, the terms are words that occur in a given query o r collection 

of documents [EGO I ]. 

The c lass ica l problem in IR is the ad -hoc retrieva l prob lem where a user enters a query 

describing his or her desired information. The system returns a list of documents with 

respect to the query. Exact match system return documents that precisely fulfill some 

10 



WORD SENSE DISAMBIGUATION FOR AM HARIC TEXT RETRIEVAL: A CASE STUDY FOR LEGAL DOCUMENTS 

structu red query expression, of which the best known type is Boolean queries. But for large, 
heterogeneous document collections, the result sets of exact match queries are usually 
empty or huge and unwieldy, some recent researches have concentrated on systems which 
rank documents according to their estimated relevance to the query. For such systems 
probab ili stic methods are useful [MS99 j. 

Most IR models are statistica l in nature; they wi ll either explic itl y or implicitly assume a 
certain distribution of the textual data. Assuming that the data has certain stat istical 
properties makes it poss ible to draw statistica l inferences [K W04]. The wells known 
statistical distributions cons ist of the normal (Gaussian) distribution and the binomial 
distribution. The fonner is a continuous distribution, where the random variable has a 
cont inuous domain; the latter is a discrete distribution, in this case with two possible va lues 
for the random variable. 

Some of the distributions which have been used to model textual data in the context of IR 
are Zipfs law, the binom ia l distribution, the multinomial distribution, the poison 
distr ibution, and the 2-poison distribution. 

Zipfs law: describes the distribution of words in a corpus. The hi stogram of words 
occurring in a corpus with the words stored in descending frequency shows a non linear 
curve. The distribution is not homogeneous but skewed. Z ipf approximated the shape of the 
histogram with the formula: 

f X r = c, where ,f is frequency, r is rank and c is constant. Figure 3. 1 shows the hyperbolic 
curve of the hi stogram[KW04]. 
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Figure 3.1. Type frequellcies, sorted in descellding order 

The hyperbolic curve re fl ects the fact that there is a small vocabulary which accounts for a 

large part of tokens in the text. These wo rds are mainly function words. Z ipf explains the 

hyperboli c distribution by w hat he call s the " least effort princ iple," assuming that it is easier 

for a wri ter to repeat certain words instead of using new words. 

The Zipf distribution shows that the majo r part of the types in a text are quite rare, which 

poses practica l prob lems fo r parameter estimation in statistical IR mode ls: the sparse data 

problem. On the other hand, the reciprocal re latio nship between rank and freq uency cou ld 

be taken as a starting po int for index term se lection [KW04]. This idea is to sort word types 

accord ing to their frequ ency in a corpus. As a second stem, the high freq uency words can be 

elim inated because they do not discr im inate we ll between the documents in the co llection. 
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Thirdl y low frequency terms below a certain threshold can be removed because they occur 

so infrequently that they are se ldom used in the user's queries. T hi s approach resu lts in the 

reductio n o f an index size significantl y. 

Binomial distribution: The binomial distribution is one o f the standard statistical 

distribut io ns. It co ncerns the outcome of a series of ( independent) Bernoulli tr ials. For 

example, one could use a t-test to investigate whether the number of occurrences of a word 

in a document is s ignifi cantly higher than what cou ld be expected on the bas is of g lobal , 

co ll ection wide, word counts. High sign ificance could be an indicator for a good index term 

[KW04J. From Z ipfs law that most words occur very rare ly, the assum pt ions requi red for 

normality ap proxim atio n often do not hold because of the sparse data prob lem. 

The multinomial distribution: With this d istribution, a discrete sample space is take n, 

where a trial can have m outcomes instead of two in binom ial. We ca n model the probabi lity 

that each of the m outco mes occur with a freq uency f; after n trial s as shown here: 

I'l l 
m (fl ,fz ,.h ... j;,.,; n , p :,pz,Pl ,· ··p"' : = j'lj'I '" "I 

I, 2,J3, .. 'J",. 
Pl h p,h [" , ') h ', . t:. .' . .• ~ 111 

I "", 1 I '''' f' W Jere L. I _ I Pi = anc L.. 1_ l . I = n 

The above equat ion can be fonnu laled as fo llows: 

I'II (S ) = 11 '" ) f 
IT '" "I n PI' 

/ - 1]1 ' 1_ 1 

where m(S) denotes the probability that the sentence S is drawn from a multinomial 

distribution. 
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The probability of a certain sequence of events (assum ing that the events are independent) can 

be modeled by the mult iplication of the probabilities of the individual events as shown here: 

'II 

P (TJ , Tz, . .. , Til i = n P (Tj.' 
1= J 

A mu ltinomial distribution is a word unigram model application in an example, which 

corresponds to a zeroth order Markov Model, without any state history. The multinomial 

distribution intuit ion is that the probab ility of relevance of a document with respect to a 

query can be modeled by the probability that the query is generated by a unigram model 

of which the parameters are est imated from the document. This can be exp lained as 

follows: for each document we bui ld a small statistical language model and estimate the 

probability that it generated the query 

The Poisson distribution: The Poisson distr ibution is used to model the number of occurrences 

of a certain random event in fixed size samples. 

The Poisson distribution is described as fo llows: 

where p(k; Ai) is the probability that a certain event i occurs k times in a unit. The Poisson 

distribution has the interesting property that both expectation and variance are equal to Ai. The 

Poisson distribution is a limit of the binomial distribution where the number of trials approaches 

to infinity and the probability p is approach ing zero, whi le n.p remains equal to A; . 

The Poisson distribution has been used in IR to model the distribution of terms over documents, 

i.e. we apply the model to predict the probability of the term frequency k ofa certain term i in a 

random document: PiCk) = p(k; Ai). The parameter Ai is the average term freq uency of term i in 
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the coll ection which is equal to the g lobal term frequency gtf; (number of occurrences of term i 

in the co ll ection) divided by the number of documents. 

The Poi sson d istribution makes the fo llowing assumptions which do not hold for actual text 

data [K W04 J. 

I. The probability of more than one occurrence of a term is much smaller than the probability o f 

one occurrence. In reality, when a term is used, it is o ften used more than once (burst iness). The 

fact that terms are not independent is an assumption of Po isso n. The deviation between 

pred icted and observed frequency is especia ll y prominent for content term s, which are of prime 

importance for IR . 

2. Po isson models the frequency of occurrence in a fixed interval. In reality however, the length 

of documents in a co ll ection is extremely variable, si nce length differences ofa factor of 100 or 

more do occur qui te frequently. 

The 2-Poisson model: This model prov ides a better fit of the term frequency distribution of 

co ntent terms. It is assu med that a co llection of documents can be divided in to two c lasses, a 

document is either about a certain te rm or it is not. 8 0th document classes are modeled by a 

Po isso n d istributi on, but in this case, the probability of a term i occurring k tim es is modeled by 

co mb in ing the est imates from both models as shown here: 

where AI and A2 are the average number of occurrences in the two class docum ents, a is the 

probabilit y that a document is re levant. The 2-Poisson model postulates that a word can either 

be of central im portance for the content of a document, o r can occur spuriously and should not 

be considered as an ind ex term . 

The Conceptual scheme of the IR process is shown in the Figure 3 .2. 
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Figure 3.2 Conceptual sclteme of JR, (Fultr, 1992) . d ~ document, q ~ query. 

,.. RSV 

The IR task consists of a user that poses a certa in query g, a collection of docu ments d l ,d2, 

... ,dN and an IR system. The indexing process co nsists bas ica lly of term select ion, because 

conventiona l automated I R systems wo rk with fu ll text documents in a post-coo rdinated 

retrieval sett ing. The indexing process thus extracts the representat ions g' fo r the query and d' 

fo r each document. Th is representation level is used by the c lassica l Boolean retrieval model, 

mo re advanced IR mode ls app ly term weighting, yie ldi ng the descrip tions q" and d". Fi nall y, 

the IR system app lies a matching fu nct ion R(q"d) which computes a ranking score (retrieva l 

status value: RSV) fo r each document dJ given a query q,. Apart from the query and document 

descriptions, the ranki ng function usuall y uses global co llection statistics. The resul ts of the 

retrieval process can be evaluated by judging the re levance re latio n between the document and 

the q uery [K W04]. 

m. models: As described by Kraaji [K W04] the three main IR models are: 

• Logical models 

• Vector space models 

• Probabili stic models 
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The best known a logical retrieval model is Boo lean retrieval mod el. The query q can be 

expressed using index terms and operators from the Boo lean algebra: conjunction, disjunction 

and negation. These logica l operators have an intuitive set-theoretic sema nt ics : each index term 

refers to a set of docum ents indexed by that term . The AN D operato r restricts the query result to 

the intersection of two sets, the OR operator yie ld s the union and the NOT operator provides the 

difference between the sets. 

