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Abstract

Similarity measure has significance in the area of NLP applications such as search engine,
information extraction and document classification. These NLP applications are implemented in
Ambharic language. However, most of them rely on simple matching techniques or probabilistic
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 ambiguity of words. In this research, we proposed Concept-based

Ambharic Document Similarity (CADS) by building AmhWordNet.

The objective of this research is to implement effective similarity measure of documents by
considering issues like polysemy, synonymy and semantic relationship between words. The
main components of the proposed system (CADS) are AmhWordNet and Concept-based
Similarity Measure (CSM). CSM consists of Word Sense Disambiguation (WSD), Concept Tree

Extraction and Semantic Similarity Measure modules.

The AmhWordNet is used as input during concept tree extraction and to implement WSD
module. The extracted concept tree together with WSD module helps to find the semantic
similarity between words. The output of word similarity is used to compute sentence similarity.

Finally document similarity is computed based on sentence similarities.

The performance of CADS is evaluated using precision, recall and F-measure evaluation metrics.
CADS without WSD (CADSWoWSD), Pointwise Mutual Information (PMI), Jaccard and
Cosine similarity measures are implemented so that comparison between the five systems is
done. According to the result we get from the experiment we conducted, the proposed system has

better performance than the existing ones.

Key Words: Word Sense Disambiguation, Concept Tree Extraction, Amharic WordNet,

Concept-based Similarity Measure.
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CHAPTER ONE

INTRODUCTION

1.1 Background

Nowadays, researchers are highly focusing on natural language processing (NLP). NLP is the
process of analyzing and representing naturally occurring texts at one or more levels of linguistic
analysis for the purpose of achieving human-like language processing for a range of tasks or
applications[1]. Paraphrasing input text document, translating a text document to another
language, answering questions about contents of text documents, and drawing inferences from
the text documents are among the goals of NLP. To achieve these goals, there is a need to
compute the similarity between documents, which is crucial to solve the problem of discovering

and organizing documents associated with similar property.

The concept of computing document similarity was begun in 1970s [2]. Salton & Lesk 1971[2],
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 similarity. Over the years, different approaches have been introduced to
measure similarity between documents. Vector Space Model (VSM) [8] is the most common
type of statistical approaches to measure similarity between documents represented with vectors.
The other statistical approach is Latent Semantic Analysis (LSA) [9], which is designed to
reduce vector space size (which is a problem in VSM) using singular value decomposition
approach. Knowledge-based is another approach to measure document similarity [10]. It uses
resources like WordNet to solve synonym, polysemous and WSD problems that are not

considered in statistical approach.

Document similarity has been used as prerequisite in various areas like Information Retrieval
and Text Clustering [2.11]. There are researches conducted in the area of document similarity in
languages other than English. For instance, in 2002, Pouliquen [12] came up with an approach to

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




research, the similarity computation was done once the document is represented in a language-
independent format using descriptor terms of the multilingual thesaurus EUROVOC, and then

calculating the distance between these representations.

Considering the local language, Amharic, very few researches have been conducted in the area of
information retrieval and document classification. In 2002, text retrieval using self-organized
document map was done by Mulugeta Baye [13]. Later in 2003, Amharic text retrieval using
latent semantic indexing was implemented by Tewodros Hailemeskel [14]. Researchers have
been conducted to implement cross lingual information retrieval using Amharic and other
languages (English and French). Some of those rescarches are Amharic-English Information
Retrieval [15] and Dictionary-based Amharic-French Information retrieval [16] which are done
by Atelach Alemu, Argaw and Lars Asker in the year 2004 and 2006. Automatic categorization
of Amharic news text using machine learning approach by Surafel Teklu in 2003[17] is one of
the earliest researches which was done on the area of document classification to investigate the
application of machine learning techniques in automatic categorization of Amharic news items.
Researchers in [18] also worked on classifying Amharic web news aimed at compiling an
Ambharic corpus from the Web and automatically categorizing the texts. On the research, ranking
of documents was performed using the cosine similarity measure which lack considering
semantic of text. A research on concept-based automatic Amharic document categorization is
conducted in 2009 [19]. This research lacks identifying the correct meaning of a given word (i.e.
word sense disambiguation) and references list of single terms/words as document

representative.

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 semantics of the contents of documents, i.e. documents that are similar in their concept but

different in their word representation are not considered or disambi guation is not done.




1.2 Motivation

Suppose a local user wants to get list of unique documents written on particular event for
instance the Ethiopia’s participation on the 14" World Indoor Game. The following two Amharic

documents describe the same event written but written differently.

Document 1

H32:C 04:Ch (2410 PAAT® (L @AT APPTES ATORE AovCe Ot hhorHanaT:: (G Teqa- 172
WICT 0Fatd AT 26k OF TU8AL vIMSAT AT TUFPA:: AAPRET APOT CBEALPTY “ITTT
AOATTIE 02047 AMSPAT:: (10204 ML avhov: ho17 (AL Lt 48.36 a2 AG4 NPV
RSP 10 L9 FFOPOT hINLO: WA Ct AAIC (erhhAG Cbt AATNG: eOUrsT AaPARLA::
aOhaOL KIS 1GAF OMAT GIOTEG POC TL8AL (99T AkiGk faegavseP 2800 “3C B80T
AU OFA 10+ £3.000 THHC AT 9B (F6h (e ARCOHE L ST foPEavCeP At AP
$CM PNCTFO Dh0, oWt 4C AAFMOP v QRIPRE BAT ATE ORTL ANTL HPLIT BT LLRTY
WTEOT: O~ CPF 10k (HCP QPAETE AnG 20T 04T 1,500 921C PAAIPTH £CAN OCP NALA,
T4AT 200 AUF THIO 800 AT AT Q0T 1,500 3¢ oohey? 1040087 AP OHTTE ich 7548
AT

Document 2

MR QAAFIA (FhBem- 1450+ faa° S0+ @ AAthh GTES AHASE CPt +ate 0§
ACAT QU1 @-m 99T HaeAAAT:: 10, 200 AAZE TV 500 9% aohor®: AT L9 (1800
MIRC PATETO POCE TANLPT PRIHET LLF NG ATILL AVTFAPA: (AMPAL P7BEAS £I°C 2 Pt
| 165 2 tehdy Q99T AFEES hAGoh $EULOF G- OFEH NGAT° hbG LLF LA hATBShT hA7IAM
PPA QPG RE PLONTIATT Dt ANEPHINT:: 20 VIC B AT POCPE AL POCT AR Pich
MIC hét TBEALPTT (1TTH Chets £LF K10

Table 1-1: Sentences extracted from the sample documents

Document 1 ' Document 2

18- COEChFLLTIOPAAPAAOATAPTEGAT | PR PORAF AN ELD
S | pRehCEDMARNTPHINAT 145 0990900 FO-OTATAERAAT TS OTALLC
| PR ATAUSAARAT O IO M ANTT TR rarAAAT

| *e




In order to identify the list of unique documents written on particular event, the use of traditional
word occurrence based similarity is not enough. For instance, as shown in Table 1-1, S; in
Document 1 and Document 2 are very similar as both documents uses different words/terms
referring to the same fact (for example “AeeCe™ and “A0LATT). In addition, the two documents
refers to concepts refers related issue — these concepts are normally related with semantic
relation (i.e. Hyponym), such as the words “0-kCh” in Document 1 and “NANF A" in
Document 2 those are not similar unless we apply concept based similarity which considers

semantic relations between words.

Documentl

Figure 1-1: Relationship between Documentl and Document 2

The other thing we considered is use of asymmetric similarity measure instead of symmetric. In
symmetric if a document A is similar with a document B, B is also similar with A. However, it is
not sometimes possible to say this because these two documents may not be equally similar, For
example, when we look at the above two Documents (Document] and Document2), Documentl
contains all sentences of Document2 and some other additional sentences as well.  The

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

As shown in Figure 1-1, Document2 is included in Documentl, thus Document? is identical to

Document 1 but not vice versa.

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

degree of similarity between documents.




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 Al and machine learning. In particular, there is difficulty
on addressing lexical and semantic levels in the text. Here, the problems come from polysemous
(i.e. a word may have multiple senses and multiple type of usage in different context), synonyms
(i.c. different word may have similar meaning) and some other semantic relationship that
determine the meaning of the document. These difficulties are also shown in measuring

similarity of documents as it requires addressing lexical and semantic information of documents.

Different researches have been done on processing Amharic documents. But as discussed in
Sectionl.1. a correct sense of a word is not identified. For instance, in the research “Concept-
Based Automatic 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) measure 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 similarity metric that consider

semantic information embedded in the documents.
1.4.2 Specific Objectives

To accomplish the above mentioned general objective, the following specific objectives are

formulated:
v Study different approaches that are used in developing Concept-base Document Similarity.
v Extend or adopt WordNet for Amharic thesaurus (AmhWordNet).

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




v" Develop a prototype for Concept Base Amharic Document Similarity based on the proposed

algorithms.
v' Prepare test corpus
v Collect data from Ambharic dictionary to implement AmhWordNet.

v FEvaluate the performance of the developed approach using standard measures such as

precision and recall on test corpus.

