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Abstract 

Similarity measure has significance in the area of NLP applications such as search engme, 

in format ion ex tracti on and document classification. These LP applications are implemented in 

Amhari c language. However, most of them rely on sim ple matching techniques or probabil istic 

method to measure similarity. These approaches do not always accurately capture conceptual 

relatedness as measured by humans. Some of the researches try to consider semantic nature of a 

document without handling am biguity of words. In thi s research, we proposed Concept-based 

Amharic Document Simi larity (CADS) by building AmhWordNel. 

The objecti ve of thi s research is to implement effect ive similarity measure of documents by 

considering issues li ke polyscmy, synonymy and semantic relationship between words. The 

mai n components of the proposed system (CADS) are AmhWordNet and Concept-based 

Similarity Measure (CSM). CSM consists of Word Sense Disambiguation (WSD), Concept Trec 

Extraction and Semantic Similarity Measure modules. 

The Amh WordNet is used as input during concept tree extraction and to implement WSD 

modul e. The extracted concept tree together with WSD module helps to li nd the semantic 

simi larity between words. The output of word similarity is used to compute sentence similarity. 

Finall y document similarity is computed based on sentence similarities. 

The performance of CADS is evaluated using prec ision, recall and F-measure evaluati on metri cs. 

CADS without WSD (CADS WoWS D), Pointwise Mutual Information (PMI), Jaccard and 

Cos ine similarity measures are implemented so that comparison between the fi ve systcms is 

done. According to the result we get from the experimcnt we conducted, the proposed system has 

better performance than the ex isting ones. 

Key Words: Word Sense Disambiguation, Concept Tree Extraction, Amhari c WordNet, 

Concept-based Similarity Measure. 
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CHAPTER ONE 

INTRODUCTION 

1.1 Background 

Nowadays, researchers arc highly focusing on natural language processing (N LP). NLP is the 

process of analyzing and representing naturally occurring texts at one or more levels of lingui stic 

analysis for the purpose of achiev ing human-l ike language process ing for a range of tasks or 

applications[l ]. Paraphrasing input text document, translating a text document to another 

language, answering questions about contents of tex t documents, and drawing inferences from 

the text documents are among the goals of NLP. To ac hieve these goals, there is a need to 

compute the simi larity between documents, which is cruc ial to so lve the problem of di scovering 

and organizing documents associated with similar property. 

The concept of computing document similarity was begun in 1970s [2]. Salton & Lesk 1971l2] , 

Dillon & Gray, 1983 [3] ; Fagan, 1989 [4]; Fuhr, 1989 [5]; Griffiths. Robinson, & Willet, 1984 

{6] and Sparck, 1971[7] are some of researchers who had been participated in the area of 

computing document simi larity. Over the years, different approaches have been introduced to 

measure simi larity between documents. Yector Space Model (YSM) [8] is the 1110st common 

Iype of stati st ical approaches to measure similarity between documents represented with vectors. 

The other statistical approach is Latent Semantic Analysis (LSA) [91 , which is designed to 

reduce vector space size (which is a problem in YSM) using singular value decomposition 

approach. Knowledge-based is another approach to measure document similarity [10]. It uses 

resources like WordNet to solve synonym, po lysemous and WSD problems that are not 

considered in statistical approach. 

Document similarity has been used as prerequisite in various areas like Infonnation Retrieval 

and Text Clustering [2,11]. There are researches conducted in the area of document similarity in 

languages otber than English. For instance, in 2002, Pouliqucn [12] came up with an approach to 

calculate the semant ic similarity of documents written in the same or different languages. In 

1 



, 

............ --------------

research. the similarity computation was done once the documen t is represented in a language­

independent format using descriptor terms of the multilingual thesaurus EUROVOC. and then 

calculating the di stance between these representations. 

Considering the local language, Amharic, very few researches have been conducted in the area of 

in formation retrieval and document classification. In 2002, text retrieval using self-organi zed 

document map was done by Mulugcta Baye [13]. Later in 2003, Amharic text retrieval using 

latent semantic indexing was implemented by Tewodros Hailclllcskei [14]. Researchers have 

been conducted to implement cross lingual information retrieva l using Amharic and other 

languages (English and French). Some of those researches are Amharic-English Information 

Retrieva l [IS] and Dictionary-based Amharic-French Information retri eval [16J which are done 

by Ate lach Alemu, Argaw and Lars Asker in the year 2004 and 2006. Automati c categorizat ion 

of Amharic news text using machine learning approach by Surafel Teklu in 2003[17] is one of 

the earl iest researches which was done on the area of document classification to investigate the 

application of machine learning techniques in automatic categori zation of Amharic news items. 

Researchers in [ IS] also worked on classifying Amharic web news aimed at compiling an 

Amharic corpus from the Web and automatically categorizing the tex ts. On the research, rank ing 

of documents was performed using the cosine similarity measure which lack considering 

semantic or text. A research on concept-based automuti \.: Amharic document categorization is 

conducted in 2009 [19]. This research lacks identify ing the correct meaning of a give n word (i.e. 

word sense disambiguation) and references list of single terms/words as docume nt 

representati ve. 

All these researches have contributed to the area of NLP to implement it in local language -

Amharic. But those implementations of information retrieval and classification do not consider 

the semant ics of the contents of documents, i.e. documents that arc similar in their concept but 

different in their word representation are not considered or disambiguat ion is not done. 

2 
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1.2 Motivation 

Suppose a local user wants to get list of unique documents written on particular event for 

instance the Ethiopia's part icipation on the 141h World Indoor Game. The fo llowing two Amharic 

documents describe the same event written but written dirrerently. 

Document t 

II') .... C' O'J,e h O 'J'~l"D' 1M9" rl.')' ID'h'l' 09"'r.1"'< h:)'~*,r ho"e<p. ro'tIl,)· M",,'J"J~h~:" 009"'1:1<;ro' 172 

h1C':I: H~H· h.U'1 26'1, fI;F "~7,M V'1t1ldr (/) 'h'l' 1'0'1''1'1.1'' h:H'U'o h9"M' "~7,Ml"H O"",'),l 

n(\(l",'n.l- ro·,~'Y.-"'') "m'i",!J>I\:l::: nro·,r,-,P,:". w"" /: oIJ,/\(lof: "fl~') n"'lf.· f.<t:l' 48. 36 f'lh 'lY.- ""(i'i"&' n(llltf'} 

h:H·~.J' 1A:J'c;' J?9D ,!J> 'l';1-W.}>IH h~nl(V' hl>jf9D C'/>-1- 11i'i'lC noohhl\'1 C</>·l- 111\'/'1'14· (lDtfS:'l h(lDl'\h:J:A:: 

ODrhouf.- Moe; WM?D wfTj,r·;l: 7iV01:K ~flC fIli.PrI\J' na~"1'f'l '9D I\h1/.·'; ~00'f.(llItJ''f f800 o'l.·1-c fl'l.PrI\ .tl'l­

ha0U'11~'h )ID'" 13,000 "He 1I"y.:}: ..... 1 O:l·th O'I'h:l'N, hM"M<;' 1.JL rill'.+ 1oo;e:onC?'I' 11,,). hoo~1.I 

.jIC"11)od:ID' ~hO. oo<pd' ~4·c ~o:I'J'mM!l-V Oh. 1J'<p.:t: ~h1 M1}!. Oh1~' hh1 .... ,I.." ..... ' !l-M'<;' ~a") 

h"J'\:I'h~:" 011.'" e# 'h'~ n-e." Ol"M '>;')')' hm~."h:l:" 111,,1-1'1 1,500 "Hc 1M.9"Th .... efl IDe .. ~h""~, 

1'~')~ 'l~~ hV')' nllrl. ',~~ hm" M'U'1 oro1M: 1,500 "He 00tJ.11 1f1la"Yo,,)1 Ol"M>;')')' ),hh "~7,i\.r 

h"J1:t:o:I" 

Docu ment 2 

h:H'~'Y nM:I'10'o:I M~~~"" 14<;'ID' I"\h9" 1(1.,). ro'h'l' HII"tM 7i9"TI"'< n'IM1 cN' 'J'~')'" u·r, 

MY.~:r 1V') CD'"")' o"'1~ll ,~a"MM" n url. 7,.~~ Oh1 .... i'Lv 500 "He> 00"'00 .... hun ~"N" 0800 

",,).c Yh1!::'J'<Ir 1IDe<l> ~~Ml"~: 1hlt'l,1 ~a; h .. h"' .... l~ hMh'l'o:I" Ohtll."~.e 1"~7,M f.'9"C 2 CDc .. ' 

I fle'i" 2 ~rM niJ1f"11';1: h.1'r-kJ' hhli!tl1 <PPr°'l,w''} tlli!? l'l·1·,e'H IV1t\9D h<M= f.[~· Y."1'1D h"oUI1c;' hh1"1ft.11 

</>'l'~ 1l"M~' Yol:O; 1"'tYM1~'r1 CD'm')' M""lI~~h~:" ?lrl.')' OlC h. W!l-M 1CDC'" nr: 1f1C~ h1 .... 1),J,h 

",,9"C' M·')· "~"i\.rl"f1 oo'~H 1ht-1''i' ~a; h~'~:I'M, ' 

Table I-I : Sentences extracted from the sample documents 

Document I Document 2 

1I1 .... C'0 ,~chOT ~l ,""1 M9"rl. 7'''''h'l'09'''r.\''';/'' ,), /"'r~*,rn/"M1n'''N~~~ar 

s, ~*,Yhooet""m'rMOOlJ~~h+ ' , 14 'i'CD'l"\h 9"1rl.')·""h'l' HI\, ,thh ~"TI"'<0'JM1C 
<j>H~lw·~hh~~HV')ID·m')·Oo,~'r'Hoo"~h:l: 

" 
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In order to identify the li st of unique documents written on particular event, the usc of tradit ional 

word occurrence based similari ty is not enough. For instance, as shown in Table I- I , S] in 

Document 1 and Document 2 arc very similar as both documents uses different wordsltenns 

referring to the same fact (for example ""o"C+." and "M1S.Il:P'). In addition, the two documents 

refers to concepts refers related issue - these concepts are normally re lated with semantic 

relation (i. c. Hyponym), such as the words " n'I:Ch" in Document 1 and "(lh.l'l:.V}O·" " in 

Document 2 those arc not similar un less we apply concept based similarity which considers 

semantic relations between words. 

Document! 

G ument2 ~ 
Figure 1- 1: Relationship between Document I and Document 2 

The other thing we considered is use of asymmetric similarity measure instead of symmetric. In 

symmetric if a document A is simi lar with a document B, B is also similar with A. However, it is 

not sometimes possible to say th is because these two documents may not be equall y similar. For 

example, when we look at the above two Documents (Document \ and Document2), Document 1 

contains all sentences of Document2 and some other addit ional sentences as well. The 

relationship between these documents is illustrated in Figure \-1 . 

As shown in Figure 1-1 , Document2 is included in Document 1, thus Document2 is ident ical to 

Document I but not vice versa. 

This scenario shows the need to analyze conceptual contents of the documents in computing 

degree of similarity between documents. 

4 
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1.3 Statement of the problem 

Measuring text document similarity is a challenging task that reqUires general and domain­

specific knowledge and deep analysis of documents. Learning from text written in natural 

language is one of great challenges in AI and machine learning. In particular, there is difficulty 

on add ressing lexical and semantic levels in the text. Here, the problems come from polysemous 

(i.c. a word may have multiple senses and multiple type of usage in difTerent context), synonyms 

(i.e. different word may have similar meaning) and some other semantic relationship that 

determine the meaning of the document. These difficulties arc also shown in measuring 

similarity of documents as it requires add ressi ng lexica l and semantic information of documents. 

Differen t researches have been done on process ing Amharic documents. But as discussed in 

Secti on 1.1 , a correct sense of a word is not identified. For instance, in the research "Concept· 

Based Automati c Amharic Document Categorization", categorization of documents was 

performed without considering different senses of a word [19]. 

This study proposes a Concept-base Amharic Document Similarity (CADS) measu re that handles the 

issue of WSD. 

1.4 Objectives of the Study 

1.4.1 General Objective 

The general objective of this research is to develop a document simi larity metric that consider 

semantic informat ion embedded in the documents. 

1.4.2 Specific Objectives 

To accompli sh the above mentioned general object ive, the following specific objectives are 

formulated: 

./ Study diffe rent approaches that are used in developing Concept·base Document Similarity . 

./ Extend or adopt WordNet for Amharic thesaurus (Amh WordNet) . 

./ Propose an approach! algorithm that measure semantic similarity between documents. 

5 



'11 II 

'. 

, 
~ '. 

'. 

./ Develop a prototype for Concept Base Amharic Document Simi lari ty based on the proposed 

algorithms . 