In the vector space model the relevance of a document d for a query q is defined as a distance 

measure in a high-dimensional space, therefore vector space models could also be called 

algebraic models. The distance measure actually serves as a metric to compute the similarity 

between queries and documents. In o rder to compute this similarity measure it is necessary to 

first project documents and queries in the high-dimensional space defined by the vocabulary of 

index term s. 

The class ica l probabilistic models exploit the different distributions of terms in the class of 

relevant and the class of non-relevant documents. They calculate query term weights which are 

directly related to the term in question present in a releva nt document. Recently, another 

probabilistic approach to IR based on statistica l language mod els has proven quite successfu l. 

The intuition here is that the probability that a document is relevant with respect to a query can 

be modeled by the probability that the query is generated by a combination of two language 

models: a model estimated on the document in question smoothed by a model which is 

est imated on the complete document collection [KW04]. 
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Primary data stru cture in most IR system is an inverted index [MS99]. Inverted ind ex is a data 

structure that lists (for each wo rd in the co llection) a ll documents that contain it and the 

postings and frequency of occurrence in each document. An in verted ind ex makes it easy to 

search fo r lists ofa query word . One j ust goes to the part of the inverted index that corresponds 

to the qu ery word and retrieves the docu ment listed there. Inverted index also contai ns a ll 

occurrences posi tion in the document. An inverted ind ex with position information lets users 

search fo r phrases. 

In some IR systems all wo rds are not represented in the inverted index. A stop list or function 

word s, which are unl ike ly to be usefu l for searching, are excluded from the index. A stop list 

has the advantage of reducing the size of the inverted index. According to Zipfs law a stop list 

that covers a few dozen words can red uce the size of the inverted index by half [MS99]. 

The semantic approach of IR is based on knowledge of the syntax/semantics of the natural 

language in wh ich the document text is written. This approach attempts to address the structure 

and meani ng of textual docum ents directly instead of using o nly stat istica l measures for 

representation. 

One aspect of semantic approach deals with interpreting meaning at the leve l of c lauses and 

sentences, rather than just analyzing indi vidual word s. Disambiguatio n o f words hav ing 

multiple senses is a semantic approach where a word can onl y be disambiguated in the context 

of the phrase, sentence, or larger text unit in which it occurs. 

A fundamental problem in in fo rm ation retrieval is word mismatch, which refers to the 

phenomeno n that the users o f IR systems often use different wo rds to describe the concepts in 
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the ir queries. For example, documents related to an IR query sometimes co ntain only the 

synonyms of the query word s instead of the query words themselves. A simpl e IR system with 

no knowledge of synonyms ra il s to recognize the relevance of these documents to the query. In 

such cases IR systems can be improved by cons idering the syno nyms of the query words as part 

of the IR query. However, onl y relevant synonym s of the query words in the given context 

contribute useful information to the query to whic h this thesis work pertains. 

Research has been done in natural language processing in various languages to support the 

development of effic ient information retrieval (lR). In Amharic language processing for 

instance, stemming [NW02], Part of Speech Tagging [MEO I], and Parsing [A BOO] are among 

the efforts to develop and support IR and other language technology system s. 

3.2. Natural Language Processing (NLP) 

Natural language processing (NLP) is the branch of computational linguistics which is 

concerned with bui lding models and tools that process human language. Theoretica l lingui stics 

is concerned with describing (and explai ning) express ions o f natural language using a rule­

based symbolic, Hidden Markov Model framework. Traditionally there are several leve ls o f 

linguistic anal ys is distingui shed as fo llows: 

Morpho logy: is concerned with assigning an internal st ructure to words. 

Syntax: is concerned with assigning an internal structure to sentences in terms of grammatical 

relationships. 

Semant ics: is concerned with interpreting the meaning of a sentence in terms of an 

unambiguous formal language. 
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Discourse ana lys is: is concerned wit h the ana lysis of language phenomena that exceed the 

se ntence leve l e.g. , referring expressions. 

3.3. Word sense disambiguation (WSD) 

3.3.1. Ambiguity 

Definition: I. Ambiguity is the property of being ambiguous, where a word, term, notation, 

sign, symbo l, phrase, sentence, o r any other form used for communicati on, is ca lled ambiguous 

if it can be interpreted in more than one way [A W08 ]. 

2. Something is amb iguous when it can be understood in two or more possib le 

senses or ways. If the am bi gu ity is in a single word it is called lex ical ambiguity. In a sentence 

or c lause, it is called structural ambiguity [CQ03 ]. 

Classification of Ambiguity 

With the given definition ambiguity is context dependent where same communication may be 

ambiguous in one context and unambiguous in another context. For a wo rd, ambigui ty refers to 

an unclear cho ice of d ifferent definitions which may be found in dictionaries. 

As described by Qing-liang [ZQ05 ] ambigu iti es can be divided into two main categories: 

Ambiguous word s and ambiguous sentences. Each main category has different types of 

ambiguit ies. 

Ambiguous words : 

Amb iguous words can be further classified as homonymy and po lysemy 

I. Homonymy: A case of homonym y is one of an ambiguous word, where d ifferent 

cases are re lated to each other in any way. Homonym y can be furt her divid ed in to three types. 
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(i) Homographs: words that have the same spelling but differ in sound and 

meaning are called homographs, e.g. bowlbaUI v. (bend the head and body in 

respect)- bowIbEU/n. (a device fo r shooting arrows). 

(ii) Homophones: Words that are identical in so und but differ in spell ing and 

mean ing are called homophones, e.g. air- heir, see-sea. 

(ii i) Full homonyms: Word s that are id entical in sou nd and spelling are call ed 

full homonyms, e.g. ball n. (a round object used in games)- ball n. (a gathering 

of peop le for dancing) . 

2. Polysemy: A case of polysemy is one where a word has several clearl y related senses, 

e.g. mouth (of a river vs. of an animal), the two senses are clearly related by the concept of an 

opening from the interior of some solid mass to the outside, and ofa place of issue at the end of 

some long narrow channe l. 

Ambiguous sentences: 

A sentence is ambiguous if it has two (or more) paraphrases which are not themselves ' 

paraphrases of each other [ZQ05]. Fo r example the sentence " Visiting re latives can be boring" 

can be paraphrased into two ways: 

• It can be boring to visit relatives. 

• Rel atives who are visiting can be boring 

Word sense disambiguation is the problem of select ing a se nse for a word from a set of 

predefined possibilities [MP05]. The possibi lities include Sense Inventory whi ch usually 

comes fro m a dictionary or thesaurus, knowledge intens ive methods, supervi sed learning, 

and (sometimes) bootstrapping approaches. 
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Machine translat ion, information retri eval, question answering and knowledge acq uisition 

are some of the appl icat ions of word sense disamb iguat ion [MP05]. 

The automatic disambiguat ion of wo rd senses shown in FigureJJ is an " intermed iate task" 

which invo lves two steps [IV98] : 

• The determination of all the different senses for every word re levant to the text or 

disco urse under consideration. 

• a means to ass ign each occurrence of a word to the appropriate sense 

MACHINE 
/ TRANSLATION 

/ """-----' 

Assign correct text - Collect senses 
-~ se nses for wo rd s 

INFORMATION 
RETRIEVAL 

Figure 3.3 The task of lVord sense disambiguation (Nikulllell, 2007). 

In order to address ambigu ity in natu ra l languages, there are three main approaches: knowledge-

based, corpus-based and hybrid approaches. Each wi ll be discussed in turn. 

3.3.2. Co rpus-Based approach 

A corpus based approach extracts word senses from a large annotated data whic h is a sense 

tagged. The possible means of identifying attributes o f senses of the ambiguous words are the 

distributional information, context and addit iona l knowledge that has been annotated in the 

corpus o r added during preprocess ing. D istributi onal information about an ambiguous word 
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refers to the freq uency dist ribut ion of its senses. Context is co mposed of wo rds fo und nearest to 

a certa in wo rd which can be to the left or the right of a word. These co ntexts can be refereed as 

co llocationa l or co-occurrence information. With corpus-based addit ional so urces, such as 

lemm as, part of speech (POS), syntacti c annotations, etc ca n be used. Based on these 

approaches many research have been done. 

The major problem with this approach is the avai lability of sense tagged co rpora where raw 

corpora do not indicate which se nse is applicable fo r a word in a g iven text. I n ord er to use 

corpora as information resource for WSD, they have to be annotated with word senses, whi ch is 

a very labor intensive process. A search of the li terature indicates that there has not been a lot of 

sense-tagged material availab le publicly, especia lly for languages other than Engli sh. One 

approach to solve the prob lem is to manuall y sense tag corpora using a g iven sense inventory 

such as WordNet's hierarchies o r dictionary sense list ings . The other approach is the application 

of less data-intensive methods with respect to annotated data approaches to WSD, such as 

bootstrapping or unsupervised techniques. Within the corpus-based approaches there are two 

possib ilities: supervised and unsupervised WSD. 