1.5 Scope and Limitation of the Study

Scope

The developed system takes input of two Amharic text documents which have a domain of sport
and measures their similarity semantically. In this research work, an Amharic WordNet is

developed which is limited to words/terms that are related to sport domain.
Limitation

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

measure.

1.6 Methodology
For 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 for
deeper understanding of concept based document similarity measures. Particular focus will be
given in reviewing literature for the techniques of document similarity measures, strategies to
extend WordNet, writing system of Amharic languages and existing researches on concept based

text similarity measure.




1.6.2 Data Collection

Data to populate the WordNet is required. This data is taken from Ambharic dictionary [20]. In
addition, Amharic sport domain corpus gathered from Walta Information Center (WIC) is used
in implementing Pointwise Mutual Information (PMI) for evaluation purpose. PMI need
collection of documents for measuring similarity as it is a statistical method. .40 different sports

news are 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 identified

research problems.
1.6.4 Tools and Techniques

Different tools and techniques are used to achieve the goal of the research. The main parts of the
system such as Word Sense Disambiguation (WSD), concept tree extraction, finding semantic
relation between words and computing semantic similarity are developed with 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 CADS, CADSWoWSD(CADS without WSD), Pointwise
Mutual Information (PMI), Cosine and Jaccard similarity measures over human made clusters is

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

clusters.
1.7 Application of the Result

Generally, document similarity metrics can be applied 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 are measuring similarity between a query document
and a corpus document; when we search for a string in a text, we are measuring similarity

between a search string and sub-string of the text; and when we summarize a document, we




produce a semantically similar document to the original document. It also can be used for

classification, summarization, and for automatic evaluation of machine translation [21,22].

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

input for those applications.
1.8 Thesis Organization
The remaining part of this thesis is organized as follows:

Chapter Two: presents detailed discussion of literatures related to this work. It includes word
and text similarity measures, text similarity approaches, similarity types such as symmetric and
asymmetric, Amharic languages (its structure and difficulties), and NLPs like part of speech
tagging and word sense disambiguation for similarity measures. This chapter also presents

review of related works specific to semantic similarity in English and Chinese language.

Chapter Three: describes the Design and Implementation of the proposed CADS system.
Algorithms like WSD, Concept tree extraction, similarity measures are proposed in order to

implement the system.
Chapter Four: presents the experiments and results of the proposed system.

Chapter Five: presents a conclusion to the research work by discussing the main results that

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




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 this research such as similarity measure, text similarity approaches, similarity type,
Amharic language and its writing system and NLPs for similarity measures are presented.

Related works also presents in this chapter.

Similarity 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 Edit distance (also called Levenshtein distance) and
Longest Common Subsequence (LCS) [23] compute similarity between words from the spelling
of the words where as a lexical dictionary like 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.

Distance Based

The similarity measure behind distance 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

9
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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 C1 and C2 are based on the
depth of the two concepts in the taxonomy (i.c. the depth of a concept is simply its distance to

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

2XN
Ny +N;

2
1

Simy, (€4,C2) =

Where,

R -the root concept in the concept tree
N -Len(R, C)

C-LCS(C1,C2)

NI~ Len(R, Cl)

N2 -Len (R, C2.)

Information Content Based

Information Content Based method is proposed by Resnik in 1995 to solve the drawback of
distance based methods that relies on the idea that links in the taxonomy represent uniform
distance [27]. The method used information content to evaluate semantic similarity by
associating appearance probabilities to each concept in the taxonomy, computed from their

occurrences in a given corpus.
Feature-Based

Feature-Based methods measures similarity between concepts as a function of their properties
(i.e. their glosses in the WordNet) or based on their relationships to other relationships to other
similar terms in the taxonomy. The method relies 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].

10 { &,
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Pointwise Mutual Information (PMI)

PMI is unsupervised statistical approach which is used to find semantic relatedness between
words [29]. In PMI, calculating semantic similarity between words is done by considering the
words marginal frequencies and their co-occurrence frequency in a corpus. This means two
concepts are more likely to co-occur in a common, shared context and less likely in an unshared

one. It is mathematically expressed as Equation 2-2

£
[ £

P(x,y)

PMI(x,y) = logz-ps

Even though, PMI has been used by different researchers to calculate similarity between words
(30.29]. it has drawback. The high score of PMI sometimes might not necessary indicate the two

objects are related.
2.2,2 Text Similarity Measures

The similarity between texts can be computed from similarity between words. If words in two
texts are similar, the two texts are more possibly similar. But it does not means that word
similarity measure replace text similarity measure since there are words that have multiple

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

Different measures of similarity between texts are proposed in different researches. Cosine,

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

Matching Average

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

calculate similarity between sentences for Recognizing Textual Entailment System. It is defined

as Equation 2-3.

. 2 % Matching(s1,52) H
MatchingAverage = 2 X 7.0 0th(s1) + length(s2)

11



Cosine Similarity

The cosine similarity is one 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].

A.B 2-4

CosSim(A,B) = TALIBI

When cosine similarity is used to calculate similarity between texts, each text first represented by
a number of words in sequence and similarity computing is done based on cosine similarity

formula. The formula is shown in Equation 2-4

Jaccard Similarity Coefficient

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

intersection divided by the size of the union of the sample set.

Fquation 2-5 shows mathematical expression of Jaccard coefficient.

|ANB | 2-5

JaccSim(A,B) = m

When using Jaccard similarity metric to measure similarity between texts, each text first
represented by a number of words in sequence like cosine similarity then distinct words are
extracted from both texts and finally computing the Jaccard similarity using Equation 2-5 is

done.

2.3 Text Similarity Approaches

Approaches such as statistical, knowledge based and hybrid are available to measure similarity

between texts.

12




2.3.1 Statistical Approaches

This approach requires a collection of documents (corpus) to compute document similarity. In
[33] statistical approaches based on word set, word vector, edit distance, word order and word

distance had implemented to measure sentences similarity.

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

are among the methods used for implementing statistical approaches are discussed.
Vector Space Model (VSM)

VSM is a word co-occurrence method in which documents are represented by vector of
keywords which are extracted from documents with associated weights that represent the
importance of keywords. This method calculates similarity according to the number of
occurrences of terms in the specified document or text. The term weighting for the vector space
model has entirely been based on single term statistics. One of the most widely-used term
weighting heuristics is called the term-frequency inverse document-frequency (tf-idf) introduced
by Salton and McGill in 1983 [3]. The sense of tf-idf is that the more the term occurs in the
document the more weight it has. VSM use different similarity measures such as cosine

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

In the model semantics and word order are ignored and text is treated as a bag-of-words (BOW).
The VSM relies on the assumption that more similar documents have more words in common
but this 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 spelling such as apple as a fruit and apple as
a company), etc. Due to such things, similar phrases may be treated as dissimilar. For example,

phrases ‘I have a cat’ and ‘I own an animal’ are treated completely as dissimilar because they

share no words.

Latent Semantic Analysis (LSA)

LSA is the extended form of VSM that analyze relationships between a set of documents and the
terms they contain by producing a set of concepts related to the documents and terms[34]. This

approach addresses partially the problem of synonym and polysemy that occur in VSM. In
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addition, in VSM, the document matrix is usually of a high dimension and sparse, since every
word does not appear in each document. High dimensional and sparse matrices are susceptible to
noise and have difficulty in capturing the underlying semantic 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
approximating the original. When measuring semantic similarity between documents using LSA,
cach 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.

Applicability of LSA is restricted due to SVD (i.e., SVD computation is demanding both in

terms of processor time and in memory requirements).
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 are discussed previously which relay
on statistical distribution properties of terms, knowledge based approach uses background
knowledge to find out the relatedness of terms. It uses resources such as WordNet [35] which is
particularly created to reflect the relationship between terms and Wikipedia [36] which is

knowledge repository on the Web.

WordNet

WordNet is a lexical database that is first created at Princeton University to use it as lexical
knowledge of native English speaker. In the WordNet different information like English nouns,
verbs, adjective and adverbs are organized into set of synonyms which are called synsets. A
given synset consists of list of synonymous word forms and semantic pointers. A word form can
be single word or two or more words connected by underscore and word definition. A semantic

pointer tells the relationship between words within the synset and with other synset.[35]

WordNet has been used as input to measure semantic similarity in different researches. One of

research that used WordNet for measuring semantic similarity between texts is [37]. In this paper
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the semantic and syntactic information were taken considered to measure text semantic

similarity.
Wikipedia

Wikipedia is another resource to measure semantic relatedness between words. According to
different researches proof, it is a better knowledge base than WordNet. Researchers have used
Wikipedia to compute semantic relatedness by using its hyperlink structure and category
hierarchy or textual content. For instance, Strube and Ponzetto were the first to compute
measures of semantic relatedness using Wikipedia [38]. They applied the WordNet techniques
by modifying it to fit Wikipedia. Wikipedia Link-based Measure (WLM)[39] is introduced for
extracting semantic relatedness measures from Wikipedia through Wikipedia's hyperlink

structure.
2.3.3 Hybrid Approach

This approach is the combination of the above two approaches statistical and knowledge based.
In [10] the researchers suggested this combined approach for measuring semantic similarity
between texts. In the research the result of two corpus-based measures; PMIIR and LSA and six
knowledge based measures; the Leacock & Chodorow, the Lesk, the Wu and Palmer, Lin,
Resnik, and Jiang& Conrath of word semantic similarity are combined to show how hybrid

approach can be used on measuring texts similarity.

