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Abstract

Query expansion is an effective technique to control the effect of polysmous and synonymous
nature of words, thereby improving the performance of information retrieval system. The source
of the expansion terms is an important issue in query expansion and determining the sense of
each query term is essential for effective retrieval. This study attempts to extend the application
of query expansion using semantic similarity measure towards designing an effective word sense
disambiguation. Word sense disambiguation is one of the problems involved with context based
query expansion. How to use sense information to expand the query is another issue when

dealing with query expansion.

This study presents approaches to determine the senses of words in queries by using Amharic
lexical resource. The lexical resource like WordNet is the first component that is used as
knowledge base. Word Sense Disambiguation is second, which is used to identify the sense of
the given query using semantic similarity measure from the knowledge base. Using the idea of
lesk algorithm, word sense disambiguation is performed with two methods; gloss to gloss and
synset to gloss by comparing information associated with its synonyms and gloss definition with
reference to Amharic WordNet. The third one is Query reformulation which helped to expand
the query with the identified sense using word sense disambiguation from the knowledge base.
The combination of the two disambiguation methods formulates the modified query and used for
expanding the original query. Finally, the query expansion module is integrated with Information

Retrieval system to show the enhancement of Amharic IR system performance.

This study shows an effective use of WSD using semantic similarity for identifying the sense and
to form the new query. As the experimental result show, the method using synset for query
expansion register performance of 59% F-measure. This method registered an improvement of 6%
from original query. The number of information associated to each terms is limited because of
the lack of resource. Therefore, the use of similarity measure and the use of query expansion

terms are limited based on the information available on the lexical resource.

Keywords: Word Sense Disambiguation, Semantic similarity, Information Retrieval



CHAPTER ONE

Introduction

1.1 Background

In the past years the growth of the World Wide Web (WWW) both in content and users as well
as the vast improvement in search engine technology has radically changed the way knowledge
and information is collected and shared [1]. Information Retrieval (IR) is the science of
searching for information or documents based on users information need from a huge set of
documents [2]. According to Bhogal [3], Information Retrieval is the process of translating a set
of information needs into queries and searching for a set of relevant documents that satisfy user’s
information needs. The goal of retrieval system is therefore to retrieve all relevant documents to

the user query while retrieving as few non-relevant documents as possible [4].

A perfect retrieval system would retrieve only the relevant documents and no irrelevant
documents [5]. However, perfect retrieval systems do not exist and will not exist, because search
statements are necessarily incomplete and relevance depends on the subjective opinion of users.
Different users may use the same query to an information retrieval system and judge the
relevance of the retrieved documents differently; some users may like the result while others may
not. Ordinary web users in many cases simply do not know how to create efficient queries and
even the more experienced users usually cannot create good queries when moving on to an
unknown domain. A fundamental problem in information retrieval is word mismatch, which
refers to the phenomenon that the users of IR systems often use different words to describe the
concepts in their queries than the authors use to describe the same concepts in their documents
[6][7]. The other main challenges of searching in information retrieval are the fact that the users
mostly submit very short and ambiguous queries; and they do not know how to create an
efficient query for the exact information they need. This may lead to the retrieval of irrelevant

documents depending on the query formulated.



Current practice of information retrieval process with most search engines works at a lexical
level, which is retrieving only documents containing the words from the query and this, is called
targeted information/document retrieval. The alternative situation in which the words from the
query do not exist in the relevant documents, is called imprecise retrieval [8][9]. Numerous
information retrieval techniques have been developed based on keywords. These techniques use
keyword list to describe the content of the information without addressing anything about the
semantic relationships of the keywords. This leads to the difficulty of understanding the meaning
of the keywords. Synonym and polysemy are two prominent issues. A synonym is a word which
means the same as another word. A polysemy is a word with multiple, related meanings. Query
expansion (QE) addresses imprecise retrieval by modifying the query, adding important words

related to the original query words [9].

Query Expansion is a way to manipulate user’s query in order to retrieve more relevant
documents, thereby improving overall performance. It is needed due to the ambiguity of natural
language and also the difficulty in using a single term to represent an information concept [10].
The first query is usually tentative and/or an inadequate representation of information need,
either in itself or in relation to the representation of ideas in documents [11]. QE attempts to
increase the possibility of a match between the query and relevant documents by adding
semantically related terms (called expansion terms) to a user’s query [12]. The source of the
expansion terms is an important issue in query expansion. Then determining the sense of each

query term is essential for effective retrieval.

In query expansion, users give additional input on query words or phrases, possibly suggesting
additional query terms [13]. However, since the users might be reluctant to provide feedback,
researchers started focusing on contextual IR [3]. Contextual IR integrates the user context into
the retrieval process. Various approaches exist for conducting query expansion. These
approaches can be categorized as either global or local [14]. While global techniques rely on
analysis of a whole collection to discover word relationships, the local techniques emphasize
analysis of the top-ranked documents retrieved for a query. Global techniques use a thesaurus as
a source for query term expansion. This has the advantage of not requiring any user input. Local

techniques analyze each document in the result set to find word co-occurrence. More recently,



ontologies have been used in an interactive manner for supporting search queries [3]. Ontological
methods suggest an alternative approach which uses semantic relations drawn from the selected
terms. According to Fensel [15], Ontologies provide a structured way of describing knowledge.
The basic building blocks of ontologies are concepts and relationships. The concepts in the
ontology can be used for word sense disambiguation and subsequent query expansion [3]. As
Buckland (2003), cited in [10] an ontological model can effectively disambiguate meanings of
words from free text sentences. Because of this ontologies have been used to aid query expansion
since the early nineties with mixed success [1].

Word Sense Disambiguation is essential in natural language processing. In the field of
computational linguistics word sense disambiguation is defined as the problem of
computationally determining which “sense” of a word is activated by the use of the word in a
particular context. Lexical disambiguation in its broadest definition is nothing less than
determining the meaning of every word in context, which appears to be a largely unconscious
process in people. Word sense similarity is a generic issue for many applications of
computational linguistics [15]. Semantic networks are considered as better choices for estimating
semantic similarity than other lexical resources. Among lexical resource like WordNet has been
commonly used to measure semantic similarity among words since it has the inherent advantages

of being structured in the way of simulating human recognition behaviors

The coverage of concepts contained in document collection determines the effectiveness of
WordNet to determine semantic similarity to be used for query expansion. Otherwise, a
vocabulary mismatch may happen between the query terms and the concepts in the WordNet.
Query expansion has some inherent dangers [1]. The main once are related to a phenomenon
named query drift that is moving the query in a direction away from the user’s intention. This
happens frequently when the query is ambiguous. If the user enters the query with multiple
senses the system might choose an interpretation different than the user’s intention and augment
the query with terms related to the wrong interpretation. This kind of query drift is quite common
in ontological methods and stresses the importance of disambiguation of query terms and the
query in general. Because of these most ontological methods include a disambiguation

preprocessing step.



1.2 Statement of the problem

Searchers naturally prefer to post queries in their native languages. Many languages are spoken
in Ethiopia, Amharic is dominant in that it is spoken as a mother tongue by a substantial segment
of the population and it is the most commonly learned second language next to English
throughout the country [16]. Mindaye et al. [16] stated that, according to Internet World
Statistics, Ethiopia took 0.4 % of Internet users out of Africa’s share in 2009. The statistics also
shows that there was an increase of users of Internet in Ethiopia by 3500% during the years
2000-2009. Africa 2014 population and internet users’ statistics for 2013 shows, Ethiopia
Internet users increases to 0.8% [17]. Due to this, there is an increase in Internet population
within the country and large number of population that speaks the language in Diaspora. At the
same time, the number of web documents that are written in Amharic language and Ethiopic
script is increasing. In order to search these documents there is a need of search engine that can
handle Amharic queries, written in Ethiopic script, well.

Several works have been done in the last decade on Amharic information retrieval system, such
as: N-Gram based automatic indexing for Amharic text [18], Amharic text retrieval using latent
semantic indexing with singular value decomposition [19], design and implementation of
Ambharic search engine [20], and the application of probabilistic model for Amharic information
retrieval [21]. However, the researchers suggested the need for improving the performance of
the information retrieval system by controlling the effects of synonymous and polysemous terms
in Amharic language. Most words in natural language are known to have ambiguity. This leads
to a difficult task for IR system when users formulate queries that fully represent their

information needs.

Synonymous and polysemous are the two major issues when dealing with query expansion. A
synonym is a word which means the same as another word. For example, in phrases “A00 A4{i71”
and “AN0 AHP” words “A4017” and “AH)” have the same meanings. A polysemy is a word with
multiple, related meanings [22]. The Amharic language has an abundant set of polysemous along
with synonymous words. An example of polysemous word is the word “mA”. This word has two
completely different meanings, traditional drink and hating. [23]. There are also different

researches that were conducted to deal with ambiguities in Amharic Language. Teshome



conducts the first research that attempts in word sense disambiguation for Amharic which tries to
resolve lexical ambiguity by demonstrating WSD based semantic vector analysis to improve the

effectiveness of Amharic Information retrieval system.

Different researchers have done in the area of Amharic query expansion to deal with the problem
of synonymous and polysemous words. One work is by Alemayehu [24], with the aim of
applying query expansion to control synonymous words using thesaurus. But, because of the
tradeoff between recall and precision and polysemous query terms existence; his proposed
system decreased the overall precision of the IR system. As a continuation of Alemayehu’s work,
Abay [25], implemented query expansion using statistical co-occurrence analysis, bi-gram
analysis and bi-gram thesaurus methods; He attempted to differentiate meanings of a polysemous
query term using other query by a user. However, the expansion terms used are found to be
polysemous themselves. This needs to consider the extent to which a term can be an expansion
term in order to divert a query’s meaning, which requires integrating ontology based query

expansion.

To this end, Iman [23] undertook research for semantic query expansion in order to enhance the
retrieval performance of Amharic IR system. After exploring synset and gloss definition for
word sense disambiguation, Iman recommended the need for further work to construct a well-
defined lexical resource such as Amharic WordNet for word sense disambiguation and sense

similarity measurement.

Hence, the current research attempts to extend the application of query expansion using semantic
similarity towards designing an effective word sense disambiguation, so as to control the effect
of synonymous and polysomous Amharic words during searching. To this end the following
research questions are explored and answered in this study.
e What are the suitable techniques for sense similarity measurement based on the
constructed lexical resource?
e Does the sematic similarity technique help word sense disambiguation for correct
sense identification?
e To what extent the designed word sense disambiguation based query expansion

system improve the effectiveness of Amharic IR system?
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1.3 Objective of the study
1.3.1 General Objective

The general objective of this research is to investigate the effectiveness of using semantic

similarity measure in word sense disambiguation for query expansion so as to enhance the

performance of Amharic information retrieval system.

1.3.2 Specific Objectives

In order to achieve the general objective, the study deals with the following specific objectives

To review previous researches on related works so as to understand the state of the art in

Ambharic lexical resource, word sense disambiguation and query expansion

To setup the experiment by organizing Amharic corpus, queries with ambiguity words

and relevant judgments for the corpus and word sense disambiguation.
To prepare lexical resource as a source for disambiguation and expansion
To build a system and identify suitable approaches for Word Sense Disambiguation

To design a prototype query expansion for Amharic IR system that can search for
relevant documents from Amharic corpus.