3.3.3. Supervised approaches 

The supervised approach uses the annotated data for training which basicall y refers to a 

class ification task. In the training phase on the disamb iguated corpus, in form ation about context 

words and other knowledge sources included in the system as we ll as distributional in format ion 

about the different senses of an ambiguous word are co llected in the testing phase, the se nse 

with the highest probability or sim ilari ty computed on the basis of the train ing data se lected. 

Train ing and evalu ating such algori thms requires a sense tagged co rpora. 
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Exemplar Based. rule based and probabilistic approaches are so me of the techniques used in 

supervised WSD systems. Use of different probabilistic c lass ifiers is the other technique used in 

supervised WSD. Due to the re lative simpli cit y. narve Bayes has been frequently applied in 

WSD with good result s. 

3.3.4. Unsupervised approaches 

Unsupervised approaches have been appl ied for a raw text material where annotated data is only 

needed for evaluation purposes. These approaches refer to the clustering task rather than 

c lassification task se nse tagg ing. which is not possible in a completely unsuperv ised way some 

characterization of senses must be provided. 

Disambiguation as sense discrim inat ion can be achieved thro ugh unsupervised cl ustering. This 

invo lves clustering the contexts of an ambiguous word into a number of groups and 

discriminates among them without labeling them [PB97J, [SC98]. 

Oootstrapping is used in the unsupervised approach. Bootstrapping means that a small corpus is 

sense tagged by hand and statistica l informat ion is extracted from the context of these 

occurrences. Iterative ly. large amounts of unlabeled data are then labe led using the information. 

and the new correctly labeled data is then used as input to co llect statistical information. Us ing 

this method labeled data can be acq uired quickly and incrementally. The quality of 

bootstrapping is assured through hand correction. The bootstrapping method achieved good 

results [KY98]. [MMO I] . [YD95]. 

The other means to so lve the need for hand tagged data are parallel corpora [0194]. [[NWC03]. 

In a bilingual corpus. word correspondences are identified and the translations are used as sense 

tags. As noted by Ng et. al [NWC03] . tying sense distinctions to the different translations in a 

target language introduces a more data oriented view of sense distinction and also adds some 
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mo re objecti vity to defining senses [NWC03]. Using paralle l corpora mainl y include the size of 

the paralle l corpus required with the quality of the word al ignment. The ot her problems with 

this method are the limited coverage (words do not appear in the co rpus or lack of examples for 

secondary senses) and mutual ambigu ity across languages. Another problem noted by Diab and 

Resinik [DR02], is that even though a word-sense comb inat ion is translated with some 

consistency into a relat ively small set of words, it rarely contains unambigu ous words. They 

therefore assume that wo rds havi ng the same translation at least share a dimens ion of meaning 

if not the exact sense [DR02]. Diab and Res inik use WordNet as a sense inventory fo r the 

translations and an al gorithm which re inforces the correct sense of a word by the semantic 

similarity of other words with which it shares those dimensions of meaning. 

3.4. WSD and Information Retrieval 

As noted by Krovetz and Croft, word senses provide a signi ficant separation between relevant 

and non-relevant documents provided that other factors contribute to the performance 

improveme nt in applying disambiguation [KCn]. Krovetz and Croft have done experiments on 

two standard test co llections of information retrieval, co mmunicat ion of the ACM (CACM) and 

Tim e Magazine with four types o f informat ion retrieval mechanisms: 

I. Coord ination match: Base line; docum ents quickly scored according to number of words 

that matched the document 

2. Frequency we ight ing : A standard TF.IDF weighti ng bases on the probabilistic Model 

3. Sense weighting: using the standard method by rep lacing the IDF component by a sense 

weight 

4. Combined: Modification of frequency weighting to incorporate a term 's degree of 

amb iguity 
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Experimenta l result shows that word sense we ighting im proved retrieval effectiveness by a 

small amo unt in one collection, and had no difference in the other co llection. Their reason ing 

regarding the resu lts was t hat ge nera l vocabu lary word s used which led to that anomalo us 

frequency distribution can be useful for detecting domain specific word senses. In thei r analys is 

they stated that stemming in queries cou ldn' t capture all of the variants a word can have such as 

actor, actress which can be stemmed to "act". Describing a ll of the pitfalls in their experiment, 

they argue that word sense disamb iguation wi ll have the greatest impact on a search that 

requires a high leve l of recall. 

Rep lacing the words in a standard "bag of words" text representation is used for information 

retrieval application. Text is analyzed into word s where each word occurrence is annotated by a 

disambiguation algorithm [SP95]. Their disambiguation algorithm was tested on queries of 5 1-

75 of the category B TREC-l co llection wh ich contains 170 ,000 documents from the wa ll street 

journal , the queries containing 1013 different terms. They considered 50 occurrences per sense 

as the min imum amount of data necessary to dislingu ish betwee n senses. Using this statistic, the 

number of senses for word w was defined as f/50, f indicat ing the number of occurrences of w 

in the co rpus. The 1013 query terms in the corpus were c lu stered with the predetermined 

number o f clusters. Context vectors for eac h term of a query in the corpu s were computed and 

assigned to the closest ce ntroid (average of context vectors). Then documents in corpus were 

indexed with the automaticall y assigned senses rather than term s. The resu lts of the word based, 

sense based and comb ined based searches are shown in Tab le 3.1. 
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Table 3.1 Experimental result (Schutze and Pederson 1995). 

recall word-based sense~based combined 
at 0.00 0.693 0.788 +13.7 0.854 +23.2 
a t 0.10 0.540 0.629 +16.5 0.645 +19.4 
at 0.20 0.453 0.503 +11.0 0.506 +11 .7 
at 0.30 0.385 0.427 +10.9 0.434 +12.7 
at 0.40 0.315 0.340 +7.9 0.347 +10.2 
at 0.50 0.264 0.260 -1.5 0.291 +10.2 
at 0.60 0.206 0.198 -3.9 0.229 +11.2 
at 0.70 0.165 0.145 -12 .1 0.1 74 +5.5 
at 0.80 0.118 0.110 -6.8 0.129 +9.3 
at 0.90 0.085 0,076 -10.6 0.091 +7.1 
at 1.00 0.061 0.057 -6.6 0.059 -3.3 . . average precISIon (not-mterpolatcd) over all real docs . 

I 0.299 10.321 +7.4 10.342 +14.4 

Schutze & Pederson concluded that word sense-based retrieval with the average precision of II 

po ints o f recall increased by 4% where the combined ranking of word-based and sense-based 

retrieval incorporating WSD achieved a relative improvement of 14% over the basic vector 

similarity mode l as shown in fi gure 3.4. 
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Figure 3.4. Precisioll- Recall graph [SP95/. 
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Sanderson (1994) used artificial pseudo-words to measure the effects of ambiguity on CACM, 

Cranfie ld, and TREC-B co llections. Introd ucing artificiall y ambiguous term s to the collections 

he measured the retrieval performance against a baseline for the original co ll ect ion. According 

to his best resull with these collections, he found that queries wi th one or two terms are readil y 

affected by amb iguity. For longer queries there was li ttle measurab le effect as longer queries 

can be considered as disambiguated which concurrence word of the query terms. Although it 

has an effect on one to two terms, errors of disambiguation more than 10% degrades IR 

performance. The result of his experiment on 5 words pseudo words is shown in Figure 3.5 with 

f-maX/ length of query words [SM94]. 
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Figure 3.5 results of IR base line and application of errors (Sanderson 1994). 

3.5. Amharic Language 

Amharic which belongs to the Semitic fam ily of languages, is written in the unique and ancient 

Ethi opic script inherited from Geez language). Amharic is the second most spoken Semiti c 

language in the wo rld, next to Arab ic. Amhari c is spo ken by roughl y 30% of the popu lation as a 
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first language, and an add itio nal 20% as a second language, totaling about halfofthe population 

in Ehiopia which is estimated 67 milli on according to the 1998 census. Amharic is the language 

of some 2.7 mill ion people li ving in Egypt, Israel and Sweden, and is spoken in Eritrea. In 

general , there are more than 34 million speakers of Amharic [MMJ]. 

As Bloor [BT06] described in his paper, scholars who believe that Ethi opi c is der ived from 

Sabean claim that when Geez adopted the Sabean system, a number of symbo ls were dropped . 