The semantic similarity between two sentences is calculated in [40] using information from
lexical database and corpus. The lexical database (WordNet) is used to calculate the semantic
similarity and the corpus is used to provide information content. The researchers considered
three similarity functions (string similarity, common word order similarity and semantic

similarity).

Researchers in [10] 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 [23] 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 similarity [41].
Symmetric Similarity

In symmetric similarity, the measure of two object A and B is equal to the similarity between B
and A (i.e. sim(A,B) = sim(B,A)). Symmetric similarity only concern in the common features of

objects and it ignore the distinct features.
Asymmetric Similarity

In asymmetric similarity the similarity between A and B equal to similarity between B and A if
and only if object A is equal to object B (i.e. sim(A,B) = sim(B,A) iff A=B ). This similarity
considers both common and distinct features of the two objects. Directional measure of
similarity, which indicates the semantic similarity of a text segment A with respect to a text
segment B is defined in the research [10] in order to measure text similarity. This asymmetric
similarity provided the researchers with the flexibility they needed to handle application where

the directional knowledge is useful.
2.5 Ambharic Language

2,5.1 Overview of Amharic Language

Amharic. one of Semitic languages is spoken in many parts of Ethiopia. It is the second most
spoken Semitic language in the world next to Arabic [42]. It is the official working language of

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 only in Ethiopian Orthodox Tewahedo Church as
worshiping language. Amharic script has 33 core characters and 32 of them are consonants
having seven orders to show the seven vowels. Out of the seven derivatives, six of them are CV
(Consonant vowel) combinations while the sixth is the consonant itself. Other symbols

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

The Amharic grammatical structure is organized into five basic part of speech such as noun
(h9v), adjective (Pod), adverb (+@Aahan), verb (“0) and preposition (ot pL:£:)[43]. The word
order in Amharic clauses is generally Subject Object Verb (SOV). 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 punctuation marks are available in Amharic language writing system. The punctuation
: Syt 107 is used to separate words but this is not practically used in type written texts instead
blank spaces are used. The “A¢<t 10" symbol, =, is used to separate sentence, and the symbols
and ¢ which are called as “imA AN and “£C0 A& respectively are equivalent with comma
and semicolon in English. In addition, punctuations like 2,! , *“, ™, *, /;and \, which are borrowed

from foreign languages also used in Amharic language.
2.5.4 Difficulties of Amharic Language

In Amharic language there are issues that make the language difficult to use it in NLPs. One of
the issues is a word can be written in more than one ways because of availability of words with
similar sound but different alphabets (i.e., The alphabets (the so called fidels) “v™ “A™ and
“q” “4” and “w”“k” and “0”,“8” and “6” can be used interchangeably so that any two words
formed from these interchangeable alphabets are considered as similar. For example the words
“Hager” and “Hager” are similar words with different symbols. The other issue is some words
have a short form which are written using the symbols */* or *.” For instance a word “&hC” has
a short form “£.C” or “&/C”. These issues should be handled when using the language in NLP

tasks (in similarity measure and in other NLP applications).

2.6 NLPs for Similarity Measures

Measuring similarity between words, texts or documents require 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 of Speech (POS) tagging and WSD. In our research we used

these NLP applications.
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Part of Speech Tagging

Words in a language are grouped into word classes commonly known as POS in which words in
similar word classes have similar syntactic behavior [44]. POS tagging is a process of assigning a
POS to a given word. Approaches such as statistical, rule based and hybrid are available to

automate POS tagging.

POS tagging make similarity measure easy. This is because, when comparing two words from
tagged documents, if the words have different POS we can directly say they are dissimilar
without doing further analysis but if the words are untagged it needs extra processing.
Moreover, POS tagging helps to implement WSD. During identifying sense of polysemous word
from a document, if we know the POS of the word in the document, WSD can focus on only the

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

Word Sense Disambiguation

There are words in natural languages which are polysemous, (i.e. words with multiple meanings
or senses). The process of automatically determining the sense of a polysemous word is called

word sense disambiguation [45]. Disambiguation is done by looking at the context of 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 lexical database such as WordNet, The Lesk algorithm [46] is introduced by
Michael E. Lesk that used knowledge based as a resource and disambiguates polysemous 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 rely on the meaning of words.

2.7 Related Works

There are researches that are carried out on semantic texts similarity measure i.e. based on what
words on the document means in English and other languages. Semantic similarity measure was

proposed to solve problems of handling semantic nature of texts during similaril)' measure using

traditional method (i.e. word occurrence method).
.” hL
&7
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Sentence Similarity Based on Semantic Nets and Corpus Statistics

In this research, a method is presented to perform semantic similarity of two sentences. The
proposed method computed text similarity from semantic and syntactic information of each text.
The semantic information is derived from corpus whereas the syntactic information is formed

from Lexical database [40].

Given sentence sl and sentence s2, first the method dynamically formed a join word set using all
the distinct pair of s1 and s2. Then raw semantic vector and word vectors are produced for sl and
s2 with the help of lexical database. The significant of a word is weighted from corpus using
information content since each words in a sentence contributes differently to the meaning of the
whole sentence. After computing semantic similarity from the two semantic vectors and an order
similarity from the two order vectors, the sentence similarity is produced combination of

semantic and order similarities.
Word Sense Disambiguation-based Sentence Similarity

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 computed based on the actual meaning [48]. To do so, a method which
is called Word Sense Disambiguation-Semantic Text Similarity (WSD-STS) proposed. In WSD-
STS. first transforming an existing corpus-based measure (i.c. STS) into knowledge-based

measures is done and then word sense disambiguation is integrated.

Given sentence sl and sentence s2, first the string similarity and semantic similarity of s1 and s2

is computed then the overall sentence similarity is measured based on those similarities.
2.7.1.2 Semantic Text Similarity for Chinese Language
The Research of Chinese Semantic Similarity Calculation Introduced Punctuations

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 similarity is 1 else semantic similarity was calculated

with the help of WordNet called HowNet[49].
A method of Phrased Integrated Semantic Similarity Computation

In this research a method of phased integrated semantic similarity computation is proposed to
compute text similarity [S0]. In the research, steps are performed during computation. First
segmenting text into paragraphs, paragraphs into sentences, sentences into words is done. Then
calculating the similarity of words, sentences, paragraphs to obtain the text similarity is

performed. Finally computing text similarity is done.

Word similarity is computed using HowNet knowledge structure. In sentence similarity
calculation first each sentence is represented as a vector then the average of the two vectors is

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

DESIGN AND IMPLEMENTATION OF CADS

3.1 Overview

In this Chapter, our approach, Concept-based Amharic Document Similarity (CADS) model, is
introduced. The model consists of three major components — Text Pre-processor, Amharic
WordNet (AmhWordNet), and Concept-based Similarity Measure (CSM) as shown in Figure 3-
1. The aim of the text pre-processor is to prepare the input documents for CSM. Tokenization,
Normalization and Stemming are the major activities conducted in this component. Once this

part is completed, the preprocessed documents are ready to be used.

The CSM component is responsible to compute the similarity of documents. This component is
composed of Concept Tree Extraction (CTE), Word Sense Disambiguation (WSD), and
Similarity Measure modules. Capturing polysemy, synonymy and other semantic relations have
main contribution in order to meet the objective of CADS. The issues of polysemy, synonymy
and semantic relations are captured by CSM modules. The CSM component is integrated with
AmhWordNet. The main task of Concept Tree Extraction (CTE) module is to extract concept
tree that shows hierarchy between concepts of AmhWordNet. WSD module identifies
polysemous words from documents and associates the most probable sense to it. The Similarity
Measure module calculates the overall similarity between documents using similarity between its
constituting components - word and sentences. The module is an integration of different sub
modules such as Semantic Word Similarity (SWS) module, 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 responsibility of DS is to find out the overall

similarity score between documents.

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

semantic relations within concepts. This component helps to implement the modules of CSM.
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The general architecture of the system is shown in Figure 3-1.Detail description of each
component of the system is presented in the next sub-sections.

Figure 3-1: General Architecture of CADS
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3.2 TextPreprocessing

The Text Preprocessing component of CADS is responsible to prepare the input documents for
further processing by applying specific operations such as tokenization, normalization,
stemming, and stop word removal. These preprocessing tasks in documents are common before
computing similarity. The effect of pre-processing techniques on document similarity accuracy
was assessed in [S1] and based on the research pre-processing tasks have a positive impact on

accuracy of document similarity measure.
Tokenization

This is the process of segmenting document into sentences or words. We implemented this
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 similarity measure, tokenization is applied so as to

identify sentences in documents.
Stop Word Removal

Stop words are words that appear often in documents but do not serve very well to distinguish
texts. As these words are insignificant when measuring similarity; the first step should be
removing these words from documents. “0a9° , “7%" and “av¥” are examples of Ambharic stop

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

Stemming

Stemming is the process of eliminating prefix and suffix of a word and convert it to its base form
to ensure that the word can be recognized by AmhWordNet and perform morphological

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

Normalization

Normalization process is applied in order to handle issues which are discussed in Section 2.5.4.