To evaluate the performance of the system using IR effectiveness measures such as
recall, precision and F-measure.

Forward conclusion and recommendations

1.4 Scope and Limitation of the Study

The scope of this research is limited to the development of Word sense disambiguation using

semantic similarity for Amharic query expansion to enhance the effectiveness of the IR system.

This study focuses on the use of semantic similarity measures towards effective word sense

disambiguation for query expansion. The system is designed to search within large size Amharic

document corpus. The corpus encompasses documents discussing issues such as, politics, sport,

economic, social, accident, health, education, tourism and justice.



Word sense disambiguation based query expansion is designed in the following manner. Lexical
resource like WordNet is prepared as a source for disambiguation and expansion. There is no
standard WordNet, however, for this study the idea of pieces of information associated with each
word WordNet taken to construct the lexical resource. Since WordNet is new to local researches,
it only contains synonymous and gloss definition unlike the standard WordNet for English that
includes synonyms, hyponyms, hypernyms, definitions of its synonyms and hyponyms, and its
domains. Word Sense disambiguation using semantic similarity measure is applied for query
expansion in three ways, using synset, gloss definition and the combination of both synset and

gloss defination. The query expansion module is finally integrated with probabilistic IR system.

Due to the lack of resources to construct lexical resource such as WordNet and its difficulty and
time consuming, the experiment was conducted only in two ways of semantic similarity measure

for word sense disambiguation process.

1.5 Methodology of the study

Methodology covers the entire approach of research. This study is an experimental research,
which is characterized by much greater control over the research environment and in this case
some variables are manipulated to observe their effect on other variables [26]. Experimental
research provides a systematic and logical method for exploring the performance of Amharic

Retrieval system when the query expansion is integrated with different features.

Experimental research involves dataset preparation, system implementation and evaluation of

performance. Methods and tools used at each step are discussed as follows.

1.5.1 Literature Review

To accomplish the objectives of these research literatures from books, journals articles,
conference proceedings and the Internet are reviewed concerning Information retrieval, word
sense disambiguation, semantic similarity, lexical resource and query expansion in general and
specifically for Amharic language. Related works with Query expansion have also been
reviewed to understand the state of the art in the field. This helped to investigate the underlying

principles and theories, methodologies, techniques and tools of the various methods that can be



adopted, manipulated and used for synthesizing and gaining a new perspective in to what has

been done in previous researches in the area and what can be done in this research.

1.5.2 Dataset selection and preparation

For the purpose of testing the impact of the proposed word sense disambiguation based query
expansion on the performance of Amharic IR system, the current study use Amharic text
documents collected by previous researchers which is from Amharic local news articles available
on website of Walta Information Center (http://www.newspapersites.net/ newspaper/ walta-
information-center) [21, 23] Walta Information Center is a private organization that produces

and disseminate news on television and radio as well as e-newspaper.

The researcher preferred to use this dataset so as to easily observe the improvements made in the
study by integrating word sense disambiguation based query expansion. The documents contain

news related to different topics like sport, politics, justice, accident and health care.

1.5.3 Implementation

Python programming is used for developing the system. Python is selected because it is an open
source, interpreted, object-oriented and high level programming language. It enables the
researcher to implement the functionality of the sought system without much difficulty and
allows writing programs that are clear and readable. It has extensive built-in help functions,

which make it possible to learn new things and minimize programming errors.

Experts and beginners can easily understand the code and everyone can become productive in
python very quickly [27]. It is a suitable programming language for text processing which is

extensively done in information retrieval and search engine development.

1.5.4 Testing Procedure

To test the system ten Amharic queries formulated from previous work with its relevance
judgment is used. For the ambiguous words from the formulated query prepared further its
relevance judgment that shows the correct sense for each word. Testing is done in two ways for

Word Sense Disambiguation and three ways for query expansion. The word sense



disambiguation is evaluated by the user-centered strategy, which uses relevant judgment so as to
evaluate the performance of the system. The impact of query expansion is evaluated by

integrating with the IR system.

The experimentation for evaluating the effectiveness of the system is done by using selected test
documents and queries. Precision, recall and F-measure are used to measure the performance of
the prototype system. Precision is the fraction of the documents retrieved that are relevant to the
user’s information need, and recall is the fraction of the documents that are relevant to the query
that is successfully retrieved. F-measure is the weighted harmonic mean of precision and recall.
Using these techniques, effectiveness of the information retrieval system is measured and

compared with previous works.

1.6 Significance of the study

The major contribution of this study is to design word sense disambiguation by applying
semantic similarity measure based on the lexical resources prepared. The result of disambiguated
concept used for query expansion techniques to enhance Amharic Information Retrieval system
with a better performance. There are also specific contributions of the study. First, this work will
have a huge effect on future researches of Amharic information retrieval system in improving its
performance by understanding the context of queries. Second, it helps to understand the possible
use of information associated with each word in WordNet for query expansion and in general the
advantage of lexical resource like ontology in information retrieval area. The result of this study
has a great help for future researchers that aim to work on developing query expansion technique

for sematic languages like Tigregna, Guragigna, Siltigna etc.

1.7 Organization of the Thesis

This thesis is organized in to five chapters. The first chapter presents the general overview of the
thesis that comprises the Background, Statement of the problem, General and Specific Objectives,
Scope and Limitation, Significance, and Methodology of the study. Chapter two reviews
different literatures regarding to IR models, word sense disambiguation, lexical resource,
semantic similarity and query expansion techniques. Various related researches done locally and

internationally on query expansion systems are also described briefly in this chapter.

9



The third chapter deals with the design of the proposed methods towards developing lexical
resource based semantic similarity for word sense disambiguation to use it for query expansion
system. The architecture of the proposed word sense disambiguation and the expansion system
also explained in detail. In chapter four the experimentation and evaluation result of the proposed
system are discussed. Findings of the results obtained from the experiment and challenges that
affected the system’s performance are also presented in this chapter. Finally, chapter five

provides concluding remarks of the study and forwards recommendations for future work.
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CHAPTER TWO

Literature Review

Information retrieval is the key technology behind search engines and a state of the art
technology for many web users [21]. The basic concept of Information Retrieval (IR) is the
effective retrieval of relevant information from large document corpus [4]. A fundamental
problem in information retrieval (IR) is word mismatch, which refers to the phenomenon that the
users of IR systems often use different words to describe the concepts in their queries than the
authors use to describe the same concepts in their documents [6]. One way to overcome the
problem of term mismatch is using query expansion. Query expansion is an effective technique

to improve the performance of information retrieval systems [28].

2.1 Information Retrieval

The discipline of information retrieval is almost as old as the computer itself. An earlier,

definition of information retrieval given by Mooers (1950), as it is cited on [29] is.

Information retrieval is the name of the process or method whereby a prospective
user of information is able to convert his need for information into an actual list

of citations to documents in storage containing information useful to him.

An information retrieval system is a software programme that stores and manages information on
documents. The system assists users in finding the information they need. The system does not
explicitly return the exact information; instead, it answers the existence and location of
documents that might contain the information. If the suggested documents satisfy the user’s
information need, the documents are called relevant documents; on the other hand, if not
accepted by the user’s it is then called irrelevant documents. There is no perfect retrieval system,

because the relevance of the document depends on the subjective opinion of the user.

Baeza-Yates and Ribeiro-Neto [4] described that IR is directly affected both by the user task and
by the logical view of the documents adopted by the retrieval systems. In the user task, the user

of a retrieval system has to translate his/her information need into a query in the language
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provided by the system. With an information retrieval system, this implies specifying a set of
words which covey the semantics of the information needed. With the logical view of the
documents, the documents represented through a set of index terms or keywords. No matter
whether these representative keywords are derived automatically or generated by specialists, it

provides the logical view of the document.

According to Croft (1993), as cited in [30], there are three basic processes an information
retrieval system has to support: the representation of the content of the documents (Indexing), the
representation of the user’s information need (query formulation), and the comparison of the two

representations(matching process). Figure 2.1 depicts the step-by-step procedure in information

retrieval.
| Information Problem Document
v v
[ Representation ] [ Representation ]
A\ 4 A
— Query Indexing
Comparison
A
[ Feedback 1L Retrieved document
J‘

Figure 2.1 Information Retrieval Process

As depicted in figure 2.1 above, before the retrieval process the text database should be well
defined and this is a need to specify the document to be used, the operation to be performed on
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the text and the text model like the structure [4]. After the text operation performed such as
tokenization, stop-words elimination, stemming and normalization, the process transforms the
original document and generates a logical view of the document. Once the logical view of the
document is defined, it slowly swings from full text searching to a set of index terms. This is
called Indexing process. Indexing is a critical data structure because it allows fast searching over
large volumes of data [4]. This indexing process takes place off-line, that is, the end user of IR
system is not directly involved. These are different indexing structures the well-known and
widely used one is inverted index file [21]. Inverted file is a mechanism for indexing a text
collection so as to make the searching task fast. There are two elements involved in building the
inverted file [3]: the vocabulary and the occurrence. The vocabulary file is the set of index terms
in the text collection and it is organized by terms. The vocabulary file stores all of the keywords
that appear in any of the documents in lexicographical order and for each word a pointer to
posting file. The occurrence contains one record per term, listing all the text locations where the

words occurs frequency of each term in a document [4].

Once the indexing process completed, retrieval process can be initiated and the information
problem is requested by the user. The process of representing the information problem or
information need is often referred to as the query formulation process. The resulting formal
representation of the information need of users is the query. The query is then processed to
retrieve relevant documents. This process also involves a serious of steps [31]. First, the user
specifies his/her information need using the natural language (e.g. English, Amharic, etc.)
supported by the IR system. Second, the system transforms the query into a logical format by
applying text operation, which is also used when the document was indexed. Finally, the query is

processed to retrieve relevant documents.

After documents are logically organized and the user query is processed, the next step is
comparing the query against the document representations, which is called, the matching process
[30]. Before sending searching result to the user, the retrieved documents are ranked according to
their relevance. This process gives the result of ranked list of documents. Most of the time
documents that are considered as relevant to users gets the biggest score and displayed at the top

of the retrieved list. Thus, IR models guide the process of matching and ranking relevant
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documents. The user then examines the ranked documents. At this point, when a user selects the
document, the system then change the query formulation based on the selected document by the
user. This can lead to a new cycle, which is modifying the query that helps to get a better
representation of the real user need.

2.2 Query Reformulation

In Information retrieval one of the major difficulties is in the description and representation of
information needs in terms of a query. Among the basic and essential feature of information
retrieval is matching the text of the query to the text of the document. This matching process
depends on the process of query reformulation [32]. Query reformulation is a process during
which the original query issued by the user is transformed into a structured query representation
that is consumed by the search engine. The process modifies the original keyword query
submitted by the user to the search engine in order to better represent the underlying intent of the
query. The formulated query is then used as an input to the search engine’s ranking algorithm.
Thus, the primary goal of query reformulation is to improve the overall quality of the ranking

presented to the user in response to their query.