This didn' t happen when Amharic and Tigrinya took up the system from Geez. They kept all 

the symbo ls (later add ing 8 more consonants not used in Geez, even later adding a modifi ed 

fo rm of the Ibl sym bol to represent the fo reign phoneme Iv!). This resulted in a considerab le 

redundancy, particularly in the case of Amharic, wh ich lacks several consonant sound s fou nd in 

the phonology of Geez. Because of this 4 distinct sets, which each set conta ins 7 symbo ls can 

represent the sound Ih/+ vowel: U; ,h ; 'Ii ; .); two sets represent lsi: 1'1, U' and two Is'l 

(ejective) lI, O. The 44 labialized co nso nant symbols (lkwai, etc) are a lso arguab ly 

redundant, who lly or part ial ly, and there is cons iderable variation in the spell ing ur many words 

that may involve them. 2 sets of 7: n, 0 are also considered consonant- less vowels as a 

redundancy [BT06]. 

Amharic has thirty four consonants with seven vowels [BY87]. Redundancy of Amharic 

symbo ls resu lts in some confusion of written Am haric word s. Fo r example OIJ,e, lIlJ,e literal 

mean ing "cond uct" ; U,eo'I';'-)', ;::.,e0?<;")' , ,h,e°?';")', '/,eO?<;")' literal meaning " re ligion" are 

various writing forms of a single word with diffe rent symbols exist ing in the Amhar ic 

language. 
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Bloor [BT06] expla ined that Eth iop ic writi ng system was passed on from Geez to Amharic and 

T igrinya. The writing system of the Amharic language is syllabary, which uses one character 

per syll ab le. 

Unlike Arabic and Hebrew, Amharic is written from left to right. The Amharic system does not 

have distinctions between upper case and lower case letters. 

Word boundaries were originally unmarked and later indicated by two verticall y placed dots 

like a colon C:) [BT06J. Nowadays, letter spaces are used for the separation of words especiall y 

to process Amhari c documents electronically. However frequent use of a co lon for the 

separation of words still prevail in hand written form. Sentence boundary is indicated by four 

. 
dots C: :). The old form of question mark, three vertically placed dots C:) has been superseded by 

the question mark C?). Quotes are usually in the French style « ... » and parentheses and 

exclamation marks are as in the Roman system: C ... ), !. There are also addit ional punctuation 

marks: Paragraph separator ( :;:), comma (f), semi colon (l) and preface colon C:-) in the 

Amharic writing system [ETUNJ. 

Word units are classified as phoneme, morpheme, root, stem and word [NW02J. The 

morphemes are of two types either free morpheme or bound morpheme. Free morphemes are 

those which can have meaning by themselves where as bound morphemes do not have a 

meaning by themselves unless attached to free morphemes [BY87] . 

The stem is a sequence of consonants or sequence of consonant-vowel a root which is the basis 

of words derivation is a sequence of consonants. Most Amharic words and their variants are 

derived from the root words. Words in Amharic are divided into content-bearing and non 

content-bearing (stop words). 
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Amharic language ambiguities: 

In Amharic, causes of different types of amb igu ities have been identified. The most common 

causes are phonological, lexical, structural , referent ial , semantic and OIthographic. Some of the 

causes cover a range of meanings, where lexica l ambiguity covers four types of ambigu ity 

[GAOl ]. Amharic ambi gui ty types with examples as given by Getahu n are summ arized in Tab le 

3.2. 

Table 3. 2 Types of ambiguities of Amharic 

Ambiguit y type Sub type Example (Amharic phrases) English Meani ng 

I 2 

phonological ambi guity l nJ/\(1} ,nc They had made a preparation for He was kind 

for a banquet 

Lexical ambiguity Categorical ambiguity A)ICo', (ltn:r,1 She gave me akim18 (kind of She gave me some 

grass) thing after delaying 

it for some time 

HOJiloll ylLLY nlll~. hAt.;h"· I will not be released in a mon th r will nO! gt: l 

fmstra ted by any 

mlllOlir 

Homophonolls affixes {L 'I' /'./.0 The house is dest royed His house is 

destroyed 

StJ1Jclllral ambiguity fMi'i ;I'btl M'\'I ·o1t A person who teaches Abyssi nian An Abyssinian who 

history teaches hi story 

Referent ial ambiguity· ',"/ IIM'I:C (Ill ')}f9" 
",'}l"'l. L/.~, ~1t-'1' 

Semantic ambiguity Polysemic 17011&--1: rn1, The light went oIT Mcbratu (person) 

disappeared 

Idiomatic nt, all'll 

Orthographic (1'011.<;'(1)' N\&-tI The car works The car will be 

Ambi guity repaired 
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'Refere ntial ambiguity: 

A referencia l ambiguity may arise when a pronoun has more than one possible antecedents, 

having as many readings as there are antecedents. The referencial ambiguity example on the 

table has an English equ ivalent "Kasa to ld Aster that they will go to Gojjam. " The pro noun 

"they" can have five different variants (references): Kassa and Aster, or with others, or with 

e ither of them and others [GAO I]. 
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Chapter Four 

Design of word sense induced information retrieval 

protoype 

For the experimentat ion of our wo rk we have designed the system w here it is co mposed of 

processing components implemented with the retr ieval system. S ince Amharic is poor in 

resources which are in need for disambiguation such as Wo ridNet, annotated data, lexicon etc 

we design the prototype which can be imp lemented using only the raw corpus which we select 

for the experiment. 

The design of the system is shown in Figure 4.1 below foll owed by exp lanat io n of the 

fu nctionality of each component. 

Ranked documents (Dill pul from seman~c: relations 

l~ ""' L 
L So"lU! dorulllGnlS 

Preprocess Ol)OJmeni vectots 
Ouo<y """" """'" J 110m "",anile relafjons 

I Nomlallzing I /' 
(mearnng 01 WOI~) 

I Tokenizltlg I +"''",,) I Slop word removal I 

"~r--
~ ... "" I Slamming I y. "> ~~ O(~*>' Query ProcessinQ 

.~ '?", I "" ~ I query yedgr c.;IlOllalion I 
'O\,,,, ""i, 

'" Word Space 

I User QUIH)' I 
o~ ...... 

r-

Figure 4.1 Design of the system 
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4.1. Preprocessing 

Tokeniz ing, stemm ing, normaliz ing. and stop word removal are perform ed at this stage. Each 

of these processes are described below. 

4.1.1. Normalization 

The normalization component of the preprocessi ng step handles the problem of Amharic text 

writing with cons ideration of punctuation marks. The main function of the component is to 

rep lace the alphabets that have the same pronu nciatio n and use with one of the alphabets. For 

example the letters U j rh j.) j'Ji are represented by letter U and its varia nts with all their 

respective variants. The normalization a lgorithm is shown bellow. 

While (1 Emt of text) 
I. Set a buffer to empty 

2. Recut a character 

I. If the c/Ulftlcteris olle of 11,(h,f'I ,lJ' : ))l ,O, ~, O , or their orders call a component tlwt call halUlle their 
replacemellf. 

i. add til e character to tlte buffer 

ii. go 10 step 2 

If. Else iftlte character is "/" or "." 

i. call a componellt tltat call1wllflie suelt cltaracters 

ii. relll", lite string as a WOrt/ 

iii. Go 10 step I 

II I. Else if the character is (I white space or oll e oftlte pUllclllatioll marks 

i. Refilm what is ill the buffer as a word 

ii. Go to step I 

IV. Else 

i. Addthe c/wracter to tlt e bllffer 

it Go to slep 2 
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Character rep lacement algorithm 

Read a character 
• Iftlt e c/Illracter is oll e of U 1 dt ''1 _replace them witlt U ;_ 

o Returll tlt e replaced cltaracter 

• Iftlte cltaracter is ail e of _ fa_or tP repltlce tlt em witlt tl_ 

o Returll the replaced cltaracter 

• Iftlt e c/Illracter is ail e of 1\ or _0 _ replace them witlt 1\ 

o Retllrn tlt e rep/aced cltaracter 

• Iftlt e cltaracter is oll e of _f)_or X. replace them witlt ~ __ 

4.1.2. Tokenization 

Tokeni zat ion is the process of sp litting stream of characters in to raw term s or tokens. Th is 

process detects the boundaries of a wri tten text. Tokenizing of a given text depends on the 

characteristics of language of the text which it is wri tte n. 

The Am haric language has its own punctuation marks which demarcate word s in a stream of 

characters. The token izat ion of text on this component uses Amharic pu nctuation marks and 

wh ite spaces. The Amharic punctuation marks used in the tokeni zation process are shown in 

append ix III. 

4.1.3. Stop word removal 

Since stop and funct ion words have no discriminating power for information retrieval they must 

be removed. The Amharic language has its own stop words. Since there is no a standard stop 

wo rds for Am haric language we took li st of stop words shown in appendix VI including 

numbers from 1 to 865 (article numbers) fro m our corpus which is considered to be no of 

importance for indexing for our work. 
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4.1.4. Stemming 

Morp ho logical variants o f words have similar semant ic interp retations and can be considered as 

equivalent for the purpose of lR applications. For this reason, a number of so-ca lled stemmi ng 

Algorithm s, or stemmers, have been deve loped, which attempt to reduce a word to its stem o r 

root form. Thus, the key terms of a query o r docum ent are represented by stems rather than by 

the orig inal wo rds. This not only means that different variants of a term can be confl ated to a 

si ngle rep resentati ve form, but it also reduces the dictio nary size, that is, the number of distinct 

term s needed for representing a set of documents. A smaller d ictionary size results in a savi ng o f 

storage space and processing time. 

