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ABSTRACT 

Semantic networks are becoming popular issues these days. Even though this popularity is 

mostly related to the idea of semantic web, it is also related to the natural language applications. 

Semantic networks allow search engines to search nOI only for the key words given by the user 

but also for the related concepts. and show how this relation is made. Knowledge stored as 

semantic networks can he used by programs that generate text from structured data. Semantic 

networks are also used for document summarization by compressing the data semantically and 

document classification using the knowledge stored in it. As a result, semantic networks have 

become key components in many NLP applications. 

In thi s thesis, we focused on the construction of semantic networks for Amharic text. We have 

developed Amharic WordNet as initial knowledge base for the system and extracted intervening 

word patterns between pairs of concepts in the WordNet for a specific relation from free text. 

For each pair of concepts which we know the relationship contained in Amharic WordNet, we 

search the corpus for some text snapshot between these concepts. The returned text snapshot is 

processed to extract all the patterns having n·gram words between the two concepts. We have 

used the WordS pace model for extraction of semantically related concepts. The process of 

relation identification in among these concepts utilizes the extracted text patterns. "Part·of' and 

"type·of' relations are very popular and frequently found between concepts in any corpus. We 

have designed our system to extract "part·of' and "type·of' relations between concepts. 

The system was tested in three different phases with different datasets from Ethiopian News 

Agency and Walta Information Center. The accuracy of the system to extract pairs of concepts 

having "type·of' and "part-of' relations is 68.5% and 71.7% respectively. 

Keywords: Amharic pattern extraction. Amharic relation extraction, Amharic Semantic 

Network, Amharic Knowledge base 
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1.1 Background 

CHAPTER ONE 

INTRODUCTION 

Semantics is the study o f meaning of a text. Its study mainly focuses on thc re lation between 

objects. Linguistic semantics is the study of meaning that is used by humans to express it us ing 

language [1 , 2, 30, 35]. 

A semantic network is a network which represe nts semantic relations among concepts fl , 6}. It 

is often used as a form of knowledge representation. The nodes represent objects or concepts and 

the directed and labe led links represent relations between nodes. Thus, a semantic network is a 

directed graph. The nodes are usually represented by circles or boxes and the links are drawn as 

arrows between the circles. Concepts are the abstract representations of meaning of lcrms. In thc 

phrase, "n "-.6..1.:1. r -rfOC1' au fl1>C " which means "FDRE Ministry of Educat ion", the term 

f ':" 1"c ,:,· "'Ii fl -t C (Ministry of Educat ion) shows a concept which represe nts an institution thai 

establishes po licies, strategies, rules and regulation of education in the country. The physica l 

representations of concepts are terms. A term in tum can be represented by a word, phrase, 

sentence, paragraph, or document. So, we can get concepts at word, phrase, sentence, paragraph, 

or document level. We focused on extracting concepts at word level. 

The main relations between concepts that are used in semantic networks are as fo llows (6]: 

• synonym - two concepts A and B express the same thing 

• antonym - concept A expresses the opposite of concept B 

• meronym, holonym - part-ofand has-part relations between concepts 

• hyponym, hypernym - inclusion of semantic range between concepts in both directions 

• Morphological relations- How the root word is related to its different inflections 

Synonym 

Two expressions are synonymous if the substilUlioliS of one fo r Ihe other never changes tile In/III 

value of a senlence in which the substitulion is made [19]. By that definit ion, true synonyms are 

rare, if they exist at aiL Two expressions are synonymous in a linguistic context 'C ' if the 

substitution of onc for the other in 'C ' does not alter the truth value. 

Amharic Semantic Network 1 
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Antonym 

If two word fo rms are oPJXls itc to one another, then they arc said to be antonyms 11 9). Antonyms 

are a lexica l relation between word fo rms. There is no semantic relat ion between antonyms. For 

exam ple, the opposite of tall is short, so tall is the antonym of short . No semantic re lation 

between them but relation between their forms exists. 

Hypon ym 

J-I yponymy/hypernymy is a semantic relation between word meanings [1 9J: for example, {Addis 

Ababa} is a hyponym of {Ethiopia} , and {Ethiopia} is a hyponym of {A fr ica}. In WordNct, 

much attention has been devoted to hyponymy/hypernymy (subsct/supersct, or the ISA relation). 

A concept represented by the synset {x, x', ... } is sa id to be a hyponym of the concept 

represented by the synset {yo y', ... } if the first concept is a "kind of' the second concept(6). The 

re lation can be represented by a pointer from hyponyms to its hypernymy. 

Mcronym 

Another semantic relation is the "part-whole" (or hasA) re lation known as meronymlhokmym 

[ 19]. A concept represented by the synset {x, x', ... } is said to be a meronym of thc concept 

represented by the synset {y, y' •.. . } i f the first concept is a "part of' the second concept [6]. 

The above re lat ions can be represented in semant ic networks by pointers (labeled arcs) from one 

concept to another. The nodes in the network represent concepts and po inters represent re lations. 

These re lations represent associations that form a complex network; know ing where a term is 

situated in that network is an important part of know ing the term 's meaning. 

Mo rphological Relations 

An important class of lexica l re lations is the morpho logical relations between word fo rms (6). 

How the root word is re lated to its different inflect ions is part of morpho logica l re lation analys is. 

For example the words, h-.1-f"kf'f!. fh-.Tf'kf. h-.1-f"kfm-y) are different in flections of the word 

h-. tf"kf (Ethiopia). The tenn h-.tf"kf (Ethiopia) represents a concept of a country found in Africa 

and the term h-.tf'kf'f! (Ethiopian) shows a person who has an Ethiopian citizenship. 

Amharic Semanti c Network 2 
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Implementation Standards 

Semantic networks are designed and imp lemented based on the principles of resource descript ion 

framework (RDF) [5] and other standards whic h state about the structure of lhc development of 

any ontology knowledge base. Computer implementations of semantic networks were first 

developed fo r art ificial intelligence and machine translation, but earlier versions have long been 

used in philosophy, psychology. and linguistics [30]. 

Figure 1. 1 shows an example of a semantic network for the Amhar ic sentence, h.ltfl hOI! h'r'''1 

f ,\(j:t t, lJ{I~·'" cpt; oo<#>OD"I. ):f: : 

(City) 

artOf 

IsLo e.a t d p~rtOf 

S n (AfriciI) 

(AU) 

Figure 1. 1. Example of Semant ic Network 

From the above graph, "'tt:tl"t Ulll T (Africa Union), ,\"tit MI"t (Addis Ababa), hM (C ity) and 
"li:t l'1 (Africa) are noun concepts; and "ISA", "IS Located", "PartOf", "Synonym" are relations 
between these noun concepts. For example, ",'UI Mfl(Addis Ababa) is a type of (IS A) a 

h1''''1(c ity) and " li:tt"t (Africa) has h1~(cities) . 

Semantic networks have different applications in di fferent natura l language process ing activities. 
The fo llowing area of app lications of semant ic networks can be highlighted (21,26]. 

);> Semantic networks can be used in search engines for query expansion. Knowledge in the 

semantic network allows searching not only for the key words given by the user but also 

for the related concepts, and show how this relat ion is made. 

)0> Semantic data can be used to describe documents (ass igning tags) in NLP. 

» For mach ine translation, semant ic networks can provide a way to translate concepts 

easily. 

Am hari c Semantic Network 3 
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~ Semantic networks can be used for document clasification act ivities based on the 

knowledge it contains about the domain of each document. 

~ It also uses for docu ment summerizat ion by compressing the in fo rmat ion semanticaly. 

1.2 Statement of the Problem 

Amharic language is one of the languages that has its own alphabets and syllabic patterns. Even 

though the language has such features, no suffic ient research has been done so far to make use o f 

possible natura l language processing applications. Semantic networks have many benefits for 

machi ne trans lation, query opt imization, document classificat ion, language teaching & 

translation, and information retrieval. 

Researches focusing on knowledge base construction shou ld be attempted to have the above 

applications fo r the Amharic language. So the main intension o f this research is to build a mode l 

for automatic construction of semant ic networks, as a form of representation ofknowledge base, 

for the language. 

1.3 Objectives of the Study 

1.3.1 General Objective 

The general objective of this research work is to design a model for automatic const ruction o f 

Amharic Semantic Network (ASNet) from free text corpus. 

1.3.2 Specific Objectives 

Thc specific objectives of this research are: 

• 
• 
• 
• 

To co llect document corpus 

To build Amharic wordnet as a background knowledge for construct ion of ASNct 

To design and adopt algorithms 

To implement the mode l for prototyping purpose 

• To evaluate the mode l 

Amharic Semantic Network 
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1.4 Methods 

1.4. 1 Litrature Review 

Literature rev iew has been done on different areas re levant to this research work. Approaches to 

automat ic construction of semant ic networks have been studied to unveil the current state of the 

art in the area. Based on literature, Amharic language has been studied with regard to its features 

that affect the automatic construction process of the semantic network. This inc ludes the 

Amharic writ ing system and typica l characteristics of the language . 

• . 4.2 Data Collection 

We have used two different datasets in this research. The first which is obtained from Walta 

Information Center is composed of 1064 news items and all the news items arc tagged with part 

of speech. This dataset is used for the extraction of concepts in the corpus used fo r the research. 

The second dataset was found from Ethiopian news agency and is composed of 3261 untagged 

free text news items. This dataset is used for the extraction of possible frequency of concepts that 

are extracted from the first tagged dataset. 

1.4.3 Development Tools 

The follow ing too ls were used in the experiment to deve lop the prototype of the model: 

• Java programming language fo r implementation of algorithms. 

• WordS pace model 

• Manua lly bu ilt Amharic WordNet 

1.4.4 Eva luation 

There is no "go ld standard" aga inst which to eva luate the generated semantic networks. 

Ultimately, we believe that the best course of action is to use human evaluation, but once again 

the size of the network and the diversity of its representations cause problems. 

It is not possible for an evaluator whether simply look at the network and determine if it is 

correct or read all of the inputs given to the system in order to determine if information is 

missing. But we tried to show, given concepts from Amharic WordNet, the efficiency of the 

Amharic Semantic Network 5 
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semantic ana lyzers (concept extraction based on semant ic si milarity) and network bu ild ing 

algorithm (pattern based) of the mode l. 

I.S Scope and Limitations of the Study 

Basically, semantic networks can be constructed using di ffe rent semant ic relational parameters. 

Synonym, antonym, type-of, part-of ... etc are some of the lexical relations between concepts in a 

knowledge base. There arc a lso many re lations between concepts in a certa in domain. For 

example, we can get diseases and treatment relation in a med ical domai n. 

In this research, the following points were incorporated: 

• We have used single word terms as representation of concepts 

• Amharic noun concepts were extracted from the corpus because other word 

categories like verbs and adjectives rare ly occur as concepts. Verbs and adjectives 

mostly show the re lation that ex ist betwean noun concepts. 

• Synonym relation bet wean concepts is constractcd manually to increase accuracy of 

the construct ion of the semantic network and to increase the reca ll of tile system. So, 

Amharic WordNet is bui lt for such case as a background knowledge fo r our 

construction proccess. 

• Part-of and type-of re lations are the main and critical ones that exist between almost 

all concepts. They are important relations for the knowledge base construction. These 

relation were automatica lly costructed based on manually developed synsets 

(synonym concepts) of Amharic WordNet. 

1.6 Applications of the Study 

Semant ic networks are basica lly a knowledge base for many applicat ions in diffe rent areas r2, 

26, 28]. ASNet can be used fo r di fferent NLP and IR systems as a knowledge base component. 

It can be used for the fo llowing application areas of the language: 

• Semant ic search engine 
• Document classification 
• Language teaching 
• Language translation- from Amharic to other local and internat ional languages 

• Word sense disambiguat ion 

Amharic Semantic Network 
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1.7 Thesis Organization 

Th is paper is structured as follows. Chapter 2 presents literature review. Chapler 3 discusses 

different related works on automat ic construction of semantic networks. Chapler 4 presents 

construction of Amharic semantic network. Test results were shown and discussed in Chapter 5. 

In Chapter 6, conclus ions and future works were pointed out. 

Amharic Semantic Network 
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2.1 Semantic Networks 

CHAPTER TWO 

LITERATURE REVIEW 

Semantic networks, as we said before in Chapter one, arc used fo r knowledge representation as a 

form of graphs using concepts as nodes and semantic relations as labeled edges. It was deve loped 

in order to articu late Interlingua, a common language that would be used for trans lation between 

various natural languages [1 . 6, 14]. Typica l examples afC WordNct and EuroWordNct [331 that 

descri be re lations between English words and defines the words using natural language. For 

example ITom Figure 2. 1, a computer can have knowledge that "Fish is an animal" which "lives 

in a water". Here "Fish", "anima l" and "Water" are concepts connected wit h each other by "arc 

alan" and " lives in" as relations. A semantic network invo lves three aspects fI] : 

• Knowledge in which there are concepts and re lationships among them. 

• Diagrammatic representations like boxes, arrows and labels. 