According to Bendersky et al. [32], Query reformulation is usually divided into two main
processing stages. The first processing stage is query refinement that alters the query on the
morphological level. The process involves tokenization, stemming, normalization, stop words
removal etc. After the query refinement stage is completed the second processing stage alters the
query on the structural level. This structural alteration includes among other actions, segmenting
the query into atomic concepts, assigning weights to these concepts, or expanding the query with

related weighted concepts.

Query reformulation uses two different methods called query expansion and term reweighting to
enhance the performance of the retrieval system [4][21]. Term reweighting technique is a process
of adjusting the weight of the term based on the users or system relevance judgment. One of the
classical term reweighting techniques is Rocchio algorithm. It is proposed in 1971 for the Smart
retrieval system [33]. It takes a set of documents as the feedback document set. Unique terms in

this set are ranked in descending order of tf-idf weights. A number of top-ranked terms,
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including a fixed number of non-original query terms, are then added to the query. It finds a
query vector which increases similarity with relevant document while decreases similarity with
non-relevant documents [32]. Other algorithms developed after decades, mostly derived from
Rocchio’s relevance feedback algorithm. Probabilistic reweighting is another technique of Term
reweighting which is designed for probabilistic model. It attempts to predict the probability that a

given document will be relevant to a given query [32].

The second method of query reformulation is query expansion the most widely used technique to

bridge the vocabulary gaps by expanding original queries with related terms.

2.3  Query Expansion

Users of retrieval systems that use word matching as a basis for retrieval are faced with the
challenge of phrasing their queries in the vocabularies of the documents they wish to retrieve.
One method of easing the users’ burden when selecting query words is for the retrieval system to
expand the query by adding terms that are related to the words supplied by the user. In
information retrieval, query expansion is referred to as the techniques, algorithms or
methodologies that reformulate the original query by adding new terms into the query, in order to
achieve better retrieval effectiveness [33].

Query expansion is needed due to the ambiguity of natural language and also the difficulty in
using concept to represent an information concept. With query expansion, the users are guided to
formulate their query which enables useful results to be obtained. The main aim of query
expansion is to add new terms to the initial query. One theory stated that [34], behind query
expansion is the problem of synonymy and polysemy of terms. By adding more terms into initial
queries precision and recall of the IR system will increase because the expanded queries contains
more terms, and accordingly the probability of matching them with terms in the relevant
documents, to some extent, increases. Query expansion attaches new additional critical terms
beyond the initial query terms (seed query) provided by the users to improve the precision and/or

recall of the retrieval system [34].
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Query expansion has received significant attention in IR research [11]. All query expansion
approaches try to handle the process of reformulation of the original query as a way to improve
retrieval performance. The process of adding terms can either be manual, automatic or user-
assisted/Interactive [10] [11]. Manual query expansion relies on user expertise to make decisions
on which terms to include in the new query. In the case of automatic query expansion,
weightings are calculated for all terms and the terms which have the highest weighting are added
to the initial query. Different weighting functions produce different results; therefore retrieval
performance depends on the weighting technique used. With user-assisted query expansion, the
system generates possible query expansion terms and the user selects which of these to include

during query reformulation.

2.3.1 Query Expansion Approaches

In literature, Query expansion approaches are studied in different ways [9]. Manning et, al [13]
and Wu et, al [35], categorized them into global and local methods, where Global methods are
query-independent since all documents are examined for all queries. On the other hand, with
local method, modify a query relative to the documents initially returned by the query.
According to Billerbeck [36], query expansion using local methods involves selecting terms
from the retrieved relevant documents and adding them to the original query. This new,

expanded, query is then re-run on the collection.

Alternatively, Salton and McGill [37] characterized Query expansion approaches as extensional,
intentional, or collaborative ones. The extensional approach materializes information need in
terms of documents, for instance relevance feedback and local analysis methods. Intentional
approaches, primarily thesauri/ontology-based, take advantage of the semantics of keywords.
Collaborative ones exploit users’ behavior, e.g., mining query logs, as a complement to previous

approaches.
There are two main approaches to query expansion covered in this study which are relevance

feedback, and more recently it has been derived from knowledge models such as ontologies. The

contextual information can be acquired with one of the approaches [3].
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23.1.1 Query Expansion Using Relevance Feedback

Relevance feedback is a technique for modification of the initial query using words from
previously top-ranked documents that have been identified as relevant documents by the user
[37]. The relevance feedback loop requires the user to enter an initial query which results in a
display of ranked documents (usually titles/abstracts). From this display, the user makes
relevance judgments and selects the relevant documents. The relevant terms from these
documents are added to the initial query. To do such process the relevance feedback should
consider the term selection, how to weight the new terms, whether to exclude the original query
terms, whether to include all of the new terms or just some of them and if so how many new

terms to include [3].

Effectiveness of query expansion using relevance feedback can vary depending on many factors
[3], such as choice of parameters in the term weighting process, number of relevant documents in
the document collection, facilities provided for users to give good quality relevance feedback

with ease and finally whether the collection is domain specific or domain independent.

Even though relevance feedback is the most accepted and widely used approach to query
expansion, it has problems [3]. It is ineffective when it comes to incorrect spelling. The
relevance feedback is also ineffective, if the user uses one word in search but that word is no-
where found in the collection then the query will fail. He and Ounis [33], showed the reasons for
query expansion’s failure. Using this approaches feedback set contains too many non-relevant
documents so that misleading expansion terms are added to the query. Second, documents in the
feedback set, although containing relevant information, are sometimes only partially related to

the topic, and can therefore yield bad expansion terms. This is also called topic drift [3].

2312 Query Expansion Using Ontologies

Relevance feedback relies on additional user input. However, since the users might be reluctant
to provide feedback, researchers started focusing on contextual IR [3]. Relevance feedback
techniques are also content driven in which the corpus content is analyzed to extract candidate

terms for query expansion. This can only work if there are sufficient relevant documents to work
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with and also that these documents contain a reasonable set of terms that represent the subject
area for the query. Contextual IR integrates the user context into the retrieval process. More
recently, ontologies have been used in an interactive manner for supporting faceted search
queries [37]. According to Arguably et el, (1997), cited in [4] ontology based query expansion is

a more effective and favorable method than relevance feedback.

Ontologies seem to be a promising way forward in query expansion. The success of using
ontology for query expansion depends on various factors. These are described below [3].

Knowledge model quality: The model must be accurate, stable, comprehensive and up-to-date. If
a data model does not cover the subject area in a comprehensive way then queries which are
relevant to a subject area will not get any results because the model is suffering from some

omissions.

Knowledge model familiarity: The search process has a higher chance of success if the user is
familiar with the knowledge model. The initial query formulation starts within the ontology, so
its possible for the user to lose their sense of direction or be distracted by the different number of
paths during the navigation process and the time taken to traverse those paths. This means that

query expansion using ontology, is only beneficial if the searcher is familiar with the search topic.

Navigability of knowledge model: If a user can navigate a knowledge model with ease, this
increases its effectiveness. Some ontologies are hundreds of megabytes in size; so a suitable
mechanisms should be used to allow large ontologies to fit onto one screen; otherwise, users may
‘lose’ their way in the vast information space and have difficulty in navigating large knowledge
models. To overcome the difficulties users have in navigating ontologies, a mixed approach
might be better whereby the system automatically searches the ontology for expansion terms
which are suggested to the user who will then interact with the system by selecting the relevant

terms.
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Other factors: Firstly query terms need to be mapped onto corresponding ontology concepts. If
an exact match is not found then the mapping process must find the ‘next best’ match. The entry
point into the ontology forms the basis of any subsequent expansion, so it is crucial to get this
process right. Secondly, query length determines whether there will be any resulting benefit from
conducting query expansion. It is widely argued that shorter queries are ideal candidates for
query expansion because they tend to be more ambiguous. Thirdly, broader information queries
benefit more from query expansion than navigational or transactional queries. Finally, using
combined query expansion techniques with ontology produces better results than using a single

technique.

2.4 WordNet

According to Bates, (2002) and Soergel (1999) as cited in [3][4] ontology is more accurately
described as “a classification, thesaurus or a set of concept clusters”. Another definition of
ontologies is ‘classifications, lists of indexing terms, or concept term clusters’. Ontologies
improve the accuracy in fuzzy information search and facilitate mono- and multi-lingual human-
computer dialogues by paraphrasing the query of the user through context identification and
disambiguation. As cited in Bhogal [3], Gruber (1993) defines ontology is a ‘specification of a
conceptualization’. Gruber explains further that ontologies were first used in philosophy than

Artificial Intelligence.

In a natural language, a word may have multiple meanings depending on the applicable context.
The purpose of ontology is to provide a context for the vocabulary it contains. In a computer
system, context may be represented and constrained by ontology. Therefore, an ontological
model can effectively disambiguate meanings of words from free text sentences. Ontologies
provide consistent vocabularies and world representations necessary for clear communication

within knowledge domains [3].

WordNet is one of the general ontology used in natural language [38]. WordNet is lexical
database with remarkably broad coverage [39]. One of its most outstanding qualities is the
construction of a word sense network. It is like a dictionary in that it stores words and meanings.

However it differs from traditional ones in many ways [38]. For instance, words in WordNet are
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arranged semantically instead of alphabetically. The basic relationship between words in
WordNet is the Synonym relation called Synset, which is regarded as a basic object in WordNet
[38][40]. Words in the same synset are synonymous in a particular sense. Each such synset
therefore represents a single distinct sense or concept. Word sense is the meaning a word can
take depending on how it is used. For example, the word “bank™ could mean a financial

institution in one sense and a river bank in another sense.

Words with multiple senses can either be homonymous or polysemous. Two senses of a word are
said to be homonyms when they mean entirely different things but have the same spelling. A
word is said to be polysemous when its senses are various shades of the same basic meaning.
Words with only one sense are said to be monosemous. In WordNet, each word occurs in as
many synsets as it has senses [38]. Besides single words, WordNet synsets also sometimes
contain compound words which are made up of two or more words but are treated like single

words in all respects

Each synset in WordNet has an associated definition or gloss. Each synset contains just one gloss
[41]. A gloss for a word sense is the definition of the word in that particular sense and many (but
not all) synsets also contain example sentences that show how the words in the synset may be
used in the language. For instance, one of the synsets of ‘bank’ is {depository financial
institution, bank, banking concern, banking company} and its gloss is (a financial institution that
accepts deposits and channels the money into lending activities; "he cashed a check at the bank";

"that bank holds the mortgage on my home") [42].

There is a standard WordNet for English language. WordNet contains more than 118,000
different word forms and more than 90,000 different word senses, or more than 166,000 pairs.
Approximately 17% of the words in WordNet are polysemous; approximately 40% have one or
more synonyms. WordNet is a large scale database [42] that has a potential to deal with
problems on finding the relevant document in text collection for a given user’s query [43]. A
group of psychologists and linguists started to develop a “lexical database” in English language
at the Cognitive Science Laboratory of Princeton University [44]. WordNet is still maintained by

the Cognitive Science Laboratory. Development began in 1985. WordNet stores information
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about words that belong to four parts—of-speech: nouns, verbs, adjectives and adverbs. WordNet
is defines a variety of semantic and lexical relation between words and synsets. Semantic relation
is defines relationships between two synsets [39]. Lexical relations on the other hand defines a
relationship between two words within two synsets of WordNet. Thus, whereas a semantic
relation between two synsets relates all the words in one of the synsets to all the words in the
other synset, a lexical relationship exists only between particular words of two synsets [33][29].