Am haric is morpho logica ll y rich language. Amharic can have many words with the attachm ent 

of different affi xes to a stem. Stemming can be appl ied to both inflectiona l morpho logy and 

derivatio na l morpho logy or on either of the two. Derivational morphology usually resu lts in a 

change in class of word which may result in so me loss of semantic. This semant ic loss of a 

word may create a negative effect on the performance of inform ation retrieval system. For 

examp le the Amharic word -'l~' (ajudge or an arbiter) and -'l'~',.)' Gudging) has the same stem 

-'l'~. But these two words have different meanings. Am haric language includes some prefixes 

and combinat ion of prefixes and suffixes which create negative meaning when they are applied 

to a given stem. This kind of semantic loss is not usually witnessed during inflectiona l 

morp ho logy, which usually involves gram matica l features such as, singu lar/p lural, tense. 

For this thesis work a stemming a lgorithm wh ich is used by Tessema Mindaye [TM07] was 

adopted. 

4.2. Word Space 

The idea of word space model is to use d istributional statistics to generate high dimensional 

vector spaces. In word space words are represented by context vectors whose relat ive direct ions 
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are assum ed to indicate semantic s imilarity. The assumption comes fro m the di stributional 

hypothesis stating that word s with similar meanings tend to occu r in simil ar contexts [MS05]. 

According to this hypothes is, observi ng two words that constantl y occur with the same 

contexts, we are justi fied in assumi ng that they mean simi lar th ings. Note that the hypothesis 

does not require that the word s co occur with each other; it o nly requires that the word s co­

occur with the same other word s. 

In the standard word space methodo logy, the hi gh-dimensional vector space is produced by 

co llect ing the data in a co-occurrence matrix F, such that each row Fw represents a unique word 

wand each co lumn F, represents a co ntext c, typically a multi-wo rd segment such as a 

docu ment, o r another wo rd . In the former case, where the co lumns represent docum ents, we call 

the matri x a word s-by-documents matrix, and in the latter case where the co lumns represents 

words, we call it a words-by-words matri x. LSA is an example of a wo rd space model that uses 

document-based co-occurrences, and Hyperspace Analogue to Language is an example of a 

mode l that uses word-based co-occurrences . 

The cells Fw, of the co-occurrence matr ix reco rd the freq uency of co occurrence of word wand 

docum ent or word c. As an example, if we use document-based co-occurrences, and observe a 

given word three tim es in a given docum ent in the data, we enter 3 in the co rresponding ce ll in 

the co occurrence matrix. By the same token, if we use word-based co-occurrences and observe 

that two given word s occur close to each other fi ve times in the data where the window lengt h 

of CO-OCcurrence is the document length, we ente r 5 in the correspondi ng cel l. The frequency 

counts are usuall y no rm ali zed and weighted in o rder to reduce the effects of high frequency 

words. 
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The po int of the co-occurrence matrix is that the rows Fw effectively constitute vecto rs in a 

high-dimen sional space, such that the elements of the vectors are (normali zed) frequency 

counts, and the dimensionality of the space is determined by the number of co lumns in the 

matrix, which is identical to the number of contexts (i.e. words or documents) in the data. We 

call the vectors context vectors, since they represent the contexts in which words have occurred. 

The context vecto rs are representati ons of the di stributional profi les of words, which means that 

we may define distributional s imilarity between words in term s of vector similarity. 

The di stributional hypothesis a llows for very straight forward computation of semantic 

similarity between words. We simply compare their context vectors using any of a wide range 

of possible vector similarity measures, such as the cosine of the angles between vectors, or the 

City-B lock Metric [MS05j . The co occurrence matrix is generated using the random indexing 

algorithm which is descr ibed in the follow ing section. 

4 .2.1_ Random Indexing 

As discussed in section 4.3 the rows (and the columns) of the frequency matrix can be 

interpreted as multi-d imensional co ntext vectors where the e lements are (normalized) frequency 

counts, and the dim ensionality is the number of co ntexts in the text data. The inherent problem 

with using co-occurrence representations in natural language processing is that the size, or 

dimensionality, of the representations will grow with the size of the data. This means that the 

model wi ll not scale very we ll , and that the co-occurrence matrix will soo n become 

com putati ona lly intractable when the vocabu lary and the document collection grow. To make 

the method practically feasible , it is necessary to reduce the dimensionality of the matr ix. 

Dimension reduction techniques (e.g. SVD) tend to be very computationa lly costly. Where 

efficiency is considered important, it may not be practica l to use such techniques. Funhermore, 
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d imens ion reduction is a one-tim e operation, with a rig id resu lt . New data cannot be added to 

the model o nce a dimension reduct ion has been performed. As an a lternati ve to vector-space 

models that use local co-occurrence matrices and some form of dim ens ion red uction, Random 

Indexing, which accumu lates a words-by-contexts co -occurrence matrix by incrementally 

add ing together d istributed representations in the form of high-dimens ional ( i.e., on the order of 

thousands) sparse random index vectors can be used. The index vectors contai n a sma ll number 

of non-zero elements, which are e ither + 1 or -I , with eq ual amounts of both. For example, if the 

index vectors have eight non-zero e lements in 1,800 dimens ions, they have four + I s and four -I s 

the rest being 0 [M S05]. 

Magnus Sahlgren [MS06J,described the Rlmethodology and dim ens ion reduction as fo llows: 

RI represents a novel way of conceptualizi ng the construction of context vectors. Instead of first 

co llecting co-occurrences in a co-occurrence matrix and then extracting context vectors from it, 

RI incremental ly accumu lates context vectors This methodology can be used to assemb le both a 

words-by-documents and a words-by words co-occurrence matrix. The ab il ity to use both types 

of contexts makes RI unique in word-space research. 

RI accumulates context vectors in a two-step operat ion: 

I. Each context (i.e. each document or each word type) in the text is ass igned a unique and 

random ly generated representation called an index vector. In RI , these index vectors are 

sparse, high-dimensional, and ternary, which means that the ir dimens ionality r is on the 

order of thousands, and that they cons ist of a small number (e) of randomly distr ibuted 

non-zero elements (as many + I s as -I s). Each word also has an initi all y empty context 

vector of the same dimensionality r as the index vectors. 

The context vectors are then accum ulated by advancing thro ugh the text one word token at a 

tim e, and add ing the context's (the surrounding word types' or the cu rrent document's) r-
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d imensio nal index vector(s) to the word's r-dimensional context vecto r. When the entire data 

has been processed, the r-dimens iona l co ntext vectors are effectively the sum o f the words' 

contexts. 

If we then wa nt to construct the equivalent ofa co-occurrence matrix, we can s impl y collect the 

r-dimensional co ntext vectors into a matrix of order w x r, w here w is the number of unique 

wo rd types, and ,. is the chosen dimensionality of the vectors. The dim ensio ns in the RI vectors 

are random ly chosen, and thu s do not represent any kind of context (which is the case in the 

original co occu rrence matri x) - they constitute a distributed representati on. Furtherm ore, r is 

chosen to be much sma ll er than the size of the vocabulary and the number of documents in the 

data, which means that RI will accumulate (roughly) the same information in the w x r matr ix as 

other word-space impl ementations co llect in the IV x IV or IV x d co-occurrence matr ices, but that 

r « d,w. 

The methodo logy described above can also be used to produce a words-by wo rds or a words­

by-documents co-occurrence matr ix by us ing unary index vectors of the same dimensionality n 

as the number o f contexts. These unary index vecto rs have a si ngle I in a d iffere nt position fo r 

each context. Mathematicall y, these n dimens ional unary vectors are orthogonal, whereas the r­

di mens iona l random index vectors are o nly nearly Ol1hogona l. Thi s near-orthogonality o f the 

random ind ex vectors is the key to the RI methodology. Si nce there are many mo re nearly 

orthogonal than truly o rthogo na l di rec tions in a high-dimensional space [KA99], choosing 

rand om directio ns as we do when ge nerat ing the index vectors can get us very c lose to 

orthogo na lity. This means that the r-d im ensiona l rand om index vectors can be seen as 

approximations o f the n-d imensional unary vectors. 