The issues are. in Ambharic language a word can be written in more than one ways because of

availability of words with similar 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 WordNet for Ambharic language has a significant impact on
performance of tools such as search engine, automatic text categorization and Amharic word
sense disambiguation. Likewise, applying WordNet on similarity measure is useful because
using it, capturing WSD, synonym and semantic relationship between words are possible and
these leads similarity measure to have better performance. Therefore, in this research we have
adapted the structure of the English WordNet which is discussed in Section 2.3.2 and constructed

Amharic WordNet in a way that it can be used as an input to build 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 ambiguity in cases where a single word has
multiple meanings. For example the word “P§™ has multiple meanings such as “(07Av ?71.°¢
AEAT O PG 187, ool oo avdpadd 1A and “ONE ONIC AOTPHE 1@ ANUC AL 971847
A7°C+" and to handle such cases the word is associated to different concepts each representing
separate senses.

Concepts' are connected to each other through semantic relations that are defined in the

WordNet such as Hypernym, 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 c_\(anlp[c_ in AthordNel, the word “Uﬂ:’?‘" (\NOTd]df \‘\r’36} and “Lar" (Wnrdld: w37) are

under the same concept (Conceptld: ¢32) which is defined as “eamMe LAt U Thi A0t

v,

A 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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Hyponym (is a kind of) Relation

If a concept is connected to another concept through the is-a-kind-of relation then the relation is
Hyponym. Hyponym relation captures subset taxonomy. A concept C; that contain synset {ai,....

an} is Hyponym of the concept C: that contain synset{bi.b,....b,} if every C: is a kind of C:

Hypernym is the reverse of Hyponym (i.e. Hypernym relation captures super set taxonomy). A
concept C,; that contain synset {a.., a,} is Hypernym of the concept C: that contain
synset{bi.ba....by}, if every Czis a kind of Ci. For example the concept containing {*4*%"} is

Hyponym of {“AtA-tht”} and {“A + At ha "} is Hypernym of {“4 9"},
Meronym (part-of) Relation

If a concept connected to another concept through the part-of relation then the relation is
Meronym. A Concept Ci represented by the synset {ai,....a,} is said to be a Meronym of a

concept C2 represented by synset{bi,b,...,by} if C1 is a part of Ca.

Holonym is a reverse of Meronym relation. A Concept Ci represented by the synset {anaz,....a,}
is said to be a Holonym of a concept C: represented by synset{bi,bx.....b,} if Cz is a part of Ci .

For example the concept Ci{“h A&} is Meronym of the conceptCa{“A&éh™} and {"A%¢h™} is
Holonym of {“A4¢&£7}.

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 AmhWordNet database has five basic tables - Words, POS, Concepts, Word Concept and
SemanticRelations. The detail of each tables are shown presented as follows.

1. Table Name: Words

The Table “Words” is used to maintain unique words of Amharic language. As shown in Table

3-1. this table contains two fields- WordId and WordName.
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Table 3-1: Word Table
'Sr.No. | Field Name | Data Type ' Purpose
' Wordld nchar(10) ' Primary key: Uniquely identifies a

word in the language

38

WordName nvarchar(10) | Word of the language

|

2. Table Name: POS

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

language. The design view of this table is displayed in Table 3-2.

Table 3-2: POS Table

Sr. No. | Field Name | Data Type Purpose
| | POSId Int : Primary key: Uniquely identifies a |
| | POS in the language
2 POSName ' nchar(10) The name of POS
| 3 ' I’O_Sgym_bT_ : nchar(10) | The symbol used for a given POS
3. Table Name: Concepts

The purpose of this table is to maintain concepts which are used to describe a sense of words.

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

Table 3-3: Concept Table

Sr.No. | Field Name _ [)_&né_Ty'pc | Purpose
| ConceptID " nchar(10)
l concept of words in the language

M, nvarchar(MAX) | It explains the concept with

| Primary key: Uniquely identifies a
|

Gloss
definition that elaborate all words

2

with given meaning or sense




4. Table Name: Word Concept

The table is used to uniquely identify the sense of a word through the field WCId. Table 3-4

shows the design of the “Word Concept™ table.

Table 3-4: Word_Concept Table

Sr.No. | Field Name ' Data Type Purpose
] WCld " nchar(10) ' Primary key: Uniquely identifies the
sense of a word
12 'Wordld nchar(10) Foreign key from Word table.
3 ' (‘onceptld_ 5 | nchar(10) ' Foreign key from Concept table
3 ' POSId | Int ' Foreign key from POS table.

5, Table Name: SemanticRelation

This table is used to maintain the semantic relation like Hyponyms, Hypernym, Holonym, and

Meronym between pair of concepts. The fields which are used to build this table are shown in

Table 3-5.
Table 3-5: SemanticRelation Table
[Sr.No. | Field Name | Data Type 5 I Purpose
‘ RID . L |t | Primary key: Uniquely identifies a '
l relation between concepts
‘conceﬁDl_ It / ' Foreign key from Concept table
s indicate the first concept.
rconcer__)ifbf_ y Int 'I‘orcign key from Concept table |
. indicate the second concept.
" 'Relation | nchar(10) It explains what two pair of

concepts relation have

29




Word

¢ Wordld ﬂ g:l Word compt o—
WordName g
T wad '
Wordld ; g
| o Conceptld POS
\ ' POSId 9 POSId
| POSName
1| POSSymbol
¢
Concept
@ Conceptld Semanticllelatiﬂn
Gloss 0 o 7 RelationlD
| Conceptld1
| Conceptld2
Relation

Figure 3-3: Database Schema of Amharic WordNet

Figure 3-3 shows the database schema of AmhWordNet. Different words in Amharic language
are stored in the Word table identified by Wordld field. Concepts are included in the Concept
table and each concept is identified by Conceptld. 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 help of Word_Concept table. SemanticRelation

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

tables work together.

For example the word “A2” has a Wordld: w34 in the AmhWordNet. Since this word has two
senses, the Concept table holds concept definition of those senses of the word under different
Conceptld: c28with a Gloss™0 (LB ooepti MK b oo ORT A2 and ¢29 with a
Gloss“om¥: A% omt 0. Word_Concept table differentiate each sense of the word by

combining Wordld and ConceptID together and this combination is identified via WCId. This

means the word “A2” with a sense "% nLege eoge " has a WCId: we35 which is a

combination of Wordld: w34 and Conceptld: ¢28. And word “A2” with a sense. “om+" has a

WCId: we3 which is a combination of Wordld: w34 and Conceptld: ¢29.
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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 sense

disambiguation and similarity measure modules. We discussed each of them as follows:
3.4.1 Concept Tree Extraction (CTE) Module

CTE module is responsible to extract concept tree from AmhWordNet. The tree consists of
different nodes (i.e. concepts) which are linked each other by semantic relations. The need to
extract tree from AmhWordNet is to use it for finding semantic similarity between words.

Algorithm 3-1 shows steps taken to build concept tree from AmhWordNet.

The Algorithm takes “SemanticRelation” table of Amharic WordNet (AmhWordNet) as input.
The table holds IDs of pair of concepts that have relation, First Concept IDs (node) of pairs of
concepts are loaded into a list as implemented from line 11 to 17. Then first elements of the pairs
as a key and the pairs as a value are loaded into a dictionary (from line 19-24). Next, each pairs
are read from the list (line 26). Using a function “Get_Path”, paths between nodes are found as

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

1. ALGORITHM (ConceptTreeExtractor) ] E
2 Input:
3. WordNet: AmhWordNet
4. Variables: |
5, Ll,L2,L3,Linklist, Tree:List
6. Path: Dictionary ‘
7 Output:
8. Concept tree
9, BEGIN:
10. LOAD SemanticRelation Table TO Rows |
11 FOR EACH Row IN Rows
12. APPEND Concept ID1 IN L1
13. APPEND Concept ID2 IN L:
14, APPEND L1 and L2 IN L3
15. APPEND L3 IN Linklist
1 L3 =[]
17. END FOR
18. Path ={}

19. FOR EACH LL IN Linklist
0 IF LL[O]NOT IN Path

21, Path[LL[O0]]=[]
22 . END IF
APEEND Tuple(LL) IN Path[LL[O]]
END FOR
25, Used=[]
20. FOR EACH node IN Linklist

IF node NOT IN Used

29, Get Path(node)
30, END IF
31. FUNCTION Get Path(node)
32 IF node[1l] IN Path AS Key
Next node=Path[node[1] ,

L ADD Next node IN Usea
f;i APPEND node[0] IN Tree
>0 Get Path (Next node)

: Elst¢ =
‘4‘ END IE
40 END FUNCTION
1 WRITE Tree
42, Tree = []
43. END FOR
44, END

45. END ALCORITHM(Concept Extraction) = =




Figure 3-4 shows sample tree that is extracted by CTE module, The tree hold nodes that have “is
a kind of” relation. Later the result of CTE (i.e generated trees) is used during finding semantic
similarity between words. The arrow in the figure represents hierarchy which is hyponym

relation between concepts.