Table 2.1 depicts the semantic relation provided in WordNet with their syntactic category.

Semantic relation Syntactic category Example
Synonymy; (similar) N, V, Aj, Av pipe, tube; rise, ascend; sad, unhappy
rapidly, speedily
Antonymy (opposite) Aj, Ay, (N, V) wet, dry; powerful, powerless
friendly, unfriendly; rapidly, slowly
Hyponymy(subordinate) N sugar maple, maple; maple, tree
tree, plant
Meronymy (part) N brim, hat; gin, martini; ship, fleet
Troponomy (manner) \/ march, walk; whisper, speak
Entailment \/ drive, ride; divorce, marry

Note: N = Nouns Aj = Adjectives V = Verbs Av = Adverbs

Table 2.1 Sematic relation in WordNet

e Synonymy is WordNet’s basic relation, because WordNet uses sets of synonyms (synsets)
to represent sent word senses. Synonymy is a symmetric relation between word forms.

e Antonymy (opposing-name) is also a symmetric semantic relation between word forms,
especially important in organizing the meanings of adjectives and adverbs.

e Hyponymy (sub-name) and its inverse, hypernymy (super-name), are transitive relations
between synsets. Because there is usually only one hypernym; this semantic relation
organizes the meanings of nouns into a hierarchical structure.

e Meronymy (part-name) and its inverse, holonymy (whole-name), are complex semantic
relations. WordNet distinguishes component parts, substantive parts, and member parts.

e Troponymy (manner-name) is for verbs while hyponymy is for nouns, although the

resulting hierarchies are much shallower.
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e Entailment relations between verbs are also coded in WordNet

The 1990s saw three major developments [45]: WordNet became available, the statistical
revolution in NLP swept through, and Senseval began. WordNet pushed research forward
because it was both computationally accessible and hierarchically organized into word senses
called synsets. Today, English WordNet (together with WordNet for other languages) is the
most-used general sense inventory in Word Sense Disambiguation (WSD) research. Psychology
professor Miller [45] supports the WordNet’s potential by given two obvious reasons:

e |t offers the possibility to discriminate word senses in documents and queries. This would
prevent matching spring in its “metal device” sense with documents mentioning spring in
the sense of springtime. And then retrieval accuracy could be improved.

e WordNet provides the chance of matching semantically related words. For instance,
spring, fountain, outflow, outpouring, in the appropriate senses, can be identified as
occurrences of the same concept, ‘natural flow of ground water’. And beyond synonymy,
WordNet can be used to measure semantic distance between occurring terms to get more
sophisticated ways of comparing documents and queries.

2.5 Measures of Word Semantic Similarity

The need to determine the degree of semantic similarity, or relatedness, between two words is an
important problem in Natural Language Processing (NLP) [46]. Similarity measures are used in
such applications as word sense disambiguation, determining discourse structure, text
summarization and annotation, information extraction and retrieval, automatic indexing, lexical

selection, and automatic correction of word errors in text.

There are mainly two approaches to semantic similarity [46, 47]. First approach is making use of
a large corpus and gathering statistical data from this corpus to estimate a score of semantic
similarity. Second approach makes use of the relations and the hierarchy of a thesaurus, which is

generally a hand-crafted lexical database such as WordNet.

Based on the way of utilizing WordNet, the WordNet-based semantic similarity measures can be
classified into three categories [15]: node-based methods, Edge-based methods and Hybrid

methods
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The node-based methods which estimate the semantic similarity by computing the amount of
information contained by related words in WordNet. Thus, this kind of methods is also called as
information-based methods. Most of node-based methods employ the information content to
quantify the amount of information that a concept contained. According the definition in the
information theory, the Information Content (IC) of a concept ¢ can be quantified by IC(c)=-
log(P(c)), where P(c) is the probability of ¢ appearing in a corpus. The drawbacks of node-based
methods include, first it is a time-consuming work to analysis the corpora for estimating the IC
values and second unbalanced contents of the employed corpora may significantly decrease the

accuracy of the IC values.

The edge-based methods, which assess the semantic similarity by calculating the length of edges
on the shortest path between the words in WordNet. Edge-based methods utilize the shortest path
between concepts (i.e., c1 and c2) in WordNet to estimate the semantic relatedness between cl1
and c2. Lengths of all edges on the shortest path are accumulated to quantify the semantic
similarity. It is the way of calculating the length of edges that differentiates methods in this
category. The accuracy of the edge-based methods is significantly affected by the lack of
considering the varieties of semantic distances between adjacent words, which is caused by the
uneven word densities in WordNet.

The hybrid methods, this methods combine the information from different resources to estimate
the semantic similarity between concepts, e.g., combining the 1C of concepts with the structure

information retrieved from WordNet to conduct the estimation.

Some of information content based measures discussed that has better performance on word
sense disambiguation. All of these measures rely on information content (IC) values assigned to
the concepts in the taxonomy, but their usage of IC are different. [47]. It was first proposed by
Resnik [48] in 1995 following information theoretic approach, after which Jiang [49], Lin[50]

also proposed two other measures respectively.
Resnik’s information content

Resnik [48], is the first to bring together ontology and corpus. Guided by the intuition that the
similarity between a pair of concepts may be judged by “the extent to which they share

information”,Resnik defined the similarity between two concepts lexicalized in WordNet to be
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the information content of their lowest super-ordinate. He argues that the links in the hierarchy of
WordNet representing a uniform distance in the edge-counting measurement cannot account for
the semantic variability of a single link. He assumed that for a concept c, let p(c) be the
probability of encountering and instance of concept c. The IC value is obtained by considering

the negative log likelihood.
The Jiang—Conrath Measure

Jiang and Conrath [49] accumulated the scaled length of all the edges in the shortest path
between concepts to estimate the semantic similarity of the concepts. The edge length between
concept ¢ (a node in the shortest path) and concept p (the parent node of c in the shortest path) is
calculated by length(c, p) = log(P(p))—.log(P(c)). They also considered the link type, depth,

conceptual density, and information content of concepts
The Lin Measure

The Lin [50] measure of semantic relatedness of concepts is based on his Similarity Theorem. It
states that the similarity of two concepts is measured by the ratio of the amount of information
needed to state the commonality of the two concepts to the amount of information needed to
describe them. The commonality of two concepts is captured by the information content of their
lowest common subsumer and the information content of the two concepts themselves. This
measure turns out to be a close cousin of the Jiang—Conrath measure, although they were

developed independently:
The Lesk Measure

As a solution for word sense disambiguation, Lesk [46] proposes to measure the relatedness
between two concepts by the overlap between the corresponding definitions of them, as provided
by a dictionary. The application of the Lesk similarity measure is not limited to semantic

networks, and it can be used in conjunction with any dictionary that provides word definitions.

2.6 Word Sense Disambiguation (WSD)

Lexical disambiguation in its broadest definition is nothing less than determining the meaning of

every word in context, which appears to be a largely unconscious process in people. As a
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computational problem it is often described as “Al-complete™, that is, a problem whose solution
pre- supposes a solution to complete natural-language understanding or common-sense reasoning.
In the field of computational linguistics, the problem is generally called word sense
disambiguation (WSD), and is defined as the problem of computationally determining which
“sense” of a word is activated by the use of the word in a particular context. WSD is essentially a
task of classification of word senses into their classes, the context provides the evidence, and
each occurrence of a word is assigned to one or more of its possible classes based on the
evidence [51].

Word sense disambiguation is the process of choosing the right sense for a word in its occurring
context [52] [53]. Words are assumed to have a finite and discrete set of senses from a dictionary,
a lexical knowledge base, or ontology. Most words in natural languages are polysemous, that is
they have multiple possible meanings or senses. When using language humans rarely stop and
consider which sense of a word is intended. However, computer programs do not have the
benefit of a human’s vast experience of the world and language. So automatically determining
the correct sense of a polyemous word is a difficult problem. WSD has been recognized as a
significant component in language processing applications such as information retrieval,

machine translation, speech processing etc.

The task of word sense disambiguation is a historical one in the field of Natural Language
Processing (NLP). WSD was first formulated as a distinct computational task during the early
days of machine translation in the late 1940s, making it one of the oldest problems in
computational linguistics. Weaver introduced the problem in his famous memorandum on
machine translation [51][54]. Machine translation is the original and most obvious application
for WSD but disambiguation has been considered in almost every NLP application, and is
becoming increasingly important in recent areas such as Information Retrieval, Information

extraction and text mining.

According to Agirre and Edmonds [51], despite this range of applications where WSD shows a
great potential to be useful, WSD has not yet been shown to make a decisive difference in any

application. There are various isolated results that show minor improvements, but just as often

25



WSD can hurt performance, as is the case in one experiment on information retrieval [51]. There
are several possible reasons for this. First, the domain of an application often constrains the
number of senses a word can have (e.g., one would not expect to see the ‘river side’ sense of a
bank in a financial application), and so lexicons can be constructed accordingly. Second, WSD
might not be accurate enough yet to show an effect. Third, treating WSD as an explicit
component, as the majority of research does, means that it cannot be properly integrated into a
particular application or appropriately trained on the domain. Most applications, such as Machine
Translation, do not have a place for a WSD module so either the application or the WSD would

have to be redesigned.

2.6.1 Approaches to word sense disambiguation

Approaches to word sense disambiguation are often classified according to the main source of

knowledge used in sense differentiation [51].

26.1.1 Machine Learning Approaches

In machine learning approaches, systems are trained to perform the task of word sense
disambiguation. In these approaches, what is learned is a classifier that can be used to assign as
yet unseen examples to one of a fixed number of senses. These approaches vary as the nature of
the training material, how much material is need, the degree of human intervention, the kind of
linguistic knowledge used, and the output produced. But the system accuracy can definitely be

improved by machine learning methods. These approaches can be mainly classified into two [51].

Supervised Learning

In such approaches, a learning system is presented with a training set consisting of feature
encoded inputs along with their appropriate label, or category. The output of the system is a
classifier system capable of assigning labels to new feature encoded inputs. Here a
disambiguated corpus is available for training. There is a training set of exemplars where each
occurrence of the ambiguous word w is annotated with a semantic label. The task is to build a
classifier which correctly classifies new cases based on their context of use. Two of the
supervised algorithms applied to WSD in statistical language processing is Bayesian

classification and Information Theory [51]. As stated in Kumar [54], Bayesian classification
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method is proposed by Gale et.al. It treats the context of occurrence as a bag of words without
structure, but it integrates information from many words in the context window. Information
Theory is proposed by Brownet et.al. This approach looks at only one informative feature in the
context, which may be sensitive to text structure, but this feature is carefully selected from a

large number of potential informants.