Consequently, the r-dimensional context vectors produced by RI can be interpreted as 

approximations, in the sense that the ir mutual similarit ies are (nearly) eq ual, of the n­

dimensio na l context vectors extracted from the co-occu rrence matri x. The near-orthogo nality of 
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random directions in high-dimensional spaces is exploited by Rando m Projection wh ich re ly on 

Lind enstrauss lem ma [JL841, which states that if we project points in a vector space into a 

randomly selected subspace of suffic ientl y high dimensionality, the distances between the 

points are approximately preserved. Thus, the dimensionality of a given matri x F can be 

reduced to F' by multiplying it with (or projecting it through) a random matrix R: 

F'lI'xr = F II'xdRa:.r 

The index vectors serve as indices or labels for words o r documents, depend ing upon the type 

of co-occurrences we want to use. When using document-based co-occurrences, the documents 

are represented by high-dimensiona l sparse random index vectors, which are used to accumul ate 

a words-by-contexts matrix with the following procedure: 

Every time a given word occurs in a document, the document's index vector is added to the row 

for the word in the matrix. The procedure is similar when us ing word -based co-occurrences : 

first , we assign a high-dimensional sparse random index vector to each word type in the data. 

Then, every time a given word occurs in the data, the index vectors of the surrounding wo rd s 

are added to the row for the focus word. Words are thus represented in the co-occurrence matrix 

by high-dimensional context vectors, that contain traces of every context (word or document) 

with which the word has co-occurs. 

I n our work Random indexing is used for dimension reduct io n which is done with indexing on 

the fly. The idea behind using Random indexing is that word is the sum of it 's co ntexts and 

context is the sum of it' s words. 
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Algorithm of Random Indexing 

1) Take a context of words 

2) Generate a conte xt index vector (context index vector generation is representing a 

a context vector by ( + 1, -1, 0) where we use 4 + 1 s, 4 -I sand 0 for the rest for 200 

wo rd dimensions 

3) Add index to all the word vectors 

4) Go to 1) 

Random Indexing on the space vector model is preferred because it is fast, scalab le and it is 

incremental which is 110t rigid as SVD. 

Random indexing example: 

ror})'.'''';' 0<):'''''2 /1,'7 can be represenled asJoliows: 

ror}.1'.i)i;' and UD')"""l as conlexls a, '7 as largel word. 

r,,7 = {O,O,O,o,o,o, 0,0,0,0, 0,0, 0,0,0,0, ... ,O,O,O,O} 200 initialized 10 zero veclor 

{O,1,O,O, 0, -1,0,0,0,0,0,1,0,-1,0,0, ... ,0,1 ,0,l} ]00 

ror})'.i)i;' = (a, 0, -1,0,0,1,0,0,0, -1,0,0,0,0,0,1, ... , -1 ,0,0,1 hoo 

r,, '7 = 
veClors) 

{O,l,-l,O,O,O,O,O,O,-l,O,l,O,-l,O,l , ... ,-1 ,1,0,2hoo (s um oj two conlexl 

The Rand om Indexing output can be used to compare words to words where it can be app lied 

fo r query expansio n. It can be also used for comparing documents to docu ments for clustering, 

search ing; for comparing documents to words for keyword extraction. 
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4.3. Lucene 

Lucene is an informat ion retrieva l library that is wri tten in pure Java. It provides a core 

App lication Programming Interface (API) fo r adding fu ll-text indexi ng and search ing 

functiona li ties for applications [LULl In our work it is used to index the corpus which is a 

collect ion of text fi les. The index output of lucene which is stored in the disk is used as input for 

the construction of wo rd space. 
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Chapter Five 

Implementation 

Using lucene index the term vectors are bui lt from lucene index of terms. Using those term 

vectors thesaurus can be co nstructed by calculating the k nearest neighborhood fro m the word 

space by app lying the distance measure between points of term representat ion accord ing to the 

usage of terms in docu ments. In other words a query which is one word is run us ing the 

prototype where the system retrieves words by app lying the si milarity calcu lation of nearest 

neighborhoods from documents according to their usage. The neighborhood is calcu lated from 

the co-occurrence frequency of words in documents. 

The di fferent meaning of an ambiguous word often belo ngs to different semantic categories. 

The context within which the sentence appears provides valuable clues for sense 

di sambiguation. The "co ntext" refers to the other wo rds presence in the sente nce conlai ning the 

amb iguous word. These words provide va luab le clues for ident ifying the correct meaning of the 

word. In most cases, these info rmative word s occur near the ambiguous wo rds and can be used 

reliab ly. The goal is to identify the co ntext words for each meaning of the ambiguous wo rd that 

will uniquely represent one particu lar meaning for that word in the give n context. 

A sample of term vectors is shown in appendix IV. For example, we can take a word al(n to 

retrieve wo rds re lated to this word, there by form ing a thesaurus. Word vectors are compared 

using cosine similari ty. S ince each word is represented by a vecto r with a suitab le num ber of 

reduced d imensions ( in our case which is 200), we can compare words with one another to find 

out if they are sim ilar or different. To compare vectors, let vector a have coord inates (ai, ... , 

an) and let the vector b have coord inates (b I, ... , bn). Their scalar product is defi ned as the sum 
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a. b = al . bl + a2. b2 + ... an. bn. 

If we divide this by the product of modu li Iiall and Ilbll we obtain the cosi ne of the angle between 

the two vectors, which is called thei r cosine simila rity as shown in the formula: 

cos(a,b) = (a I .b I + ... + an.bn) / (lIallllbll). 

T his e nables us to fi nd the nearest neighbors o fa given word with the highest cosine similarity. 

The result is more similar words to form the thesaurus based upon their frequ ency. 

The great advantage of the vector formation is that it a llows us to combine word s into sentences 

or documents by add ing their vectors together. If article vecto rs are built into the system , the 

word vector with the document vector search can be used to find nearby documents in the 

information retr ieval system. 

The compos ite vectors are context vectors because they gather information from the co ntext 

surrounding a particular word. When a query has more than two words, those query word s are 

pa rsed into a number o f wo rds where each word is used to find context vectors according to 

parsed words. The sum of those co ntext vectors is used to retrieve those hi ghly related 

documents from the docu ment vectors built . A samp le o f document vectors formed with the 

co mponent of the prototype is shown in Appendix V. 

As defin ed and described in the problem definition section of thi s thes is , the purpose is to 

retrieve documents which satis fy the user queries efficiently and effect ive ly from a large 

vo lu me of text documents stored, us ing of the meaning of ambiguous words. As ment ioned 

earlier, the co rpus used for thi s work was the Ethiopian penal code which is comprised of 865 

art icles. The average s ize of each art ic le is 2.5 KB. These texts are legal texts where many of 

the wo rd s and term s used are part of a specialized legal vocabu lary. The purpose of the 

experim ent was to examine the contribut ion disambiguating a word which is polysemous 
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(hav ing d ifferent meanings) in enhancing an information retrieval system in the Amharic 

language. 

T he user interface scree nshot shown in Figu re 5.2 is the same as that shown in Figure 5.1, 

except that the index used fo r the retrieval is di fferent. The indexes used fo r this purpose were 

term vectors intended to retrieve related words wit h respect to the context of the query terms. 

Indexed document vectors are then searched for documents relevant to a user's query. The 

query « I'flt\ IT)') OJfl '» ) is used to retr ieve documents and displayed ind icates artic les re levant 

to the query. 

-----------------
.' t 

~~ ~ 1'1 . , 
j ~~I 

Figure 5,1 showing document retrieval snapshot for a given query 

One can observe that when the above query words are used separately (number of words used to 

fo rm ulate query is less than 2) the result displayed is different which shows that the 
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contribution of summ ing vectors from parsed query terms has a contribut ion for relevancy of 

queries and documents to be retrieved . 

... (~ ........... "" ._--
. ~. 

llUd!.:!i,,, 

........... 

"'--- . ;;;:;---

Figllre 5.2 sholVillg resllits /or qllery «IIAfTJ1 » 
Ji ___ h'.",..... __ ' __ ''''_ 

-_ ~I)c; 

• ;-~·tr.-e a · ·., I- · u a o -u.IL" ·~· 

,,,,, ... ,., 

Figure 5.4 showing results for query « OJ(j 1 » 
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In the screenshots shown above, it is evident that when a combination of more than two words 

for a query is used, the result differs. This provides the most re levant documents ranked and 

d isplayed in descending order, which is the result o f the combination of the individual word s 

context vectors and sum of these context vectors. The system searches for the most relevant 

documents by ca lcu lating the sum vector with the document vector by app lying a cosine 

similarity measurement method. Highl y similar documents have high cosine value whereas 

dissimi lar docu ments have low cosine va lues. Note that a document compared to itself has 

value I. To compare the results of word meaning induction for retrieval system with the others. 

We used context vector sums and the Lucene default ranking method for information retr ieval. 

5.1. Experimental Results 

For the evaluation of o ur work, we used another system with a Lucene default ranking method. 