07 G

‘onceptiD20),

Arathi:
‘onceptiDI19

@~y WG
\ConceptiD34

o' HAL: \

(ConceptiD27 ‘onceptl uz:%)

Figure 3-4: Sample Extracted Tree
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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 AmhWordNet for this purpose. We adopted gloss overlap approach of Lesk

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

Algorithm 3-2: Word Sense Disambiguation Algorithm

W o Jos W

ALGORITHM (WSD)
Input:
Document: Docl, Doc?2
WordNet: AmhWordNet
Variables:
max_overlap:int = 0
i:int=0
L1,L2,L3:List
Output:
Word, Best sense
BEGIN: -
READ Rows FROM Word Table
FOR ERCH Sentence IN Document

FOR EACH Word, pos pair IN Sentence

FOR EACH Row IN Rows
W = Row.WordName
P = Row.P0OSSymbol
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.Gloss
cl=row.Conceptld
If wl==sentence[n] AND pl==senpos(n]
APPEND wl,gl,cl IN wol,glosl,cptlrespectively

END IF
END FOR
If len(wol) > 0
WHILE C< len(glos)
gl=glos(c]
FOR gll in glosl
gll=gll.split(' ")
inte=set{gl}.in:ersec:ion[set(qll}:
overlap=len(inte)
If overlap > max overlap:
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43. max_overlap = overlap
44. best_sense = cpt(c]
45. END IF

46. END FOR

47. c+=1

48. END WHILE

49. END IF

50. APPEND max overlap IN maxsense

51. APPEND best sense IN maxsense

52. APPEND maxsense IN maxbestsense

53, maxsense= []

54. wol = [], glosl=[], cptl=(]

55. END WHILE

56. m =0

57. WHILE m < len(maxbestsense)

58. APPEND maxbestsense[m] [0])IN moverlap
59. m=m+1

60. END WHILE

61. mov=max (moverlap)

62. mm=moverlap.index (mov)

63. finalbestsense=maxbestsense [mm] [1]

64. WRITE Word, finalbestsense_

65. END IF

66. END FOR

67. END FOR

68. END

69. END ALGORITHM (WSD)

Algorithm 3-2 is applied for both documents during similarity measure to disambiguate

polysemous words. The following scenario shows 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 tokenized 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 WordNet by reading each word
with its POS from the WordNet tables. Then if the word has more than one concept in the
WordNet, the word is ambiguous (lines 14-23). The next thing which is done by algorithm is

identifying the correct sense of the word which is implemented from line 24 to line 60 on the
amount of words between the neighborhood words

from AmhWordNet. Then the

algorithm. To identify the sense, count the
definition of each senses and the word definition of each senses

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

count.

The following example illustrates Algorithm 3-2. f< / 3
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For a sentence S= “NAAR <N> AUT <N> 11000 <NUMP> “%C <N - ¢1C <ADJ> TUEAS N> ATTV>"
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= [AAT, AW?, 1000, “WIC, AC,
449, h77]. Using AmhWordNet the ambiguous word in the sentence is “{1C” as it has more
than one meaning (“hALC TITC P7.OM hoCP Pphe NP NIde £9997F Paohed ALY § PHALE 11T
KL T340 UNA PULASLNTE”, “1HHN @21099™) with the same POS in the AmhWordNet. Then by
applying 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 “01¢”), the meaning of the word

“01C” in S is to refer the word “7%8A.£”,
3.4.3 Semantic Similarity Measure Module

This module is responsible to measure semantic similarity of two documents. We propose an
algorithm Semantic Document Similarity Measures (SDSM) to perform 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

similarity is computed based on the similarity score of t sentences of the documents.

Steps for SDSM algorithm:

1. Split Document 1 into sentences S,S,......8m

2. Split Document 2 into sentences S1,52,......5x

3. Compare each sentences of Document 1 with each sentences of Document 2. Comparing
is done by computing sentences similarity using matching average metric based on
Equation 2-3.

4. Take the maximum scores of sentences.

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

between 0 and 1.

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

Similarity (SS) and Document Similarity 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 similarity of words from 0 to 1. The similarity between two completely different words is 0

and two exactly similar words is 1 otherwise the score lay between 0 and 1.

Figure 3-5 shows how semantic similarity score between words is computed. As shown in the
figure, first POS of the words are identified and if they are different no need to proceed to the
next level since words with different POS are dissimilar and have 0 score. Once the POS of the
words are identified and are the same, then the first task is to identify whether the words are the
same or not. If they are the same, identify whether the word is ambiguous or not. If the word is
unambiguous, the score will be 1. If the word is ambiguous, it has to be disambiguated using
WSD module and then if they have the same sense the score will be 1 otherwise it will be 0. If
the words are not the same, the next task will be finding their concept Id from AmhWordNet and
if they are on the same concept they are similar else finding their semantic similarity using Wu

and Palmer will be done through their concept Ids.
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Figure 3-5: Flow of how semantic similarity between words is computed

The algorithm to calculate semantic similarity between words is presented in Algorithm 3-3.
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Algorithm 3-3: Semantic Word Similarity Algorithm

1. ALGORITHM(Semantic Word Similarity)

2. Input:

3, Tree: ConceptTree

4. ConceptIDl,ConceptID2, WCID1,WCID2:String
5. Variables:

6. Concept, L:List

7. K:Boolean=False

8. Output:

9. Similarity score of two words

10 BEGIN:

11 FOR EACH Path IN ConceptTree

12 APPEND Path IN L

13 END FOR

14 FOR EACH Path IN L

15 IF ConceptIDl in Path and ConceptID2 in Path
16 K = True

17 IndxCidl=Index (ConceptIDl)+ 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

29 IF K = True

30 IndxC = Min(IndxCidl, IndxCid2 )
31 N = IndxC

32 N1 = IndxCidl

33 N2 = IndxCid2

34 WP = 2*N/ N1 + N2

35 ELSE

36 IF P == True AND Q == True

37 I=Intersection(L1l,L2)

38 Indx = Index(I)

39 IF I NOT NULL

40 N = Indx + 1

41 N1 =N + 1

42 N2 = N + 1

43 WP = 2 * N/ (N1 + N2)

44 ELSE

45 Wp =0

46 END IF

47 END IF

48 END IF

49 RETURN WP

50 END .
51 END ALGORITHM(Semantic Word Similarity) e
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Algorithm 3-3 is used as input during calculating sentence similarity as illustrated in Algorithm
3-4. The algorithm takes two words together with their Concept ID from Algorithm 3-4 and its
responsibility is to calculate the semantic similarity between words if those words have different
Concept ID. 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.
Sentence 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.
Forexample: S1=2a 3 <N>P§ <N>a27c+ <N>@TA A <N>=

S2=pen <N>az7ct+ N>go8h <V>=
1. First each sentence is tokenized into words.

2. Compute similarity between each words of S1 and S2 as shown in the table

Table 3-6: Similarity Score between Words

S> Ve azc LosA
Sy
Loz 0 0 0
PG 0 0.5 0
h7ch 0 l 0
£TA A 0 0 0

As shown in Table 3-6 the word “@§ " and “a 7°C +” are semantically related. According to the

o2 Gl &
concept hierarchy shown in Figure 3.4 and based on wu and palmer measurement (Equation 2-1

) the score between these words is 0.5. i.e.
My (5, 0700 = 25) = 05

3. Compute sentence similarity score using Equation 23 which is MatchingAverage = 2

Matching(s1,s2)
length(sl)+length(32)
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Match (si, $2) is the sum of maximum score of pair of words i.e. 040.5+1+0=1.5
length (s1)is 4 and length(s2) is 3

Matching Average will be 2*1.5/7= 0.42.