This method suffers from several problems. As mentioned previously, no set of rules can
completely disambiguate any word. Moreover, one has to depend on the human tagging of the
data which exercise is both error prone and exceedingly tedious. Further, words for which there
are no hand-tagged examples needs to pass through unsupervised learning before

disambiguation.

Unsupervised Learning

In unsupervised learning we do not know the classification of the data in the training sample.
This method works directly from raw unannotated corpora [51]. It can often be viewed as a
clustering task. This method is able to induce word senses from training text by clustering word
occurrences, and then classifying new occurrences into the induced clusters/senses. Hyperlex and
Lin‘s Approach are the main two algorithms used in these techniques several disambiguation
systems have been developed for various languages like English, Tamil, Malayalam, Hindi,
Chinese [54].

2.6.1.2  Knowledge Based Approaches

The knowledge-based proposals of the 1970s and 80s are still a matter of current research [51].
These approaches are mainly using external lexical resources such as dictionaries, thesaurus,
WordNet etc. These are easy to implement because they require simple look up of a knowledge
resources like a machine readable dictionary. Here no need of a corpus-tagged or untagged, since

no training is involved. So many algorithms are suggested with this approach.
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Walker’s algorithm

It is a thesaurus based approach. Walker’s algorithm works as follows [54]. First, it finds the
thesaurus category to which that sense belongs. Then calculate the score for each sense by using
the context words. Contexts will be added to the score of the sense if the thesaurus category of
the word matches that of the sense. By using WordNet, it is possible to find the conceptual
distance by analyzing the hyponyms. Once we find out the conceptual distance, conceptual
density can be measured. If the conceptual distance is smaller, conceptual density will be higher.
Let w be the word to be disambiguated. w;, wa,....w, etc are the words in context. Each symbol
represents the different senses of the word in context. Highest density will be obtained for the

sub hierarchy containing more senses

Random Walk algorithm

In a sentence there may be more than one word which has different senses. In this approach, a
vertex is created for each possible sense of each word in a text. By using definition base
similarity, we can add weighted edges. A graph based ranking algorithm is then applied to find
score of each vertex. Then the highest score vertex is selected as the correct sense (for each
word).

Lesk Algorithm

This method is suggested by the scientist M.Lesk [54]. According to Lesk, a word is
disambiguated by comparing the gloss of each of its senses to the glosses of every other word in
the phrase. The algorithm disambiguates a target word by comparing its gloss with those of its
surrounding words. The target word is assigned the sense whose gloss has the most overlapping
or shared words with the glosses of its neighboring words [55]. The sense whose gloss shares the
largest number of words in common with the glosses of other words is selected as the correct
sense. Suppose that ‘bark’ is the target word and it is surrounded by ‘dog’ and ‘tail’. The original
Lesk algorithm checks for overlaps in the glosses of the senses of dog with the glosses of bark.
Then it checks for overlaps in the glosses of ‘bark’ and ‘tail’. The sense of ‘bark’ with the
maximum number of overlaps with ‘dog’ and ‘tail’ is selected. The adaptation of the Lesk
algorithm considers these same overlaps and adds to them the overlaps of the glosses of the
senses of concepts that are semantically or lexically related to dog, bark and tail according to

WordNet.
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Hybrid approaches by combining multiple knowledge sources and using tagged data are also one
of the approaches to WSD [54].

2.7 Amharic Language

Ethiopia is a linguistically diverse country where more than 80 languages are used in day-to-day
communication. Amharic was the national language of Ethiopia until 1995. Following the
declaration of constitution of Ethiopian federal democratic government on Article 5(1), it
becomes the working/official language. The language is a Semitic language and uses the
Ethiopic script for writing. The script of Ambharic is taken from Ge’ez. Ambharic did not
discriminate in adopting the Ge’ez Fidel; it took all of the symbols [56] and added some new
ones that represent sounds not found in Ge’ez. These added alphabetic characters are F, sn,, €, T,
a, @, 0, and 1.

In Amharic each symbol represents a consonant and vowel combination and the symbols are
organized in groups of similar symbols on the basis of both the consonant and the vowel. For
each consonant in each symbol, there is an unmarked symbol representing that consonant
followed by a canonical or inherent vowel [27]. Currently, the writing system of Ambharic
language contains 34 base characters each of which occurs in a basic form and six other forms
known as orders. The seven orders represent syllable combinations consisting of a consonant
following vowel. This makes the writing system consists in general 238 unique symbols. In
addition, there are forty others that contain a special feature usually representing labialization e.g.
£, ®. In Amharic there is no Capital-Lower case distinction. There are also 8 punctuation marks

and 20 numeration system.

Ambharic writing system got some problems [17]. The first problem is the presence of
“unnecessary” alphabets (Fidels) in the language’s writing system. These Fidels (alphabets) have
the same pronunciation but different symbols, while the meaning is the same. The Fidels are A
and 0, 2 and 6, a and w and v, «, and 1. The other problem is in the formation of compound
words. Compound words are sometimes written as two separate words and sometimes as a single
word. For example, the word “kitchen” can be written as “@T (" or “@70\+”. There are many

such compound words, which need some effort to have a standard way of forming them. Another
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problem of the language is, there are different ways of writing a single word because of regional
dialect with their spoken form; “Z%” vs. “Z8”, “AL&AT"” vs. “ALLAT”, “4m,” vs. “4%” [57]. The
other problem is related to if the word is loan word from foreign languages. For example, the
word Computer can be written as h*T.+C, h°To-+C, h°Ta-t+C, etc. Any application tools that
are developed for Amharic language need to consider the characteristics of the language

mentioned above in one way or another.

2.7.1 Ambharic WordNet

Princeton WordNet is a great inspiration for the development of WordNet in different languages.
There have been many efforts to develop a WordNet for different languages. There are two
approaches of developing a WordNet [17]: the merge approach and extended approach.
Extended approach translate the synsets in the Princeton WordNet to your own language, take
over the relations from Princeton and revise and merge approach define synsets and relations in
your own language and then align your WordNet with the Princeton WordNet using equivalence
relations. Kassie [58], suggests extended approach to develop Amharic WordNet because of the
following two reasons:

e It reduces the cost and time of developing Amharic WordNet from scratch.

e It gives an opportunity to integrate the language WordNet with other languages WordNet.

It is therefore wise to use the information in the Princeton WordNet for such under-resourced

languages like Amharic.

So far there is no standard WordNet for Amharic language. Many applications in Amharic
language, such as Amharic search engine, Amharic automatic text categorization, Amharic Word
Sense Disambiguation develop their tools without the use of WordNet. It is argued that if there
was an Amharic WordNet, the application would have increased the performance of the tools
they developed [17].

2.7.2 Word Sense Disambiguation for Amharic

Ambiguity is defined as the property of being ambiguous, where a word, term, notation, sign,

symbol, phrase, sentence, or any other form used for communication, can be interpreted in more
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than one way (Mihalcea and Pedersen, 2005) as cited in [17]. When language is capable of being
understood in more than one way by a reasonable person, ambiguity exists. Ambiguity is
inherent to human language. Successful solutions for automatic resolution of ambiguity in
natural language often require large amounts of annotated data/knowledge resources to achieve

good levels of accuracy.

A study done by Kassie [58], tries to develop a tool for Amharic word sense disambiguation In
the study, Amharic Penal Code document was used for experimentation by applying Semantic
Vectors of words of dimension 200. The term vectors are built from index of terms using lucene
IR library. Using those term vectors thesaurus can be constructed by calculating the k nearest
neighborhood from the word space by applying the distance measure between points of term
representation according to the usage of terms in documents. In other words, a query that is one
word is run using the prototype where the system retrieves words by applying the similarity
calculation of nearest neighborhoods from documents according to their usage. The
neighborhood is calculated from the co-occurrence frequency of words in documents. The

average precision and recall of the system is 58% and 82%, respectively.

2.8 Related Works

In the past 20 years the area of information retrieval has grown well beyond its primary goals of
indexing text and searching for useful documents in a collection [4]. In order to improve the
efficiency and effectiveness of retrieval system, various approaches with different models have
been used. Since word ambiguity presents an important issue in Information Retrieval
community, there has been a lot of efforts invested to discover how to deal with the problem. In
IR research, QE has received significant attention and previous work was done to explore
methodologies that can enhance the performance of information retrieval system using different

query expansion techniques.

2.8.1 Global Researches

Eldin and Elsayed [11], proposed a model that considers the major problem in IR, formulation of

queries on the part of the user. The work introduces Query Expansion mechanism involving new
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expansion process that is guided by conceptual representation approach using Concept Mapping

tool for expanding the original query, in the context of the utilized corpus.

The dataset is from MEDLINE collection. It has 1033 number of documents, 5481 number of
index terms and 30 numbers of queries. Extracting additional terms for expansion process by
using Cmap tool and applying both the linguistic-based and domain-based approach in the
expansion process and show their effects on the recall of retrieved results. Experimental result
shows that, a recall 97% and 94% archived using linguistic based and domain based respectively.
The recall result affected by user experience constructing the maps. Experimental results, using
the MEDLINE test collection data, show the effect of using conceptual representation approach

via linguistic and domain based on the recall of retrieval results to enhance its performance.

Word Sense Disambiguation in queries by Liu. et al [59] present a new approach to determine
the senses of words in queries by using WordNet. In this paper, they utilize word sense
disambiguation to improve retrieval performance in two aspects. First, it helps bring in new
terms and phrases to the query. Suppose w is a term, and (w w’) is a noun phrase in a query.
After the sense of w is determined, the selectively chosen synonyms, hyponyms, similar words,
and compound concepts of w are added to the query. New terms that are brought in by w form
phrases with w’ or terms brought in by w’. Second, they assign an additional weight to a
feedback term if it can be semantically related to some disambiguated query term. Experiments
are performed on the most recent TREC queries in the robust track. This set consists of 250
queries and 333 of them are ambiguous terms in the queries. Experimental results show that the
integration of word sense disambiguation algorithm the retrieval system yields an improvement
of a 13.7%. Their retrieval effectiveness is 7% better than the best reported result in the literature

for short queries.

Bhogal [3] examines the use of ontology based query expansion for defining query context. In
this work user’s relevance feedback and pseudo relevance feedback for query expansion are
considered. The IR system used is based on the probabilistic retrieval model and the query
expansion method is extended using information from news domain ontology. The result shows

that ontology based query expansion has resulted in higher number of relevant documents being

32



retrieved compared to the standard relevance feedback process. Ontology based query expansion
improves recall but does not produce any significant improvements for the precision results.
Pseudo-relevance feedback has achieved better results than user’s relevance feedback. The study
found that reducing or increasing the relevance feedback parameters (number of terms or number
of documents) does not correlate with the results. The study also identifies factors that influence

the success of ontology based query expansion; such factors include quality, familiarity.

Hoang and Tjoa [60], surveyed several ontology based query systems on various aspects of using
ontologies, including faceted search, query reformulation and refinement. Bhogal [10] provided a
comprehensive review of ontology based query expansion, which presents several query

expansion approaches, focusing on examples using corpus dependent or independent ontologies.