• a computer representation that allows database-like act ivity using algorithms that operate 

on these representations 

I Animal lJ ls a Mammal has -I Vertebra I 
115 an Drin ks 

I 
I Fish I lives in 

Water r 

Figure 2.1 . Example of Semantic Networks / - -
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2.2 Approaches to Automatic Construction of Semantic Networks 

There are a number of researches done so fa r related to automatic construcHon of semant tc 

network s. Those works implement different approaches to extract concepts and their relations 

automatica lly from free text and other resources. In this Section, we present knowledge based, 

corpus based and hybrid approaches [1 2]. 

2.2. 1 Knowledge Based Approach 

This is a method to extract relations between concepts in a supervised manner. Given a pair of 

target concepts, the technique is used to categorize and return the relation between the concepts 

usi ng thesauri. Typica lly, using correct features of concepts as input to the system wi ll produce a 

very good performance. It is a way of constructing knowlcdge bases like that o f semantic 

networks based on the creation of semantic paths of thesaurus between words in a text [ 13, 19, 

26, 32J. 

The extens ion of WordNet with semant ic relatKlns has added more promises o f semantic 

network construction from text [6]. In this aspect, the method is very beneficia l to use all of the 

available semantic relations in certain thesauru s. Figure 2.2 gives an example of the construction 

of a semantic network for two words "ti" and "j" adapted from [26]. Assume the construction of 

a semant ic .path between senses "S.i.2" and "S.j. I" only (In itia l Phase). Init ially, the two sense 

nodes are expanded the semant ic links available on WordNct. The se mant ic links of the senses, 

as fou nd in the thesaurus, become the edges and the pointed senses the nodes of the network 

(Network Expansion). 

S.LI G,.,:;:,:::J,-
S.U 

I.U 
1 ••• 7 

lni.i&l Phau 

r,-_~' 

An ... ""-_ 

HoIy-boIy .. ~,... S)"_""_"'" 
" )l><O'Wh) -p<nO,.... AII._ ... ,_,.... 

M ... _ .. _,... 
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2.2.2 Corpus Based Approach 

Knowledge based approach suffers from a number of problems. Manually prepared training data 

is very cost ly to produce and is limited in quantity. Because the relations arc prepared on a 

part icu lar corpus, the resulting classifiers tend to be biased toward that text domain [10, 26] . 

Semi supervised (Corpus-based) relat ion extractton leads to extract concepts and different 

relations between those concepts in large amounts of text. This approach can usc very large 

amounts of data and extracts very large numbers of concepts and relations to construct semantic 

networks automatically. This approach is based on the distri butional hypothesis, whic h states that 

sim ilar terms tend to appear with similar contexts so that it is possible to group similar terms if 

their contexts are similar [10, 12,32]. This approach can be considered as an open informat ion 

extraction methodology for any text domain [16, 23]. 

Corpus based measures of word semantic simi larity tr ies to ident ify the degree of similarity 

between words using information entirely derived from large corpora. There are two methods to 

do this: Pointwise Mutual Informat ion [27] and Latent Scmantic Ana lys is [1 3]. 

Pointwise Mutual Information (PMij 

PMI is a measure of relationship between two words or conccpts in a corpus. It is a measure of 

how much one word tells us about the other word in a given data set. The value of the PMI can 

be pos itive or negative. Negat ive value means, the two words are independent - has no 

information content between them. It is used to find co-occurred words that occur together 

frequent ly in the corpus. If the value is positive, thcn there is a relation in between but, the 

strength of the relation depends on the magnitude ofthc va luc. 

The PM) using data collected by information retrieval was suggested as an unsupervised measurc 

for the evaluation of the semantic simi larity of words. It is based on word co-occurrence using 

counts collected over very large corpora. Given two words '\v I" and '\v2", thcir PMI is 

measured as [27]: 

PMI (wl w2) = 109, p(w, .w' ) .......... . ..... . ...... . ............. . ........ (I) 
, p(wl) .p(w2) 

P (w I, w2) is probabi lity of (w i, w2) co-occurring in the corpus and p{x) is the probability of a 

word in the corpus where, 'x' stands for '\v I" or "w2". 

Amharic Semantic Network 
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Latent Semantic Analysis (LSA) 

LSA is a mathematical method that tries to bring out latent (hidden concept) relationships 

between words or phrases within a corpus. It focuses on co-occurrence of terms in a document 

and creating a term-document matrix. The key idea of LSA is to map terms (documents) to a 

vector space of reduced dimensionality. 

The size of the term-by-document matrix is very large if the corpora are composed from many 

documents. The matrix may also be spares that may lead to some problem of mathematical 

comput ing. For dimensionality and spares data reduction, LSA uses singular value 

decomposit ion (SVD) algorithm on the tcrm-by-docurnent matrix 'T' representing the corpus. 

SVD [34] is a well-known operation in linear algebra, which can be applied to any rectangular 

matrix in order to find co-relations among its rows and columns. So, here the semantic network 

will be constructed after the semantic analysis measures are performed by the methods discussed. 

2.2.3 Hybrid Approach 

This is the third approach which combines both the hierarchy of the used thesaurus, and 

statistical information for concepts measured in large corpora. In the corpus based approach, 

concepts and their relationships are often retrieved ITom their co-occurrence frequencies in text 

document collections. Machine readable dict ionaries, le xicons and thesauri arc some of the 

sources (pseudo-knowledge bases) having some rules inside. These manually built sources 

provide a natural ITamework for organizing concepts into some semantic classes [19, 26]. Us ing 

WordNet, many researchers have taken the advantage of this broad coverage lexica l reference 

system to study concepts at word leve l and their relationships in between. 

The integrat ion of those manually built pseudo knowledge bases may complement the corpus 

based approach where ''true'' understand ing of the text is very difficult to obtain. In such a way, 

the hybrid approach composed ITom the two approaches (knowledge based and corpus based) 

can take advantage of a labeled data structured manually as input and training data, while 

providing more statistical evidence to faci litate the distributional analysis process of any corpus 

(13. 26J. 

Using lexical information ITom manually built sources as input and extracts somc lexico­

syntactic panerns leads to extract other new instances of semant ic classes. For a relat ion we 

11 
Am haric Semantic Network 



po 

I 

desire to extract. we can labe l some structured data and usc this data as input to a system to 

extract the surrounding text panerns that show what fealure (property) in a corpus, thc input data 

has. So, this is the hybrid approach of the structured data (having rules inside) with that of free 

text corpus based approach which needs statistical a lgorithms to get addit K>nal computational 

ev idence for the concepts and their relations. 

Relation extraction systems usually use evidences (background knowledge) that arc written 

explicitly in the input text to detect and characterize the semantic re lations between target 

concepts. ASNet is constructed based on the hybrid approach by utilizing thc availab le semant ic 

relations fr9m Amharic WordNet synscls and acq uiring morc statistical information from large 

corpus by using statistical algorithms. 

2.3 Concepts Extraction Based on m Models 

Even though, there are other in fo rmation retrieval (lR) models, we are interested to rev iew thc 

following two models which are used in this work. 

2.3.1 Vector Space Model 

Vector space model [27] is an algebraic mode l for represent ing text documents as a form of 

vectors. Documents and queries are represented as vectors. Suppose lid/, , represents document 

vector for document 'j ' and 'q' having words " W I, W2 ... W, " represents query vector. 

dj = ( Wlj ,W2j, ... ,wtj) ...................... · .. ···· .. ····· .... ···· .... ·· .. ···· .. · .(2) 

q = (Wl .q. W2.q ... w,. q) .. . .......... .......... .. . ........................ (3) 

Each dimension stands for a separate term. If a term occurs in the document, its value in the 

vector is non.zero. Several different ways of computing term we ights have been deve loped. One 

of the best known schemes is term frequency· inverse document frequency (TF·IDF) weighting 

[27]. The definition of a term depends on the application. Typica lly, terms are single words, 

ke)'\vords, or longer phrases. If the words are chosen to be the terms, the dimensionality of the 

vector is the number of words in the vocabulary. Different vector operations can be used to 

compare documents with queries. Document similarity to the query is calcu lated using cos ine of 

the angle between the document vector and query vector. 

cos8 = IId:I~ ·~lqll ............. · ........ · ...... ·· .. ·· .. · .... ·· .. ··· · .. · (4) 
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Where dl.q is the dot product of the document "d l " and the query 'q' vectors, IIdl ll is the norm 

of vector "d Iu, and [lqll is the norm of vector 'q', '8' is the angle between the vectors. The norm 

ora vector is calculated as: 

IIvll = L~" vi' ...................................................... (5) 

The term weights in the document vectors are products of local and globa l parameters [27]. The 

weight vector for document 'd ' is: 

Vd [W'd W'd W IN ............................................................ (6) 
- .' ." " , N,d 

WI,d"'TF1.d. log,{d.c~l~ca}1 ............. ...... ....... ... ............. (7) 

' 'TFd' is term frequency of term 't' in document 'd' (a loca l parameter) . "Log IDI " is l{a 'cDllea}1 

inverse document frequency (a global parameter) . '~DI" is number of documents in the 

corpus. "1(d'CDlt€d}I" is the number of documents containing the term, ' t ' . In such a way, the 

cosine ofthe angle between document "dj" and query 'q ' can be calcu lated as: 

sim(d. )_ dJ .q _ l:j. l WI.I·Wl,q J,q !I'ill JI,JI J" 'J" , .............. ... ............................ (8) 
LI.l W 1.1 L/. 1 W i,q 

the va lue of "sim(dj,q)" is zero if the two vectors share no tenns. The value is one if "dj" 

eq uals to 'q ' in tenns of contained tenns. 

2.3,2 WordSpace Model 

WordSpace Model, concerns distributional semantics which is the practice of re lating linguist ic 

ent ities ( like words, terms, phrases, sentences, documents) to each other based on their 

distributional properties in a corpora. It is completely data-driven, and requires no external 

resources [26]. 

The model is successful fo r many NLP tasks and applications, including vocabu lary acquisition, 

informat ion retrieva~ machine translation, relation extraction, just to name a few examples [26, 

32]. 

Using this model, semantic relations between concepts of words, are captured by co llecting 

informat ion on which words co-occur with similar other words. The basic input to the model is 

the co-occurrence frequencies of words in corpora. So, here many documents are needed to 

capture enough count of frequency of each word fo r better relat ion extraction. 
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The model was designed based on the distributional hypothesis, which states that words with 

sim ilar meanings tend to occur in similar contexts {26]. According to this hypothesis, ir we 

observe two words that constantly occur with the same contexts, we are reasonable in assuming 

that they mean s imilar things. This implies that it is not on ly words co-occur with each other but 

also poss ible that the words co-occur with the same other words. 

In general, the WordSpace model is a spatia l representat ion or word meaning. Its central idea is 

that semantic similarity can be represented as proximity in n-dimensional vector space matrix, 

where ' n' can be any integer ranging from I to some very large number which is determined by 

the number of columns in the matrix. 

Even though, visualiz ing such high-dimensional spaces is sometimes difficult , we can get an idea 

of what a spatia l representation of semantic similarity might look like if we consider a 1-

dimens ional or a 2-dimensional WordSpace, like the one represented in figure 2.3. In such a 

geometric interpretation. spatial proximity (nearness) between words indicates how they are 

related. For instance, both WordSpaces in figure 2.3 show '7'(H~ ' being closer to 'aD1"1fl+' than 

to ' ~+r-fI>f' , which can be interpreted as a representation of meaning si milarities between these 

words. In this case, the meaning of' 7M:~ ' is more similar (0 the meaning of 'OD1"1fl+' than to 

the meaning of'~ +r-k.r'. 

The core idea behind WordS pace models is that words and concepts are represented by points in 

a mathematical space, and this representation is learned from text in such a way that concepts 

with similar or related meanings are near to one another in that space. Such mode ls are designed 

to represent words and documents in terms of underlying concepts (contexts). 

In the WordS pace, the high-dimensional vector space is produced by collecting the data in a co­

occurrence matrix 'F' , such that each row "IT' represents a unique term 'T' and each column 

"Fe" represents a context 'C ' , typically a multi-word segment such as a document, or another 

term. In the former case, where the columns represent documents, we call the matrix a term­

document matrix., and in the laner case where the columns represent terms, we call it a term-term 

matrix. LSA and random projection algorithms like SVD, which arc based on co-occurrences 

analys is, are used in WordS pace mode l. 

14 
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Figure 2.3. (a) I-Dimensional, and (b) 2-Dimcnsional WordSpaces 

The ce lls "FTC" of the co-occurrence matrix record the frequency of cO--QCcurrcnce of term 'T' 

and document or term 'C'. As an example, if we use term-based co-occurrences, and observe a 

given term three times co-occurred with another term in the data, we enter 3 in the corresponding 

cell in the co-occurrence matrix. 

The frequenc ies are usually normalized and weighted in order to reduce the effects of high 

frequency words. The point of the co-occurrence matrix is that the rows "IT' effectivel y 

constitute vectors in a high-dimensional space, such that the elements of the vectors are 

(normal ized) frequency counts, and the dimensionality of lhe space is determined by the number 

of co lumns in the matrix, which is identical to the number of contexts (words or document s) in 

the corpora. 

We call the vectors context vectors since the vectors represent the contexts in wh ich words have 

occurred . Here now, the context vectors are representations of the distributional profiles of words 

in the data set, which mean that it is possible to define distribut ional similarity between words in 

terms of vector simi larity. 