The algorithm for semantic sentence similarity measure is presented in Algorithm 3-4,

Algorithm 3-4: Sentence Similarity Measure Algorithm

1. ALGORITHM( SSM )

2. Input:

3. 51,82, textfilel, textfile2:String

4. WordNet: AmhWordNet

5. Variables:

6. Bl:Boolean=False

7. B2:Boolean=False

8. Wordsimscore:List

9. SemRe:Float

10. Output:

11. Sentence similarity score

12. BEGIN

13. FOR EACH Word m IN sl

14. FOR EACH Word n IN s2

15. IF Word_m IN textfilel

16. READ Best_sensel

17. CID1 = Best_sensel

18. Bl=True

19. END IF

20. IF Word n IN textfileZ

21. READ Best_sense2

22, CID2 = Best_sense?2

23, B2=True

24, END IF

25. IF POS of Word m is equal to POS of Word m
26. IF Word m is equal to Word n
27. IF Bl == True OR B2 == True
28. IF CID1 == CID2

29, APPEND 1 TO Wordsimscore
30. ELSE

31. APPEND 0 TO Wordsimscore
32. END IF

33. ELSE

34. APPEND 1 TO Wordsimscore
35. ELSE

36. IF Bl is True

37. WCID1 = CID1

38. ELSE

39, READ Word m,ConceptId FROM AmhWordNet
40. WCID1 = Conceptld

41. END IF

42. IF B2 is True

43, wcipl = CID]
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44. ELSE

45. READ Word n,Conceptld FROM AmhWordNet

46. WCID2 = ConceptlId

47. END IF

48. IF WCID1 == WCID2

49. APPEND 1 TO Wordsimscore

50. ELSE

51. SemSim = SemanticSimilarity(WCID1,WCID2)
// SemSim 1is the output of Algorithm 3-3that calculate the Semantic
similarity between concepts

52 APPEND SemSim TO Wordsimscore

53. END IF

54. END IF

55. ELSE

56. APPEND 0 TO Wordsimscore

Sl END IF

58. END FCR

59. APPEND Wordsimscore TO wordMatrix

60. Wordsimscore = []

61. END FOR

62. FOR EACH wordMa IN wordMatrix

63. Wordsim=MAXIMUM (wordMa)

64. APPEND Wordsim TO Total

65. Sensim =2* SUM(Total)/(length(sl)+length(sZ))

66. END FOR

67. END

68. END ALGORITHM (SSM)

Algorithm 3-4 shows how similarity between sentences is computed. The algorithm takes two
sentences and each sentence words similarity is computed. The algorithm also takes two text
files which are the output of Algorithm 3-2 (WSD Algorithm). The text files have ambiguity
words of the documents with their sense. During computing similarity between words the flow
which is shown in Figure 3-5 is implemented which is, POS of the words are identified first and
if they are different the similarity score will be 0 otherwise the first task is to identify whether the

words are the same or not. If they are the same, the words are identified whether they are

ambiguous or not using text filel 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)
Il be 0. If they are not ambiguous the score is 1. If
d from AmhWordNet and

the similarity score will be 1 otherwise it wi

the words are not the same, the next task will be finding their concept I

if they are on the same concept they are similar and the similarity score will be 1 else finding

their semantic similarity using Wu and Palmer will be don

Finally the similarity between sentences is computed using average matching formula on line 65.
ed in order to get sentence similarity score.

e through their concept ids on line 51.

The procedure which is listed above also appli
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Document Similarity 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 1 is taken and using

Equation 3-1 document similarity score is done.

Sim(D1,D2) = Exebtauoz Term(sis) 31

Where,
D1- Document 1
D2- Document 2

S, -Sentences of D1

S; -Sentences of D2
[D1]- Length of D1

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

Algorithm 3-5: Document Similarity Measure Algorithm

ALGORITHM (DSM)

Input:

Documents: Docl,Doc2

WordNet: AmhWordNet - o

Variables: A L

Bl:Boolean=False '!- ‘/-"'"‘” <

BZ:Boolean=False g

Wordsimscore:List : 4
Sen:List

10. SemRe:Float

11. Output: . =y
12. Document similarity score , ')f

13. BEGIN 2 N
14. READ Docl, Doc2 K, “f
15. FOR EACH Sentence_m IN Docl -
16. FOR EACH Sentence n IN Doc2

17. senscore=SSM( Sentence_m, Sentence_n )

18. Append senscore TO Scorelist

19. END FOR

20. Append MAX (Scorelist) IN Sen

21. END FOR

22. Ll=Length(Docl)

23. L2=Length(Doc2)

24. DocSimilarity=SUM(Sen) /Ll

25. END

WoOoOdoathbs WNNE

' DA

‘ginESHE
-
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26. END ALGORITHM (DSM)




Algorithm 3-5 is responsible to compute similarity between documents based on the sentence
similarity which is implemented in Algorithm 3-4, First the similarity between sentences is

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

EXPERIMENT

4.1 Overview

In this chapter experiments conducted to evaluate the performance of the proposed approach are
presented. Experimental results are done between clusters made by human and systems from 40
datasets (documents).The names of clusters are listed in Table 4-1.The clusters which are made
by systems are formed from the results of similarity score among the 40 documents measured
using CADS, CADSWoWSD (CADS without WSD), PMI, Jaccard and Cosine similarity
measures. The reason why we select the similarity measures cosine and Jaccard from traditional
and PMI from statistical approaches are; first they are simple to implement and they are the
common ones and second, we want to show the performance of similarity measures of different
approaches on this experiment. The CADSWoWSD also implemented to prove the influence of

WSD in a similarity measure.

The environment used to conduct this experiment is Acer Laptop having 3GB RAM, duo core
processor and Window?7 64-bit Operating System. In next sub-sections, we will discuss the

procedure followed to conduct experiments and its result.

4.2 Experimental Procedure

This section describes the preparations made to carry out experiments that test the performance

of CADS.

4.2.1 Data Collection

two types of datasets arc required; dataset to build the

To carry out the experiments,
data set is collected from

AmhWordNet and dataset to test the performance of CADS. The first
Amharic Dictionary [20]. Words with their POS and concept definition are the information used
from the dataset in order to build AmhWordNet. The AmhWordNet has 500 different words, 507
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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 are attached as Appendix A

4.2.2 Manual Document Clustering

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

used to measure the performance of our 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 Cluster Code
1 AAI® A& < (International Athletics) Cl
2 (134.09° %03 (Stadium construction) <2
3 A0t VRA 1/0A0 (Athlete Haile G/Silase) C3
4 PhERE TS 2CA (Ethiopian Premier League) C4
5 PAAEREL ACN 4240 Ethiopian Football Federation) C5
6 ehtAAT AOE2PT NAICHA(Athletes Comment on Football) | C6
7 ehech ACha(African Football) C7
8 AhAT° A& Aach haT(International Football Clubs) C8
9 Ph %8 N%4-P A (Ethiopian National League) Cc9
Table 4-2: Human Based clusters of Documents
No. Cluster Code | Documents
1 Cl D1,D2,D3,D4,D15,D016,D17,D19.D20
2 C2 D30,D36
3 C3 D5,D6,D18
4 C4 D7,D8,D11,021,026,D31,034.D35
5 C5 D9.D10,D12,D033,D39
6 Cé6 D13,D14
7 C7 D23,D25,037,D38.D40
8 C8 D22,D24,D28 . r;
9 €9 D27,029.D32 VA S
>/
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4.3 Evaluation

To evaluate the performance of CADS, first we have implemented CADSWoWSD. PMI, Jaccard
and Cosine similarity measures. Then evaluation of these five similarity approaches is done
using precision, recall and harmonic mean of recall and precision (f-measure) that compare clusters
made from the result of document similarity scored by CADS, CADSWoWSD, Cosine and

Jaccard over human made clusters.

Document similarity scores are the results obtained from similarity computing between 40
documents. Precision is the ratio of the number of documents clustered correctly to the total
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 cluster.

TP 4-1

Precision = m

Where,
TP - the number of documents which are clustered correctly in a given cluster

FP - the number of documents which are Falsely clustered in a given cluster

TP 4-2

Recall = W

Where,
TP - the number of documents which are clustered correctly in a given cluster

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

F-measure shows the overall performance of the systems for each cluster by combining the recall

and precision values.
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(Recall * Percision) 43

F —measure =2 »
(Recall + Percision)

The cluster made from the result of the systems (CADS, CADSWoWSD, Jaccard and Cosine) is
done by adapting hierarchical clustering method.

Algorithm 4-1 is used to implement clustering. Before implementing the algorithm, the

maximum score that each document have with whom is taken.

Algorithm 4-1: Clustering Algorithm

1. ALGORITHM(Clustering)

2 Input:

3. Documents:Document

4. maximum similarity:float

5 Output:

6. Clusters of documents

i BEGIN:

8. READ Document D

- 3 DO

10. CREATE Cluster C FROM EACH DOCUMENTS

11, DO

12, FIND Nearest Cluster C; and G
//To find the nearst cluster maximum similarity is used

13, MERGE C; and Cy

14. Cc=C-1

15. UNTIL C=9

16. END ALGORITHM (Clustering)

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

whom. To make clusters of documents first each document are used as clusters, then find the

nearest clusters and merge them. The process of finding and merging of clusters are 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 similarity 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 mad
by PML.