./ Prepare test corpus 

./ Collect data from Amharic dictionary to implement Amh WordNet. 

./ Evaluate the perfonnance of the deve loped approach using standard measures such as 

precision and recall on test corpus. 

1.5 Scope a nd Limitation of the Study 

Scope 

The developed system takes input of two Amharic text documents which have a domain of sport 

and measures thei r similari ty semanticall y. In thi s research work, an Amharic WordNet is 

developed which is limited to words/terms that are rel ated to sport domain. 

Limitation 

Other type of documents such as images, figures and tables are not considered in the similarity 

measure. 

1.6 Methodology 

r or the accomplishment of the research, the following methodologies will be applied. 

1.6.1 literature Review 

Detailed literature review in the area of computing document similarity will be conducted fo r 

deeper understand ing of concept based document similarity measures. Particular focus will be 

given in reviewing literature fo r the techniques of document simi larity measures, strategies to 

extend WordNet, wri ting system of Amharic languages and existing researches on concept based 

text simi larity measure. 

6 
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1.6.2 Data Collection 

Data to populate the WordNct is required. This data is taken from Amharic dictionary [20]. In 

addition, Amharic sport domain corpus gathered from Walta Information Center (WIC) is used 

in implementing Pointwise Mutual Information (PM I) for evaluation purpose. PM I need 

co llection of documents for measuring similarity as it is a stati stical method . .40 different sports 

news arc also collected to test the performance of the system. 

1.6.3 Design and Implementation 

An algorithm is designed for the purpose of implementing our system based on the ident ified 

research problems. 

1.6,4 Tools and Techniques 

Different tools and techniques are used to achieve the goa l of the research. The main parts of the 

system such as Word Sense Disambiguation (WSD), concept tree ex traction, finding semantic 

relation between words and computing semantic similarity arc developed wi th python. SQL 

server is used to design the WordNet. 

1,6.5 Experimental Evaluation 

The performance of developed system is evaluated using different evaluation metrics. The 

precision, recall and f-measure of the clusters of documents that are grouped using the similarity 

score of the documents measured by CA DS, CADSWoWSD(CADS without WSD), Pointwise 

Mutual In formation (PM I), Cosine and Jaccard similarity measures over human made clusters is 

calculated. 40 sports news are given to human and these news arc grouped into 9 different 

clusters. 

1.7 Application of the Resul t 

Generally, document similarity metrics can be appl ied in the area of information retrieval, 

conceptual document clustering, and document recommendation systems. For example when we 

look for a page using a search engine, we arc measuring similari ty between a query document 

and a corpus document; when we search for a string in a text. we are measuring simi larity 

between a search slring and sub-string of the text ; and when we sum marize a document , we 

7 
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produce a semanticall y similar document to the original document. It also can be used for 

classification, summari zation, and for automatic evaluat ion of machine translation [21 ,221· 

Therefore, this research has significance on the applications listed above. It can be used as an 

input for those appli cat ions. 

1.8 Thesis Organization 

The remaining part of thi s thesis is organized as fo llows: 

Cllllptcr Two: presents detailed di scussion of literatures related to this work. It includes word 

and text similarity measures, text similarity approaches, similarity types such as symmctric and 

asymmet ri c, Amharic languages (its structure and difficult ies), and NLPs like part of speech 

lagging and wo rd sense disambiguation for similarity measures. This chapter al so presents 

review of related works speci fic to semantic similarity in Engli sh and Chinese language. 

Chapter Three: descri bes the Design and Implementati on of the proposed CA DS system. 

Algorithms like WSD, Concept tree extraction, similari ty measures are proposed in order to 

implement the system. 

Chllilicr Four: presents the experiments and results of the proposed system. 

Ch:' pler Fhre: presents a conclusion to the research work by discussing the main results that 

were obtained. Recommendations also made for future research related to thi s study. 

8 
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CHAPTER TWO 

LITERATURE REVIEW AND RELATED WORKS 

2.1 Overview 

In this chapter, the literature reviews is conducted to provide information on different topics 

related to thi s research such as sim ilarity measure, tex t similari ty approaches, similarity type, 

Amharic language and its wri ting system and NLPs for similarity measures are presented . 

Related works also presents in th is chaplcr. 

Si milarity can be computed between words, sentences or documents. Measuring of similarity 

between words is a base for measuring between sentences and documents. 

2.2 Similarity Measure 

2.2.1 Word Similarity Measures 

Similarity between words can be calculated from using the syntactic information (i.e. letters) or 

semantic (meaning) of words. A method like Ed it distance (also called Levenshtein distance) and 

Longest Common Subsequence (LCS) [23] compute simi larity between words from the spe lling 

of the words where as a lexical dictionary li ke WordNet used to compute similarity between 

words based on their meanings [24]. 

Semantic similarity between terms/concepts can be calculated based on distance, information 

content or feature. 

))ist:mce Based 

The similarity measure behind di stance based method is to find a length between a pair of 

concepts in a given thesaurus. Leacock and Chodorow [25] , Wu and Palmer [26] and path length 

[27] are similarity measures that are used distance based method. 

The path length is a baseline that is equal to the inverse of the shortest path between two 

concepts. The Leacock and Chodorow method finds the shortest path between twO concepts and 
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scale the path length value by the maximum path length found in the is-a hierarchy in which they 

occur. 

The Wu and Palmer method measures how similar two concepts C I and C2 arc based on the 

depth of the two concepts in the taxonomy (i.e . the depth of a concept is simply its di stance to 

the root node) and that of their Least Common Subsumcr of the concepts. 

Where, 

R -the root concept in the concept tree 

N -Len(R, C) 

C - LCS(CI , C2) 

N I- Len(R, C I) 

N2 - Len (R, C2.) 

Information Conlenl Based 

2-1 

Information Content Based method is proposed by Resnik in 1995 to solve the drawback of 

di stance based methods that relies on the idea that links in the taxonomy represent uniform 

di stance [27]. The method used infonnation content to evaluate semantic similarity by 

associating appearance probabilities to each concept in the taxonomy, computed from their 

occurrences in a given corpus. 

FCllturc-Bascd 

Feature-Based methods measures similarity between concepts as a function of their properties 

(i.c. their glosses in the WordNet) or based on their relationships to other relationships to other 

similar terms in the taxonomy. The method relics on the matching between synsets and a 

concept's glosses extracted from WordNet. In feature-based methods, concepts are similar is 

they share synsets and glosses [28]. 
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IJointwise Mutua l Information (l)M I) 

PMI is unsuperv ised stati st ical approach which is used to find semantic relatedness between 

words [291. In PM), calculating semantic simi larity between words is done by considering the 

words marginal frequencies and their co·occurrcncc frequency in a corpus. This means IWO 

concepts are more likel y to co-occur in a common, shared contex t and less likely in an unshared 

one. h is mathematicall y expressed as Equation 2-2 

P(X,y) 
PM/(x,y) = log P(x). P(y) 

2-2 

Even though, PM I has been used by different researchers to calculate similarity betwee n words 

[30,29]. it has drawback. The high score of PMI sometimes might not necessary indicate the two 

objects are rel ated. 

2.2.2 Text Similarity Measures 

The similarity between texts can be computed from similarity between words. If words in two 

texts arc similar, the two texts are more possibly similar. But it does not means that word 

sim ilarity measure replace tex t similarity measure since there are words that have mult iple 

meanings and need to identify the exact mean ing the words have in that context. 

Different measures of similari ty between texts arc proposed in different researches. Cosine, 

Jaccard, and Matching average similarity measures are some of them. 

Matching Average 

Matching Average is used to compute the similari ty between two texts. It is used in [31] to 

calculate similarity between sentences fo r Recogni zing Textual Entailment System. It is de fined 

as Equation 2-3. 

Mat ching (sl , s2) 
MatchingAverage = 2 x length(sl ) + length(s2) 

2-3 
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Cosine Similarity 

The cosine similarity is onc of the simplest ways of computing similarity between documents as 

the cosine of the angle between their corresponding word vectors. One of its main advantages is 

that it is domain and model free [32]. 

CosSim(A. B) = 
A.D 

IAI.IDI 
2-4 

When cosine similarity is used to calculate similarity between texts, each text first represen ted by 

a number of words in sequence and similari ty computing is done based on cosine similarity 

formula. The fa nnula is shown in Equation 2·4 

J:t ccnrd Similarity Coefficient 

Jaccard simi larity coefficient is asymmetric similarity measure that is defined as the size of the 

intersecti on divided by the size o f tile union of the sample set. 

Equation 2·5 shows mathematical expression of Jaccard coeffic ient. 

. IAnB I 
JaccS,m(A. B) = IAUBI 

2-5 

When using Jaccard similarity metric to measure simi larity between texts, each text first 

represented by a number of words in sequence like cos ine similarity then distinct words are 

extracted from both texts and finally comput ing the Jaccard similarity using Equation 2-5 is 

donc. 

2.3 Text Similarity Approaches 

Approaches such as statistical, knowledgc based and hybrid arc available to measure similarity 

between texts. 
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2.3.1 Statistical Approaches 

This approach requires a collection of documents (corpus) to compute document similarity. In 

133J statistical approaches based on word set, word vector, edit di stance, word order and word 

di stance had implemented to measure sentences similarity. 

In the next sub sections, Vector Space Model (VSM) and Latent Semantic Analysis (LSA) which 

arc among the methods used fo r implementing stati stical approaches are discussed. 

Vector Splice Model (VSM) 

VSM is a word co·occurrcnce method in which documents are represented by vector of 

keywords which are extracted from documents with assoc iated weights that represent the 

importance of keywords. This method calculates similarity according to the number o f 

occurrences of terms in the spec ified document or text. The term we ighting fo r the vector space 

model has enti rely been based on single term statistics. One of the most widely-used term 

weighting heuristics is called the term-frcquency inverse document-frequency (t f-idf) introduced 

by Salton and McGill in 1983 [3]. The sense of tf-idf is that the more the teml occurs in the 

document the more weight it has. VSM use diffe rent similarity measures such as cosine 

simi larity, Jaccard similarity, dice similarity and overlap similarity measures. 

In the model semantics and word order are ignored and tcxt is treated as a bag-of-words (BOW). 

The VSM reli es on the assumption that more similar documents have more wo rds in common 

but thi s is not always the case. It ignore the potential semantic relations between words such as 

synonyms (terms with different spelling having a same sense like the terms big and large), 

polysemy (terms having different sense with a same spell ing such as apple as a frui t and apple as 

a company), etc. Due to such things, simi lar phrases may be treated as dissimilar. For example, 

phrases ' I have a cat' and ' I own an animal' are treated completely as di ssimilar because they 

share no words. 

Latent Semantie Ana lys is (LSA) 

LSA is the extended form of VSM that analyze relationships between a set of documents and the 

terms they contai n by producing a set of concepts related to the documents and tenns[34]. This 

approach addresses partially the problem of synonym and polysemy that occur in VSM. In 

13 



. ", 

~ " I II 
." ~~II 

add ition, in VSM, the document matrix is usually of a high dimension and sparse, since every 

word does not appear in each document. High d imensional and sparse matrices are susceptible to 

noise and have difficulty in capturing the underlying semanti c structure. Moreover, the storage 

and processing of such data place great demands on computing resources. The LSA uses a 

dimensionality reduction procedure such as Singular Value Decomposition (SVD) in order to 

reduce the sparse term-document matrix, which can be high-dimensional, to a lower-order matrix 

approx imat ing the original. When measuring semantic similarity between documents using LSA, 

each document is represented as a vector in reduced-dimension space and similarity is then 

measured by using cosine of the angle between the documents corresponding row vectors. 

Applicab ility of LSA is restricted due to SVD (i.e., SV D computation is demandi ng both III 

terms of processor time and in memory requi rements). 

2.3.2 Knowledge Based Approach 

This approach addresses the problem of synonym and polysemy those are important for semantic 

document similarity measuring. Unlike the approaches that arc discussed previously which re lay 

on statistical d istribution properties of tenns, knowledge based approach uses background 

knowledge to find out the relatedness of terms. It uses resources such as WordNet (35] which is 

particularl y created to reflect the relationship between terms and Wik ipcdia [36] which is 

knowledge reposi tory on the Web. 

WordNct 

WordNet is a lexical database that is first created Ht Princeton University to usc it as lexical 

knowledge of native Engli sh speaker. In the WordNet different information like Engli sh nouns, 

verbs, adjecti ve and adverbs are organi zed into set of synonyms which are called synsets. A 

given synset consists of list of synonymous word forms and semantic pointers. A word foml can 

be single word or two or more words connected by underscore and word definiti on. A semantic 

po inter tell s the re lationship between words within the synset and with other synset.(35] 

Word et has been used as input to measure semantic sim ilarity in different researches. One of 

researc h that used WordNet fo r measuring semantic similarity between texts is (37]. In th is paper 
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the semant ic and syntactic information were taken considercd to measure text seman tic 

similarity. 