Based on the distributional hypothesis discussed earlier, this makes it simple to compute 

semantic similarity between terms. It is poss ible to compare their context vectors using any of 

many possible vector similarity measures, such as the cosine of the angles between them. 
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2.4 Pattern Extraction 

Text patterns [I t J are appearance of n-gram [20) words in a sentence or passage with some 

frequency. For example the Amharic phrase, "nht\(t- (Reg ion) h"l.1r. h-tf''f (cities) OO'lh"- th'flt 

(Hawassa)", to mean "Hawassa is a city in the given region". h"t1f. h-I.."q: ool1ht\ is the 

intervening words pattern between words, flh"-t\- and rolf''' , It is a 3-gram words pattern. 

Text pattern extraction is a process of detecting and retrieving patterns of n-gram words using 

seed instances for specific need. Works like [24] present a method to automatica lly learn surface 

text patterns expressing relations between instances of classes using a search engine. Their 

method, based on a training set, identifies natural language surface text patterns that express 

some relation between two instances. 

For instance, .. ... oollht\ ... (such as)" is a good pattern express ing the re lation between instances 

.?S"'O/\(Gambela) of class "ht\t\ (Region)" and "h:"'f"kJ' (Ethiopia)" of class ""'Ie (Country)". 

The way we extract text patterns depends on specific need. The result of the extracted patterns 

a lso depends on the input seeds. If we are interested to extract patterns that show organizations 

and the ir locat ions, we need to care more on se lection o f seed pairs, as input to the system, that 

are instances of the classes, organization and location. For example, 10 get text patterns that are 

used to extract organizations and their location in Ethiopia, we may usc pair o r instances, {AAU, 

A.A} as one input. 

Amharic Semantic Network 
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CHAPTER THREE 

RELATED WORKS 

3.1 WordNet: An On-line Lexical Database 

WordNel is a simple semant ic network constructed based on the lexical relations or English 

words and is motivated by current psycho linguistic theories of human lexical memory r 19, 211-

In 1985 a group of lingu ists at Princeton University carried out to deve lop the WordNct. It was 

supposed to be a dictionary based on psycho linguistic princip les. English nouns, verbs, and 

adjectives are organized into synonym sets, each representing one under lying concept. Synonym 

sets can be linked by different lexical relations. The main relations in WordNet arc; part-whole, 

hierarchical, antonym, synonym and morphologica l relallons. WordNet divides the lexicon into 

five categories: nouns, verbs, adjectives, adverbs, and function words. This is the main difference 

with the normal alphabetica l dictionary. WordNet contains only nouns, verbs, adjectives, and 

adverbs in its database . Table 3.1 shows the main relations and example o f them in WordNet 

adapted from [19J. 

Table 3. 1. Semantic Relations in WordNet 

Semant ic Re lation Syntactic Category Examples 

Synonym (S imi lar) N. V, Aj. Av (pipe, tube). (risc, ascend), (sad. unhappy), 
(rapidl y, speedi ly) 

. 

Antonym (Oppos ite) Aj, Av, (N, V) (wet, dry), (powerful, powerless), 
I ifriendly, unfriendl;), ·(rapid ly, slowly) 

Hyponym (Subordinate) N (tree, plant) 

Meronym (Part) N (ship, fleet) 

N Nouns Aj - Adjectives V " Verbs Av - Adverbs 

WordNet looks like a thesaurus because it is organized by semantic relations and attempts to 

organize lexical information in terms of word meanings, rather than word forms. Since a 

semantic relation is a re lation between meanings, and since meanings can be represented by 

synscts, it is natural to think of semantic relations as pointers between synsets. For example, if 

th
· . I· ' R' between meaning (x, x' ) and meaning {y, y' ... }, then there ere IS a semantic re atlon ... 

is a lso a relation R' between {y, y' ... } and {x, x' ... }. 

17 
Amharic Semantic·Network 



I 

~'I. I 
ht, I 

3.2 MindNet: Acquiring and Structuring Semantic Information from Text 

MindNet is a Microsoft product which is a lexical knowledge base constructed automatically 

from the definitions and example sentences into machine-readable dictionaries (MRDs) [25). 

MindNet is a system that presents a general method for acquiring, structuring, accessing, and 

exploring semantic informat ion from natural language text. It is developed in a fully automat ic 

manner, based on the use of a natura l language parser [25]. The extraction of thc semantic 

information contained in MindNet exploits the parser used in the Microsoft Word 97 grammar 

checker. The parser produces syntactic parse trees and deeper logical forms, to which rules arc 

app lied that generate corresponding structures of semant ic relation s. The different types of 

labe led semantic relations in MindNet are given in the table 3.1. 

Table 3.2. Current set of Semantic Relation Types in MindNet 

Attribute Goal Possessor 

Cause Hypernym Purpose 

Co-Agent Location Size 

Color Manner Source 

Deep_Object Material Subclass 

Deep Subject Means Synonym 

Domain Modifier Time 

Equivalent Part Usc, 

The automatic extraction of semant ic relations from sentence for MindNet produces a 

hierarchica l structure of concepts along with their relations, representing the ent ire definition 

from wh ic~ they came. Figure 3.1 shows semantic relation fo r the definition of "car" [25]. 
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Car: 

"A vehicle with 3 usually 4 \Vhe~s and driven by a motor specially one ca.rrying people." 

c ~ Hypo ________ -'vehlcle 

~ ~ part-----------------~wheel 

Tobj-i ________ ~drlve 

~eans 
urp>------------------carry~ ~otor 

~obj 

~eoPle 

Figure 3.1. Semantic Relation Structure for a Definition of Car 

3.3 Automatic Extraction of Semantic Networks (rom Text Using Leximancer 

Leximancer is a system for processing of semantic relations of text data in language independent 

manner. The system prov ides unsupervised and supervised analysis using seeded concept 

classifiers [28] on free text corpus. 

The strategy that the authors used in their work for conceptual mapping oftcxt involves grouping 

families of words to thesaurus concepts. These concepts are then used to classify text at a level of 

severa l sentences. The resulting concept tags arc inde xed to present a document explorat ion 

env ironment for the user. A smaller number of simple concepts can index many complex 

re lationships by recording co.occurrences. To achieve this, they developed so me algorithms: a 

learnin g opt imizer fo r automatically se lecting, learning, and adapting a concept from the word 

usage with in the text, and an asymmetric scaling process for general/ing a ~ Iuster map of concepts 

based on co~ccurrence in the text . ( • 4 ... 
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3.4 ASKNet: Automated Semantic Knowledge Network 

ASKNet is a system for automatically generat ing semant ic networks from English text. Parsers 

and semant ic analyzers [4] are used to tum input sentences into fragment s of scm antic network. 

These network fragments are further jointed using spreading act ivat ion-based algorithms [4 , 36J 

and this algorithm utilizes both lexica l and semantic information. The emphasis orlhe system is 

on wide-coverage and speed of construction. In this paper they showed a network consisting o f 

over 1.5 million nodes and 3.5 million edges created in less than 3 days. Their system uses the 

Clark and Curran parser [7], based on the linguistically formalism Combinatory Categorica l 

Grammar (CCG) [3, 7]. 

Once the data has been parsed, ASKNet uses the semantic analysis tool Boxer [3) to convert the 

parsed output into a series of fi rst order logic predicates (FOLP). The output of Boxer is a first 

order predicates representing re lations between objects (concepts). Boxer contains the basic 

semantic classes in a sentence to develop labeled and directed relat ions. As stated in the paper, 

ASKNet can effic iently translate Boxer'S semantic output for each sentence into one or more 

semantic network fragments. The semantic networks created by ASKNet consists of objcct nodes 

linked by directed labeled relations. 

The idea behind the ASKNet network is like the human brain, that concepts and relat ions need 

to be semant ically linked so that thinking about (or firing) one concept leading other rcJated 

concepts making them more likely to fire in the near future . They have used the spreading 

activation princ iple that, by firing one or more nodes and analyzing Ihe way in which acliva/ion 

spreads through the network; they can determine the semantic distance belWeen \'arious enliries 

and concepts [4]. This allows them to determine how close ly related two entit ies or concepts are 

even if the.y are not directly linked. For example, the sentence "John saw Bob talk to Alice 

yesterday. Alice met Susan twice. Susan knows that Bob likes Fred." represented as semantic 

network [4). 
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John saw yesterday 

Bob 
talk to 

Alice 

likese 
met 

knows Susan 

Figure 3.2. A simplified ASKNet Semantic Network 

3.5 Extracting Semantic Networks from Text Via Relational Clustering 

Th is is a system developed based on an unsupervised approach to extract semantic networks 

from large vo lumes of free text. They use the TextRunner [16, 23] system to extract tuplcs from 

text, and then fetch general concepts and relations from them by jointly clustering the objects and 

relat iona l strings in the tuples. They have done experiments on a dataset of two million tuples 

and stated that it out performs three other relational clustering approaches (29], and extracts 

meaningful semantic networks. They present SNE (Semantic Network Extractor), a scalab le, 

unsupervised, and domain-independent system that simultaneously extracts high-level relations 

and concepts, and learns a semantic network from text. It first uses TextRunner to extract ground 

facts as triples from text, and then extract knowledge from the triples. 

Semantic Network Extraction 

Semantic Network Extractor (SNE) simultaneously clusters objects (concepts) and relat K>ns in an 

unsupervi sed manner, without requiring the number of clusters to be spec ified. The object 

clusters and relation clusters respect ively form the nodes and links ora semantic network. A link 
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exists between two nodes if and only if a true ground fact can be formed from the symbo ls in the 

corresponding relation and object clusters. They compared the varlous mode ls on a dataset of 

about 2.1 million triples extracted in a Web craw l by TextRunner. Each triple takes the fo rm r(x, 

y) where r is a relation symbol and x and yare object symbols. They have got 15,872 distinct r 

symbols, 700,781 distinct x symbols, and 665,378 distinct y symbols. Two characteristics of 

Text Runner's extract ions are that they are sparse and noisy. To reduce the no ise in the dataset, 

their search algorithm only considered symbols that appeared at least 25 times. This leaves 

10,214 r symbo ls, 8942 x symbo ls, and 7995 y symbols. Figure 3.3 shows the learned concept 

and relation clusters [29]. 

Holds_that 
Allah 

Islam Maintains_that 
Christ 

Catholicism Taught_that 
God 

Judaism Teaches_that 
l ord 

I(nr::o" 
Jesus 

~ 
Jesus_christ 
r h",rh 

Uttered_by 

Word 
Words Arabic 
language Drives_from l atin 
Tprm Is_dr iYed_from Greek 

--' Spanish 
Dutch 

Books - Are_writtenJn 
portuguese 

Articles I.------
is_writtenJn 

Papers TranslatedJnto 
Wn r lcc:. 

Were_translateJnto 

Figure 3.3. Fragments of a ~emantlc Network Learned by SNE 

3.6 Automa tic T hesaurus Construction for Amharic Text Retrieval 

Andargachew Mekonen [18] attempted to develop Amharic thesaurus automatica lly from free 

d" H d the Lucene indexer to index a ll the 
text based on the WordS pace model para Igm. e use 

Amharic bible documents down loaded from web and WordS pace mode l to represent each index 

term as a form of vector fit for further geometric computations. He had developed thesaurus 

. d t nn using cosine fu nctkm as a semant ic 
terms by searching the model fo r a given see e . 

" " H h d tested his system and got 58% accuracy usmg 
measurmg metflc between term vectors. e a 

the Amharic Bible corpus. 
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Summary 

In genera l, these works have been done on words as concepts using many NLP tools for English 

language. As English is a resource full language, we cannot compare and contrast those works 

with our work in advance. For example, ASKNet used English parser to extract different word 

categories (part of speech). It also used semantic analysis tool fo r extracting semantic relations 

between concepts. For Amharic language, no such resource is available to implement such 

systems easily_ We tried to show the methodologies they followed and how we can apply these 

methodologies for Amharic language. Most of the papers show that extracting concepts slat ica lly 

from free text corpora is mandatory. Detecting and ident ifying the different relations betwee n 

those extracted concepts is another independent process. In those papers, the relat ion cxtraction 

process has been done using different NLP tools of English language. Among these tools arc : 

POS taggers, parsers, semantic analyzers, named entity rccognizers, noun phrase cxtractors ... ctc. 

what we have used is only the tagged data instead of the tagger. Using the manually tagged data, 

we have used pattern based relation extract ion methodology by using the manually developed 

Amharic WordNet for spec ified re lations. So the reason why we presented these related works is 

to show that our approach is nearly similar to them and easy for languages like Amharic having 

limited NLP resources. 
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CHAPTER FOUR 

CO NSTRUCTION OF AM HARIC SEMANTIC NETWORK 

4.1 Amharic Language 

Even though many languages are spoken in Ethiopia, Amharic is dom inant and is spoken as a 

mother tongue by a large segment of the population and it is the most commonly learned second 

language throughout the country [17). The language is the working language o f the federa l 

government of the country. 

4. 1.1 Amha ric Writing System 

Three writing systems are in use in Ethiopia, the Amharic syllabIc, the Roman alphabet, and 

Arabic script [ 17, 3 1]. Amharic syllable is used for Ge'cz. Amharic, and T igrigna, with slight 

modification. The Amharic syllabic is unique ly EthK>p ian writing system P I]. The writing 

system has a simi larity with some Semitic languages like Arabic in hav ing vowel marks added to 

basically consonant letters. The present writ ing system of Amharic is taken from Ge 'ez. Gc'C'l in 

turn took its script from the ancient Arabian language mainly confi rmed in inscriptions of the 

Sabean d ia lect [17]. 