Our system included inducing word meanings where ranking is done by the cosi ne relationship 

of term vectors and document vectors. The system queries used needed to be selected based on 

the ambigu ities of words found in the ducument co llection. This was done with the help of a 

domain expert. A lawyer, who has an experi ence in using the co llection used for our 

experiment and was involved in the evaluation process. Accordingly, the expert selected the 10 

queries shown in Table 5.1. These queri es were run in both system s and the results were 

analyzed by using the information retrieval measurement mechanism of precis ion and recall. 

The measurement of precision and recall are admittedl y subjective due to differences among 

users in judging the relevance of the document retrieved. With this limitatio n in mind, we 

measured the precision and recall of the retrieval system as judged by the domain expert. The 

results of the document ret rieval by the two system s are shown in Table 5. 1. We only exam ined 

the two systems using the top 20 retrieved documents. 
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Table 5.1 precision recall results 

qucry Relevanl Using semantic vectors for nearest documents Using Lucene default ranking neighborhood ranking in corpus Rctrieved Relevant Precis ion Recall Retrieve Relevan Precisio Reca 
ret rieved (lap 20 d I n (lap 11 

retrieved) retrieve 20 
d retrieve 

d) ('no t .')· Dl(1"I 6 20 5 0.25 0.83 20 5 0.25 0.83 
0110)' /, ' It.I '/ ' .<\.) . 19 20 6 0.3 0.32 20 19 0.95 I "'/Y:l~ 
.)-tll')· uo~.~yu 25 20 10 0.5 0.4 20 7 0. 35 0.28 
n'li!.' (TI1'1'..,. -}· I I 20 3 0. 15 0.27 20 8 0.4 0.72 
'1') 11·0 qnlt·OIt·O I I 20 0 0 0 20 II 0.55 I (',' , 11 6- q o(.,.)· 6 20 6 0.3 I II 5 0.45 0.83 
"'10. flC9")'j 18 20 16 0.8 0.89 20 18 0.9 I 
/,7 t.I '1 11,+ o'/<I: l 'I' 12 20 8 0.4 0.67 20 8 0.4 0.67 
~t.lnn 00.1"11 17 20 8 0.4 0.47 20 15 0.75 0.88 
('~t.l nn Dllt ·) 16 20 I 0.05 0.06 20 16 0.8 I 
Average 0.32 0.49 0.58 0.82 

As shown in Table 5. I, the average precision is 32% and recaII is 49% fo r documents retrieved 

for the 10 queries ran by a system usi ng the Lucene ranking method. In the case of our 

prototype the precis ion is 58% and rccaII is 82% wh ich is an improvement fo r an inform ation 

retr ieval system using Amharic word meaning extraction fro m the corpus. Although the resu lt is 

encouraging, more quer ies must be used in order to reach a more robust concl usion. This wou ld 

req uire the part ic ipation of a li nguist in the experiment. 

To perform the data ana lys is, it was fir st necessary to ident ify an appropriate stati stics. Since 

we were trying to establish that the semantic vector a lgorithm wo uld support improved query 

resu lts, the statist ic needed to be a surrogate for query quality. 

In any search result set, there may be Type I Can important document was not retr ieved) andlor 

Type 2 Can irrelevant document was returned) errors. In thi s study, the number of docu ments 

retrieved was fixed to be larger Cin all cases) than the potentia l resu lt set. As a resu lt , no data is 

availab le to investigate Type 2 errors. This study only focuses o n Type I e rro rs. 
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we first investigated a simp le better/worse/equal categorica l statist ic. As seen in Table 5. 1, the 

semantic vector a lgorithm outperforms the Lucene algorithm in 6 out of the 10 queries; on 2 

they t ie, and on 2 the Lucene a lgorithm provided superior results. Using a simple categorica l 

analysis s ign test at th is point does not yield statisticall y significant results (p=0.15). 

It did appear that whe n taking the number of type I erro rs in to account that the new algorithm 

was superior when the number of type errors were taken into account. Therefore, we then 

attempted to find a continuous statistic that took into account the number of Type I errors in 

each case. The exact documents that shou ld be retrieved for eac h query ("expected") as well as 

the actua l documents retrieved for each a lgorithm ("actual") are known. The reca ll ratio 

(actual/expected) provid es a mean ingfu l stati stic bounded by 0 .. 1 where lower num bers closer 

to 0 indicate a worse result and higher numbers closer to I indicate a better result. 

Runn ing a paired t-test on the data revealed significant resu lts. Since it was expected that the 

new al gorithm wou ld significantly outperform the Lucene algorithm , only a s ingle tail test was 

used for analys is. The results were hi ghly significant p= .O 19 t=2.41. It is we ll known that t-

tests tend to be reasonably robust with regard to violations of nonnal ity in the underlying data, 

but this data set was so obviously not normal (highl y skewed , bounded 0-1, severe kurtosis 

vio lation) that we were uncomfo rtab le with accepting the results wit ho ut so me other validat ion. 

There exists a well accepted non-parametric equivalent for the t test, namely the Wilcoxon Sign 

Rank test. It is not paired, so one might expect it to deliver a s lightly weaker p-value than the 

paired t-test used above. The results of the s ingle ta il Wi lcoxon test co nsistent with the t-test. 

The results were W=22.5 p=0 .020. 

We had considered using a transformatio n (In or sim ilar) on the data to attempt to normal ize it, 

but the strength of the non-parametric results clearly establ ished the superiority of the new 

algorithm. 
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Since the experim ent produced s ign ificant results, clearly "something" has been demonstrated. 

T he interpretation of the results ca n on ly be co nsidered definiti ve fo r the population se lected 

(lega l statutes). 

The queries se lected were not tru ly random , but instead were se lected to require 

disambiguation. The resu lts should not be co nsidered to be exte ndab le to queries enco untered in 

a real-world environment. As the queries are not truly a random sampl e the conclu sion sho uld 

be only accepted after further validation . 

51 

I 

I 
I 
~ 

1 



WORD SENSE DISAMBIGUATI ON FOR AMHARIC TEXT RETRIEVAL: A CASE STUDY FOR LEGAL DOCUMENTS 

Chapter Six 

Conclusion and Recomm endation 

6.1. Conclusion 

An effort was made to develop an Amharic information retrieva l system w hi ch considers 

Amharic word ambiguities and reso lve the am biguit ies in order to improve informat ion 

retrieval. Considering the morphological variants of the language, stemming was app lied in the 

preprocessing stage. Character norm ali zati on and sto p words removal was used while 

implementing and design ing the system . Evaluat ion of the system was done by comparing the 

top 20 retrieved documents fro m the new ly designed system and ex isting system . 

Since the experiment produced better results, clearly "something" has been demonstrated. The 

interpretat ion of the resul ts can only be considered definitive fo r the populat ion se lected (legal 

statu tes). 

T herefore, we conclude: "The new system (as measured by correctly identifying proper 

documents) will outperform the Lucene a lgorithm for queries that requ ire d isambiguation on 

legal statute documents." With the fo llowing observat ions: 

I. Using a query of a single word to retr ieve documents does not prov ide results that are 

adequately re levant to a user's query whi ch using semantic vecto rs in this case does not 

help in getting good results. 

A query composed of two or more words provided the most relevant documents within our 

retrieval system. 
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6.2. Recommendations 

Word sense disambi guation does faci li tate info rmati on retr ieval and information translation in 

the use of information in day- to-day life. To sat isfy those users in accessi ng information from 

various Internet resources, research and development of information retrieval systems greatly 

co ntributes to the ease with which information can be searched and retrieved. However, in the 

case of Amharic language, there are no resources such as Corpora, Thesaurus/WordNet 

avai lable for conducting research on information retrieval, especially for disambiguation. 

Therefore, the following recommendations are made: 

I. Annotated standard co rpus cou ld help for word sense disambiguation in the Amharic 

language. This justifies the usefulness of research on word sense disambiguation 

different heurist ics by different researchers can be emp loyed fo r research using the 

standard corpus. 

2. Fro m the availab le literature, it is understood that most researchers use WordNet for 

word sense disambiguat ion and information retrieva l. The Amharic language does not 

have a reso urce of this type. Due to the importance of using WordNet for ongoing 

research in information technology, concerned institutions shou ld develop this resource. 

3. A thesaurus is another reso urce which could be used in word sense d isambiguation 

research in the Amharic language. But since thi s resource has not yet been deve loped, 

this project should be undertaken to make thi s reso urce available for future researchers. 

4. Future studies should attempt to extend the concl usion by: 

I. Applying word sense clustering algo rithm 

II . Testing other document domai ns 

III. Testing a true random sample of " real " queries co llected from actua l users 
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IV. Controlling the number of documents returned so that both Type I and Type 2 

errors can be assessed. 