2.8.2 Local Researches

Different researches attempts to develop information retrieval system for Amharic language. A
number of IR systems developed so far for retrieving Amharic texts. Betelihem [18] developed
n-gram-based automatic indexing for Amharic text retrieval. This research mainly conducted to
solve the problem of not having standard stemming procedure and stop-word list for Amharic
language. A work followed by Tewodros [19] developed Amharic text retrieval using latent
semantic indexing (LSI) strategy with singular value decomposition. His work mainly focuses on
indexing process, to solve the problem found in exact term matching retrieval system. Then
Tessema and Solomon [20], designed and implement Amharic search engine, which retrieve web
documents written in Amharic language. Amanuel [21] design and develop a probabilistic based
information retrieval system for Amharic language in order to enhance the retrieval performance

of Amharic IR system considering the advantage of the probabilistic model.

Researches for query expansion with local languages are very few. So far three researches have

been done for enhancing the performance of Amharic retrieval system.

Alemayehu [24] developed a prototype for automatic query expansion based on thesaurus as a

source to find similar terms for reformulation of user’s query. He constructed thesaurus using
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WORDSPACE model. His finding increased the recall of the IR system by 44% but this was at

the cost of reducing precision by 34%.

Abey [25] followed the footsteps of Alemayehu [24] and explored query expansion using
sematic word relationship in an attempt to handle synonyms and polysemous Amharic words. He
used a pseudo relevance feedback by using statistical co-occurrence analysis and bi-gram
analysis. The experiment he conducted showed the statistical co-occurrence analysis is the best
technique registering an improvement of 10% F-measure from the initial result of the experiment
without query expansion. He suggested as further research direction ontological query expansion
technique for query expansion.

Towards implementing ontology based query expansion for information retrieval, Iman [23]
made the first attempt for information retrieval. She used a WordNet for finding the word sense
and accordingly for word sense disambiguation to identify the correct senses of terms and

expand the query using the term’s definition or synonym sets of terms.

Two experiments were carried using synset and gloss definition of terms. The first experiment
using gloss expansion shows 50% decline in the overall F-measure while the recall of the system
remained the same. The second experiment using synset expansion shows an increase in its
general performance. She suggested as further research to advance the WordNet and to

investigate other ways of similarity measurements for identifying the sense.

Thus, in this study an attempt is made to develop effective word sense disambiguation using
semantic similarity for query expansion to enhance the performance of the Amharic information
retrieval. Different approaches of semantic similarity measures are investigated in identifying the

sense of the Amharic terms during word sense disambiguation using Amharic lexical database.
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CHAPTER THREE

Designing Word Sense Disambiguation based Query Expansion

In information retrieval, adding appropriate synonyms to a query can improve retrieval
effectiveness. However, most query terms have multiple meanings and adding a synonym of the
query term which has a different meaning in the context of the query would cause deterioration
in retrieval effectiveness. Therefore, determining the sense of each query term is essential for
effective retrieval. Once a query term’s sense in a query context is determined, synonyms with
the same meaning as that of the query term are added to the query, so that documents having
these synonyms but not the actual term may be retrieved. In this study an attempt is made to
design word sense disambiguation using semantic similarity measure for query expansion to

enhance Amharic information retrieval.

3.1  Architecture of Amharic Query Expansion for Information Retrieval

As depicted in figure 3.1, the designed query expansion system has different components. Given
a query from users the IR system is expected to search and return relevant documents. To
enhance effectiveness of the IR system, there is a need to apply query expansion. In this study,
lexical resource like WordNet is constructed as a reference for identifying the senses and
meaning of the query using Word Sense Disambiguation by semantic similarity measure. The
identified word senses are used during query reformulation. Finally, the query expansion module
is integrated with the Amharic IR system to see the performance of the system in retrieving

relevant documents for the users query.
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Original Query
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Retrieval Word Sense Disambiguation

Query Reformulation

Index file
Search Result \Modified Query

Figure 3.1 WSD based query expansion Architecture

3.2  Word Sense Disambiguation

The Word Sense Disambiguation is performed on the original query terms of the user. It is
needed because the user queries are assumed to be ambiguous. The task of disambiguating words
in the query begins after initially entering the query to the information retrieval system. The
system takes this query and performs word sense disambiguation on each query word. This is
done by using lexical resource to disambiguate between query senses.
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3.2.1 Lexical Resource Preparation

During WSD or query expansion, the first important decision is the choice of the source of
candidate expansion terms [12]. Lexical resources like WordNet are used as the source for
disambiguation and expansion the given terms. Lexical resources used for query expansion may
be constructed either manually (e.g. WordNet), or automatically (usually based on co-occurrence
information). Since automatically constructed thesauri are usually based on corpus statistics, they
may contain linguistic flaws, like sentence structure, language rules. In contrast, resources like
WordNet that are handcrafted by experienced lexicographers are expected to contain less noise
[12].

3.21.1  Preparation of Amharic WordNet

The main focus of this study is on the use of lexical resource like WordNet to identify the sense
of the given word and use it for query expansion. Since there is no standard WordNet for
Ambharic language, here manually constructed lexical resource is used. The lexical resource is
constructed by consulting language experts and with the use of Amharic Dictionary by Desta
Tekleweld [61] and Amharic Context Dictionary [62]. This Amharic WordNet is limited to
contain only two information associated with each term which are words with list of synonyms

that have similar senses and the gloss definition those groups of words with similar sense.

WordNet synset:-The basic relationship between words in WordNet is the Synonym relation
called Synset. Words in the same synset are synonymous in a particular sense. Word sense is the
meaning a word can take depending on how it is used. For example the word “0&” could mean
‘giving light’ in one sense and ‘bold’ in another sense. Each synset of a word contains one or
more words including the word itself and has a gloss associated with it. Then, the synset of the
word “0¢” will be “0CY7%, 120¢+” for the first sense and for the second one is ‘apAT)’,

WordNet Gloss:- A gloss for a word sense is the definition of the word in that particular sense
and typically includes example sentence(s). For example, for the word “Né” the first sense

definition is, “A497 ao(\<t AYL 27.0AMA. (1CY7”, and for the second one is “P@78 AL ATC ALIPAT”.
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There is an issue to be considered when dealing with the WordNet as source of terms for
expansion [12]. One is if a query word occurs in multiple senses, which sense should be selected?
How to select it? Once some sense has been selected, which words should be added to the query?
Should only synonyms contained in these synsets be added or the one with the gloss definition be
added?

To understand in what sense the word is used and to identify the meaning of words in contextual

manner a Word Sense Disambiguation (WSD) using semantic similarity measure is applied.

3.2.2 Semantic Similarity Measure for WSD

Given a query containing multiple words, the aim is to find the precise meaning (sense) of each
word in the context of other query words. If the query consists of a single word and the word has
multiple meanings, it is usually not possible to determine the sense of the query word. Thus, this

work concentrates on multi-word queries.

In WordNet, there are several pieces of information associated with each content word and they
can be used for word sense disambiguation [59]. As discussed above, in this study the lexical
resource constructed like a WordNet that includes its synonymous set and gloss definition with
its examples. By comparing these pieces of information associated with the terms, it may be
possible to assign senses to these terms. To do this the Lesk algorithm is used to measure

semantic similarity.

3.2.3 Lesk Algorithm

Lesk algorithm involves looking for overlap between the words in given definitions with words
from the text surrounding the word to be disambiguated. The original Lesk algorithm
disambiguates words in short phrases [39]. In this algorithm to disambiguate the given word, the
gloss of each of its senses is compared to the glosses of every other words in the phrase. A word
is assigned that sense whose gloss shares the largest number of words in common with the
glosses of the other words. The algorithm begins a new for each word and does not utilize the

senses it previously assigned.
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The algorithm exploits the similarity or relatedness between the sense definitions of the
ambiguous word (MA) and the definitions of the words of its context {M1, Mo, ..., M ..., Mp}.
Figure 3.2 below provides the architecture of the Lesk algorithm, where Sa' is the gloss
definition corresponding to the i"" sense of the ambiguous word.

The original algorithm uses a dictionary as a resource. For every possible meaning of the word to
disambiguate S;, a definition D(S;) is attributed. The word M (belonging to the context of the

ambiguous word) is represented by the dictionary definitions E(M).

Original sentence containing the ambiguous words

A4
Dictionary ——— E(M,) E(M,) D(S4) E(M) E(M,)
St S, Sat st S,
S S, Sa2 S? S,
S,m S,m S™ sm S,m

l

Apply the Lesk Score between all the candidates

Glosses: Score Lesk (M;, Si) = |[E(M;) N D(S)|

Figure 3.2. Original Lesk Algorithm Architecture

For two given words, equation 3.1 below allows us to calculate the overlap between each
possible definition of the ambiguous word and the definition of words contained in the same

sentence as the ambiguous word.
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Score Lesk (M, Sj) = [E(M)ND(S))|...cvvvvvvrvrrnrinnn. 3.1

For each word to disambiguate, the algorithm assigns initially, as the best candidate, the most
common sense. Another meaning is chosen if and only if its score is higher than the current best

candidate.

Lesk [39] demonstrates this algorithm on the words pine cone. Using the Oxford Advanced

Learner’s Dictionary, it finds that the word pine has two senses:
Sense 1: kind of evergreen tree with needle—shaped leaves
Sense 2: waste away through sorrow or illness.

On the other hand, the word cone has three senses:
Sense 1: solid body which narrows to a point
Sense 2: something of this shapes whether solid or hollow
Sense 3: fruit of certain evergreen tree

Each of the two senses of the word pine is compared with each of the three senses of the word
cone and it is found that the words evergreen tree occurs in one sense in each of the two words.
These two senses are then declared to be the most appropriate senses when the words pine and

cone are used together.

While Lesk’s algorithm restricts word sense disambiguation using the gloss definition in this
study the idea of the Lesk algorithm is extended to disambiguate the sense using synset and the

gloss definition.

Method One: There are content words in common between the definition of one sense of w; =

{D(w;)} with one sense of w; = {D(w;)}.

Since the definition of a term may contain quite a few words, it is not uncommon that multiple
pairs of the definitions of w; and w; have words in common. The assumption here is if the two
terms are semantically related and have similar context, the gloss used to define those terms*

senses can contain at least one same word as opposed to other words used by different senses. It
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is assumed that words used describe the same idea or context can have common terms that can
be found in common definition of their glosses. Even if there is no common word in the
definition, the glosses also include examples so the common word can be described on the

example too.
Method Two: One of its synonyms appears in the definition of the jth sense of w; D(w;).

The assumption here is if the synonym of the ith sense of w appears in D(w;). which means D(w;)

uses the ith sense of w on its definition.

Example: av9922@+9°0Ct LHHo18PF 0919940  HPVCE (L T191%0F aruet;Cd% YHed 8PC
TI0T: L4 LNLA (AL PVt BPCH hT18.2LANT

heA@eTPuCt O 28 O THPPUCT O P97t APL187% heh 09898 PHhdA A7e O-AT
AN aPAL IP34-&NaPRVET NLATT AL aPlEPT (ATPE DRI N9°04-G (LhG-E.dh

One of the synonyms of word a»94¢ is -+9°uCt (-t which also found on the definition of the
word heé.