4.1.2 C har?octeristics of Amha ric Language 

Amharic language has some problems that do not enable us to do the info rmat ion extraction 

process smoothly [17]. The first problem is the presence of "unnecessary" alphabets (fide Is) in 

the language's wr iting system. These fide Is have the same pronunciat ion but di ffe rent symbols. 

These di fferent fide ls can be used interchangeably without meaning change. The fid els are" and 

0, '" and 0 , c'l and !}.I and LI, rh, and 1'. For example, the word "man" can be written as., I'l fDo, IPro· 

both mean the same, although they are written differently. 

The other problem is in the formation of mult i word concepts. Multi word concepts (compound 

words) are sometimes written as two separate words and sometimes as a single word. For 

example, the word "kitchen" can be written as "([I1'R.+" or "(lJ1' R.+" . Unless they arc normal ized, 

the above words will be considered as to represent twO di ffe rent meanings. There are many such 

compound ~ords, which need some effort to have a standard way of form ing them. 
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Amharic is a morpho logically rich language where up to 120 words can be conflated to a single 

stem [17, 18] . The word units of Amharic are phoneme, morpheme, root, stem, and word. The 34 

base characters are phoneme. A co llection of phonemes forms morphemes, which is the smallest 

meaningfu l unit in a word . An Amharic root is a sequence of base characters. A co llect ion of 

phonemes or sounds creates a word, which can be as simple as a single IOOrphcme or contain 

several ofthern. 

Another problem of the language is that there are different ways ofwriling a si ngle word due to 

different reasons. One reason fo r this can be regional dialects that can impact word formation in 

the bas ic level where the words are more likely to be written following their spoken form; "y.'4" 

vs. "'1.'1:", ""1m." vs. '<0,\", etc. Another one is, in Amharic there are many ways of writing loan 

words, i.e. words that are taken from foreign languages. For example, the word "Computer" can 

be written as \"l~+c, \"l~(Do+C . 

4.2 System Design 

The construction mode l of our semant ic network whose architecture is shown on Figure 4.1 

involves:-

./ Text analysis and creation of index file for the collected news text corpus 

./ Formation ofterm vectors using WordS pace mode l based on the index file 

./ Searching the WordS pace, which is collection of term vettors, to extract concepts 

(semantically related ones) fo r a given Amharic WordNet synsct 

./ Finally extract relations that exist between those concepts using intervening words 

pattern, which are extracted from the corpus using pairs of concepts from Amharic 

WordNet of specific relation ' R', aga in from the corpus. 

Amharic Semantic Network 
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4.2.1 Text Analysis and Indexing 

The process of corpus ana lysis starts with th I f I e rcmova 0 non- CUer character tokens and 

normalizat ion of them. Tokens in this case are words separated by space(s). In our system, 

normalizat ion is a process of changing alphabets of same sound (phone) but different symbols in 

to onc common symbol. For example u, rh , '1, 'I are normalized to u, for every word having those 

alphabets in the corpus. 

The next activity in the text analysis part is the process of removal of stop words whose meaning 

is less releva nt to the document specifically and for the corpus in general. No one agrees on the 

idea that a given word is really a stop word or not. But we take the commonly known words in 

which average numbers of researchers decide them as stop words. We have got around 130 stop 

word lists from [18]. For example ~tD-, "f, he; arc most known stop words in Amharic language. 

The list of stop words is shown in appendix I. 

Stemming is the next activity in the text analysis part of the system. It is a process of finding the 

stem which is the last unchangeable morpheme of a word. Since Amharic is morphologicall y 

rich and innectional language. we need to have a common representation of all inflection of a 

word in the corpus. The stemmer algorithm developed by Alemayehu and Willet I22J is used. 

The stemmer developed by Alemayehu and Willet removes affixes iteratively by employing a 

minimum stem length and context sensitive rules with prefixes are removed before suffixes. For 

the minimum stem length condition, the shortest form of Amharic word is considered to be 

composed of two syllables. Therefore, the stemming is app lied only to those words whose Icngth 

is more than two syllables. The algorithm removes the suffix and the last character of the 

remaining word is changed to Sads (the sixth order of Amharic character or syllable). 

The algorithm has some problem of stemming verbs. The algorithm cannot properly stem 

different innections of a verb as a result we may get more than one morpheme as a stem of 

in flections of a single verb. This means, diffe rent inflections ofa word may have diffcrent stems, 

but actually should be one stem for those inflect ions. After removing the suffixes, the algorithm 

changes the last character to sads fo r all the words need to be stemmed in the corpus. For 

surface words with suffix beginning by a vowel, the algorithm changes the last character to sads 

corrcct ly but this process will not apply to surface words with suffix beginning by a consonant. 

For example, the words h.:l-fo*"j'.tD-f') with suffix " tD-f')- and fl1h· (~ )f with suffix "~f- arc 
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stemmed to h..-'M'-t\j!. and rt1h respectively. Since the suffix ""1-" starts with W which is vowel , 

the word fl1ht."f is stemmed correctly. "m-n" is a suffix that starts with ' (1)-' which is a consonant 

and the word h:li"*,SCD-n did not stem correctly. Since we are interested in noun concepts. we 

have modified the implementation of the algorithm to treat thc way thc last character changes to 

sads correctly for those words hav ing suffixes starting with consonants. 

Once the documents in the corpus afC analyzed, the last process is index ing it to increase 

efficiency of searching term frequency and fit the data for WordSpace generation. We have uscd 

the TF- IDF term weighting algorithm to store only highly we ighted (relevant) terms 10 the 

document in specific and to the corpus in general. So, the size of the index decreases as the low 

weight terms are removed and will not be stored in the index file. The term is addcd to the inde x 

file along with its statistics. The corresponding statistics about thc term is document frcqucncics 

and position of the tenn within the documents. 

The algorithm to index the corpus is adopted from apache lucenc indexer [1 5). Apache lucene is 

a full fledged search engine and is available free ly on the web. The indexer of this search engine 

uses TF- IDF term weighting algorithm fo r filtering relevant terms. The inputs to the indexer are 

the main d irectory AMCORPUS having all su b directories SUBDIR or documents and the fo lder 

INDEX to ho ld the indexed files. If a FILE encountered is a document, then the algorithm 

app lies text operations or analysis (i.e., lexical analysis, SlOp word elim ination, and stemming) 

and adds the document to the index fite . Listing 4.1 shows the pseudo code of the algorithm 10 

index the corpus and store as index files. 

Inputs: 

AMCORPUS- COlpul' dlrtC'lOfJ 

INDEX " inden d fil e dir.crorJ 

1. Op.n AMCORPUS 
:t. For t¥:h S UBOIR In AMCORPUS 

3 . Open SUBOIR 

For _" FILE 'n Itt. SUBOIR: 

If FlLEI#~ 

GOrO' 

Bn 
Apply 'Jut optf"MIon 0/1 FILE 

Add FILE fO INDEX 

Listing 4.1. Algorithm for Creating Index Fi le 

Amharic Semantic Network 
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4.2.2 Term Vector Formation 

As we said in Chapter Two, a term vector is a seq uence of term-weight pairs. BUllhc weight of 

the term in our case is the CO-occurrence frequency of a term with the other term in II document. 

In the vector space model of information retrieva l, documents arc modeled as veclors in a high­

dimensional space of many terms. The terms are derived from words or phrases in the document 

and are weighted by their importance within the document in particular and wit hin the corpus in 

genera l. 

The process of creating term vectors uses the index fil e. Once we have the index fil e, it is 

possible to get and use the list of all the terms in the entire index. Then for the terms which we 

want to co nsider for our similarity computation, we extract the co-occurred terms to form their 

term vectors in the WordSpace modeL The vector gives us an array of tcrms along with thcir co· 

occurrence frequency for each term in the index file . 

From the index fi le, it is possible to map the index to term~ontext (term·documenl) matr ix 

where the values of the cells of the matrix are the weighted frequency of terms in the context 

(document). The WordS pace model is used to create term vectors semantica lly from this matrix 

by reducing the dimension of the matrix by using random projection algorithm (34) . Since a 

matr ix has many ce lls and most of the cell~ are fu ll of spares data. there must be a means to 

reduce the s ize and eliminate the spares cells of the matrix. Singu lar value decomposit ion (SVD) 

is a type o fa random projection algorithm and is used to reduce the dimension and eliminate the 

sparse data of the matrix [34] . The need to change the tcrm vector to matrix is that the input to 

the WordS pace model is a matrix. At the end, the WordSpace contains the list of term vectors 

found from the corpus along with co.occurrence frequencies of each term. The pseudo code of 

the algorithm to develop the WordS pace model is shown in listing 4.2 (26]. The inputs fo r the 

algorithm are the index file which is indexed before. 

The algorithm maps the index file to a term·document matrix so that we can create document and 

term vectors easily from the matrix. For each document in the co lumn of the matrix, the 

algorithm creates random document vector to reduce the dimension of the matrix by using 

random project ion algorithm [34]. Once the random document vector for each document in the 

matrix is created, we can calculate the frequency of each term in the document and mult iply by 

h 
.. I e for term vector in that document. 

t e random document vector value. ThiS gIVes us a va u 
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At the final stage, the term vectors are computed and normalized based on the lenn frequency 

wit hin each document and the random vector produced as an output from the Random Projection 

algorithm. The WordSpace is composed of the normalized term vectors in the document 

co llect ion. 

Term vector consists of numbers wh ich ind icate the CO-occurrencc frequency of the term with the 

remaining terms. For example. if the CO-occurrence frequencies of the term "- -}- f''' f (Ethiop ia) 

with ).. ott&- (Amhara), ~ C:17'fJ (Oromia), "-.1..1: 6 (Ethiopia Federal Democratic Republic) and 

aD'} <1J ll:" (government) are 20, 10,15 and 3 respectively, then the term vector TV"'{20, 10, 15,3}. 

So, after the creation of the term vector, some mathemat ica l calculations like Cosine funct ion can 

be performed on it. 

Input 

INDEX=folder containing Index fifes 

DIlf::dlmenslon of each term vector 

Output 

TERMVECTORS=set of term vectors with dimension Dim 

InitialIze: 

TERMVECTORS=O 

DIlf::200 IIdefault dimension of each VICtor 

1. Open INDEX 

2. Qute term.f1ocument ma1rlx, MA TRIX ~m INDEX 

3. For each COLUMN In MATRIX" Il10ruch document 

Q-eate basic random vector, RAN_DOC_ VEC 

For each TERM In eULUMN AND dlmenslon<-DIM: //for uch lIrm on thl row 

FREQ = ITequency of the term within thl documlnt 

TERM_VEO:O //temI vector 

TERM_VEC= TERM_VEC- (FREQ' RAN_DOC_VEC) 

Normalize TER"t VEC 

Add TERM VEe to TERllVEeTORS 

Return TERMVECTORS 

Listing 4.2. Algorithm fo r Creat ing WordSpace 

Amharic Semantic Network 
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4.2.3 Amha ric WordNet 

To construct ASNet automatically from free text corpora using WordSpace model, we still need 
some informat ion as background knowledge for the system so that other unknown relation 
instances can be extracted. Amharic WordNet is constructed as a small knowledge base. The 
basic re lation used to construct Amharic WordNet is "synonymy" which is used to group 

semantica lly related terms together. Amharic WordNet is co mposed of 890 sing le word terms 
(a\1 are nouns) grouped into 296 synsets (synonym groups) and these synsets arc represe ntation 
of concept of the terms in the group. We chose noun concepts because most relat ion types arc 
detected between nouns. Verbs and adverbs are relation indicators which arc used to show 

relations between nouns. Synsets are further related with each other by othcr three relations 
called type-of (hierarchy). part--of(part-whole) and antonym. Figure 4.2 shows relat ions that arc 
incorporated in Amharic WordNet. The basic need of Amharic WordNet in this thes is is to sct 
di ffe rent seeds fo r a speci fic relation. Once we prepare sets of seeds from this WordNet as input 
to the ASNet. we can extract the patterns which indicate how these pairs of seeds exist in corpus. 
The way these pa irs of concepts exist in corpus can tell us more about other concept pairs in 

corpus. 

Typt·ol 

Synonym 

Figure 4.2. Relations in Amharic WordNet 

For example. the way the pair of terms {~ .... f'*',Y(Eth iopia). ~1j:t 11(A frica)}exist s in the cor~us ~an 
te ll us that the pair of terms {h:},Y(Kenya). ~lf:t l1 } can ex ist in same way as the former palrs. ' .he 
patterns we extracted between pair of terms {~ .... f'*',Y. ~fi:tl1 } can be used to extract the. re lation 

be h ' I'k h.'. 'th that of l ""tl1 Table 4 I shows example of AmhariC words tween ot er countries I e I) W I n"T" . . 
, h ' W dN t Each concept has a un ique identification organized as synsets (concepts) In Am arlc or e. .. . 

number. The number is used in Amharic WordNet to pair concepts with different relat ions. 