Wikipedi:l 

Wikipcdia is another resource to measure semantic relatedness between words. According to 

di ffe rent researches proof, it is a better knowledge base than WordNet. Researchers have used 

Wikipcdia to compute semantic relatedness by using its hypcrl ink structure and category 

hierarchy or tcxlUal content. For instance, Strube and Ponze(lo were the first to compute 

measures of scmantic re latedness using Wikipedia [38]. They applied the Word Net techn iques 

by modify ing it to fit Wikipedia. Wikipedia Link-based Measure (WLM)[39] is introduced for 

extracting semantic relatedncss measures from Wikipedia through Wikipcdia 's hypcrlink 

structure. 

2.3.3 Hybrid Approach 

This approach is the combination of the above two approaches statistical and knowledge based. 

In [ IOJ the researchers suggested this combined approach for measuring semantic similarity 

between tex ts. In the research the resu lt of two corpus-based measures; PMIIR and LSA and six 

knowledge based measures; the Leacock & Chodorow, the Lesk, the \Yu and Palmer, Lin, 

Resnik, and liang& Conrath of word semantic similarity are combined to show how hybrid 

approach can be used on measuring tex ts similarity. 

The semantic similarity between two sentences is calcul ated 111 [40] using information from 

lexical database and corpus. The lexical database (WordNet) is used to calculate the seman tic 

similarity and the corpus is used to provide informati on content. The researchers considered 

three simi larity functions (string similarity, common word order simi larity and semantic 

simi larity). 

Researchers In [101 used the hybrid approach that is the combination of corpus-based and 

knowledge based to measure text semantic similarity. In the research, two corpus-based 

measures and four knowledge based measures are combined to measure text semantic similarity. 

Combination of corpus-based word similarity and string similarity is presented in [231 to 

compute semantic similarity between sentence. 
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2.4 Similarity Types 

The similarity type can be either symmetric or asymmetric based on directional similari ty \41 1· 

Symmetric Similarity 

In symmetric simi larity, the measure of two object A and B is eq ual to the similarity between 13 

and A (i.e. sim(A,8 ) = sim(B,A». Symmetric similarity only concern in the common features of 

objects and it ignore the distinct features. 

ASYlIlmctrk Similarity 

In asymmetric simi larity the similarity between A and B cquailo similarity between B and A if 

and onl y i f object A is equal to object B (i.e. sim(A,I3) = simCB,A) itT A::::B ) . This similarity 

considers both common and di stinct features o f the Iwo objects. Directional measure of 

similarity, which indicates the semantic simi larity of a tex t segment A with respect to ;:1 tex t 

segment B is defined in the research [10) in order to measure tex t simi larity . This asym metric 

s imilarity provided the researchers with the flex ibil ity they nceded to handle app lication where 

the direct ional knowledge is useful. 

2.5 Amharic Language 

2.5.1 Overview of Amharic Language 

Amharic, one of Semitic languages is spoken in many parts of Eth iopia. It is the second most 

spoken Semitic language in the worl d nex t to Ambic [42]. It is the official working language o f 

the Federal Democratic Republic of Ethiopia. 

The language is written in the unique and ancient Ethiopic script which is called fidel , inherited 

from Geez language which is currently used on ly in Ethiopian Orthodox Tcwahcdo Church as 

worshiping language. Amharic scri pt has 33 core characters and 32 of them are consonants 

having seven orders to show the seven vowels. Out of the seven derivati ves, six of them arc CV 

(Consonant vowel) combinations while the sixth is the consonant itself. Other symbols 

representing labialization, numerals, and punctuation marks are a lso available. 
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2.5.2 Grammatical Structure 

The Amharic grammatical stnlclure is organized into five basic part of speech such as noun 

(M'), adjective (0)0./1), adverb ('I·arI\h.,O), ve rb ("10) and preposition (uvM'I'Y.'Y.' )[43]. The word 

order in Amharic clauses is generally Subject Object Verb (SOY). In Amharic grammar. verbs 

agree with their subjects in number gender and person and objects precede verbs within the verb 

phrase. 

2.5.3 Punctuations 

Different punctuat ion marks arc available in Amhari c Janguage writing system. The punctuation 

: "u.l\+ ~(" 'fl" is used to separate words but thi s is not practically used in type written tex iS instead 

blank spaces are used. The "ht.·}· ~'T"O" symbol, I: , is used to separate sentence, and the symbols! 

and 1 which are called as " )mt\ I'll1!" and ".v,·c·n I'll1!" respectively are equ ivalent with comma 

and semicolon in English. In addi tion, punctuations like ?,! , " , ", " I,and \, which are borrowed 

from fore ign languages also used in Amharic language. 

2.5.4 Difficulti es or Amharic Language 

In Amharic language there are issues that make the language difficult to use it in NLPs. One of 

the isslles is a word can be written in more than one ways because of avail abili ty of words with 

similar sound but different alphabets (i.e. , The alphabets (the so called fidel s) "u" "rll" and 

"'~","I'l " and "1P","h." and "o","?" and "0" can be used interchangeably so that any two words 

formed from these interchangeable alphabets are considered as similar. For example the words 

" I-lager" and " Hager" are similar words with different symbols. The other issuc is some words 

havc a short form which are written using the symbols 'I' or '.' For instance a word up-h·t'C" has 

a short form " P-.C" or "NC". These issues should be handled when using the language in NLP 

tasks (i n similarity measure and in other NL!> appl icati ons). 

2.6 NLPs for Similarity Measures 

Measuring similarity between words, texts or documents requi re the knowledge of how we 

understand the meaning of words and sentences . NLP gives an answer for this by providing 

different applications such as Part o f Speech (POS) tagging and WSO. In our research we used 

these NL!> applications. 
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I'll rt of Speech Tagging 

Words in a language are grouped into word classes commonl y known as POS in which words in 

similar word classes have s imilar syntacti c behavior l44]. POS tagging is a process of assign ing a 

I>OS to a given word . Approaches such as statistical, rule based and hybrid arc avai lable to 

automate POS tagging. 

I)OS tagging make simi larity measure casy. This is because, when comparing two words from 

I!lggecl documents. if the words have different POS we can directl y say they are di ssimilar 

without doing further analysis but if the words arc untaggcd it needs extra processing. 

Moreover, POS tagging helps to implement WSD. During identifyi ng sense ofpol yscmolls word 

from a document, if we know the POS of the word in the documen t, WSD can foc lls on only the 

class that the word has rather than worrying about other classes. 

Word Sense Disambiguation 

There are words in natural languages which arc polysemous, (i.e. words with multiple meanings 

or senses). The process of automaticall y determining the sense of a po lysemo us word is called 

word sense disambiguat ion [45] . Disambiguation is done by looking at the context o f the words. 

The three approach of WSD are corpus based, knowledge based and hybrid approaches. The 

corpus based approach relays on the availability of text data (corpus). Knowledge based 

approaches use lex ical database sllch as WordNct. The Lesk algorithm [46] is introduced by 

Michae l E. Lesk that used knowledge based as a resource and di sambiguates polysemolls words 

in a sentence context. To disambiguate a word using Lesk algorithm, the gloss of each of its 

senses is compared to the glosses of every other word in a phrase. Hybrid approach is the 

combination of the corpus and knowledge based approaches. WSD is important in semantic 

similarity measures since the measures re ly on the meaning of words. 

2.7 Related Works 

There are researches that are carried out on semantic texts simi larity measure i.e. based on what 

words on the document means in Engli sh and other languages. Semantic similarity measure was 

proposed to solve problems of handling scmantic nature of texts during simi larity measure using 

tradi tional method (i.e. word occurrence method). 
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Sentence Similarity Based on Semantic Nets and Corpus Statistics 

[n thi s research, a method is presented to perform semantic similarity of IWO sentences. The 

proposed method computed text similarity from semantic and syntactic infoOllation of each texl. 

The semantic information is deri ved from corpus whereas the syntactic in formation is fo rmed 

from Lexical database [40]. 

Given sentence 5 I and sentence 52, fi rst the method dynamicall y fonned a join word sct us ing all 

the distinct pair o f s I and 52. Then raw semantic vector and word vectors arc produced for s 1 and 

52 with the help of lex ical database. The significant of a word is we ighted from corpus using 

infonnation content since each words in a sentence contributes differentl y to the meaning of the 

whole sentence. After computing semantic similarity from the two semantic vectors and an order 

simi larity from the two order vectors, the sentence similarity is produced combination of 

semant ic and order similarities. 

Word Sense Disambiguation-based Sentence Simila rilY 

None of the above researches considered the actual meaning of the sentences to compute 

similarity rather they relied on the nearest meanings of words. This research was conducted to 

explore how :similarity is computcd based on the aClua l meaning l48j. To do so, a mcthod which 

is called Word Sense Disambiguation-Semantic Text Similarity (WSD-STS) proposed. In WSO­

STS, fi rst transforming an existing corpus-based measure (i. e. STS) into knowledge-based 

measures is done and then word sense di sambiguation is integrated. 

Given sentence s I and sentence 52, first the stri ng similarity and semantic similarity of s l and s2 

is computed then the overall sentence similarity is measured based on those similariti es. 

2.7.1 ,2 Semantic Text Similarity for Chinese Language 

The Research of Chinese Semantic Similari ty Calculation Introduced Punctualions 

In this research, researchers work on the semantic similarity calculation between sentences by 

introducing punctuations in Chinese language. In the research, the first thing which was done is 

considering the phrases in each sentences and if the phrases are the same, punctuation is 
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introduced to identify whether the sentence simi larity is 1 else semantic simi larity was calculated 

with the help of WordNet called '·lowNet(49]. 

A method of Phrased Integrated Semantic Similarity Computation 

In th is research a method of phased integrated semantic similarity computation is proposed to 

compute text simi larity [50]. In the research, steps arc perfo rmed duri ng computation. First 

segmenting text into paragraphs, paragraphs into sentences, sentences into words is donc. Then 

calculating the simi larity of words, sentences, paragraphs to obtai n the text similarity is 

performed. Finally computing text similarity is done. 

Word simi larity is computed using HowNet knowledge structu re. In sentence similari ty 

calculation first each sentence is represented as a vector then the average of thc two vectors is 

taken. The overall text similarity is computed based on the result of scntcnce similarity . 
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CHAPTER THREE 

DESIGN AND IM PLEM ENTATION OF CADS 

3.1 Overview 

In Ihis Chapter, our approach, Concept-based Amharic Document Similarity (CADS) model , is 

introduced. The model consists of three major components - Text Pre-processor, Amharic 

WordNct (AmhWordNet), and Concept-based Simi lari ty Measure (CSM) as shown in Figure 3-

I. The aim of the text pre-processor is to prepare the input documents for CSM. Tokcnizalion, 

Normalization and Stemming are the major activities conducted in thi s component. Once thi s 

part is completed, the preprocessed documents arc rcady to be used . 

The CSM component is responsible to compute the similarity of documents. This component is 

composed of Concept Tree Extraction (er E), Word Sense Disambiguation (WSD), and 

Similarity Measure modules. Capturing po lysemy, synonymy and other semantic relations have 

main contribution in order to meet the objective of CA DS. The issues o f polysemy, synonymy 

and semantic relations are captured by CSM modules. The CSM component is integrated with 

Amh WordNet. The main task of Concept Tree Extracti on (CTE) modu le is to ex tract concept 

tree that shows hierarchy between concepts of AmhWordNel. WSD module identifies 

polysemous words from documents and assoc iates the most probable sense to it. The Similarity 

Measure modu le calculates the overall similarity between documen ts using similari ty between its 

constitut ing components · word and sentences. The module is an integration of dilTerenl sub 

modules such as Semantic Word Simi larity (SWS) modul e, Sentence Similarity (SS) module and 

Document Similarity (DS) module. SWS module is responsible to find out the semantic 

similarity between words of documents. SS is responsible to measure similarity between 

sentences by using the result of SWS and the responsibi lity of OS is to find out the overall 

similarity score between documents. 

The Amharic WordNet contains Amharic words along with its difTerent meanings - concepts and 

semanti c re lations within concepts. This component helps 10 implement the modules of CSM. 
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The general architecture or the system is shown in Figure 3- I.Dclail descri ption or each 

component or the system is presented in the next sub-sections. 

-
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CSM Module 
Text Pre-Processing Module 

Concept Tree El.traclJon 

C Tokenlution ) 
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• imillr ily Meuure Mod ult 
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Figure 3-1: General Architecture o r CADS 
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3,2 Text Preprocessing 

The Text Preprocess ing component of CA DS is responsible to prepare the input documents for 

further processing by applying specifi c operations such as lokcnization , normalization, 

stemming, and stop word remova l. These preprocess ing tasks in documents arc common before 

computing similarity. The cITect of pre-processing techniques on document simi larity accuracy 

was assessed in [5 1] and based on the research pre-process ing tasks have a positive impact on 

accuracy of document similarity measure . 