When applying word sense disambiguation three kinds of answers are expected. The method
might identify either the same sense for each ambiguous word, different senses or it might not
identify at all. The new query that will be used for expansion is formed from the combination of
these two methods used for disambiguation. The frequency of each sense calculated based on the
one term’s identified sense with the other term that helps to identify the sense. The frequency of
identified sense calculated in each case. The new expanded queries formed by comparing and

take the one with the highest frequency.

Let Q=(wy, Wy, ...... Wi....wj....wk,), the original query contains a number of words. Those are the
words needed to be disambiguated if they are ambiguous words. Therefore, the words should be
found from the WordNet having their own synset and gloss definition. If the word is ambiguous

it has two or more senses.
The first word found on the given query with its multiple sense sets Wi={(S1,G1), (S2, G2)....}

the second word found on the given query with its multiple sense sets W;={( Sz, G1), (S2, G2)...}
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The synset of each word can have one or more term sets.
S={ty, ty...} the synset of the first sense with the terms (t1, t2= set of synonyms terms)

The gloss of each word is also a combination of words. It is always more than one word as long

as it is the definition of the word.

G={ty, tp, t3........ tn} the gloss of the first sense with the (ty, to..= terms that defines the synonyms
(s) and (w))

The S and G are synset and gloss respectively. Each synset(S) and gloss(G) has terms of their set.
During disambiguation the algorithm count the common terms found in each. It is the number of
common words found given as the weight of that sense. The two methods used for
disambiguation might identify two different senses for the same word, in such cases there is a

need to calculate the frequency of the senses.

Therefore, as shown in equation 3.2 below to calculate the frequency, the weight of the selected
sense divided by the number of terms found on the identified sense’s synset or gloss (Wis)
depends on the method. If it is synset to gloss method, it counts the number of terms on the
synset and if it is gloss to gloss method, it counts the number of terms on the gloss) then
multiplied (Wis) divided by the number of terms found on the word’s sense of synset or gloss
that helped to identify the sense.

. 3.2

Where:
Weight= the weight of the chosen sense (number of terms that make them similar with the word)

Wis= the number of terms found on the identified sense’s synset or gloss (synset if it is Method 2.
Gloss if it is Method 1)

Wis= the number of terms found on the word’s sense of synset or gloss that helped to identify the

Sense.
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Steps for Word Sense Disambiguation

Step 1: Get the query word

Step 2: Disambiguate using gloss to gloss definition method
Step 3: Calculate frequency of sense using gloss to gloss
Step 4: Disambiguate using synset to gloss method

Step 5: Calculate frequency of sense using synset to gloss
Step 6: Select the sense with the highest frequency

Step 7: Combine to formulate the new query

3.3  Query Expansion

Using the Word Sense disambiguation based on semantic similarity measure the sense or
meaning of the term of the given query is determined. The next step is to use the identified sense
for expansion. For query expansion the researcher uses three methods; synset expansion, gloss
expansion and combination of the two methods expansion. The first two methods are adopted
from the previous work [23].

Method one: Expansion using the gloss definition

Here it is the terms found from gloss definition which the researcher uses for expanding the
query. Glosses are short definitions providing proper meanings of words and thus whole synsets.
This method also used on previous work [23], however it was implemented with no text

operation like stemming and stop-word removal.
Method two: Expansion using the sysnet

In this method the synsets of the term used to expand the query. The modified query is
reformulated by using the terms found on the synset of the selected sense term. This method also

used on the previous work.
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Method three: Expansion using combination of the two methods

This method combine the above two methods. This means the modified query is formed from the

synset and gloss of the identified sense.

Original
Query

Disambiguated in two ways

Gloss to Gloss

Synset to Gloss

AV

AV

Cal. Frequency

Cal. Frequency

Find Max

Terms for modified Query

Synset expansion

Gloss expansion

Modified

|

Combination expansion

Query

Figure 3.3 Query Expansion using Word sense Disambiguation
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3.4 System Evaluation

The goal of IR system is retrieving relevant documents from the collection that satisfies user’s
information need to evaluate the performance of Amharic IR, the commonly used effectiveness
measures, such as precision, recall and F-measure. In this study, the three widely used retrieval

effectiveness measure such as precision, recall, and F- measure are used.

Recall
Recall is a measure of the ability of a system to present most relevant items that are available in

the corpus.

number of relevant items retrieved
Recall = - - et T T TG .
Number of relevant items in collection

It is important to measure recall for circumstances where the searcher wants as much information
on the topic as possible and therefore is interested in retrieving as many relevant results as
possible. Recall on its own is not very useful, we need to compare it with the number of non-

relevant documents by calculating precision [4].

Precision
Precision is a measure of the ability of a system to present only relevant items taking into

account all retrieved documents.

o number of relevant items retrieved
Precision = - - G 1
Total number of items retrieved

IR systems aim to have high precision because this means that the majority of documents
retrieved are relevant to the user needs. It should be noted recall and precision clearly trade off
against one another. Precision usually decreases as the number of documents retrieved is
increased. The ideal would be to achieve high recall and high precision. To identify the point

where recall and precision are maximized, F-measure is recommended.
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F-Measure

The F-measure is used to measure the performance of the system since it balances the precision

and recall values. F-measure is a single measure that trades off precision versus recall. It is the

weighted harmonic mean of precision and recall.

2 * Precision * Recall
...3.5

F — Measure =
Precision + Recall
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CHAPTER FOUR

Experimentation and Discussion

In this research an attempt has been made to design Word Sense Disambiguation using semantic
similarity based query expansion to enhance the effectiveness on Amharic information retrieval.
The system is developed with four basic components. Lexical resource like WordNet is the first
one which is used as reference used as knowledge based to understand the meaning of concepts.
Word Sense Disambiguation is the second one which is used to identify the word sense of the
given query. The third one is Query reformulation which helped to expand the query with the
identified sense using word sense disambiguation from the lexical resource. Finally, the query
expansion module is integrated with Information Retrieval system to show its contribution to the

enhancement of Amharic IR system performance.

4.1 Data Preparation

To test the prototype system developed, 300 Amharic News articles were used as a document
corpus. The articles are taken from the previous work of Iman [23] which was orginally used by
Amanuel [21] for designing probablistic information retrival. All news articles are taken from the
web site of Walta Information Center. As shown in table 4.1, the news articles contain seven

clusters of news, which are accident, health, education, sport, tourism, justice and politics.

No. | Types of news No of documents
1 Accidents 40
2 Health 70
3 Education 40
4 Sport 30
5 Tourisim 40
6 Justice 40
7 Poletics 40
Total 300

Table 4.1: Types and sizes of news article used for experiment
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In addition, as shown below table 4.2 the previous researchers selected 10 test queries to evaluate

the performance of the system. These ten queries also are used in this research for conducting the

experiment.
No. List of Queries
1 PALD LH ACAIPT
2 PhTAG, JPCaPL-
3 Ravaqse e 1703
4 PCOTF A7hNNNG PSP
5 M5 NLE 71N&4-f NPT
6 PAICO AAMT
7 +thihg ao-@ TAAMT +EI°
8 P9+ PANA AT WD
9 P@0 (03 a°hAhAS &PTC
10 LCOT 090 AT WTPOFP(

Table 4.2 List of queries

4.2  Word Sense Disambiguation

4.2.1 Lexical Resource Preparation

Given a query containing multiple words, the aim of this research is to identify the meaning of
each word in the context of other query words, so that to use those meanings or senses for
expansion purpose. The senses of the query terms are prepared on the WordNet. The sample
WordNet is constructed using the Amharic to Amharic dictionary [61] and Amharic context
dictionary [62]. Figure 4.1 depicts sample Amharic Lexical resource like WordNet constructed in
this study.
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TLAL@UNIPST 777 FT-FFovaw (i@ (WhIPT (1F LoPLaPCatd 6P FAUT? PrAAs. €CLT (L4897 17°N.0 TP DRI NFCEAT PULELT I

ALI@ AL FIC 1,5 747 WP QA F(41 AL MU (VI IR 30T P77 aoaT) (M4, T PILNGT A28 JCF 7047 03P PHT 787511, LAV LCLTThha
1L 1oPANT) QA) 57 Prd.Zov

ACEI@ACET AT AIADNT: AL F715 T 7487 BLIP ALI 15T P7L.LLT ALK (MAL (VhIPS; AT “TTH: (- PO F N~ 7771 €777 (1A AT (1£4%0
TPAh PTLNT ACGS

TOTILP@ TP TOLYG LAV FICUCT ATOTIL POLCNEA T TPAEEPT TOTIGP TP VG aPTILE FICYLT (LT A TIEPT Pt PRIPUCT (19 94 Yils T
LPC TINT e d- PALA (. I LFCH A 25.LLTN T

NEA@ 77750 h'd hAn:179°VCT (LT PPLTFT APIE 34 Prooisf hedeT; NG LT 427 PPING 44 170 (684 AR (LEC 7PNP TP0-5: 205 T LA TT
A8 1t 7LEPTF (A 348 BLI° 19705 (Lh94.4

Figure 4.1 Sample WordNet with basic Words and their sense of meaning

The WordNet contains the term, synonyms term and the definition of the synonyms. The term
before ‘@’ is a reference term about which the different senses are given, for example, term
“gocavg”. The synsets are defined between ‘@’ and °:’ in this case the first synset for the word
“gocavg” is “vhq @171’ then followed with gloss definition which is “¢davav ga. Avhss 17
aa¢zooc, |f the given term has multiple senses, it is separated with “;> on the WordNet. The
second sense for the term “gPcavs is “@t+d e FAIUTDT PFANL LCLT LR 07700 ANLE OLI°
NFCL0T P1.8L4°19°Cave-, “e-+0 T2 €07 IS the second sense and the rest is the gloss definition. The
format of the WordNet is presented in figure 4.2.

Sense one 1. Root word
2. Synset of first sense
( 3 \ 3. Gloss of first sense
2 4. Synset of second sense
1 A | 5. Gloss of second sense

(_A_\( \l |

°Cave- @ Yhovs “7777 8 Favav (AL OF. vhI°q (\J AIPCave- (B8 ; ¢70 TR §A,7 U"Tﬂ’l'f"\AL,Q'C'L'?‘('LA?\PﬂT ALNTNOLLOFCLNTEILLLATCIVE-
\ 4 > J

|

Sense two

Figure 4.2 the format for term, synset, gloss and sense on WordNet
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The design and construction of lexical resource like WordNet is labor intensive, time consuming
and difficult. The sources for constructing the Amharic WordNet are one of the challenges of this
study. The constructed WordNet contains only the synonymous and gloss definition information
of the term.

4.2.2 Appling Semantic Similarity for Word Sense Disambiguation

To enhance the performance of the IR system this study integrates query expansion. The query
expansion involves word sense disambiguation based on Amharic WordNet constructed in this
study. There are several pieces of information associated with each content word and they can be
used for word sense disambiguation. In this study the WordNet includes for each word, its
synonymous and gloss definition with example. By comparing these pieces of information

associated with the query terms, it may be possible to assign senses to these terms.