Eva luation of word sense di sambiguation is a difficult task which needs assessors of having 

different knowledge from different d isc iplines with the inclusion o f lingui sts. This co uld bring a 

better resu lt o f eva luation for a research o f thi s kind. Further, the assessor of this experiment is 

only one domain expert which cou ld affect the experimenta l resuit , add itional domain experts 

wh ich we lack are needed for good experimenta l work. Hence due attention shou ld be given for 

select ing those capable resource perso ns. 
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Appendices: 

Appendix I. Amharic Alphabets 

Orders Labialized 
1st I 2 nd I 3'" 14th I sth 16th I 7th 

II II, 'L 'I 'I, II ll' 
1\ 1\ . I\. " 1'1, /.\ 1'1" <). ,h ,Iv ,'" , f, ,h. ;h , h 
an an. IJIL (1'1 °'1. ~" '1" tr.'l 
to' ,p. uL ul uL /~., II' ui 
I. ". /. I.. (., e (:' (';. 
n n' I\. <'t n, {J (l ,.\ n n· r~ 7i n. n Ii r~ 
'I ' ,~ ,t :" ,~ :" '" -,:. ./~ ~I: :1: ,/", n n, fl '1 n, ·n (l (l 
,j . 'j: 1.: :" ' /: l ' 'I' ;t: 
:/' :/: :1' :1' :,; + :1" ;t: 
' j '), 't ;) 1- A, ,,;' ')" .,., ? :",. ')-
" 'I ' '~ " 'I. '} 'l' " 

, 
" ' ~ '1· ''i, <;~ ''i 'S Lj' j-:' 
" I, 10· Ie >, Ib ), I, 

(II (11. 'e l' 'Il (I). f" 
(J (J. 't ~ ~. tl P 
h h· h. 11 h, ), I' h" II' I). !l, It, T, 'f,· II ' f] Tb 'I', T, 
II ", ,~ ., II, ' /I 

" 
'.l 

' If' "f 'II: " I' ' Ii: 1(' 'I" 
I' I' 1', .(' I~ .f!. i" 
'/ 'I' ·t .:J '/, '7 '~ '/" 'f' '1 ;h 'r' ,~. .v~ ·'t ,'~ $!" J': /'. ,~t 
:~ ". ,~, :{ '0 ,~ ~ :~, ;~ 

rn (Il ' (ll fli (11. or (Tl rrJ 
(,I.). (. ,,); Gr.l. (OJ']. (.r;J ,' 6}~ ' (,'-..... 

"9. Y, y,> y,. Yo Y. y, Yo ~" (I (I, 'L '/ 'b tl )' 
?, p" A. li p. A' Po <I, t.. ." .<. 4- lot> c;: r.: ~ 
T 'F T ;J' 'L' T ;.r 
ii ii· ii. (j ii. .(j l' 
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Appendix II. Amharic Numera ls 

Ii l{ r !! t } ?; t it 
1 2 3 4 5 6 7 8 9 
I ft @ ~ !l ~ !: it ~ f t} 
10 20 30 40 50 60 70 80 90 100 1000 

Appendex III. Amharic Punctuation Marks 

-hulet netib -Amharic word space 
-mulu arat netib -Amharic full stop 
-netela serez -Amharic comma 
-dirib serez -Amharic semi-colon 

" u -temiherte tikes -Amharic quotation mark 
-timiherte ankro -Amharic exclamation mark o -qinif -Amharic bracket 
-cheret -Amharic underscore 
-neus cheret -Amharic Hyphen 
-netebtab -Amharic etc. 

? -temhrte tiyakie -Amharic question mark 
-yizet (netib) -Amharic dot 
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Appendix IV Sample Norma lized term to term vectors 

-dimensionsl200 
???? 10.010.010.010.31 62277610.010.010.010 .010.010.010.010.010.010.010.010.010.010.010.0 10.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010. 010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.01 -
0.3162277610.010.010.010.010.010.010.010.010.010.010.010.010.010.010.01-
0.3162277610.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010 .010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.01 0.010.010.010.010.010.01-
0.3162277610.010.010.3162277610.010.010.010.010.010.010.010.010.010.010.010.3162277 610.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.01 
0.010.010.010.010.010.010.010.010.010.010.010.010.01-
0.3162277610.010.010.010.010.010.010.010.010.010.3162277610.010.010.3162277610.010. 010.010.010.010.010.01-0.3162277610.010.010.0 
???10.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010. 01-
0.3162277610.3162277610.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.01 0.010.010.010.010.010.010.3162277610.010.010.010.010.010.010.010.010.01-
0.3162277610.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010 .010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.01 0.010.010.010.010.010.3162277610.010.010.010.010.010.010.010.010.010.010.010.010.010.010 .010.3162277610.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.01 -
0.3162277610.01-
0.3162277610.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010 .010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.3162277610.010. 010.010.010.010.010.01-0.3162277610.010.010.010.010.010.010.010.010.010.010.010.0 
?????10.010.010.010.010.010.010.010.010.010.3162277610.010.010.010.010.010.010.010.316 2277610.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.0 10.010.010.010.010.010.010.010.010.3162277610.010.010.010.010.010.010.010.010.010.010.01 0.010.010.010.3162277610.010.010.010.010.010.010.010.010.010.010.01-
0.3162277610.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010 .010.010.010.010.010.010.01 -0.3162277610.010.010.010.010.010.010.010.01-
0.3162277610.010.010 .010.010.010.010.010.010.010.010.010.01-
0.3162277610.010.010.010.010.010.010.3162277610.010.010.010.010.010.010.010.010.010.01 0.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010.010. 
010.010.010.010.010.010.01-
0.3162277610.010.010.010.010.010.010.010.010.010.010.010.010.010.010 .010.010.010.010.010 .010.010.010.010.010.010.010.010.010.0 
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Appendix V. Sample of Document vectors representation 

-dimensionsl200 
article722.txtI0.105927191-0.0468118410.0340722281-
0 .00920411810.01789909410.09857544Hl.00115760461-
0.0618831910.0541587910.0241110661-
0.05167232510.02717 49910.02549178910.03357608210.0158137551-
0.005799995310.0125830831-0.0096285081-0.180375621-
0.07730248610.0638136810.00122135251-0.0326124361-0.0367440731-
0.0479433161-0.0912759451-0.0079324810.03135326510.067451591-
0.0118723410.001265702410.01485026410.0213657061-
0.001489805910.0190791251-0.0264014231-0.0269775241-0.042618381-
0.0143497851-0.1460233610.02763022310.0655293761-0.1592454310.0051882461-
0.01395750810.138415261-0.0338130971-0.0437608321-
0.01865556810.007798248410.0809531I-o.125561151-0.Q178257261-0.224479531-
0.00916784351-0.01336968610.0859358310.1118212641-0.0783618241-
0.Q140787961-0.176624 791-0.0724588110.2037637210.0729303310.0642637241-
0.0627734310.0788253210.038991571-0.001 063676210.099474971-0.0267725551-0.Q175242831-0.1 035988916. 7925855E-41-0.04839281-
0.078475810.03117501410.1040509310.06297772410.040497 47 41-
0.04076547510.09299856410.07315495610.0177788231-0.0205177181-
0.00144156061-0.127602110.06856121-0.04875173810.17069611-0.00248397471-
0.121995951-0.08763718610.0699671 061-0.00135680511-0.01797543110.061604611-0.1011309851-0.03765309210.051 03492710.048088691-0.0117238731-
0.047250210.00792797 410.0554127061-0.036422791-6.6904596E-41-
0.01778816610.1364707510.182274041-0.003670051-
0.00885204510.095709610.03765521-0.02266608410.017 4456931-
0.02024008510.042474441-0.04184545610.097948471-0.111198331-0.037333841-
8.418765E-41-0.0055698651-0.0660929310.02980oo7210.078441791-
0.0011 06204110.035317341-0.03605105410.00404436371-0.0118409661-
0.0128595551-0.0985904410.099110510.050264161-0.03253293410.0118573311-
0.048589691-0.0213751 071-0.0360408841-0.06231330710.0375620051-
0.01922590810.11 06000710.1 02504271-0.00600029951-0.0096164071-
0.00878512710.0172078261-0.0 1624203110.0816354310.052233541-
0.009546461510.01189424110.042947651-0.03041887810.050112011-
0.06177718210.113788481-0.005740497310.0368664910.03363188710.004265671-
0.0557137171-0.04551578710.08651611-0.06664125610.02011067610.0311884751-0.0131495441-0.2770419410.01374644210.00474590341-
0.00687141310.00626448961-0.143029510.015212311-
0.009699310.0554093210.0202816541-0 .05318888610.049230631-0 .133956551-
0.01083385510.152657810.072007751-1.21137375E-41-
0.04881392410.003290759410.00812117310.06573818610.0270124231-
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Appendix VI. List of Stop words 
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