Tokcn iz:ltion 

This is the process of segmenting document into sentences or words. We implemented thi s 

process in the two components of CADS. The first one is in the Text Pre-processor; when 

stemming and normalization processes are applied. The second one is in the CSM component; 

when computing sentence level document simi larity measure, tokcnization is appl ied so as to 

identify sentences in documents. 

SlOP Word Re moval 

Stop words are words that appear often in documents bUI do nol serve very well to disti nguish 

lex ls. As these words are insignificant when measuring similari ty; the first step should be 

removing these words from documents. " nnl9P • " ,,/'}" and "l'I..ln" are examples of Amharic stop 

words. The Amharic stop words are attached as Appendix C. 

Stemming 

Stemming is the process of eliminating prefix and suffi x of a word and convert it to its base foml 

to ensure that the word can be recognized by Amh Word et and perfoml morphological 

matching using related words. Manual approach is used in the process of stemming a word. 

Normulization 

Normalization process is applied in order to handle issues which arc d iscussed in ection 2.5.4. 

The issues are, in Amharic language a word can be wri tten in more than one ways because of 

ava ilabi lity of words with simi lar sound but different alphabets and some words have a short 

form which is written using the symbols. 
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3.3 The Amharic WordNet 

According to [52] , using a WordNct fo r Amharic language has a significant imp .. c l on 

performance of tools such as search engine, automatic text categori zation and Am haric word 

sense disambiguation. Likewise, applying WordNct on simi larity measure is lIse ful because 

usi ng it, capturing WSD, synonym and semantic re lationship between words arc possible and 

these leads s imi larity measure to have better pcrfonnancc. Therefore, in thi s rcsc<lrch we have 

adapted the structu re of the English WordNct which is di sclissed in Section 2.3 .2 and constructed 

Amharic WordNet in a way that it can be used as an input to bui ld the CADS system. 

3.3.1 The Structure of Amharic WordNet 

Amharic WordNet (AmhWordNet) is a lexical database where each word is represented by its 

associated concepts. This is usable to remove ambigui ty in cases where a s ingle word has 

multiple meani ngs. For example the word "'f'J" has multiple meanings such as "OH\v 1{1"I.:N ! • 

MIt/'ll. flf~ 'f'J '1'-'},e", "oo~7i OD~1~ oo1-<M<I>7i nUfl" and "n"~· m,"1C hf-l"l'tlt. nro·y nrllJC f\,e fO'l.f.t."1 

fl7 'C'}-" and to handle such cases the word is associated to different concepts each represent ing 

separate senses . 

Concepts l are connected to each other through semantic re lations that are defined III the 

WordNet such as Hypemym, Hyponym, Meronym and Holonym 

Synonym Relation: 

The synonym relation is used to organize words with similar meanings under the same concept. 

Those words are referred to as synsets. 

For example, in AmhWordNet, the word "uil.""" (\Vordl d: w36) and " f. fl :F ' (\Vordld : w37) arc 

under the same concept (Conceptld : c32) which is defined as ' '.OmllS' flfuf\M' Utf'} 'l"'~ fl\.f\n'l · 

lA concept is refers to set of words having similar meaning represented in the form of glosses or It can be 

collection of words defining similar sense 
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Uyponym (is a kind of) Relation 

If a concept is connected to another concept through the is-lI-killd-o! relation then the relation is 

Hyponym. Hyponym relation captures subset taxonomy. A concept C1 that contain synsel {at , ... , 

an} is I-Iyponym of the concept C2 that contain synsct{bl,b2 •... ,bn} if every Cl is a kind of Cl 

Hypern ym is the reverse of Hyponym (i.e. I-I ypcrnym relation captures super set taxonomy). A 

concept C1 that contain synse! {al •... , an} is Hypcrnym of the concept C2 that contain 

synset{bl, bl .... ,bn}, i f every C2 is a kind O[ CI For example the concept contain ing {"~' ··l" } IS 

H yponym of { "HtI.·th~" } and {"h .). tI. ·t h n "} is Hypcmym of {", . ~l") . 

Mcronym (part-of) Relation 

If a concept connected to another concept through the parl-o! relation then the relation is 

Meronym. A Concept CI represented by the synset {al,al, ... ,an } is said to be a Mcronym of a 

concept C2 represented by synsct{b l,b2, ... ,bn} ifCI is a part of C2. 

I-Iolonym is a reverse of Meronym relation. A Concept CI represented by the synset {al,ru, ... ,an} 

is said to be a Holonym of a concept C2 represented by synsel{bl,bl, ... ,bn} if C2 is a part of CI . 

For exrunple the concept CI{"h:H '*".I'''} is Meronym of the conceptC2{"M:tl"]"} and { "h~tl"]" } is 

Holonym of { "h.·H·~·Y"} . 

Figure 3-2 shows the semantic relations that are discussed above between words. 
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Figure 3-2: Example of Semantic Relations between concepts 

3.3.2 Database Design of Amharic WordNet 

The AmhWordNct database has fi ve basic tables - Words. POS, Concepts, Word_Concept and 

Seman lie Relations. The detail or each tables arc shown presented as follows. 

I. Table Name: Words 

The Table "Words" is used to maintain unique words of Amhari c language. As shown in Table 

3-1 , th is table contains two fields- \Vordld and WordNamc. 
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Sr. No. Field Name 

Wordld 

2 Word Name 

Table3- I: Word Table 

Data Type 

nehar(IO) 

Purpose 

Primary key: Uniquely identifies a 

word in the language 

nvarchar( IO) Word of tile language 
L-~ ______ ~ ______ ~ __ _ 

2. Table Name: pas 

This table ma intains the part of speeches such as Noun, Adjective, Adverb and Verb of the 

language. The design view of thi s table is di splayed in Table 3-2. 

Table 3-2: POS Table 

Sr. No. Field Name Data Type Purpose 

POSld Int Primary key : Uniquely 'd ' r, -I enll les a 
I 

POS in the language 

2 POSName nchar(lQ) The name of POS 

3 POSSymbol nchar(IO) The symboillscd for a given pas 
-

3. Table Name: Concepts 

The purpose of thi s table is to maintain concepts which are used to describe a scnse of words. 

The design detail of this table is presented in Table 3-3. 

Table 3-3: Concept Table 

Sr. No. Field Name Data Type Purpose 

ConceptlD nchar(IO) Primary key: Uniquely ident ifies a 

I concept of words in the language 

Gloss nvarchar(MAX) It explains the concept with 

2 definition that elabomtc all words 

with given meaning or sense 
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4. Table Name: Word_Concept 

The table is used to uniquely identi fy the sense of a word through the ri cld \VCIrl . Table 3-4 

shows the design of the "Word_Concept" table. 

Sr. No. Field Name 

We ld 
I 

2 Wordld 

3 Conccptld 

1-3 POS ld 

Table 3-4: Word_Concept Table 

Data Type 

nchar( IO) 

nchar(IO) 

nchar(IO) 

In. 

Purpos e 

PrimM y key: niqucly identifies the 

f a word sense 0 

Foreign 

Foreign 

Foreign 

key from Word tablc . 

key from Concept table 

key from I}OS table . --.., 

S. Table Name: Semantic Relation 

This table is used to mai ntai n the semantic relation like Hyponyms, lIypcmym, Holonym, and 

Mcronym between pair of concepts. The fields which arc used to bui ld this table afC shown in 

Table 3-5. 

Table 3-5: ScmanticReiation Table 

Sr. No. Field Name Da.a Type Purpose 

RID In. Primary key: Uniquely ident ifies a 
I relation between concepts 

concept lD l In. Foreign key from Concept table 

2 indicate the first concepl. 

concept ID2 In. Foreign key from Concept table 
, 
> indicate the second concept. 

Relation nchar(IO) It ex plai ns what two pairOr 

4 concepts relation have , 
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Figure 3-3: Database Schema of Amharic WordNct 

Figure 3-3 shows the database schema of AmhWordNct. DitTerent words in Amharic language 

are stored in the Word table identi fied by Wordld fie ld. Concepts arc included in the Concept 

table and each concept is identified by Conccptl d. POS table hold the name and symbol that 

represent the main POSs of Amharic language such as Noun, Adjective, Adverb and Verb. A 

word with a particular sense is identified with the hel p of Word_Concept table. ScmanticRclation 

table hold pair of concepts along with the relation they have. The next scenario shows how these 

tables work together. 

For example the word " (1.;1" has a Wordld : w34 in the AmhWordNel. Since th is word has two 

senses, the Concept table holds concept definition of those senses of the word undcr different 

Conceptld: c28with a Gloss"l;l.ll (It.~'S"' aD1";J'H (;!."p;. I;l.ll 0
0
;)' aJf!.S"' (I.;J" and c29 with u 

Gloss"aJ"l.}-I t\~ (1)111'1- ~CD-". Word_Concept table differentiate each sense of the word by 

combining WordId and ConceptlD together and this combination is identified via WCld. This 

means the word " ft;1" with a sense -I;l.ll Ot;f·S"' ~;J"l" has a WCld: wc35 which is a 

combination of Word ld: w34 and Conccpt ld: c28. And word " (1;)" with a sense. "(JJIT)'F' has a 

WCld: wc3 which is a combination of Wordld: w34 and Conccpt ld: c29. 
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3.4 Concept-base Similarity Measure (CSM) 

CSM is the main component of the CADS composed of concept tree extraction, word scnsc 

disambiguati on and similarity measure modules. We di scussed each o f them as follows: 

3.4.1 Concept Tree Extraction (CTE) Module 

CTE modu le is responsib le to extract concept tree from Arn hWord C1. The tree consists of 

different nodes (i.c. concepts) which are linked each other by semantic relations. TIle need to 

extract tree from AmhWordNet is to use it for finding semantic similari ty betwee n words. 

Algorithm 3-1 shows steps taken to build concept tfee from Amh WordNct. 

The Algorithm takes " SemanticRelation" table of Amharic Word cl (AmhWordNct) as input. 

The table holds lOs of pair of concepts that have relation. First Concept I Ds (node) o f pairs o f 

concepts arc loaded into a list as implemented from linc II to 17. Then first clements of the pnirs 

as a key and the pairs as a value are loaded into a dictionary (from line 19-24). Next, eHc h pairs 

are read from the list (line 26). Using a function "Ge!J>ath", paths between nodes arc found as 

implemen ted from line 31-40. Finally, those paths are written into a fi le (line 41 ). 
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Algorithm 3-1 : Concept Tree Extraction Algorithm 

I. 
2 . 
3 . , . 
5 . 
6 . 
7 . 
8 . 
9 . 
10. 
II. 
12 . 
13 . 
14 . 
15 . 
16. 
17 . 
18 . 
19 . 
20 . 

21. 
22 . 
23 . 

" . 25 . 
26. 
27 . 
28 . 
29 . 
30 . 
31. 
32. 
33 . 
34. 
35 . 
36. 
37. 
38 . 
39 . 
40 . 

ALGORITHM (ConceptTreeExtractor ) 
Input: 
WordNet : AmhWordNet 
Variables: 

Ll , L2 , L) , Linklist , Tree : List 
Path : Dictionary 
Output: 
Concept tree 
BEGIN: 

LOAD SemanticRelation Table TO Rows 
FOR eACH Row IN Rows 

APPEND Concept 101 IN L1 

IF 

END FOR 
Path - () 
FOR EACH 

LL[OjNOT IN 

APPEND Concept 102 IN L2 
APPEND L1 and L2 IN L3 
APPEND L3 IN Linklist 
L3 -II 

LL I N Linklist 
Path 

Path(LL {OlJ-I] 
END IF 
APEEND Tuple(LL) IN Path(LL[OII 

END fOR 
Used- [I 
FOR EACH node IN Linkl is t 

IF node NOT IN Used 
Get Path (node) 

END IF 
FUNCTION Get Path (node) 

IF node!!] IN Path AS Key 
Next node-Path [node [11 1 
ADO Ne xt node IN Used 
APPEND node [0] IN Tree 
Ge t _path (Next_node) 

Else 
APPEND node[O) , node{l) IN Tree 

END IF 
END fUNCTION 

41 . WRITE Tree 
42 . Tree · 11 
43 . END fOR 
44 . END 
45. END ALGORITHti (Concept Extraction) 
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Figure 3·4 shows sample tree that is extracted by CTE module. The tree hold nodes that have "is 

a kind of' re lation. Later the result of CTE (i.e generated trees) is used during find ing semantic 

similarity between words. The arrow in the figure represents hierarchy which is hyponym 

relation between concepts. 

fID-Y IITct: 
COnccIlII1)34 

'1";': 

Conccpl l1)27 

, 

~: 

ollc('ptlU21 

HMM: 
'(HlCCI)tlI)1 9 

Figure 3·4: Sample Extracted Tree 

~<\)'.: 

un('('pIlO2) 

Iff •• " ... • •• •• 
• • 

• • 
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3.4.2 Word Sense Disambiguation (WSD) Module 

In this module identification of ambiguous words from documents and assigning the most 

suitable sense to them is done. Among the WSD approaches, we used knowledge base because it 

is possible to use our Amh WordNet for thi s purpose. We adopted gloss overl ap approach of Lcsk 

146] to disambiguate words having several senses as presented in Algorithm 3-2. 