Table 4.1. Synsets in Amharic WordNet 

= 

lD 
0001 
0002 
0003 
0004 
0005 
0006 
0007 

Amharic Semantic Network 

Words in Svnset 
":tr.', Ml./U', I-..IJ:t 
vi1t, lfll1", 1lHl1 

"'"~"t 
"7C 
M'I". T"~1" 
,,<to, ,,<t" "~L~ 

I TC:ftl1', h<J':, TM 
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The above concepts are further connected by meronym or ''pan f ' d h .. r 
.' • 0 an yponym or IYJ>C 0 ' 

relahons In Amhanc WordNet. Table 4.2 shows the two relat ',ons ' bet h bo . .. In ween t e a \'C concepts. 
The pair of ent~les In the table tells us that the fllst concept is "type of ' and "part of ' the Sl'Cond 
concept respectively. 

Table 4.2. Sample Relations in Amharic WordNct 

Tvoe of Relation Pan of Relal ion 
000 1,00041 0001 ,0005 , 0003,0001 , 0002,00051. 00030006} 
0002,00031 0001,0006 , 0007,0001 , 0002,0006 , 0004,0005 

0007,0004 , 0002,0001 , 0003,0004 , 0004,0006 
0002,0003 , 0002,0004 , 0003,0005 , 0006.0005 

4.2 .4 Concept Extraction 

Concept extraction is the main and essential process in this thesis. As we said in chapter one, 

concepts can be found at document, paragraph, senlence, phrase or word level. For example, the 

phrase -r?Duc-r ""l.Ht-tC (Ministry of Education) is a combination of two words. But this mu lti 

word term stands for a single concept. Splitting this phrase leads to get another two concepts, 

i-¥"vc+ (Education) and "'f.'l.ilTC (Minister), that is found at word \eve!. Even though Amharic 

concepts can exist on different levels described above, we are interested to e:\1ract it at word 

level. 

WordS pace model is used to extract semantically related concepts for a seed term of Amharic 

WordNet. WordSpace model is used to create collection of term vectors in which each term 

vector contains different related words along with their co-occurrence frequencies. For a concept 

from Amharic WardNet as input to WordSpace, related concepts are ext racted by computing the 

cosine va lu"e between the term vector containing this concept and the remaining term vectors or 

the WordS pace model. 

For example, consider the synset (concept) {"-tf'ki, J\R.I\.'zJ, ~t} to mean {Ethiopia} rrom 

Amharic WardNet we need ta extract other related concepts or this synset from the model. , 
First, locate in wh ich term vector this concept is round the WordSpace. Assume the co-occurred 

terms, {,,--}or-kY, h~tt"l, '1.71:, Mi,/", 1'"11:, hC\l\, .... } or {MC} mapcd to a tenn vector "TV" of 

va lue {5, 7, 3, 10, 20, 8, ... } respectively, the concept from Amharic WordNet used as input is 

now located in this term vector "TV". This is because the word {h.tf'*'.f} which is a member or 

the sysnet is found in the term vector '''TV''. The numbers show that how many times the word 

{J\7C} co-occurred with the listed words. The next activity is to cakulate the cosine value orthe 
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angle between the term vector ''TV'' and the remaining term vectors in the WordSpacc . The 

cosine va lue is a lways between 0 and 1. If the result is nearly I, then the words in each term 

vectors (cosine calculated between) are semantically related. If the cosine value is nearly 0, then 

there is no relation between those words ofthe teon vectors. 

Since the collect ion of the term vectors in the WordSpace is many in number, it is a must to limit 

how many related terms need to be extracted to a certain input synscl. Ranking the related terms 

to the given sysnet based on the cosine value is essential 10 limit the dimension orlhc result. 

When related concepts are extracted, we have cons idered the following points: 

• We assu med that most of the concepts in the corpus arc nouns. We have extracted from the 

model only nouns by using the manually tagged data as reference. Different word categories 

can not be re lated at any way.This increases the accuracy of extracting related concepts. 

• The corpus under consideration is composed of news documents which used the system to 

train in a domain independent fashion. So, we had incorporated around 4325 news items 

from Ethiopian news agency to get possible frequency of terms. 

• We have developed sample Amharic WordNet noun entries to be a base fo r the system to 

aquire new knowledge. 

• The way we used the WordS pace mode l is to reduce the search space so that instead of 

searching a relation betwean every two terms of the WordSapce, we can detect a relation 

betwean every two terms from those related concepts wh ich are results of searching the 

model using Amharic WordNet seed terms. 

In general, in section 4.2.2, we have shown how the WordS pace which contains tenn vectors is 

developed for the corpus we used. In the algor ithm shown in List ing 4.3, fo r each synsct 

(concept) in the Amharic WordNel, we search the WordSpace to get sc mant kally re lated 

concepts using cosine similarity measuring algorithm. We first \ocate in which vector the given 

synset member is found in the WordSpace. Once the tenn vector is located, we calcu late the 

cosine similarity of the vector which contains the synset with all other vectors in the WordSpace. 

Aft 
. ··1·· t d we rank the cosine values in decreasing order for selection 

er cos me Simi anty IS compu e , 

oftop-k number of related concepts fo r the given synset where ' k' is our thresho ld to extract how 

many number of re Jated concepts to be extracted. 
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Inputs: 

SYNSET=AmW terms In each synset 

WORDSPACE=Wordspace model to search term vectors In. 

K= a tresho'd that how many term vect0r.7 should b. selected 

Output: 

CONCEPTS= set of semanticalfy related concepts with Its cosine value 

Initialize: 

CONCEPTS=O 

1. Accept SYNSET having synonym terms 

2. Normalize and stem the terms fn the SYNSET 

3. Open WORDSPACE 

4. Locate a term vector, TERM_VEe that COIT8Spond to the SYNSET 

5. For each term vector; TERM_VEe,ln the WORDSPACE 

COS SIM 

6. Rank cosine values 

6 .• e'ect top k term vectors based on th,lr COS_SiAl and add to CONCEPTS 
7. Return CONCEPTS 

List ing 4.3. Algorithm for Generation of Semant ically Related Concepts 

Amharic Semantic Network 
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4.2.5 Relation Extraction 

Relation extraction is the process of clustering ent ities into some given relat ionship categories 

within text ual documents. We can say that relation extraction is a process of extracting entities 

and relations among them from text documents. In this thesis, an entity stands for concept s. 

Examples of concepts are Ethiopia. Africa and count ry. Examples of relations arc "pan of' a 

region and ' 'types oP' country. For example, Ethiopia is a country and is part of Africa. 

Detecting semantic relations in text is very useful in both information retrieva l and question 

answering because it enables knowledge bases to be powered to score passages and ret rieve 

candidate answers. As we said before in chapter three, to extract semantic relations from text, 

three types of approaches have been applied. The first is rule based methods (knowledge based) 

which employ a number of linguistic rules to capture relation pauerns. The second is feature 

based methods (Corpus based) which transform relation instances into a large amount of 

lingu istic features like semantic features, and capture the sim ilarity between these feature 

vectors. The last is combining different approaches (hybrid approach) so that extraction 

performance can be improved. 

Hybrid approach uses a very small number of seed instances or patterns to do bootstrap learning. 

These seeds are used with a large corpus to extract a new sct of patterns, which are used to 

extract more instances, which are used to extract more patterns, in an iterative fashion. 

AS Net is des igned based on the third approach which needs minimum human supervision and acquires 

morc information from free text corpus. This is the so called semi supervised approach. For example, 

given a small seed set of {MC (Country), Mn-C (Continent)} pairs, the approach we applied perform 

the following minimum steps: 

1. Use the pairs to extract some data in a corpus 

2. Induce patterns from the extracted data. 

3. Apply the patterns to the corpus in general to get new set of {~1C (Country), ~1J1oC 

(Continent)} pairs, and add to the seed set. 

4. Return to step I, and iterate until convergence criteria is reached 

.' . d atterns for a specific relat ion are 
In general, using Amharic WordNet entries, tnterventng wor s p . . 

. (C I C2) of which we know the re latIOnshIp 
extracted from the corpus. For each parr of concepts , 
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contained in Amharic WordNet, we send the query ''CI'' +"C2" to the corpus. The returned text 

snapshot is processed to extract all n·grams (2 ::; n :s 7) that match the pattern "CI X • cr, 
where X can be any combination of up to five space-separated word or punclUation tokens. Thus 

"CI X • C2" where "CI "and "C2" are replaced with variables is a pattern extracted from the 

corpus using concept pair (CI, e2) from Amharic WordNet of spccific relation "R". 

For instance, assume the Amharic WordNet contains the concepts ".~.:tf""Y'· and "~"'t-" with 

~ +l"'kY be ing a hypernym of t-..tr'ft-. The method would query the corpus with the string, 

""-:tl"'kY" +" ,",IT'1&-", Let us assume that one of the returned text snapshot is " ... Oh.:H·"'.r h°'tn', 

h&\l'r'-r ODt-tht\ hf1lJt. h1~ tLtf1 .. ,", In this case, the method would extrael the pattern "nh:l-Y'~'f 

hat'll- h"H out"Jh" "'"It." ,This pattern would Ix: added to the list of potentia l hypcrnymy 

patterns list with "h.1'Y'9\Y" and """'It." substituted with matching placeholdcrs, like "varl h"'l.n', 

ht\.M out'tht\. var2". The algorithm to extract intervening words pattcrns is shown in Listing 4.4 , 

ExfTactf'attoms(D, C} 

Inputs: 

O=set of pair of concepts from AmW for $pec/flc "t.,tlon decided first 

D=corpus 

Output' 

P= set of patterns for the gIven "I.,tlon R 

Initialize: P=O 

1. For each pair (A,B) In C 

2.For each file Fin D 

Return P 

3,For each sentence S In F 
CONTEXT= Entwvn(SA B) 

po", CONTEXT 

L·· 44 Algorithm for Extraction ofPattcms Istmg . ' 

Amharic Semantic Network 
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Of course, the set of panems extracted in this way is too large to be used directly for relation 

extraction. Therefore, we rank the paUerns according to their ability to distinguish between thc 

types of relationships we aTC interested in. To do this, we need to get thc frequency of thc 

patterns from the corpus and ranked based on their frequency, So, highly frequent panern is 

added to the list of patterns for that specific re lation. 

To extract a set ofpattems using concept pairs from Amharic WordNct for the specified re lation 

R, we should get the intervening words which are n·gram terms bctwcan the given pair of 

concepts in the sentence. To do this we have an algorithm shown in listing 4.5 . Patterns ext racted 

in the above way are used fo r extract ion of new concepts which are not found in the Amharic 

WordNet. Concepts which have the same pattern in the corpus with seed concepts of Amharic 

WordNet can be extracted as new one, For instance, using the pattern "var l h""l.1"f. h~fto-r OIItlh~ 

var2" and searching on the corpus, we may get text snapshots like "nh.''''f"ty h"'t7")'. hAtr-r 

OIIllhA ~f1'l.Y" and "nh.Tf"A'Y hf1'l.7"f. h~ OIIllhA h<$.(" , From these text snapshots, ~"'tf 

and M.e are new concepts extracted from the corpus and are hyponym ofthe term II.. *tf, 

Entervn(S,A, B) 

Inputs: 

S=sen tence which is considered as array of words 

A=flrst Concept In the pair 

8=second Concept in the pair 

Output: 

PHRASE= n-gram terms (2<n<= 7) betwean A and B In the sentence S 

Jnltiafize: 

PHRASE=O 

1. For ;= 1 to n-2 

PHRASE=PHRASE>Sm 

Return PHRASE 

Listing 4.5, Algorithm for Extraction oflntervening Words 

. det t ifthcre is a relation R bctwean every 
Once the patterns are extracted the final step IS to ec 

, ' 111 elations that arc detected automatically arc 
paIr of concepts extracted from the WordSpace, e r 
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mcronym (part-who le) and hierarchy (type-of). These are potential relat ions between noun 

concepts in any corpus. Consider the phrase ''h'l't.'l't'.. MH.:f O'Dt'lhA "'1~ flnID- M·c ... 

"extracted from the corpus using concept pair (h+C,1'601'&') of Amharic WordNct, where M-e is 

type of '1'&-1'&.. This pattern is added to the Jist of hyponym (type--of) patterns with replacing the 

terms 1'6o'1'&. and h-tC by placeholders or variables. So the pattern recon1Cn "varl N?H·f 

oo~hC\ h1~ f"~([)< var2". 

Now, we need to detect a type-of relation between pairs of concepts extracted from the 

WordS pace. Assume those concept pairs are fo r example (FI1C,'1'6o'1'&') and (n4'>I't-,'1't-'l'&') . To 

detect the type-of relation between these concept pairs using the above pattern, first we replaced 

the varible varl with 'l't-1'&. and var2 with File, then we searched the corpus if the phrase 

"hTt'rT&' M H·f ODllht\ h'}~ ftf)1D- 9"I'lC" exists. If it exists, then we get a new concept pair 

(9"I'lC,Tt-T&') with type-of relation and will be added to the network . The same is true for the pair 

(nftt.,Tt-T&') in wh ich 'l't'rT&' will replace var l and Oftro will rep lace var2. The corpus will be 

searched with the phrase "hTt-T&' htH.=f avttht\ h,}~ ftf)1D- OW'. If it occurs, then the 

concept pair (O<M-.Tt-T&') will be added to the network in which each concept is a node and the 

link is the relat ion between the concepts. The algorithm shown on Listing 4.6 is used to extract a 

relation between pairs of concepts, which came from the WordSpace. 