Table 4-6 shows clusters of document made from

e from the results of similarity scores

the results of similarity scores by cosine. Table

imilaritv e by Jaccard.
4-7 shows the clusters of documents made from the results of similarity score b)

F |

«\ o2 /
. # -
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Table 4-3: Clusters of Documents Formed from the Results of CADS

No. Documents

1 D1,D2,D3,D4,D15,D16,D17,D19.D20
2 D28,D30,D36

3 D5,D6,D18

4 D7,D8

5 D9,D10,D12,D23,D33,D38,D40

6 D11,D26,D25,D34,D35

7 D13,D14

8 D21,D22,D24,027,D029,D31,D32

9 D37,D39

Table 4-4: Clusters of Documents Formed from the Results of CADSWoWSD

No. Documents

D1,D2,D15,D16,D17,D19,D20

D3,D4

D5,D6,.D18

D7,D8
D9,D10,D12,D23,028,030,D033,D36,D38,D40
D11,D26,D25,D35

D13,D14

D21,D22,D24,027,D029,D31 .D32,D34

D37,D39

Kol - T S B o N O T Y N S T I U I e
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Table 4-5: Clusters of Documents Formed from the Results of PMI

No. Documents

1 D1,D2,D19,D20

2 D3,D4

3 D5,D6,D15,D16,D17,D18

4 D7,D8

5 D9,D10,D12,D28,030,D33,D36,D38,D40
6 D11,D25,026,D35

7 D13,D14

8 D21,D22,D24,D27,D029,D31,D32

9 D23,D37,D39

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

2
o

Documents

D1,D2, D19,D20

D3,D4
D35,D6,D15,D16,D17,D18
D7,D8,D32
D9,D30,D33,D36,D37
D10,D12,D23,D25,D28,D31
D11,D26,D35,D39

D13,D14
D21,D22,D24,D27,D29,D34,D3 8.D40

W oce |1 [y | | (WM |-




Table 4-7: Clusters of Documents Formed from the Results of Jaccard

Z
e

Documents

D1,D2, D19.D20

D3,D4

D5,D6
D7,D8,D22,D24,D32,D33,D34
D9,D10,D12,D023,D28,D30,D36,D37
D11,D25,026,D35,D39

D13,D14

D15,D16,D17,D18
D21,D27,029,D31,D38,D40

NoTN K- TN S B o N LV, T I~ AV B S A

4.4 Result

As we have discussed above, the experiment is done between the five 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 for the five systems.
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Figure 4-1:Precision Values for all the Clusters for CADS, CADSWoWSD, PMI, 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", 2/3 of documents
are grouped together in this cluster are correct for CADS whereas in the other systems from the
correctly clustered documents are very few. All systems have a precision value 1 for “C1™ and

“C6”. This indicates, all the documents intended to group in these clusters are correct and no

incorrect documents are there in the clusters.
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Figure 4-2: Recall Values for Clusters of CADS, CADSWoWSD, PMI, 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 “C1”, 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 are
formed by CADS have better recall values compared to the other four systems. Out of nine
clusters, five of them have recall value 1.

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

for all clusters of each of the systems. These f-measure values are plotted on a graph in Figure 4-
3.

53



1.2

-
-
4
-«
0.8 =
I ¢ =
3 : =
g " o - = CADS
o .6 = e
£ | — - = CADSWoWSD
] == -
[T o = pes o PMI
= == # Cosine
=
- ")
0.2 = accard
-
| .
-
0 -—

a & &6 o 6.6 o o O
Clusters

Figure 4-3: F-measure Values for All the Clusters for CADS, CADSWoWSD, PMI. Jaccard and
Cosine

As shown in Figure 4-3, the f-measure values for the CADS system for “Cluster 1, “Cluster 27,
“Cluster 37, “Cluster 47, “Cluster 5" and “Cluster 9" are greater than that of the other systems.

All systems have the same f-values for “Cluster 6”. CADS and PMI have greater F-values for
“Cluster 7” CADS and Jaccard have greater F-values for “Cluster 8”. These indicate that, CADS

provide accurate value compared to the other four systems.

For the 9clusters and each system, average recall, precision, and f-measure values have been

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

B System Precision (Average) 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 depicted in Table 4-8 the average value of Precision, Recall and F-measure for CADS is
greater than that of CADSWoWSD, PMI, Jaccard and Cosine.

When the precision, recall and f-measure average are expressed in percentage, CADS has 72%
precision, 84 % recall and 76% f-measure. CADSWoWSD has 58% precision, 80% recall and
61% f-measure. PMI 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-measure.

Figure 4-4 shows the average f-measure values of the five systems. The average f-measure

indicates the overall performance of each system.
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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, PMI, 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 those documents is considered.
When we look at the average recall of CADS, it is better than that of the other four systems. It
point out CADS has better capability on clustering document together which are supposed to be

in same cluster.

Figure 4-4 illustrates the average f-measure performance difference between systems. CADS
perform better than CADSWoWSD, PMI, Jaccard and Cosine. It has 15%, 20%, 21% and 22%
improvement from CADSWoWSD, PMI, Jaccard and Cosine respectively.

In the conducted experiment it is not only shows the comparison of different systems but it
clearly 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 similar

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 but 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 of words of documents which have word

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

pragmatic knowledge of words are considered, our system may have better performance than this

one.
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CHAPTER FIVE

CONCLUSION AND FUTURE WORK

5.1 Conclusion

In this thesis, we proposed an approach to measure document similarity considering semantic
information. 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 WordNet and use 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 using them on
similarity measure. Concept trees which are generated by Concept Tree Extraction are used

during 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, PMI, Jaccard and Cosine similarity measures,

The relevance of the generated clusters are evaluated using precision, recall and f-measure. The

proposed semantic has better average recall, precision, and f-measure values compared to the

systems CADSWoWSD, PMI, Jaccard and Cosine.

5.2 Contribution

The contributions of this thesis work are summarized as follows:

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

advantage of existing semantic tool — WordNet.
e Ambharic WordNet (AmhWordNet) that is domain specific to sport is implemented in

order to use it for identifying word

semantic document similarity measuring.

s* synonym and polysemy; those are important for
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Implementing WSD algorithm using AmhWordNet in order to find sense of

polysemous words from documents.

Propose an algorithm to generating Concept tree from AmhWordNet to use 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 AmhWordNet which has sport domain. All
possible concepts should be represented in the WordNet in order to handle domains
other than sport.

Pragmatic knowledge is not considered in this research. The performance of the
system will be better than this 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 stemmer,
the performance of CADS will be better as the output of morphological analyzer is
more similar with the words of AmhWordNet than the output of stemmer.

In this research we have used sentence-based similarity measure to compule 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 performance.

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 1:

1L C<NP>N 1 L@<VP>PAAP<NP>(LT<N>0OP<PREP>AP TG N> ALK P<N>hooCb<AD)>
D mA<N> ROTPHANT<V>=(APTEGO-<NP> 172 '
NUMCR>ACT<N>e+a+4-<VREL>API<VP>
26E<NUMP>NF<ADV>9L8AL<N>wW il <N>D-AT<PREP>1MHPA<V > A 0% PP <NP>AP N
NUMCR>%L8ALPTINP>091T TH<VP>100FTIF<NUMP> @224 3<N>AmG SAT<V > 1@+ L0
4NP>0ME<ADI>02hae & <N>ATT<N>AATE<NUMP>L4.9<N> 48.36
NUMCR>ON&<N>AAGL<N>or  $<VP>RFPRE<N>INFGT<ADIC>LP#<ADI>hiNLo-<VP
SheAre< ADIP>CeH<N>0A1C<PREP>(12hhAT<ADJP>Cdt<N>NATN4<NP>0org < VN> havAh
A<V > 100 hav @ <N>hIPT <ADV>GAP<NP>0NPF<N>APTEG<N>PNC<ADIP>144. 9 <N>017
TRP<NPC>AR16E<NP>PavBavs PP<NP>P800
NUMP>92+C<N>938A.0F<N>AP1<VP>PFA<V P>10-<V>::¢3,000

NUMP>%FC<N> A ATF<N>4B N> 1FSh<NP>(1+h 32 <ADV> AR T <NUMP>UH<N> 1T,
F<VREL>$008 o eP<NP>H<N>ANANP>ECN<V >4 TF0-<VREL>bh), <ADJ>00wd1<N>
L4CNNATMNP<V P> <N>h I LLE<NP> A T<N>AATEN> (AT <NUMP>AR <N £
WV P> ATE<NUMOR>LLEI<N> AP AAT<V> 2 AHL-<PRONP>CHF<N>TE<N>CH<N>"0
F5PF<NUMOR>AMS 2ATF<V>u0AT1<NP> 1,500
NUMCR>%HC<N>PAAPPTh<NP>LCN<N>OCP<N>NALA <N P4 1l<N>ZA0<N>NTH<N>TI
L<N>800<N>ATR<N>0TPI<VP>107&F<NP> 1,500
NUMCR>994+C<N>ahe 7 3<N> M1 <N>1 4 1 H<NUMOR>1hA<N>9L44.0 <N >hTY A<
V>

Document 2:

AR P<N>0ECh<NP>ROFHAN>(ThELD<VP>
1‘WGMNUMP>?ﬂm9°<NP>?(L&-<NP>m-n'r<PREP>h"m'tht‘!<N>?i9"'r?‘¢<N>ﬂrr-n.??€ADJP>C4~?'
N>V REL> 06 <VP>AAATF<V P> I<VP>0-m<N> (T < VN> 0TV =1L
N>£00<N>0A7&<NUMP>AV<N> 500

<NUMC R>ﬂ'i,f‘t-c<N>E<PUNC>a%an,e'<N>h"?'}<N>£"H°<CONJ >1800
NUMP>93+C<N> P18 Fo-<VP>e0CP<AD] P>a3,8A PP T<N>PA16EI<NP>LLF<N >hg<PREP>

AL NP>NIFARASV> ot N>L4CN i NUMP LY >°§“ﬁf’§5ﬁ§§ﬂ
NP>99,84_0<N> <VP>@h¥I<N>HLgAT<N> (A <NP>RLUN>A70T=
AL<N>FmA® A<V>NIEUP<PRONP>1NEN> (N>