Algori thm 3-2: Word Sense Disambiguation Algorithm 

1. 
2. 
3. 
4 . 
5 . 
6 . 
7. 
8. 
9 . 
10 . 
11 . 
12 . 
13 . 

14 . 

15 . 
16 . 
17 . 
18 . 
19 . 
20. 
21. 
22. 
23 . 
2 4 . 
25 . 
26. 
27. 
2 8. 
29 . 
30. 
31. 
32. 
33. 
34 . 
35 . 
36 . 
37. 
38 . 
39. 
40 . 
41 . 
42. 

ALGORITHM {WSD) 
Input: 
Document : Docl , Doc2 
WordNet : ArnhWordNet 

Variables : 
ma x_overlap : int - 0 

i : int-O 
Ll , L2 , L3 : List 
OUtput : 

Word , Best sense 
BEGIN: 
READ Rows FROM Word Table 

mR EACH Sentence IN Document 

FOR EACH Word , pos pair IN Sentence 

FOR EACH Row IN Rows 
W = Row . WordName 
P = Row . POSSymbol 
G "" Row . Gloss 
C - Row . Conceptld 
IF W--Word AND P-- pos 

APPEND W,G,C IN wo , glos , cpt respectively 
END IF 

END FOR 
IF len(Wo»1 

WHILE n < len (sentence) 
FOR EACH Row IN Rows 

wl _row . WordName 
pl _row . POSSymbol 
gl-row . G10ss 
cl_row . Concept ld 
If wl __ sentence(n] AND pl--senpos {n] 

APPEN D wl,g1,cl IN wo1,glos1, cpt1res pective1y 

EN D IF 
END fOR 
If 1en(wo1J > 0 

WHILE C< len (glos ) 
gl-gloslcl 
FOR gIl in g1051 
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43 . 
44 . 
45 . 
46 . 
47 . 
4B. 
49. 
50. 
51. 
52. 
53. 
54. 
55. 
56. 
57 . 
5B. 
59 . 
60 . 
61. 
62 . 
63 . 
64. 
65. 
66 . 
67 . 
6B . 
69 . 

END 
m - 0 

max_overlap - overlap 
best_sense - cpt leI 

END I F 
END FOR 
c+- l 

END WHILE 
END H ' 

APPEND max_ove r lap IN maxsense 
APPEND bes t _sense I N ma xsense 
APPEND maxsense I N max bestsense 
maxsense- (1 
wa! - [ J, glasl-[) , c ptl - (j 

WHILE 

WHI LE m < len(maxbestsensel 
APPEND maxbest sense{ m] rOllIN moverlap 
m- m+ l 

END WHI LE 
mo v~ma x (moverlap) 

mm=moverlap . index (mov) 
f ina lbestsense- maxbestsense[ mm ) (I) 

WRITE Wor d , finalbe s t sense 
END IF 

END FOR 
END FOR 

END 
END ALGORITHM (WSD) 

Algorithm 3·2 is appl ied for both documents during similarity measure to di sambiguate 

po lysemous words. The following scenario :shuws how WSD is implemented. 

The algorithm takes two documents as input and implements WSD on them to identify the senses 

of ambiguous words of the documents. After each document is token ized into sentences, each 

word of a given sentence is identified whether the word is ambiguous or not. To do so, the first 

thing which is done by the algorithm is find the word from the Word let by reading each word 

with its pas from the WordNet tables. Then i f the word has more than one concept in the 

WordNet, the word is ambiguous (l ines 14-23). The next thing wh ich is done by algorithm is 

identifying the correct sense of the word which is implemented from line 24 to line 60 on the 

algorithm. To identify the sense, count the amount of words between the neighborhood words 

definition of each senses and the word definition of each senses from AmhWordNet. Then the 

best sense of the word that is to be chosen is the sense which has the biggest number of this , 
count. 

.... . .. 
~ 

The foll owing example illustrates Algorithm 3-2. 
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For a sentence S= " (l(\Q eN:> lW1 <N> 111000 <NUMP> 11'1.'l'e <N :> fllC <A DJ> trt~/\..r <N> h7")'cV>" 

which is tagged manually, to identify the ambiguous words with its sense, assume the sentence is 

preprocessed, first we tokenize S into words then we get words= [Mit. (Un. 1000, u'I .. l-c, l1e. 

°t~I\.r. ,\11J. Using AmhWordNet the ambiguous word in the sentence is "-fie" as it has more 

than one meaning ("hh~C r )'l'C' V"'tWflJ hWC~ "''l'1l- 'If~ {Ill- V"t11 V~1&1 hf,)-l- : r-/-M'f, )1C':1: 

h'W. IJ,,,cl(\ . .r VilA f"'l.f'lt-nt" , " 11HfI 17D'1n.Pf") with the same pas in the AmhWordNcl. Then by 

applyi ng Lesk algorithm (i.e. by taking the maximum overlap between gloss of concepts of 

words of the sentence and the gloss of each concept of the word «,ne"), the meaning of the word 

"{Ie" in S is to refer the word "t1'l.'p'(U'''. 

3.4.3 Semantic Similarity Measure Module 

This module is responsible to measure semantic simi larity of two documents. We propose an 

algorithm Semantic Document Similarity Measures (SDSM) to pcrfoml the measurement. In the 

SDSM algorithm, documents are split into sentences and each sentence of one document is 

compared with the corresponding sentences of the other document. Finally. the document 

simi lari ty is computed based on the similarity score oft sentences of the documents. 

Steps for 8 D8M algorithm: 

1. Split Document 1 into sentences SI .S2, ...... Sm 

2. Split Document 2 into sentences SI ,S2, ...... Sn 

3. Compare each sentences of Document 1 with each sentences o f Documcnt 2. Comparing 

is done by computing scntences similarity using mutching average metric based on 

Equation 2-3. 

4. Take the max imum scores of sentences. 

5. Calculate the overall document similarity score using Equation 3- 1. The score is a value 

between 0 and I . 

To implement SDSM algorithm, modules such as Semantic Word Similarity (SWS), Sentence 

Similarity (S8) and Document Simi larity are integrated. 
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Semantic Word Similarity (SWS) Module 

sws module is responsible to compute semantic similarity between words. We defined the score 

of simi larity o f words from 0 to 1. The similarity between two completely difTerent words is 0 

and two exactly s imilar words is I otherwise the score lay between 0 and I. 

Figure 3-5 shows how semantic similarity score between words is com puted. As shown in the 

figure , first POS of the words are identified and if they are difTerent no need to proceed to the 

ncxt level since words with different POS are dissim il ar and have 0 scorc. Once the POS of the 

words are identifi ed and are the same, then the first task is to identify whether the words arc the 

same or not. If they are the same, ident ify whether the word is ambiguous or no\. If the word is 

unambiguous, the score wi ll be 1. If the word is ambiguous, it has to be disambiguated lIsing 

WSD modu le and then if they have the same sense the score will be I otherwise it will be O. If 

the words are not the same, the next task will be finding their concept Id from Am hWord et find 

jf they are on the same concept they are similar e lse find ing thei r semanti c similarity using Wu 

and Palmer w ill be done through their concept Ids. 

.- \ . " ... 
•• • • • .. -. • .. .. .., 

~ 
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Figure 3-5: Flow of how semantic simi larity between words is computed 

The algorithm to calculate semantic simi larity between words is presented in Algorithm 3-3. 
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AI orithm 3·3: Semantic Word Similarit AI 'orithm 
1. ALGORITHM {Semantic Word Similarity) 
2. Input: 
3. Tree : Concept Tree 
4 . ConceptIDl , ConceptID2 , WCIDl,WCID2:S tring 
5. variables: 
6. concept . L: List 
7. K:8oo1ean=~alse 

8. OUtput: 
9 . Similarity score of two words 
10 BEGIN : 
11 
12 
13 

FOR EACH Path IN 
APPEND Path 

FOR 

ConceptTree 
IN L 

END 
14 FOR EACH Path IN L 
15 
16 

IF ConceptIDl in Path and ConceptI02 in Path 
K - True 

17 IndxCidl-Index( ConceptI Dl)+ 1 
18 IndxCid2- Index ( ConceptID2)+ 1 
19 BREAK 
20 ELSE 
21 IF ConceptIDl IN Path 
22 P - True 
23 APPEND Path IN L1 
24 IF ConceptID2 IN Path 
25 Q - True 
26 APPEND Path IN L2 

27 END IF 
28 END FOR 

IF K - True 2' 
30 
31 
32 
33 
3' 
35 
36 
37 
3. 

3' 

IndxC - Min (I ndxCldl,IndxCid2 
N IndxC 
Nl - IndxCldl 
N2 IndxCid2 
WP 2*N/ Nl + N2 

ELSE 
IF P -= True AND Q -- True 

I= I ntersection(Ll , L2) 
Indx - Index (I) 
IF I NOT NULL 

40 N Indx + 1 
41 Nl _ N + 1 

42 N2 - N + 1 
43 WP - 2 * N/ (Nl + N2 ) 
44 ELSE 
45 WP - 0 
46 END IF 
47 END IF 
48 END IF 
49 RETU RN WP 
50 END 
51 END ~RITHM (Semantic Word Similarity) 
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Algorithm 3-3 is used as input during calculating sentence similarity as illustrated in Algori thm 

3-4. The algorithm takes two words together with their Concept ID from Algorithm 3-4 and its 

responsibili ty is to calculate the semantic similarity between words if those words have diITerent 

Concept 10 . The calculation is computed based on Wu and Palmer using Equation 2-1 from the 

concept tree which is already extracted using concept extraction module. 

Scnlcoee Similarity Module 

After computing semantic similarity between words of the sentences, overall similarity measures 

of the sentences is computed using Matching Average (Equation 2-3). The following example 

illustrates how similarity between sentences is computed. 

For example: S I = f.. fI ;1' <N> 'f' Cj <N> fI 7'C l' <N> f.,~:" CI. <N>:: 

S2 = U f., t\- <N> tl 7'C'''' <N> f., ro"l C\ <V>:: 

1. First each sentence is tokenized into words. 

2. Compute similarity between each words ors 1 and S2 as shown in the table 

Table 3-6: Similarity Score between Words 

I~ 
u l'-II- n 7'C 'r f.,lD 'p'C\ 

S, 

X n~' 0 0 0 

'1'1' 0 0.5 0 

n 7'C -} 0 I 0 

I'-:F~ A 0 0 0 

A h ' T bl 3 6 h d "m I' " and " 1'10 7 'C . .,. " are semantically related. Accordmg to the SSownmae-tewor T II 

d d palmer measurement (Equation 2- 1 
concept hierarchy shown in Figure 3-4 and base on wu an 

) the score between these words is 0.5. i.e. 

Simwp (iff.IJ;rc+ = ~) = 0.5. 
, (1+3) 

. . . . tion 2-3 which is MatchingA ve rage = 2 x 
3. Compute sentence similarity score usmg Equa 

Marchlng (s l ,s2) 

l eng t h(s t ) + lengt h( s2) 
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Match (51 , 52) is the sum of maximum Score of pair of words i.e. 0+0.5+1 +0= 1.5 

length (51)i' 4 and length(52) i, 3 

Matching Average will be 2*1.517= 0.42. 

The algori thm for semantic sentence similarity measure is presented in Algorithm 3·4. 