The inputs of the algorithm are set of pairs {R (CJ,C2)} and the corpus, where R is a specific 

realtion and C1, C2 are concept pairs. The concept pairs are extracted from the WordSpacc using 

patterns of text in corpus. The corpus is composed of domain independent free text data . II is a 

collection of news text documents gathered from Walta Information Cenler and Ethiopian 

National News Agency. The output of the algorithm is a prolog style text representation as that 

of the input concept sets. 
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ExtractRelations(D, Patterns, C) 

Inputs: 

c>set of pair of concepts from the Rill TED CONCEPTS group 

D=corpus 

Patterns=list of patterns extracted In the pattern .xtraction proccess 

PHRASE:O, to store list of modmed patterns 

Output 

SemNet=fist containing pairs of concepts with refat/on R as a form of R(C1, C2) 

1. For each pair (A,B) In C 

1.1 For each p in Patterns 

PaFA+p+B 

PHRASE: PHRASE-pat 

2. For each phrase In PHRASE 

Count=O 

A=phrase(O} 

B=phrase(sizo(phrase}-1} 

2.1 For each file Fin D 

2.2. For each sentence Sin F 

If phrase exists In S 

Caun""+ 

Return Semllet 

If count>=31I1reshold of pattern to detect relation R 

Add pair R(A, B) to Semllet 

break 

Listing 4.6. Algorithm for Relation Extract ion 

• • .. \ • • •• -. -. 
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4,2.6 ASN.t 

ASNet consists o f a set of concepts and a set of usefu l and important relationships called 

"$ 0 .. "P rt f' d ''T r' yn nym. a 0 an ype 0 . Semantic networks not on ly represent information but also 

fac ilitate the retrieva l of relevant facts For instance all th t';, bo h . • e lac s a ut I c concept {h:l-"",r 

(Ethiop ia)} are stored with pointers directly to thc node represent ing (h.-rf'k,r (Eth iopia)) . 

Another example concerns the inheritance ofpropertics. Given a fact such as "h 1C tH\. utt1"1M' 

Mar (a country has a government)", ASNct would automatica lly conclude that "h:rN.? /1fJ')"ltt'}­

M 'l' (Ethiopia has a governme nt)" given that h,:N"kf h1C )f (Eth iop ia is a country). Figure 4.3 

depicts this scenario. 

IsA 
h 1C 

Has 

Figure 4.3 . Inheritance of Propcrties in ASNct 

ASNet acquires new concepts over time and connects each ncw conccpt to a subset of the 

concepts w ithin an exist ing neighborhood, whenever new tcxt document is processed by the 

system. Our growing network mode l is not intended as a complete model of semantic 

deve lopment, but to show how spec ific relations can be extracted and connected between 

concepts of the given corpus. 

ASNet is deve loped to hold ent ries as a form of first order predicate ca lculus in which the 

predicate is the re lation and the arguments are concepts. All the concepts arc noun ent ries and the 

re lations are synonym, type.of and part·of. Consider the entry, Hypo (".It !'I Mfl,hM), to AS et ; 

The first argument, ".Ill't Mll(Add is Ababa) is hyponym of the second argument, hM ( lown). 

The same is true for the entry, part~f (1\. *kf, M::tt'l) in which the first argumenl, 1\. -l-Nif( 

Ethiopia) is part of the second argument, " -;:6t'1 (Africa). The predicates, "Hypo" and ' 'part~r' 
are re lations between concept pairs, (M.!'I Mll,hM), and (1\. -l-f'kf, "fi::tt'l) respectively. For 

example, the entry Hypo (~"lt., hl.'\l.'\) to ASNet is shown as ""'t- --th1.'\1.'\ in the graph where --+ 

shows type.of relation. The same is true for enlry Part (1\.*kf,M~) shown as 1\.+f-kf..;M?D 

whcre-I* shows part~f relation. 
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Figure 4.4 . Sample Semant ic Network in ASNet 
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CHAPTER FIVE 

EXPERIM ENT 

ASNet is imp lement~ for news documents using Apache Lucene l and Semant ic Vectors APls 

fo r indexing and deve lopment of WordS pace model, respectively. We have implemented the 

pattern and relation extraction algorithms to test the model. 

5.1 Implementation 

ASNet is imp lemented first by creating the WordS pace from the index file which is mapped 10 

term-document matrix as we stated in Chapler 4. The fo llowing sections describe different 

implementation phases of lhe system. 

5.1.1 Corpus Collection 

For corpus establishment, tagged Amharic news documents were downloaded from the Amharic 

NLpl website fo r extraction o f noun concepts. Around 4325 Amharic news documents from 

Ethiopian news agency are used for WordSpace deve lopment, pattern extraction and relat ion 

detect ion processes. 

5.1.2 Text Analysis and Indexing 

All the text operations are performed by utiliz ing the "AmharicA nal yzer" class which is 

inherited from Lucene' s Ana lyzer class. Basically, the "AmharicAnalyzer" class discards non· 

letter characters, normalizes Amharic characters for spe lling inconsistency, e liminates stop 

words, and" stems terms. The source code of the Amhar ic stemmer written by Tcsscma (2007) is 

used to stem terms [22]. 

Finally, Apache lucene indexing program based on TF·IDF term weighting is run to index a ll o f 

the documents in the corpus [15]. The index file is saved in binary file fo rmat on the disk for 

efficiency reasons. The index file is composed of more than 28,000 index terms (key words) 

extracted from around 4325 documents. 

I Avail able al: hnpJ/lucene.apache.orglcorel (Date Accessed 1210412012) 

2Avail able al : httpJlnlp.amharic.orglresources(DateAccessed 10I02n(12) 
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5.1.3 WordSpace Model 

Semantic Vectors
3 

API package version 3.2 is used to create the WordSpacc which is composed 

of term vectors [10]. Using random projection algorithm, the vector dimension is reduced to 200 

which is the defau lt value the API used . 

5.1.4. Concept Extraction 

In order to generate related concepts fo r a given seed term of Amharic Word Net, the WordSpacc 

is opened and searched with that term. This is fo r the purpose of space reduction in searching of 

semantic relat ions. 

Table 5. 1. Example of Terms and Their Semant ically Related Concepts Extracted 

Tcnn Related Concepts NOR Related Corw;epts 

I..'t~k' ~"",,+=.,.,.t" 1 ..... ,. f ",,,,,,"""1 r'NV'" 

~1C = tl'H1l 1 .t""'~' I Il.+hCf'l+n l "');Ah 

"'L~ll }\ ... ,-1 Me l ".,....,tI;J-+ trHl l MA I ..-c 

1l¥1.fl11 fI~C ! .."Hl "~'f'h J .,. U,." I .-t!IlC 

... .,., ... ..,. I'I.«-k I! l1lIll ! ," ! T II1;11 '''/It'IIfL+1 t:?~ I :'f'7C 1 M.,.,,+ 

5.1.5 Relation Extraction 

Concepts related by meronym (part-whole) and hierarchy (type-of) relations o r Amharic 

WordNet are used for ext racting patterns from the collected news documents. The pattern 

extraction algorithm is implemented to extract intervening words patterns between given pairs of 

concepts of Amharic WordNet for meronym and typc-of relations. High ly frequent panerns are 

added to the potential meronym and typc-of patterns list. The relation detection process utilizes 

the extracted patterns to detect if there is a meronym andlor typc-of rciations between two pairs 

of concepts, extracted from the WordSpace. 

3 A vailablc at: http://semanticvectors.googlecode.oom (Dale ACCCsstd 1210412012) 
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5.3 Evaluation of ASNet 

Evaluating the network that automatically developed is a very difficult lask. The nodes 

(concepts) thaI are related with many relations in the corpus are also many in numbers and 

cannot be eva luated easi ly whether the re lation between each and every node is correct or nol. 

The main idea behind creating the semantic network automatically is to extract and build huge 

knowledge base with minimum time usage trading some pn .. 'C isio n loses in the construction 

process. Here, we need to show the different intermediate results along with its evaluation done 

manually. 

Firstly, we have tested the system with seven terms se lected manually as initial seed terms to 

extract semantically re lated concepts from the WordSpace, deve loped from 1065 tagged news 

corpus, using cosine a lgorithm. For each seed term, we have retrieved the top 20 related concept s 

from the WordSpace. Among the 20 related concepts, we selected noun concepts using the same 

POS tagged corpus that is previously used for the development of the WordSpace. The result is 

shown in table 5.2. 

Table 5.2. Semantica ly Related Terms for the Given Seed Terms 

Term Semanticaly Related Terms Not Semanticaly Related Terms 

,~t" hft:t'"t : M9": h 7C: au'}<?tI+ i Ilc TC v{Jl'F!'#!~rKl 

IT"f'A'Y h.: r-k.f!h1C!UJ>,}"I(lTn"l~:~~~'I' 1 \J'HlIfn+hcil ·n ID-tl1' ! autl..,..,-t 

IT!!' iT!!' !M9"!.,vnl~{J! "~~ !""C!~IJ,T!1..1MT !fchC~T I nlil !"'~1~ 
UD'}<?(l. h. +f"k f ! au'}<?fl+ i tJ7IlI !lJ'"1! 7'tI til ! auM! n t !;MC .i':;;t.!M-tff 

V~{J V1I{J!"1~~T! n.T!T~C !" C!~"t 00'f'l< !G:C9" 

{J~l~{J {J~l~{J!MC!"1)t !"'to{J!, H h,j>1,j> IJ9"II !}.'I1C! IDt-lI 

'''to ,"to! "''''' !hM ! !.C"''tY 
""{J!~) <-t 

In the second experiment, we have increased the number of documents in the corpus to have 

poss ible fr~quency oftenns. Again we used the same tagged dataset as reference to extract only 

noun concepts in the corpus. In this case additional 2421 documents were added to the corpus for 

poss ible frequency and co-occurrence analysis of terms. We have used around 20 pairs o f seeds 

of Amharic WordNet to extract patterns for part -o f (meronym) relation. The seeds are also linked 

b f I ' ' A h ' W rdNel The pairs of seed terms arc shown in table 5.3. y part-o re at lon In m anc 0 . 
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Table 5.3. Part-ofRelation Seeds fo r Pattern Extraction 

~l :hM v~:oV)~~1- 1Dt.~ : 'f1 ,(flt:h7C 
h1C:M" 4'l1t\:IDt.~ V'lffl :h7C h7C:M'P 
hT"'l:h1C hllll :Id~~ r ""'C :~\nC!t.t \~hNU~ 
~4t-"':I..1-~~r 1..~"""'l:1.. *~1 oV)~~1- :h7C OD1"1tlt:'\",&-
I.. *~I:~;r1: 1..*~I:h~th oV)1~1- : 1.. *~1 l1~lMl:1.. *~r 

Terms in the pair shown in table 5.3 are separated by co lon (:). This is to mean the concept of 

the fi rst term is part of the concept of the second term, These pairs of seed terms arc manually 
selected after the corpus is indexed and the selection criter ia were just based on their frequency 

in the corpus. 

We got more than 103 text snapshots as intervening words pattern using these pairs of seed 

terms. Using the patterns, we further detect around 35 correct part~of relations from among 57 

newly extracted pairs. Correctly extracted pairs of concepts for part-of relat ion are shown in 

Table 5.4. The concept of the first leon is part of the concept of the second term in the pair. 

Since the corpus we have used in the experiment was compiled on news documents, thc 

correctness of the pairs is manually traced irrespective of the domain of the corpus. So, the 

correctness is re latively conceptuall based on the meaning of the avai lable ncws itcms. 

Table 5.4. Extracted Concept Pairs with Part-ofRclat ion 

(~t-, V 7111) (n.'~ ,h 7C) I IV' ,TO ,th I (~ C ,h 7 C) I 
,\., C , t) 1111 1..1-~~"'h~th h1C ,'\I\'P 

f~C,h7C IIV7Il1 ,h7 C V 71 l1 ,I..H ~" 
V 71 l1 ,TO th) I Ih7 C ,h~th) I ... ~ ~ ~ '" ,h ~ ,0) 

oV)~~1-,h7 C) V7Il1 ,aU)1~1-) ~C ,aU)~ ~ 1-j 

V~ ,aU)~~1-) aU) ~ ~ 1- ,V 71 11) ,.'C ,V7Il1 ) 

1..1-~ ~"' ,aU) ~~ 1-) aU) , ~ 1- ,I..,~ ~ ~ " V 71 11 ,11 ",~ ) 

To show the network of the above concept pairs, we have sketched a graph containing concepts 

as nodes and relat ions as edges, The out put of the above experiment is shown as a graph in 

Figure 5. 1. 

-. • 
1 , 
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Figure 5.1. Extracted Concept Pairs with Part-ofRelat ion Shown as Graph 

The last experiment was done using 4325 news documents along with the PQS tagged news 
documents as reference fo r noun concept extraction purpose. In this experiment , we have used 2 1 
seed terms which arc highly frequent in the corpus. Using these terms, we have extracted 588 
pairs of noun concepts from WordS pace using cosine algorithm. The 21 seed terms arc shown in 

Table 5.5. In this experimentation phase, we consider both part-ofand Iype-ofrclal ions. 