N>TY N>+ <NUMCR> LB T<NP>heP 1P '
N»tek<NU MP>?iu<N>ﬂ1+c<N>fanm3Far<V>?‘:.+m<N>"‘L-‘m.?<N>h1arth P>n?fm:1;-¢m“<h P>A1
T:r-m-<v p>£d2~<N>hn+q;x.h<N>m%<v>::[]hm,‘f’ﬁfKNP>?"15M<NP>£‘9"C<N> v

<NUMCR>@C#<N>:<PUNC> | <NUMCR>CG<NP> 2 -
NUMCR> 14 A<N> o9 7::<NP>A AR N>hAGL<NP>$47LOFN P>0Ge-<N>0eH<VP>0%

n9°<NP>h¢¢<N>£d§<N>£°H"<C0NJ>hh"16h€‘<NP>hh'}°m.'ﬂ<NP>+‘M-<N>i’H‘Tt+§°<Nli:dr\;i
‘IkN>?"‘L?n?"iﬁ-?'KVREDm-m-?‘(NM{IWﬂ“?ﬂﬂ’?‘<V>==7d(L'?'<N>UTC<N>h,'>f<?~>v-n-?'«; l_.}. e
R;'?“’C'RNP>i<PUNC>,*"},Q-<NUMCR>?—(]cs‘<NP>h‘}£‘<NUMCR>?M\(I<NP>:su9‘(f<\f’>hd- <)
UMCR>‘"?»-"rm?P3F1<NP>ﬂ"?‘IT+<VP>?M+?<NUMP>£¢:?{<N>h°‘.”$ﬂ'n'-¥<v>:-
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Document 3:

NG@<ADV>OC<N>0HNEL@D-<NP>PAGELN<NP>AICHA<N> 099N L NP> P A< N> (A0 <
NP>+ 2M99.0-<N>AL<PREP>h019°10C<NP>@-p<N> 04T hA®3<V P>0599 (1P @-<NP>h9P1A <N
>hn,E*n"i'<NP>6§L‘?’;"?’:F<N>Pt'}&#‘?£<VP>mn',-'}<VP>?h§:4h<NP>}ﬂcb,n<N>g,,e,¢:,m<N Shiu

0p<V>1:04.LME<NP>HT<NP>A10 10T <N>h I UPh<NP>N1LHIND-<V P>0-430-<V P>P+AALD
<VP>%36h<N>PA<N>PHNIAD<VP>G9,( S<NP>APNA N> (11, 2m L 0-<NP>Ch Fe% PP« NP>

-2 1<N>A2<PREP>000H4AE<VP>1@<V>::

Document 4:

0P8 <N>HTI<N>POLHT<NP>hho)<N>hAT8LC<N>h1 <N>1P1<N> 4
N>99.A. 0 7<N>NC<N>NAL<PREP>MPI<AUX> 0 <N>007 CH<NP>THD4 PG <NP> L@y fof-<
NP>"0hd <N>A90T<NP>HIEHF<N>9ImG PR I<VP>104<V>::

A4 L NP>PONPFG NP> CH<N>FVLP N> F<N>P07 CH<NP>(F& 1<N>004 <N>hf<N>
BPP<N>700<N>ARFERP<NP>HG<N>AIANNT<N>NILIARF<V P21 3G <NP>ANT NP>t °
F<NP>ATLT <V P>ONFF<N>PN 7 CH<NP>ITHO 4 N>R DN FF<N>ao UGG <N>TPhiG <NP> (0t
@RY§T<N>AaNLH<NP>HIEF<N>FTmGERA:

AT INP>ho9<N>ATLNL0-<VP>07CH<NP

WHD4.9 <N>0§-<N>PNF<NP>Chh N> LL 1 <NCUNLHANP<N>PRANT<N>L6<N>A"T
.?.‘d"KVP}0“HDZ€¢1<NP>?{I°£"}<NP>@60'<N>+‘:‘“M‘P¢\<V>==ﬂ”‘lﬂ')<NP>hmM£<N>u-M*’?'<Al)
1582 E<N>FPOYCH<N> L F<N>D-ATP<PREP>P N <N>wen,0 F<N>794<N>N1L7L0¢-<VP> 108 F
A<V>1: 038, 0-9P<PRONP>ONFF<N> NGNS LI EF O F<NP>001. fAN G- T<V P>aoiGE <NP>91
ONASN>ATLTIN<VP>TGUPA<V>::

Document 5:

ﬂh"?d-<NP>hg\(;\<N>M?ﬂ‘i.,?<N>H'}<N>?h"‘lt‘i-<NP>h'f‘”?<N>m'f"°'£C<N>w‘qu'n{NP>q'q<N>“

NAGA<Y P>0a9, eATA<NP> 200
NSEYNP>1C<N>0m @ 3<VREL>CHr<NP>ONFFGN>07 CH<N>aPL P N> Op<V >

P0G 40N> 542 <N>RF<N>1IA<N>% nW<N>?a?n<N>n7'(;-}-<N>hné\fﬂ?¥<N>f+ﬂ-M-ﬂ+<NP>
BOMS NS HTH<ADV> (oL ANP> TN HEm <V P> 0P NN G4V 0TS
N> CF<NP> 1o 1AMV P> 10T <NP>-PTFN> 1 NS4 N>KRUR<VP>ATIFA<
NP>007°C<NP> 7 80-<N>aoH<VN> A5 N>R FPRAN> LTLPAV > n
S APTIF<VP>NTLEATFA<VP>dh<N |
NP> 0P +<N>TGHT<NP>EHLF<N>0¢-
WNP>THF<VARERCNP |
|
|

PN CF<NP>09,80-<N>ADLLAENP>HATMI<N>AF4L°<N
>009 4 2-<V P>ao 43 <V N> 046 14-H<VP>1A40-<N>(Av- 1<
N>+MGH<V >0 80-<NP>mLI<V>0eG<NP>PACNP> Tl
TVEF<N>NP2L7<V P> 1<VN>ANFOPPA<V >

|
J
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Appendix B: The precision, recall, and f-measure values for each of the clusters for five systems

Clusters FP. P R F-M
 Clusterl 0 1 1 1
Cluster2 1 0.67 1 0.80
Cluster3 0 1 1 1
Cluster4 1 0.8 0.5 0.615
ClusterS ‘. 0.57 0.8 0.665
Cluster6 0 1 1 1
Cluster7 4 0.428 0.6 0.499
Cluster8 5 0.285 0.67 0.399
Cluster9 4 0.75 1 0.857
CADSWoWSD
Clusters FP P R F-M
Cluster1 0 1 0.78 0.876
Cluster2 8 0.2 - | 0.33
(I':lusterS 0 1 1 1
Cluster4 1 0.75 0.375 0.5
Cluster5 6 0.4 0.8 0.53
 Cluster6 0 1 1 1
_glister7 7 03 0.6 0.4
_glu‘sters 6 0.25 0.67 0.36
Cluster9 5 0.375 1 0.54
k__ Clusters FP P R F-M
Clusterl 0 1 0.44 0.61
Cluster2 T 0.22 1 0.36
Cluster3 3 0.5 = 0.66
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Cluster4 I 0.75 0.375 0.5
_@Jsters 5 0.44 0.8 0.567
Clusterb 0 1 1 1
Cluster7 1 0.67 0.4 0.5
 Cluster8 6 0.25 0.67 0.36
Cluster9 5 0375 1 0.54

Jaccard
Clusters FP P R F-M
Cluster] 0 1 0.44 0.61
Cluster2 7 0.22 1 0.36
Cluster3 0 1 0.67 0.802
Cluster4 2 0.6 0.375 0.46
Cluster5 5 0.375 0.8 0.51
?lusterﬁ 0 1 1 1
Cluster7 4 0.33 0.4 0.36
Cil;a;tch 5 0.285 0.67 0.399
Cluster9 4 0.33 0.67 0.44
Cosine
Clusters FP P R F-M
Cluster1 0 1 0.44 0.611
Cluster2 3 0.4 1 0.57
 Cluster3 3 0.5 1 0.66
_ég ster4 1 0.75 0.375 05
_Sl_tisterS 3 0.4 04 04
,__éiusterﬁ 0 1 1 1
 Cluster7 1 0.33 0.4 0.36
_ﬁ_:;_uitem 6 0.25 0.67 0.36
Cluster9 6 0.25 1 0.4
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Appendix C: Amharic Stop Words List

ALY A Ahi
AH.E Aot Ahv
h [ 1614
STar AV 14 @ch,
TGt A8 T - g
Pt N0 14
nchs WS (AR
F I e ¢
9o Ahg cF
hést hAg, EXs
ha-F (ERS eF
hao-ap -y fo-qy
A hA avhhdy
heehha A9y hag"r
a9 PAT™ R
?.2¢- hoé. TALE
TALL LN hdh
nmge i U7
A QT AL

18 - 20
G- (41} oL
ot WS oLy
N8 &t s
e L L
hA L9 N,
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