Algorithm 3-4: Sentence Similarity Measure Algorithm 

1 . ALGORITHM { SSM) 
2. Input: 
3 . 81 , s2 , textfilel , textfile2 :String 
4. WordNet : AmhWordNet 
5. Variables: 
6. Bl : BooleanzFalse 
7. B2 : Boolean-False 
8. Wordsi mscore : List 
9 . SemRe : Float 
10 . Output: 
11 . Sentence similarity score 
12 . BEGIN 
13 . 
14. 
15. 
16 . 
17 . 
1 • . 
19 . 
20 . 
2l. 
22 . 
23 . 
24. 
25. 
26 . 
27 . 
2B . 
29 . 
30. 
3l. 
32. 
33 . 
34 . 
35. 
36. 
37. 
3B. 
39 . 
4 0. 
4l. 
4 2. 
43 . 

fOR EACH Word_m IN 51 
FOR EACH Word n IN 92 
IF Word m IN textfilel 

READ Best senseI 
cr01 - Bes t _senseI 
BI-True 

END IF 
IF Word n IN textf ileZ 

READ-Sest sense2 
c102 - Best_sense2 
B2- True 

END IF 
IF POS of Word m is equal to POS of word_m 

IF Word m is equal to word_n 
IF 91 -- True OR 92 •• True 

IF CIDl •• CID2 
APPEND 1 TO wordsimscore 

ELSE 
APPEN D 0 TO wordsimscore 

END IF 
ELSE 

ELSE 
APPEND 1 TO wordsimscore 

IF 91 is True 
WCIDl • CID1 

ELSE 
READ Word m, Conceptld FROM AmhWordNet 
WCID1 - ConceptId 

END IF 
IF 92 is True 

WClDl • eIDl 

4 1 
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44 . 
45 . 
46. 
47. 
4B . 
49. 
50. 
51. 

52 . 
53 . 
54. 
55 . 
56. 
57. 
5B . 
59 . 
60. 
61. 
62 . 
63 . 
64 . 
65 . 
66 . 
67 . 
6B . 

ELSE 
READ Word_n , Conceptld FROM AmhWordNet 

WCI D2 - ConceptId 
END IF 
IF WCI Dl -- WCID2 

APPEND 1 TO Wordsimscore 
ELSE 

II SemSim 
similarit y 

. SemSim - SemanticSimilarity(WCIDl , WCID2) 
1S the outpu t of Algorithm 3-3that calculate 

be tween concepts 

END 

END IF 
END IF 

ELSE 

APPEND SemSim TO Word,im,core 

APPEND 0 TO Wordsimscore 
END IF 

END FOR 
APPEND Wordsimscore TO wordMatrix 
Wordsimscore - [J 

END FOR 
FOR EACH 

END FOR 

wordMa IN wordMatrix 
Wor dsim- MAX IMUM (wordMa) 
APPEND Wordsim TO Total 
Sensim -2 ' SUM(Total)/(length(sl)+length(s2)) 

END ALGQRITHM (SSM) 

the Semantic 

Algorithm 3-4 shows how simi larity between sentences is computed. TIle algorithm takes two 

sentences and each sentence words similarity is computed. The algorithm also takes two text 

ti les which are the output of Algorithm 3-2 (WSD Algorithm). The text files have ambiguity 

words of the documents with the ir sense. During computing similarity between words the flow 

whi ch is shown in Figure 3-5 is implemented which is, P~S of the words are identified first and 

if they are diffe rent the similarity score will be 0 otherwise the first task is to idcntify whether the 

words are the same or not. I f they are the same, the words arc idenli tied whether they are 

ambiguous or not using text file l and text file 2. If they are ambiguous they will be available in 

the texts files with correct senses and if they have the same sense (their concept id is the same) 

the similarity score wi ll be I otherwise it wi ll be O. If they are not ambiguous the score is I . If 

the words are not the same, the next task will be finding their conccpt Id from Amh Word Nct and 

if they are on the same concept they are similar and the similarity score will be I el se finding 

their semantic similarity using Wu and Palmer wi ll be done Lhrough thei r concept ids on line 51. 

Finall y the simi larity between sentences is computed using average matching formula on line 65. 

The procedure which is listed above also applied in order to get sentence similarity score. 
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Document Simila rity Score Module 

The result of sentence similarity score is used to calculate the overall document similarity. The 

maximum score of sentences of document 2 with sentences of document I is taken and using 

Eq uation 3-1 document similarity score is done. 

SimCO 1 02) = r.JI,Vt.sJ'-'Jz MaxSlm(sl.sJ) 
, 1011 

Where, 

D 1- Document 1 

02- Document 2 

S. ·Sentences of 0 I 

SI -Sentences of 0 2 

ID 11- Length of D I 

The algorithm for over all Document similarity measure is shown in Algorithm 3-5. 

l. 
2 . 
3 . 
4 . 
5 . 
6. 
7. 
8. 
9 . 
1 0 . 
11 . 
12. 
13. 
14. 
15. 
1 6 . 
17 . 
18 . 
19. 
20. 
2l. 
22. 
23. 
24. 
25. 
26 . 

Algorithm 3-5: Document Similarity Measure Algorithm 

ALGORITHM (D$M) 

Input: 
Document s : Docl , Doc2 
WordNe t : AmhWordNet 
Variables: 
Bl : Boolean=false 
B2 : Boolean=false 
Wordsimscore : List 

Sen : List 
SemRe : Float 
Output: 

Document simi larity score 
BEGIN 

READ Docl , Doc2 
FOR EACH Sentence m I N Docl 

fOR EACH Sentence n IN Doc2 
sen score-SSM (-sentence_m, sentence_n 
Append senscore TO Scorelist 

END FOR 
Append MAX(Scorelist ) IN Sen 

END fOR 
Ll-Length (Docl) 
L2 - Length (Doc2) 
DocSimilarity-SUM(SenJ/Ll 

END 
END ALGORITHM (DSM) 
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Algorithm 3-5 is responsible to compute simi larity between documents based on the sentence 

similarity which is implemented in Algorithm 3-4. First the similarity between sen tences is 

computed then the document similarity is calculated using Equation 3-1. 

-, • 
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CHAPTER FOUR 

EXPERIMENT 

4.1 Overview 

In this chapler experiments conducted to evaluate the performance of the proposed approach arc 

presented. Experimental results are done between clusters made by human and systems from 40 

dotasets (documcnts).The names of cJusters arc listed in Table 4-1.Thc clusters which arc mnde 

by systems afC fonned from the results of similarity score among the 40 documents measured 

using CADS, CADSWoWSD (CADS without WSD), PMl, Jaccard and osinc similari ty 

measures. The reason why we select the similarity measures cosine and Jaccard from tmditionnl 

and PMI from statistical approaches are; first they arc simple to implement and they arc the 

common ones and second, we want to show the performance of simi lari ty measures of difTerent 

approaches on thi s experiment. The CADSWoWSD also implemented to prove the influence of 

WSD in a similari ty measure. 

The environment used to conduct thi s experiment is At..:cr Laplop having 3GB RAM, duo core 

processor and Window7 64~bit Operating System. In nex t sub~sect ions, we wi ll discuss the 

procedure fo llowed to conduct experiments and ils result. 

4.2 Experimental Procedure 

This section describes the preparations made to carry out experiments that lest the tx:rformance 

o[CADS. 

4.2.1 Data Collection 

T [ d I IS arc required· dalaset to build the 
o carry out the experiments, twO types 0 a ase . • 

Am hWordNet and dataset to test the perfo rmance of CADS. The first data set is collected frol11 

Amharic Dictionary [20). Words with their POS and concept definition are the infonnntion used 

Th A hWord 'et has 500 different words, 507 
from the dataset in order to build AmhWordNet. e III 
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concepts and 554 senses of words. The second dataset is a collection of 40 sport news collected 

from Walta Information Center (WIC). Sample sport news articles arc aU3chcd as Appendix A. 

4.2.2 Manual Document Clustering 

The 40 Amharic sport news documents were manually grouped into 9 clusters. These cluslers arc 

used to measure the performance of OUf system. Table 4-1 shows the name of clusters and Table 

4-2 shows the resulting 9 clusters. 

Table 4- 1 : Name of Clusters 

No. Cluster Name CI usler Code 

I hfl.CfU h¥t. <;-'"1. (International Athletics) CI 

2 tt.r"tf? "1111;t- (Stadium construction) C2 

3 },·h\.t Vf, .... 11M .... (Athlete Haile G/Silasc) C3 

4 fle-}V'?:f Tt"'lfCi\. ~ (EthioDian Premier Lea.ue) C4 

5 fie 1·V'?:f h~C'>.n ~~1(Ethiooian Football Federation) C5 

6 fh1-M·f MrNt nh~C'>.n(Ath letes Comment on Football) C6 

7 fh'i't~ h~C\>'~(African Football) C7 

8 M'l' }, ..... h~C\>'~ M~f(lntemational Football Clubs) C8 

9 fle·}V'?:f 1l~?'f /\. ~(Ethiooian National Lea. ue) C9 

Table 4-2: Human Based clusters of Documents 

No. Cluster Code Documents 

I CI D I ,D2,D3,04.D I5,D 16.DI 7,D 19,D20 

2 C2 030,036 

3 C3 D5,D6,DI8 

4 C4 D7,D8,DII ,D21 ,D26,D31,D34,035 

5 C5 D9,DI0,DI 2,D33,D39 

6 C6 D13,D14 

7 C7 D23,D25,D37,D38,D40 -A: D22,D24,028 8 C8 / ... , 1-
9 C9 D27.D29,032 1;;/ • • • • 
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4.3 Evalua tion 

To evaluate the perfonnance of eADS, fi rst we have implemented CADSWoWSO, PMI, Jaccard 

and Cosine similarity measures. Then evaluation of these five similari ty approaches is done 

using precision, recall and harmonic mean of recall and precision ([-measure) Ihal compare clusters 

made from the result of document similarity scored by CADS, CAOSWoW 0 , Cosine and 

Jaccard over human made clusters. 

Document similarity scores are the results obtained from similarity comput ing between 40 

documents. Prec is ion is the ratio of the number of documents clustered correctl y to the towl 

number of documents in a given cluster whereas recall is the ratio of the number of documents 

clustered correctly and the whole documents belong to a cl uster . 

TP 
Precision = TP + FP 

Where, 

TP - the number o f documents which are clustered correctly in a given cl uster 

FP - the lI ulIlbt:r o f documents which arc Falsely clustered in a given clustcr 

TP 
Recall = TP + FN 

Where, 

TP . I d rrcctly in a given cluster - the number of documents which are c ustere co 

FN _ the number of documents which are missed by a given cluster 

4-1 

4-2 

fo r each cluster by combining the recall 
F-measurc shows the overall performance of the systems 

and prec ision values. 
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F _ m easure = 2 • (Recall . Percision) 
(Recall + Percision) 

4-3 

The cluster made from the result of the systems (CADS CADSW S . . . . . • oW D, Jaccard and Cosine) IS 

done by adaptmg hierarchical clustering method. 

Algorithm 4-1 is used to implement clustering. Before ,'n' plcmcnt,'ng h 1 I e a gori lhm, the 

maximum score that each document have with whom is taken. 

Algorithm 4-1: Clustering Algorithm 

1. ALGQRITHM (Clustering) 
2. Input: 
3. Documents : Document 
4. maxirnum_similarity : float 
5 . OU tput: 
6 . Clusters of documents 
7. BEGIN: 
B. RgAD Document 0 
9 . DO 
10. CREATE Cluster C FROM EACH DOCUMENTS 
11. 00 
12. 

13. 
14. 
15. 
16. 

FIND Nearest Cluster Cl and Cj 
/ ITo find the nearst cluster maximum_similarity is 

MERGE Ci and C1 
C=C-l 

UNTI L C=9 
END ALGORITHM (Clusterinq) 

used 

Algorithm 4-1 takes list of documents and max imum similarity score of a document it has with 

whom. To make clusters of documents first each document arc used as clusters, then fi nd the 

nearest cl usters and merge them. The process of find ing and mergi ng of clusters arc proceed 

until the number of clusters become 9 as the number of clusters made by human is 9. When 

finding the nearest clusters the similarity score between the documents is considered. 

Table 4-3 shows clusters of document made from the results of simi larity scores by CADS. 

Table 4-4 shows clusters of document made from the results of similarity scores by 

CADSWoWSD. Table 4-5 shows clusters of document made from the results of similarity scores 

by PM !. 