Table 5.5. Seed Terms from Amharic WordNct 

h~tlj 1..~~l;f ""l ~ ,.,.~ Ml~il h .,,,. h 1 C 1 

I..~"''''I. hh'l" 1;C1:~ hAA "~ 
1\ .,~ l'h tlj ~'I""C~ all ~ "~1l~1~ 

hhil ~TC~ "~1 h~"~ ","1; 

To detect the part-of and type-of relations between each pair of concepts we extracted from the 

WordSpace, we have prepared \37 and 151 seed pairs for t)'pe-of and part-of relations 

respectively. List of pairs of seed terms for the two relat ions are shown in append ix II. Using 

these seed pairs as input to the system, we have extracted intervening words patterns between 

each pair from the corpus. 
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The pattems that we feed manually in turn used to extract S8 new pairs of concepts having type_ 

of re lat ions and 76 new pairs of concepts having part-of(mcronym) relat ions in between. The 

newly extracted pairs of concepts for Iype-of and part-of relations are shown in Table 5.6 and 

Table 5.7 respective ly. Under the remark column, '..J' shows correctly extracted pairs of concepts 

and ' x' shows not correct ly extracted pairs of concepts. 

Table 5.6. Extracted Concepts with Type-of Relation Represented by FOI'C 

Concept pairs Remark Concept pairs Remark ConccDt oairs Remark 
Hypo(V' , ~tv) v Hypo(t 9'C t .""f ) ~Iypo(ll 6o ,h &\") , 
Hypo(,TC" "'I,ll "I) v Hypo(f1D') '" (') 7' ,Ii! 7' U) Bypo(u '"I ,h:l' t" A' f ) , 
Hypo(lI "I ,0"", (. 7') V Hypo(h.tl'" A-.f ."" 1 C) Hypo(1I 1 C ,,," fI 9") , 
Hypo(lI "1 ,hl'lt- C ) v Hypo(h "t\ , rt~) I v Hypo(h AA ,r'l t-) , 
Hypo(lI "1 ,01>') "I tl 1-) v Hypo(l:C H.T<l h t) I v Hypo(ft..t'1 ,I. n-1I) , 
Hypo(+"'1t ,ur>! ) v Hypo(lct H 1.'''1 , H) Iv Hypo('"'t-C ,h t\t\ ) , 
Hypo(;r f- 'i ,~ 1 C ) v Hypo(. "lb .h A A) Hypo(tDl ~ ,h t\t\ ) , 
Hypo(h "'1t- ,h t\ t\) Iv Hypo(/lIl.ll ,4>OI\ ) l'lypo(n- t"1 ,"11111 ) , 
Hypo(f1't C ,:t 1 1:) Iv Hypo(~ "It'I + ,U"I) Hypo(h t\ t\ ,""+} , 
Hypo(h t\ t\ ,"'h h A ) Iv Hypo(<1 <c ."T1 • t) Uypo(U £, "1"i"+ "'-+f'''' ) , 
Hypo(t"C :f+ ,t'I t-) Iv Hypo(v I:~.n) Uypo(l\. + f''' f' )I Ii: t ., ) , 
Hypo(l\. C +t- ,(fI C ) Iv Hypo(~ ~t ., ,~l)"'C) lIypo(h 1 C ,I. ~ t " } , 
Hypo(11'l C ,"11 ~ +) Iv Hypo(. 7 C .V' <1) Hypo(h "'t-,T "" t-£.} , 
11ypo(tI "} ,h t\ A ) Hypo(' ,. t .u~ ..... t) v Hypo(lI (D(' ,;rc ""') , 
llypo(A.,t . T < H t) Hypo(lI ~t",h 1 C) Hypo("I1111 ,h /j: t " ) , 
Hypo("I fl C C; ,ll "') Hypo(l:C H ..... • <I:C) u ypo(,Ivl- f' ~ f' )I fI P ) , 
Hypo(l:C H .A.,t) Hypo("IflC'1 ,TC;t:I1+) 

Hypo(u t"f' ,tl1) Hypo(t'I t- ,'"':J'4> t") 

Hypo(l 'fI ·t" ,9"l) .Il C ) Hypo(" ". t .HO ) , 

Table 5.7. Extracted Concepts with Part-ofRelotion Represented by FOPC 

Concept pairs Remark Concept pairs Remark Concept pairs Remarks 

Part(u "l , ~"" l) IV Part(A "'+ ,ll t-) V Pan(.Tct , ~ "' ) + ) I" 
Pan(tI ., ,h t\ t\) Part(1I1 C ,11 fI r) V Part(t"C:f+ ,"I11 C ) 

Part(Il t- ,hAA) Pan(1I1 C ,n-t"1 ) V Part(t"C f+ ,Tt:l h + ) 

Pan (u "l,;rc " "'1) Pan(/lIl ~ ,11 t'I +11 '1 t) Pan(t\ "l+ ,+"1 t- M 

Pan (u "" ,oon l T) V Part(tDl.ll ,'" 0 1\. ) Part(1I fI ,.)11 C ) 

Part(l) "I ,ll (t t-C ) v Part(h t\ A ,Itt: ) Pan e t\ ..,+ ,aort l + ) Iv 
Part(tl1 ,..,.OI\) V Part(/lIl.ll ,ht\t\ ) Pan("I 11 11 ,.A ~ t ., ) 

Part(tl1 ,11 t'I +f1 f1 t) " 
Part(t"C:e:+ ,t'I t-) Pan(t\ """.t-C f+ ) 

Panel) "1 ,1\. T r- k f' ) v Pan(tDl.ll ,V t"M v Pan(1 11 C ,Tt:;t: h + ) 

Panel) "I ,aD') "I n +) v Pan(A ",+ ,h A t\ ) V Pan(4'I """ ,Tt::t: h + ) 

Pan(n "' ,V l1l.,.(L 11 ) V Pan(~ "It'I T ,) ,..) + ) v Pan (1I 1C ,DIf)1f1+ ) 
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Part(""''''' ,n t..) PartCh " A .A ..,t ) I v Pan(A "'Y+ ,V fit: 1"0 fI ) I" Part(h"" ,Tel h r) Part(, me ,h "A) Part(h" l\ ,'"'1'1 .,.~ l"C ) 
Part("'''''" ,U<>f) Part(,..c 1: .. 1' Jo'l'~ Pan(., l1C ~ ,n (;.) 
Part(.t'C :f+ ,h ",,) Pan(1\. t f'''.I' ,aD"J ., tI +) Pan(hoC +6I"C) 
PartCh ~ 6 ta ,h '7 C ) Pan(h '7 C,A ~t tj ) Pan(h ~Jt)t. .,t- ) 
Part(1"tI "l C ,Ttl t tj ) PanCh TC + ,1\ tl\t h 1'1) Pan('"'I'I t. t .~tv ) I " PartO ~ ) :r ,V .e...,.; t) Part("") "I ll + .~t v ) Pan(u ill. T)l1 C) IV 
Part(;rc <\ "1,00') "'iI 7-) Part(U H , ..... ,.) Pan(II'f'} "'I II t ,""'I'll t) 
PartCh f:1 t ,v fit. .,. () 11) Part(OO') "Ill t )..J..1.t. ) Part(1"") "I fl t ,k+f' k 1) 
Part(t"c f:t ,00') "I t't :r'f) PartCh. t f' *'.1' ,h.L1.t ) Part(U 11t.1'(\ 11 ,h .,...,) 

Part(h.r 'i"'l.U 11t. tll(1) IV Part(ktl"k' ,hrt:t tj) Pan(1 fll fI 0\ t\ ,j-'f't ) 1'1 
Pan(.f.:c ~ . .,. ,oPf'I 't-"l £:C ) IV Part(+ 9"U C + .. t h ~ h ) PartCh' ( ,"11':') t ) , 
Pan(t'LC' /' t..) , Part(hAA,"''' htt) , PartCh 1 C ,Jv)- f' k.l' ) , 
Pan(ll tr ,J'./.~) , Pan(J'.l~· ,t1U;1'4' f.') , Part(h'7 c: ,II 1 o)oll .:M. ) , 
Pan(R. C .i'. "" p ) , PartCh? C,1-11'1+) , 11an(l't\ ·1; 11 ,rc C) , 
Pan(Il Ir,'I,'fOC) , Pan(1).+ 'i! ,h.tf''kf) , Pan("-tf" k J' ,'i! h i) , 
Pan(h "" ,t'l Ir ) , Pane'"> -, t'l t ,1>. me) , Pan("-ff"k J' ,-'1"f.l t ) , 
Pan(.,..,) ., n t ,1>. ant ) , PartCh. t I" k J' ," illt) , Pan("-tf"kf/l1C ) , 
Parte 11"1\ t'l ,1>. ant ) , Part(HH' ,/>-to ) , Pan(~ 1 "f.l t ." <\1'1 ) , 
Part(fl.1:1 ,f. (Hl) , Part("-t H, ,A oot ) , Pan(..., ~t'l t ,u ~~t ) , 
Pan(" +'i!/l 1 c) , PanCh "":f. rc ) , Pan(h "" ,.( l ~ ) , 

In Tables 5,6 and 5.7, the relation is shown by using first order predicatc calculus (FOPC) in 

wh ich the two arguments called concepts are related by the predicate which is currently dcnoted 

as eit her "hypo" or "part". For example in Hypo (h..rf' *,.r ,n 1 C) and Part( tf '} ,h AA), the 

FOPC shows that h. TV' ~.r (Ethiopia) is a concept which is type of concept of h 1 C (country) 

and tf '} (zone) is a concept which is part of the concept of h C. A (Reg ion) respectively, 

Consider the fo llowing Amharic sentence, h dOA f; I1D') "1 f't ;r tf! ftf~ f;C ~+ il(f'} 'f' r; ~ 6 f 

(1,'1: n h "'M .. h A A fl tJ C "l C h + '" J!, 1 ~ A: : , 10 be represented as a se mantic network using 

the know ledge base we bu ilt and shown on Tables 5.6 and 5.7. It is represented using semantic 

network in Figure 5 2 .. 

""<16' n.t . I I ~~"" I ~ hM I 

~ 
part-or ~or 

11-. 

I f:l)';'-t r I nuc~c Part .. of 
~.,t 

ls·a ,""" I 

Figure 5.2. Example Semantic Network for Amharic Sentence 
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The accuracy of the system to extract pairs of concepts with both type ofa d fl · . n part-o re allOns orc 

ca lculated using the results of the third experiment. Concepts in this case arc synscts that af C 

composed of synonym terms. These synsets are identi fied by unique identification number. The 

accuracy of the system to extract both type-of and part-of relations between pairs of concepts is 

shown in Table 5.8. 

Table 5.8. Evaluation cr lhc System 

Type-ofrelation Pan-ofrelaHon 

Total extracted Correct Accuracy Total extracted Correct Accuracy 

54 37 68.5% 99 71 71 .7% 

In general, the three stage experimentat ion shows that when size of corpus increases the 
frequency of terms increased and co-occurrence analys is becomes smooth. Among the 4325 
documents in the corpus on ly 1065 are tagged with part of speech manually. So, whenever 
untagged document is added to the corpus, the probabil ity that untaggcd terms in the corpus will 
increase. This leads to inability to extract enough number of noun concepts for our research. This 
is the reason behind not to increase the number of documents in the corpus beyond we expressed 
above. The accuracy of the system to extract the type-of and part -of rclations between concepts 

(synsets) from free text corpus is 68.5% and 71 .7"10 respectively. 

Because our system is depending on the ava ilable of pas tagger, we have some small tagged 

data fo r the experiment. Even if the main target of our research is to build a knowledge base as a 

form of semantic network in a short amount of time trading o rT some precis ion lose for the speed 

of construction, we have got some (probably major) obstacles we faced and are a means to 

decrease the precision of the system. Some of the problems were: 

• There is no we ll deve loped and implemented Amharic part of speech tagger to categorise 

concepts as nouns, verbs, adject ives and adverbs. 

• There is no we ll developed Amharic stemmer that is used to stem different inflections of 

a word into one common form. 

• There is no we ll implemented Amharic named entity recognizer to eXlract cntilies like 

proper names so that we can detect relat ions between them easi ly. Named entity 

recognizer is very crucial tool for information ext raction . 
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CHAPTER SIX 

C O NCLUSION AND RECOMMENDATION 

This chapler presents the conclusion and recommendations for future study based on our 

fi nd ings. 

6.1 Conclusion 

A semantic network is a d irected graph consisting of vert ices, representing concepts, and edges 

representing type of re lations. It is often used as a form af knowledge representation. Semantic 

networks have many benefit s fo r machine translat ion, query opt imization, docu ment 

classification, language teaching and translat ion, and information retrieva l. There arc a number 

ofrescarches done so far related to automatic construction ofscmanl ic networks. Those works 

implement differe nt approaches to extract concepts and the ir relat ions automatically from free 

text and other resources. Knowledge-based, corpus- based and hybrid arc thc main approaches 

used in many researches. 

The first approach is knowledge -based in which construct ion of scm ant ic networks based on the 

crcation o f semant ic paths between words in a text using the thesaurus. like WordNet. Early 

approaches in this fie ld used g loss words from the respective word defi nitions in order to build 

semantic networks from text. The expansion of WordNet with se mantic relations that cross parts 

of speech has added more possibilit ies of semant ic network construction from text. 