Table 4-6 shows clusters of document made from the results of simi larity scores by cosine. Table 

4-7 shows the clusters of documents made from the resuhs of similarity score by Jaccard. 
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Table 4-3: Clusters of Documents Formed from the Results oreADS 

No. Documents 

1 D 1,02,D3,D4,D 15,D 16,D 17,D 19,D20 

2 028,D30,036 

3 D5,D6,DI8 

4 D7,D8 

j ~ 
~ -, 

5 D9 ,D 1 O,D 12,D23 ,D33,D38,D40 

6 D11 ,D26,D25,D34,035 

'. '" , 
"', • I , , 

"I 

7 D13,DI4 

8 02 1,022,D24,D27,D29,D3I,D32 

9 D37,D39 

1 • .... .. 11 

I ,., , 
~ , '" .. - Table 4-4: Clusters of Documents Fanned from the Results of CADS WoW D 

No. Documents 

1 D1 ,D2,DI5,DI 6,DI7,DI9,D20 

2 D3,D4 

• 3 D5,D6,D18 

4 D7,D8 

5 D9,D 1 O,D 12,D23,D28,D30,D33,036,038,D40 

6 D II ,D26,D25,035 

7 D1 3,D14 

8 D21 ,D22,D24,D27 ,D29,03 1 ,D32,D34 

9 037,D39 
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Table 4-5: Clusters of Documents Formed from the Results ofPMJ 

No. Documents 

I DI,D2,DI9,D2D 

2 D3,D4 

3 DS,D6,D I S,D 16,DI7,DIS 

4 D7,DS 

S D9,D I D,D 12,D2S,DlD,D33,D36,DlS,D4D 

6 DII ,D2S,D26,D35 

7 D13,DI4 

S D21 ,D22,D24,D27,D29,D31 ,Dl2 

9 D23,D37,D39 

Table 4-6: Clusters of Documents Formed from the Results of Cosine I I 

No. Documents 

I DI ,D2, DI9,D20 

2 D3,D4 

3 DS,D6,DI 5,IJ1 6,DI 7,DI8 

4 D7,DS,D32 

S D9,D30,D33,Dl6,Dl7 

6 D I D,D 12,D23,D25,D28,D3 1 

7 D II,D26,Dl5,D39 

S D13,DI4 

9 D21,D22,D24,D27,D29,D34,D3S,D40 
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Table 4-7: Clusters of Documents Fanned from 'he R I fJ esu IS 0 accard 

No. Documents 

I 01 .02. 019.020 

2 03.04 

3 05.06 

4 07.08.022,024,032,033,034 

5 09,010,012,023,028,030,0 36,03 7 

6 011 ,025,026,035,039 

7 013,014 

8 015,016,017,018 

9 021 ,027,029,031,038,040 

4.4 Result 

As we have di scussed above, the experiment is done between the fi ve systems over human 

judgment. Precision and recall values are computed for all the clusters of five systems. The 

results are attached as Appendix B. 

The chart presented in Figure 4.1 shows the precision values of each cluster fo r the five systems. 
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Figure 4-1 : Precision Values for all the Clusters for CADS, CADSWoWSD, PM(, Jaccard and 

Cosine 

When we compare the precision values for the CADS, as shown in Figure 4-1 , the precision has 

increased for "C2" "C4" "C5" and "C9" For instance when we look at "C2" 213 of documents . ". , 
are grouped together in this cluster are com..-cl for CADS whereas in the other systems frolll the 

correctly clustered documents are very few. All systems have a precision value 1 for "e l" and 

"C6". This indicates, all the documents intended to group in these clusters arc correct and no 

incorrect documents are there in the clusters. 
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Figure 4-2: Recall Values for Clusters oreADS, CADSWoWSD, PMl, Cosine and Jaccard 

Figure 4-2 shows recall values computed for each clusters for five systems. As presented in the 

graph, CADS has better recall values compared to the other measures. For example, when we 

look at "C I", all documents intended to group together in the cluster are grouped together using 

CADS while the other systems miss some of the documents in the cluster. The clusters which arc 

formed by CADS have better recall values compared to the other four systems. Out of ninc 

clusters, five of them have recall value J. 

In order to show a bener view of the performance of the systems, [-measure has been computed 

for all clusters of each of the systems. These f~measure values are ploued on a graph in Figure 4~ 

3. 
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Figure 4-3: F-measure Values for All the Clusters for CADS. CADS WoW D, PM!. Juccard and 
Cosine 

As shown in Figure 4-3 , the f-measure values for the CADS system for "Cluster I", "Cluster 2"', 

"Cluster 3", "'Cluster 4", "Cluster 5" and "Cluster 9" are greater than thaI of the other systems. 

All systems have the same f-va lues fo r "Cluster 6". CA DS and PMI have greater F-valucs for 

"Cluster 7" CADS and Jaccard have greater F-valucs for "Cluster 8". These indicate lhat, CAD 

provide accurate value compared to the other four systems. 

For the 9c1usters and each system, average recall, prec ision, and f-measure val ues have been 

calculated and it is presented in Table 4-8. 
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Table 4-8: Average Precision, Recall and F-mcaslIfc Values 

System Precision (Ave rage) Recall (Average) F-measure (Average) 

CADS 0.72 0.84 0.76 

CADSWoWSD 0.58 0.80 0.61 

PMI 0.57 0.74 0.56 

Jaccard 0.57 0.66 0.55 

Cosine 0.54 0.69 0.54 

As it is dep icted in Table 4-8 the average value of j)rccision, Recall and F-mcasurc for CAD is 

greater than that of CADS WoW SO, PMI, Jaccard and Cos ine. 

When the precision, recall and [-measure average arc expressed in percentage, CA D hus 72% 

precision, 84 % recall and 76% f-measure. CADSWoWSD has 58% precision, 80% recall and 

61% f-measure. PM! has 57% precision, 74% recall and 56% f-measure. Jaccard system has 57% 

precision, 66% recall and 55% f-measure. Cosine system has 54% precision, 69% recall and 54% 

f-mcasurc. 

Figure 4-4 shows the average f-measure values of the fi vc systcms. The avcrage f-mcnsurc 

indicates the overall performance of each system. 
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Figure 44: Graph of average f·measure for all Systems 

As shown in Figure 4-4 documents which are clustered by CADS arc closer to the human made 

clusters as compare to CADSWoWSD, PM I. Jaccard and Cosine. 
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4.5 Discussion 

As depicted in Table 4-8 the average precision of the proposed system is high compared to 

CADSWoWSD, PM!, Jaccard and cosine systems. This means CADS clustered is capable in 

putting similar document in the same cluster. This high precision is due to the fact that when 

computing similarity between documents, the semantic nature of thosc documents is considered. 

Whcn we look at the average recall of CADS, it is better than thnt of the other four systems. It 

point out CADS has better capabil ity on clustering document together which are supposed to be 

in same cluster. 

Figure 4-4 illustrates the average f-measure perfonnance diffcrence between systems. ADS 

perform better than CADSWoWSD. PM!, Jaccard and Cosine. It has 15%,20%,2 1% and 22% 

im provement from CADSWoWSD, PMI, Jaccard and Cosine respecti vel y. 

In the conducted experiment it is not only shows the comparison of different systcms but it 

clearl y shows the influence of WSD in a document similarity measure. According to the 

experiment, the system we developed with WSD (CADS) has 15% increment than without 

including WSD (CADSWoWSD). 

Moreover, similarity measure that we proposed has influence on the process of clustering simi lar 

documents together. As the objective of clustering is to group similar documents together, this 

system consider not only document that are exactly the same or have the same words bu t it 

consider documents that are semantically similar (documents that are expressed differently but 

talk about the same things ). 

This research has a limitation in identifying meaning o f words o f documents which have word 

stress and the word whose meaning is known by pragmatic knowledge. I f word stress and 

pragmatic knowledge of words are considered, our system may have better perfonnance than thi s 

one. 
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CHAPTER FIVE 

CONCLUSION AND FUTURE WORK 

5.1 Conclusion 

In thi s thesis, we proposed an approach to measure document similarity considering semantic 

in/ormation. Different techniques and NLPs are combined in order to implement the proposed 

system. 

The System (CADS) is composed of Pre.processing, concept based similarity measure and 

AmhWordNet modules. The concept based similarity module is the main part of the system 

where similarity between documents is measured. We implement Amharic WordNct and usc it as 

input for CSM module. This module is a composition of sub modules such as WSD and Concept 

Tree Extraction. Polysemous words are disambiguated using WSD module before usi ng them on 

similarity measure. Concept trces which are generated by Concept Tree Ex traction are used 

duri ng measuring semantic similarity between words 

The proposed system was tested based on the clusters of documents made by human. Besides, 

the CADS is compared with the CADSWoWSD, PM!, Jaccard and Cosine similarity measures . 

The relevance of the generated clusters arc evaluated using precision, recall and f·measure. nle 

proposed semantic has better average recall , precision, and [·measure values compared to the 

systems CADSWoWSD, PMI, Jaccard and Cosine. 

5.2 Contribution 

The contributions of this thesis work are summarized as fo llows: 

• 

• 

A model is proposed for concept-base Amharic document similarity that takes 

advantage of existing semantic 1001- WordNet. 

Amharic WordNet (Amh WordNet) that is domain speci fic to sport is implemented in 

d 
., 'd ,of 'ng " 'ords' synonym and polysemy; those arc important for or er to use It lor I en I yl .. 

semant ic document similarity measuring. 
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• Implementing WSD algorithm using AmhWordNct In order to find sense of 

polysemous words from documents. 

• Propose an algorithm to generating Concept lree from AmhWord ct to usc it for 

finding semantic similarity between words 

5.3 Future Work 

The result found in this research showed that semantic similarity between Amharic documents 

can be done. In the future there is a need to conduct further research on the following aspects 

• This study only represents concepts in the AmhWordNct which has sporl domuin. All 

poss ible concepts should be represented in the Word Nct in order to handle domains 

other than sport. 

• Pragmatic knowledge is noL considered in Ihis research. The pcrfonnance of the 

system wi ll be better than thi s as knowing pragmatic knowledge has a great impact in 

identifying meaning of document. 

• If morphological analyzer is used to eliminate prefix and suffix instead of stenuncr, 

the performance of CADS wi ll be better as the output of morphologica l anal yzer is 

more similar with the words of AmhWordNet than the output of Slemmer. 

• In this research we have used sentence-based similarity measure to compute the 

similarity between documents. Since, words which make up the meaning of a 

document might sparse in a paragraph rather than being in a given sentence, we 

recommend exploring the advantage of paragraph-based similarity measure in order 

to get a better perfonnance. 

Finally, we believe that the result of this research can be modified to get better results. 
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Appendix A: Sample News Articles 

Document I: 

H1.1!'C'<NP>nr~~~"'<VP>VM9"<NP>n.t<N>"'O'l'<PREP>'i9"Tl'"'><N>h.·}~*,f< >~""ct<ADJ> 
"'m.t<N>M""1f"lQ~'f<v> "n7i9"T\"';''''<Np> 172 
<NUMCR>~7C''f<N>Vr~rf.<VREl>i\.tn<VP> 
26·" <NUMP>{l;r-<ADV>"'l,~i\.f<N><P')ml'fr<N>"'O'l'<PREP>7{l·'''!'~<V>~:)·~*,f'l'< I'>~'I'M' 
<NUMCR>o~~i\.fl"H<Np>n"'l"l'j't<Vp>n~M'j'\·)·<NUMI'>"'.I!'£~.1<N>~m~:J'~:F<v> " n"'·.I!'.I!' 
o;.<NP>aJ"l·',<A D J>""m"" .l!'<N> ~"'I1<N>n~ 1.1!'<NU M P> ~ </!:J'<N> 48. J 6 
<N U M C R>c'l h'} ~<N> h?iS .{.<N>flon(f 't-<V P>h. ·"'f'*,f<N>1t\j.c;-<A OJ C> f. 9D :J><A DJ>h~nt.(I}·<V p 
>hl'r9"<ADJP>c#<N>Q7i7c<PREP>n""~Mo;'<ADJP>C'P+<N>QMM.<N I'>u'IJ'S:·)<VN>~u"~h 
~:t\ <V>;: 01l,hOD £'<N> h'JT''1 <AD V> nq.t\111<NP>rot'tJ·Y·:,:<N> 7i9""1~o/j' <N>N1C<A D J P>(' ·J,.'l f\ . j'<N>fl"~"1 

' H''I'<NPC>~~76i'<NP>V",,;g''''tY'1'<NP>V800 
<NUMP>o~tc<N>o~~i\.h·}<N>~""tn<VP>v;r-~<VP>\aJ·<V>"VJ ,OOO 
<NUMP>'~'}C<N>I\.H<N>40"l<N>n~·6h<NP>n·'·h)·)·i'-<ADV>M9°M>;'<NUM I'>7.1L<N>r~v 
~:<VREl>Voo;g""Cf'1'<NP>l\t<N>~""Q~<NP>~"l<v>V\nl:Far<VREl>~M.<ADJ>lw",d'<N> 
£4.c<N>Q"'~mnoj><vp>",~;i'<N>nh.1f'f;J:<NP>~~1<N>M1"<N>n~ 1.1!'<NUMP>~h1."'<N>·''''£· 
O!<vp>",~.,.o;'<NUMOR>~l:O<N>~"l1;i'~'f<v>"ntl"'<PRONI'>C"")·<N>7~'~<N>n·c:J'<N>n,'o 
"~)'}<NUMOR>~m~ :J'~'f<V>"VI\·HXNP> 1,500 
<NUMCR>"'l,')'c<N>V~II.'l'Th<NP> .l!'C{l <N>lJ)c~<N>Q~~ <NP>~· In< >~.QQ<N>~o·)·<N>71" 
n.<N>.I[QQ<N>~1i1"'<N>httn<vp>nIJ)1"'f<Np> 1,500 
<NUMCR>oHC<N>""ho1XN>7{ll"".M1<N>nY'M'i'H·<NUMOR>I"'h<N>o~P'~.J' >~'I'\:I:c\< 
V>:: 