Corpus-based approach tries to identify the degree of simi lari ty between words using information 

eXC lusively derived from large corpora. Two methods considered, namely: pointwise mutual 

informat ion (PWMI) and latent semantic analysis (LSA). 

Hybrid approach is the third approach which combines both the hierarchy of the used thesaurus 

(know ledge-based), and statistica l informat ion from large corpora (corpus-based). AS et is 

based on the hybrid approach by util izing the ava ilable semantic relat ions from Amharic 

WordNet synsets and acqu iring more statistical informat ion from the corpus. 

50 
Amharic Semantic Network 



WordS pace model is a special form of vector space model in which the general idea behind 

WordSpace model is to use distributional statistics to generate high·dimensio nal vector spaces, 

in which words are represented by context vectors whose relative directions arc assumed to 

indicate semantic similarity. This assumption is motivated by the distributional hypothesis, 

which states that words with similar meanings tend to occur in similar contexts. The core Klea 

behind WordS pace model is that words and concepts are represented by points in a mathemat K:a l 

space, and this representation is learned from text in such a way that concepts with similar or 

related meanings are near to one another in that space. Such models are designed to represent 

words and documents in terms of underlying concepts, and as such can be used for many 

semant ic matching tasks such as knowledge representation and concept matching. 

A major eITort was made in identifying and defining a formal set of steps for automatic 

Construction of semantic network of Amharic noun concepts from frcc text corpus. The 

construction model of our semantic network involves the creation of index file fo r the co llected 

news text corpus, development of WordS pace based on the index flle, searching the WordSpace 

to generate semantically related concepts for a given Amharic WordNetterm, generate patterns 

for a spec ific relation using entries of Amharic WordNet and detect relations between each pair 

of concepts among the related concepts using those patterns. The design of the system was made 

and im plemented using java programm ing language. We have made a test using Amharic 

WordNet and free text corpus, from Ethiop ian news agency, and Walta info rmation Center fo r 

each semantic relations. 

Finally, the effect iveness of the proposed system was demonstrated to check the accuracy. The 

Three step experimentation was done on different datascts and we have got reasonable results 

from each experiment. The results were traced manually to check whether it is accurate, 

contextually, or not. 

All the papers that we have reviewed in this work arc done fo r English languagc, which is 

resourceful and in different aspects. Most of the systems used different too ls as component for 

full implementation. We cannot compare our work with these systems because of the following 

key point s: 

~ The morphological structure of Amharic language is more inflcctional and is diffICult to 
. I' h The e is no well designed and implemented 

ana lyaze Amharic texts easily as Eng IS one. r 
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stemmer for Amharic language that changes all the inneclions of a word in to one 

common form. 

}o> There are no enough resources and too ls that support our research like those work s done 

fo r English language. Diffe rent NLP tools like POST matlers for the best result of the 

experiment . 

~ We have done our work with minimum supervision by providing simple seed terms as 

input so that the system can learn from these inputs and generate appropartc outputs. 

);> Most orthe works we have rev iewed in th is paper arc eva luating simply by counting how 

many concepts as nodes and relations as edges that the network is composed of. So they 

left out the idea of accuracy of their systems bccuase of the complex ity of the constructed 

semantic network. 

) We have shown each and every intermidate results along with the average accuracy of the 

system to extract both the type-ofand part-o frelat ions from the frcc text corpus. 

)- Even if we have used the intevening words pattern to extract rea ltions between given 

concepts, there is no as such common text patterns as compared to text patterns in 

Eng lish language. 

The resu lts shows that, using some add it ional NLP too ls like parser, named entity recognizer, 

POS tagger, good stemmer and multi term extractor can lead to deve lop fu ll nedged Amharic 

Semantic Network (ASNet) that can learn automatically from frcc text corpora or on the web. 

6.2 Recomme nda tion 
Semantic network is an important knowledge representat ion tcchnique fo r di fTcrent NL!> 

applications and the approach we followed to build semantic network of Amharic concepts is 

expected to be a significant contribut ion to the field, and main ly to researchers working on 

various aspects of the Amharic language, such as in Amharic search engine, document 

classi fication, quest ion answering mac hines ... etc. Therefore, the researchers in the area can use 

the des ign of our model or the implemented system for knowledge representation as a component 

in their research. 

As a future work, we would like to suggest the follow ing key points: 

• Amharic concepts arc sometimes represented wit h mu lti·word terms. So extracting mult i· 

word terms from corpus automat ically and store them as index term is mandatory. 
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• We have used manually developed Amharic WordNet for concept, pattern and relat ion 

extraction processes. No full fledged Amharic WordNct is available and constructing it 

manually is tedious. So constructing such knowledge base like ASNct in unsupervised 

way wit h no seed inputs is important and time efficient. 

• Other than these lexical relat ions, meronym (part-00, hierarchy (typc-of), synonym and 

antonym, there are other non-taxonomic relations between concepts. Extrncting all 

possible relations between each pair of concepts from free Amharic language documents 

is also very valuable. 

• Even if most of the concepts are found on nouns, sometimes we can gel concepts on 

verbs and adjectives. So, incorporating additional methods 10 ext ract relat ions from olhcr 

word category like that of adject ives and adverbs is also essential fo r fu tl nOOged 

knowledge base. 

Amharic Semantic Network 
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APPENDICES 

Appendix J: 

List of Stop Words 

u r o~t Oe~:I' ~'fID- heo~ h' ~If"r 
U 9"~ oht o~e h u-1 he!!. mH ~1f~A 

u-o .~ /I. In o h-A ho h~hU m~9" ~, ,, 

u-tr /I.e. o a>'\- h 9"0 t h)el\- m~o ~~. 

If) ~o 0"19" ho", h~ m~ Y:<o 
tf1 00 o ~1' hoc H tDJ'.i.-r 111 

tf~ oM ~o h",t h ~ 1'" m'lv ?e 

:" o 9"1 t {Iii' h e~ hi mf.t '1 
~~ 0) {lit' h ll.-I> h1 ~~ 1'tt 

I 
d 

M 01t .,.orf h1.,. h1h.ro mti1' " ~f 01" .,.""'It h1'f h1\>' ""'" h ) tf 

"'11 " r:~ H h1r: hH H 1 r: h 1 "ttl 

9"1 "r:" t H h1Y: hHH H m~ 

, I 9"1 r:C ~o t tnt h~~09" h1'lu-9" H m~ 

9"h 11 1> 9" ", l\- ) U hA~ hH /LU 

9"h1 rt itv ) TI hI\- tf1 /LV 

o~ ~ ~ '1'fto ) 0 e hoh h1''lU rUA 

0 "'111 ;'1'e )ID- h!!. H ~u-1 

0"1 O~~ ) 1C he I\- hn~1'\' ~U 

o~ o e o n· heo h jf, ~U1 
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Appendix II: 

Seeds 

I List of Type-of Relation Seed Pairs for Experiment 3 

t)t:~m- "'I~:v-ot ht-:~~B mS:M-o h-t.:ID-Y 1'Im-:h1C 1Cl:ID-I'f\'}-
TC"'/t-f°:i1D1" tf "'I .. l;r:V-ot "'I~ :M'I't 1'I(l)o: \Jilt: i'MI mS:M.t ).C' ; I'f\ Cj I1Dt :ll-.m 
lfl:ViH' 7f<M':-r 7f<M':M M-o:hVA "'I~:1fl Mil:"~ VM:hJo 
IIOt:UHil ~"fI. :hM 7f<M':ht- Xc~:;rCt aut:~:III&, ;!;;!;):~t TI\1:1--'I.e 
).'J'..:I'lID- ntnt:hfl.t n)(t:T~1 ~1h : Vilt ;(C":X~ n)(t:hffo nH:"lIH' 
~il:m/, f~C:"'"J>: IW-ht.:lW-f hAt:""'t- h"lt-:hM nH:V1lt I'o\.;!;:'~ 
'/O&.:1IllC M'I't:X1 A.,t:hfl.t M:"''/.f:hM il'tC:h~~ Yil·h"101T 1IllC:/\fi:.t ll 
,?HffJ:TMI o»"/t\ ~: H11l ~t-N:hm- h~t~ :hM 7f."." : V il t n",,;' :hC~'; ' MJU:Il-,!!-1 
~o\.J': :"'~" h.v!'.~:;rct h-~1r:Vilt th-lt:lrJ':1 nH:V1lt hffo:V1lt "'11f'!t.;F: IIIf'!,n. 
"C:mil 'rh-d:h~!!' TC'~t-":">'It h-~1r :~9";r\ A"!!':Mt .:>9"M:hM 
m.Cj:MV" h.J..I':t:h1C n.1>Y'l>A:hAA Vh .... :.,.~ /\"1tl't:h1C kUf."I:1l-,!!-1 
~o\.J': :i'*" "'I~ntf:h. "'l~A nt-'l!t:m~t n..,.hcntn"'"1 h.JJ:t:/\1C ,-,,-,,",,:;rct 
"9",!!-:.unt. 71Hil:V-ot h!!'1t:Vilt tnc'l':M TC'''I&'V'':1f''ll+ MtCf;T~&.r 

List of Part-of Relation Seed Pairs for Experiment 3 

1 Cl :1't:·}- , f'l:il &. .,.1 :/IlC h-~:~ ;I' III C :/\ 01>0}- 1'1 ID':*1 * 
mCj :'1""111 1 Il:a>mt mH:h I\t nt- :hl\t I'f\Cj :1'1 1\ If'! "1 :h~~ 
mc:/\ at4 nt-:tnc'l' oot ;00f 'l1 t :00j' aut :ki.'!!-t IT\. Cj : 1.1 h '!"t; 
U"'1 :uo') "Itt ,} "'):hAA aut:/\,C 11 \Ja. :1"1 (Do n"'1' : ~':" f ""t :1.I "I 

if1> l' : h t- h "''':n "~il:~'" h1c :hn9" V ilt :h t- h l' "':III C ..II 
t .,C: ~ fl.J>: a>mt:n t- ;!; J>:) :~ ;I' J>: J>:) : ~ .,fI. rt\J~:h~~ ;rct :hAA 
1 0 &.:, mC 'l ~ t :~ fl.J>: "'O/\':IDC"l 1'l J>::h ~t ~ 41lllrt ;111 h I1U~ :11~C 

~ 1 h:V ill, 7f~1':h~A -oH:h1C .,.(1 /\.:IIIt. "l H 1' :V ilt n;(t :h1 c 
n :H :)'C ,t 1- 11 h.:/\ '"It. h ilC:V H il hH :V ilt ,? H ff):T to tt fl-.f.'1 :/\1C 
h+ o7:/\,C I\'!!, 1 :;rc t *1* :ilH , mC:/\ 'i=:t I't V)'.A :"'il I. C "I : k~l.' t 

h "It- :h. ... !!' t V tA:V ilt ;rct:h1c h~t~:hn .. U t. C :k~l.'t {I ..,fI. :1\.i.1: t 

'tl J>::h. ... !!'t n;( t :h. ... !!'t ~ VA :h. ... !!'t h!!'1 t:Vilt I1U~ : Uflt.,N't H 0111.' :1.1 fit. + 1'111 

mC "l :" 1 il~ C :h. ... !!'t 'l~t : ..... VC t n c 'l':~ 9";r\ (IO&, T ;(1 7' /\7C :/\II9" 

h t"l:h 1 C (Ilt.;; :"1 h ~":~:r h.~~"'!;h.t~*r /\7 c:~;r.f.' .... ~ :~ 0\.J>: 

+tt :hAA """ r : ~ ~ )'. U1I11 :/\7C h.t~*r : ~ ;r!!' ti:," :I\'!!' 1 Yflt :/\7 C 

;rflft :\J 11 11 
.. '" C: ~ fI. J>: 7mc:ha.A Vill.,.nil :hAA h ''':V ilt " r .e- :11 'l C 

hAA :h1C ~tt:h1C t1t-)'. :h.t~*r hAA :h.t~*r (1.1 ?j11-~ :1\.i..e- t 
/\1C :hll9f1 

'\''1'''' ~ 1I. :""l , h t +t t :h. ... !!'t h ...,. : H 0»') 1 ~~:V ilt t~C'l' :TC'1t-" ..... V C : ~ fl.J>: 
t"7C :f. 'I. 7i C I'l.-t ~tt:h~t~ ., .. l ;r:V ilt /\ /lI'C ;r: /\ 7 C ilHnil :h.t~*f 

7 mC :h.t..f.'t 
h "It- :h. t ~ * f TC'ntt:TC'"'I&.r t'') 0 C :/\ 7 C ..... tf:LtA !!'c ;!;t :h. ... !!'t ~ n 00j' :00j' 
A.,t :V ilt C1I"') "'1ft-t :/\7 C 

• C'lf :h. ... !!'t nt-<et :m~t !!'1 n C :h A A 
h 9",'1 :;rc,t 

h-~ 1 r:v ilt 
""l1 !!' :T C';( h t h.~*f:h~th ""l , nt : I ;r!!' 

!!,1nC:h.J..I':t )"M:h.J..I':t 
V il l tn il :*' * ""l ' n t:h "It- h.J..I':t:h~t~ "1~nt:h. ~*f \J11t.i'I'If1 :MC 

I~Ch:h"'l.th 
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