Document 2: 

h.·)·~*,f<N>noj,Ch<NP>h.hnrr~<N>nr~~~"'<VP> 
' 4>;''''<NUMP>I''\~9''<NP>vn.t<NP>arh'l'<PREP>~'M .. thh<N>'i9'''CI''i'<N>n ·'·~fV<ADJI'>C"")' 
<N>'I.I't'h{,<VREL>(}-'l<VP>Mlf.I'l:r-<vp>rlf~<VP>lD'nl>l<N>no'''I ·f·l·<VN>-t-oDt\fl/\:':<V> ::7111n.< 
N>P'.QQ<N>nI.1.1!'<NUMP>1i.o<N> 500 
<N U M C R>"'l,')'c <N> , <P UN C>""m"" .I!'<N>l.on <N> X"l'l"<CON J>n 800 
<NUM P>'~')'C<N> fM~'f"'<VP>VIJ)C~<ADJ p>o~p'i\.fl":F<N>1MM'1<N P> UP;<N>h~<PRE I'> . 
~Oj.l!'l"l<NP>MH'1'tI<V>""""'lt<N>~>\'C<N>nY'M'<NUM P>itO<N>OHC< >~9"'CI"i'<N>1{IC 
<NP>oMi\.f<N>~;i'mtl~<VP>""~11<N>7{ll"".M1<N>n~1.I!'<NP>1i.O >~'I'h'}<NUMCR>""'~ 
<N>"'l,'~C <N>~Mo;'<NUMCR>~l:O<NP>MOO'/l"l{l'1'~<V>"~1'liJ''I'<PRONP>7~'~< >n·c,;.<N> 
n"'~'}<NUMP>1i.O<N>"'l,tC<N>f"""l'f"'<V>Vl"'h<N>"'l,P'II.f<N>h76" < p>n~9"'I:v-;a><NP>~7 
'j"f"'<VP>~l~<N>I.M'1'l\:~<N>h.r.-C"~<v>"n~m:J'~i'-<NP>V"'!~i\.f<NP>.I!'9"C< > 2 
<NUMCR>lJ)c~<N»<PUNC> I <NUMCR>{lC~<NP> 2 
<NU M C R> lmh<N>n"'l"l'j' ;J:<N P> h. t~*' f<N>hl.<;:6~< p,...~ot ID'xN P>h<;:t-< >hti' ~<vp>nq 
~"<NP>I.~<N> ~l~ <N>~"l'l"<CONJ>hl."'!6~~<NP>h~ 1"111. ~<NP>4"r~< >VY'hro;'<' 11'>£ 
l~'<N>MfM'\~t1<VREl>.,.m.t<N>MOO'/l"lQ~'f<V>"jln.')'<N>07C<N>h.1f<N>~.}< 'UMC 
R>V"'C~<NP> '<PUNC>1.1.1!'<NUMCR>V{lC~<N P>1.1.1!'<NUMCR>Vl"'h<NP>""'I'~<V>~t-·}<N 
UMCR>oMi\.Yl"'f1<NP>n"'l"l1·t<VP>VM.~ o;'<NUMI'>U~·<N>~"lV~'f<V>" 
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Document 3: 

Document 4: 

nn,'}:):1I1 ~: <N>tl'}<N>{,u'U'f'}<NP>h'ru1<N>M"'''lf.C<N>h 1 <N> ~'1"n <N> 4 
<N>IIUI.. \"')<N>'(lC <N>fli'I.e<P REP>(1 tf)<A UX>Wa.l, <N>ftl?'C 'l'<N 1»u'tfaJ"h~J''i' <'N P>faJ('l"+ < 
N P>"MhA <N>II "'I1It.t<NP>'H~,;,r<N>"'Im~#'1<V P>1M <V> , , 

nM-I-"~,"<NP>rw"l.y.'f~<NP>IITct<N>>I"u.I .. )-<N>n.-)-<N>rIlTC-)-<N P>n-Yo-1< >o't <N>M-<N> 
-'l'f'1'<N>'1f1l)-<N>fl.h.-rY'?\Y<NP>HS<N>h'1t\"1tr+<N>h').r.71'\.9,,'l·<VP>Ou'l.~'Pi< P>OA°"" I t1'l ''''' 
:r·<NP>fI.~n·.<vp>mffl"'=f<N>ftlTC·r<Np>u'Hm··"'~J'<N>frot'1J ." :J:<'N>OO7I'i'O::< >u'OhAt;<NP>o.',· 
o!l9"VIf:·l·<N>fl.C1Dtlt--r<NP>'H"I~<N>"'m'i*": : 

O"on<NP>h-f·u'l<N>fl.I1'i.I'lMI"'<VP>ftlTC·r <NP 
o'HW'-rtJ' <N>tl~t-<N >f(l;J-<NP>Ch hll<N>oP f.l1- 'Pi <N C> U{ll 'rI'lfl'9"< >f1-"o-}'< > f: ,:JIi!<N>/,\,,', 
f: l "1<V P>onH.:J:! -J;'}<NP>ffr .e,}<N P>oota>-<N>1'<;"Il q'" <V> : : (lOt ~,}<N I» Am~".e <N>lM "~<AD 
J>f.l~·<N>'l'VOUC-r<N>ll.t<N>a>-tl1'S"'<PREP>fl;l,tl<N>oo<i~ro"<N>otP. <N>"')f. f"UM·<V I»7"~'f 
,,<V>: : h ,}P..u'VO<P R 0 NP>CDffl·t'-=f<N>fhlIf:1'<N>7.HJ':faJ-')<N P>fOUI')" 4·0'l'<V P>fOD1l'i'O:: <N »> .. , 
ahA <N>h 1~'~ n~<vP>-r~~l'PlI <V>" 

Document 5: 

Oh0'1t-<N P> hAA <N> ,,"C''''l.J'<N>tl'}<N>fh'''l.C\. <N P>h"·°'1<N> hM·'p'f.C <N>f" "1CI;1.f1<N P>°V; <N>t'\ 

'YIlt.-)-<v p>r'UII'f1l <N P> 200 
<N>QU<NP>llC<N>oooo~rt1<VREL>r~~<NP>W"l-H:"<N>II?"C-)-<N>o"1"tf<N>M;I-"'r<V> " 

1000000tfw _<N>"~"'<N>M<N>n?II<N>qll""'<N>r"'lIl<N>IITc -r<N>MII"l~:F<N>H~-r1 - n-l-<N I'> 
Mm~<N>_r"1_r<ADv>nh~!i.<NP>hM<N>n.r~uul n-l'<V I'>""')-<N>h1~·t",,~--)-<vp>""l·r·f1 
<N>nIl7-C.r<NP>n"'l"",,nt<vp>nll"'lt<NP>IIt.I"f<N>'}<fl<N>.~;I-"'<N>h1'l1fl-<VI'>II'jll;fll< 
N 1'>1II7-C -)'<N P>"'I.".,.<N>oollt.'t-<YN>h<j:1'>;'<N> M1"l'>I" /. <N> ~'1' l 'I'll <V>, , 

ftll ,c,r <NP>u'l.P.CD-<N>l'I.aJf.6..-J;<NP>v-fl.71l <N>f1;J--'tf1D<N>t'\0D7'}(l,r <VI» OatJ'(l1:" <VP>oP,,"h-<N 
>fOtl'lt-<VP>onlf't-'}<VN>f.,.t;7~t<VP>"Ir\.{.(I)-<N>nhtJ-'t-<NP>fDt?>-r< >f'K"K< p>~~j!; ')< >ilt· 
<N>.t-m~4l<v>r"'l.""'<NP>ml7<V>IIt.~<NP>rhllC<NP>.rtn'~<NP>.,~;I-<V>lIuu~UUC< 1'>11 

~)(+<N>hr-r Y.l 1<VP>UUIfl-1<YN>M;I-<DffIl<V>" 
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Appendix B: The precision, recall, and f-measure values for each of the c1 u5lCrs for fi ve syslcms 

CADS 

Clusters TP FP FN P 

Cluster! 9 0 0 1 

Cluster2 2 , 0 0.67 

Cluslcr3 3 0 0 1 

Cluster4 4 , 4 0.8 

ClusterS 4 3 , 0. 57 

Cluster6 2 0 0 1 

Cluster? 3 4 2 0.428 

ClusterS 2 5 , 0.285 

Cluster9 3 4 0 0.75 

CADSWoWSD 

Clusters TP Fl' FN 
" • 

Cluster l 7 0 2 1 

Clusle r2 2 8 0 0.2 

• 
Clusler3 3 0 0 1 

Clusler4 J , 5 0.75 

ClusterS 4 6 , 0.4 

Clu sler6 2 0 0 1 

Cluster? 3 7 2 0.3 

ClusterS 2 6 , 0.25 

Cluster9 3 5 0 0.37S 

PMI 

Clus ters TP FP FN P 

Cluste r I 4 0 5 1 

Cluster2 2 7 0 0.22 

Cluster3 3 3 0 O.S 

68 

· . 

R 

1 

1 

1 

O.S 

0.8 

1 

0.6 

0.67 

, 

R 

0.78 

1 

1 

0.375 

? 

0.8 

, 
0.6 

0.67 

1 

R 

0.44 

1 

, 

• -. -. -. 

F·M 

1 

0.80 

1 

0.615 

0.665 

1 

0.499 

0.399 

0.857 

F-M 

0.876 

0.33 

1 

O.S 

0.53 

, 
0.' 

0.36 

0.54 

F-M 

0.61 

0.36 

0.66 
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Cluste. 4 

ClusterS 

Cluste r6 

Cluster? 

ClusterS 

Cluster9 

Clusters 

Cluster I 

Clusler2 

Cluster3 

Clusle r4 

ClusterS 

Cluster6 

Cluster? ,. 
Clus terS 

Clus ler9 

Clusters 

Clusterl 

C]uster2 

Cluster3 , 
Cluster4 
'. 
ClusterS . 
Cluster6 

Cluster7 

Cluster8 

Cluster9 

• • \ 

.. ' 

3 I 5 

4 5 I 

2 0 0 

2 I 3 

2 6 I 

3 5 0 

TP FI' FN 

4 0 5 

2 7 0 

2 0 I 

3 2 5 

3 5 2 

2 0 0 

2 4 3 

2 5 I 

2 4 I 

TP FP FN 

4 0 5 

2 3 0 

3 3 0 

3 I 5 

2 3 3 

2 0 0 

2 4 3 

2 6 I 

2 6 I 

69 

0.75 0.375 0.5 

0.44 0.8 0.567 

1 I 1 

0.67 0.' 0.5 

0.25 0.67 0.36 

0.375 1 0.54 

Jaccard 

I' " F-M 

1 0 .44 0.61 

0.22 1 0.36 

1 0.67 0.802 

0 .• 0.375 0.46 

0.375 0.8 0.51 

1 1 I 

0.33 0.' 0.36 

0.285 0.67 0.399 

0.33 0.67 0.44 

Cos inc 

I' R F·M 

1 0.44 0.611 

0.' I 0.57 

0.5 1 0.66 

0.75 0.375 0.5 

0.' 0.' 0.4 

1 1 1 

0.33 0.' 0.36 

0.25 0.67 0.36 

0.25 1 0.' 
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Appendix C: Amharic SlOP Words List 

" Mil M h~hO 

MY tl.iH' h~hll 

h v-ft.· "-",,,au; 

<j:/:m· h,M-'l')p,. W',Ll. 

I~ '~ t 
III~~ -

• 
I 

't I I "'. ' j ; t 
; t~ 

• t ) 
J I" ~ ... 

II , 't ,.' 
i .. ", 'llt .,.. 

-)-'0-)- hf'}.'l')"l:rw· '1'l-

'I"/!-l' ).,1,P,.U·9D }(It,. 

nc")' ).,')f.','i )nd' 

1l~' fI'f)9D Y 

V-rHo Mhl" )'IC')' 

h",')' M.e )+ 

• h)+ nY)' V)·,), , 

I • hro·~'I' OW-fl 'r fw'l'l'l' 

:\~ h:>'~ onllht.\ 

hooilhA (t'fu.,. ') hM'~ 

•• 1 
~. ' nMD). VM")' ;J/r 

V;Jt· h;J/r 'IMV 

· "~ .rv ... ·l~ Mh 

OffJ9D ~1 (un 

~." m'll'l' ~.e 

).e )a> X 

Cj:fm' .ell roy, 

wt/'" h' ro.e9" 

I,IX ",.). rou·)-

)1C n;}'~ nt,." 
M f."lf[° h1:{ 
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