As discussed in section 3.3, there are two proposed methods for the selection of senses that are
similar context for word sense disambiguation using Lesk algorithm semantic similarity measure.
The main idea behind the algorithm is to disambiguate word sense by finding the overlap among

their sense definition (gloss) in the WordNet.
For example let us consider the query 2462 7.4 AC4F2F
For the word A2, the senses are:

1. ALY ToC aPe T&T:(Uard® 0AFAN ALD (UHY OF9C 9°n2Pt 09900 (\HLTC 2900t W28
ICe avgt avyppe T ot
2. UL LAY &CLT Thhd I Faen M QAP U533 PH4.80P

For the word .H, the senses are:

1. 1H Hov? koot @C $7 (% OPT: HavT Aavt OC 7 W%t (LE.L-LP
2. 1 4290 ALmAI® 7L AA A7 NLH aoM PA 1LH, AL LI,

For the word AC42- the senses are:

1. ACRF et A A AN ALTITE TOC 18T @R hLD (AGC 291.L4°1 hCSF (AL
Nvhyes
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2. ACAF WM 717 0é- 0HOT AD- 997TH

There are three words from original query; each word has two senses with a total six
comparisons required to identify similar sense. What the Lesk Algorithm does is compare each
sense with each other. The two proposed ways are gloss to gloss which Lesk algorithm originally
applied for, and synset to gloss. From the above example the one written with bold format is the

synset and the rest is gloss definition of a term.

With the first proposed way (gloss to gloss), the first sense definition of the word ‘h€2’ that is
“Qyaeg® OAJFAN ALY (WH? (FC 9°n2t eol.avM (H4PE PoLnA+T 141 is compared with the two
gloss definition of the term ““LK” and the other two definition of the term “AC43~”, that is
compared with four of gloss definition in total. Then there it gets an overlap with gloss definition
of the first sense of the word ‘AG43 that is “A&71HS F9IC 19T ORI hLD A.FTC 271847 hCAT
0+Ag avhges. The common words found in each sense definition are takes as the weight of the
sense. In this example three words are found and the weight of the sense going to be 3. Then the
second sense of the word ‘A2’ gloss definition which is “thha +10. +aenM OAPT v-3F P+4.29P°
continued the same process. In this case there is no common word to be found for this sense; the
weight for this sense is going to be 0. The one with the highest weight is taken as the identified
sense that will be used for the expansion. The same process is done for each term of the query
and the one with the highest weight is assigned as the sense of the word based on the given query

context.

The second approach is finding an overlap between synset of one term with the other term’s
gloss definition. For example to find the words of the synset of the word &2,2 with the first sense
that is “A82 T9C 4$e %1 on the gloss definition of the terms 1.k and AG4%2-. The weights are
assigned by counting the number of words found on the definition. The one with the highest
weight is the one the identified sense to be used. From the above example the terms “A82 FIC
(.22 141> can be found on the gloss definition of the word “AC&2 that is “0Qvarg® AAFA0 AL
UH? OFFC 9°N728F £9%.00M (1 HEE 27100 A8 ICTF avet avbTT 18T,

The other proposed method is (synset to synset) and the process is all the same with the first one
except the way finding overlaps are between synsets of the term with the other synset of the

other term. For example “h82 F9IC a2 ™41 is the synset of the first sense of the word A8..
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This synset is compared with each synset of the other terms of the query 1.1 and AG42~. One of
the challenges of this study is using this approach. It is very rare to find common synonymous
terms of two words in the WordNet. Therefore, this synset to sysnet way of identifying sense is
not giving good result. In this study it only works for one query, that is “e?7z¢ hea 707",

The Lesk Algorithm is applied as explained above. The relevance judgment is prepared to show
the right sense for each word. The ten queries formed in this study contains a total of 32 terms,

out of which 18 of them are ambiguous terms and their correct sense is prepared in table 4.2

below.
Words No of Senses The correct sense from WordNet
1 hL)D 2 AL TAC AL 14T
2 1H 2 LH Hav} havit @OC +7 A% O+
3 hCh > 2 AhCA3 aohmt A1 AH A1dl0eT
4 avay P 3 ava94 @ +IPYCt (bt
5 h&d 3 avT4 0 e hAd
6 goCavg. 2 vh9°g 9977+
7 qT70> 2 ao(\gt av Y0t
8 +Ch 2 PaIC 70
9 m4 2 M5 A(LE
10 a.g 4 MG ML POTFA Pm.S ha
11 (NER 2 av J-avg® av F@h
12 EPTC 3 avnAhd
13 Aha 2 PAOT hEA
14 0P 2 htd &7 TC
15 aAmg 2 +IPUCF
16 av-g 2 Toed ac
17 +thizh 2 +thih
18 ArPO PO, 2 ATPOS0,

Table 4.2 Ambiguous Words with their correct sense
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Experiment result of the word sense disambiguation is presented in table 4.3. The first method
which is gloss to gloss, finds the common words between the gloss definitions of the query terms
and is applied to disambiguate 72.22% of the ambiguous terms. The 5 of them could not be
identified because of the absence of common words with the other words in the query. Out of the
13 ambiguous terms 84.61% of them are correctly identified. And two terms; “@2994¢” and

“thih” disambiguated incorrectly.

The second method that is synset to gloss for identifying the sense is to find if the terms of synset
of the word found on the gloss definition of the other word. The method applied to only 38.89%
of the ambiguous terms. All of the 7 terms are disambiguated correctly. Even if the 11 of them
has a multiple sense, this method is unable to identify them.

Case 1 Case 2
Disambiguation terms | 32 32
Ambiguous terms 18 18
Applicability 13 terms (72%) 7 terms (38%)
Correct terms 11 7
Accuracy 84% 100%

Table 4.3 Overall performance of the Word Sense Disambiguation

One of the terms disambiguated incorrectly using the first method is disambiguated correctly on
the second method. The term “av994¢” has three sense” av9949 avg¥q LAVHC”, “avaqsg +I°UC+
0+, “gPuét 9124127, While the first method “op&74 £A-+C” which is not the right one based on
the context of the given query, the second one propose “@p15¢ +9°UCt (-1’ which is correct
sense. This shows that a term that is not disambiguated with the first method may be
disambiguated with the second one. At the same time there is a challenge, every gloss definition
of each term’s sense may not be defined with common word and every synonymous term may
not be found on the gloss definition of the other term. Because of this, even the term with
multiple senses may not be disambiguated using this semantic similarity measure at all with the
two methods. This is because of the information associated to each term in WordNet is limited

that includes only synonymous and gloss definitions.
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4.3  Experiment on Query Expansion

The main aim of this study is to develop technique that adds more relevant search terms to the
user’s query for improving the retrieval results. To this end, this research attempts to identify the
sense of the query term using semantic similarity for word sense disambiguation and expand the
query term based on the identified sense. The Amharic Information retrieval system with

WordNet based query expansion has been built using python version IDLE 3.1.

The very first step of the system is to get query from the user. Figure 4.3, presents a screen shot
which shows the first list of retrieved document using first given query.
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Figure 4.3: Retrieved documents for a given query ‘PAL? L1 ACHS

The information retrieval system used in this study is developed based on the probabilistic
retrieval model. The procedure of the system is that first documents are pre-processed for
removing stop words, stemming and normalization in order to extract content bearing index
terms. Then using probabilistic model a comparison is made between documents and query,

calculating the weight of each query terms based on the notion implemented by probabilistic
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model and finally computing the score of each document and ranks in decreasing order. The
above figure shows the result of this process without applying query expansion. For the query
“‘PAED 1M ALK, it retrieves 25 documents, out of which 14 of them are relevant (document
numbers 14, 20, 21, 23, 7, 10, 11, 33, 3, 4, 22, 18, 30, 39), however, in the corpus there are 21 relevant

documents for the query.

The modified query for expansion is formed from the terms found by combining the two
methods; gloss to gloss and synset to gloss that is used to disambiguate the word. There are terms
of original query. These terms have one or more senses. Each of the sense of the term is
compared with each of the other senses of the original query term. When it compares either gloss
to gloss or synset to gloss the target is to find the common words in between so as to identify the
correct sense of that term based on the context given from the original query. The number of
common words found to query terms is declared to be the score of the sense of the target word

and assign as the weight of the term.

The new query is reformulated by adding terms with similar sense with each term in original
query to form this new query the frequency of the identified sense with both methods compared
and the one with the highest frequency is chosen to form the new query. The following figure 4.4

is a python code used to calculate the frequency of the sense.

55



print {"your new guery will be")
aa=int (13 [=xx] [0] [0])

ab=int (13[xx] [0][1])
ac=int (13 [xx] [0]1[2])

lens=len (=sense[aa] [ab] [ac] [1])
aaa=int (13 [xx] [1]1[0]}

aab=int (13[=xx] [1][1])
aac=int (13 [xx] [1]1[2]1)

leng=len (sense[aaa] [aab] [aac] [1])

¥ print (lens)
F print (leng)
nfl=(w[xx]/lens) * (lens/leng) fgcalculating frequency

caszel.append (13 [=xx])
cazel.append (nfl)
expandedf~expandedQ+=ense [aa] [ab] [ac] [1]

F print (expanded()
temp=13[0] [0]
1=1en(13)
J range (len(13)) :
i range (len(13)-1):
13[i)1 [0]=tecmp:

13[1]

Figure 4.4 python code used to calculate the frequency of the sense.

For example, in the query “o7975¢ hea 7207 the words 2775, hsa and 7247 has three,

three and two senses respectively.
The senses of the word ev994¢ are

TOLYGE AU C TI°UCT ATPTI PLR0E.N T TPAELPT,
aDIGLP FIYCT T 1T PT P71 PTIPUCT (1 WS,
C9% V5T LPC 90T Fnd- POLA (1@ TPUL 7 LPCT A2ECLTNT

And the sense of the word h&a

DTG50 hGA hA. (179°UCT (LT P75 AP3E 5. Poraise hentor
CCT 479 PrIh44.0 7IC (1684 7P0h (L.CCTT,
AP FOBLG TPRVGT (1A TPT AL P dPLBPF (14388 DLIP (19%04-6 (L.hd-4.4
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Using the first method gloss to gloss comparison the sense of #2772¢ identified as #2g¥¢ .€11¢
with weight of 1. The frequency of this term is 16%.

Using the second method synset to gloss the sense identified as it means of «2972¢ 79°vc7 (44
with weight of 3. The frequency of this is 50%. So for query reformulation one with 50%

frequency is chosen.

Frequency is calculated only if the two methods identify two different senses for the same term
so that the one with the highest frequency is taken for the expansion. There are some cases like
the sense can be identified on the first method but not on the second one and vise-versa. On such
cases when the two methods combined to form the new query the one that is identified with one

of the method is taken as it is.

Queries
Method 1 Method 2

PALD L ACRIPT 67% 33%
PhTALN. P°CIPL- 100% 50%
PavaILe EA 10T 67% 67%
PCOT A7RNNOS TOSP 100% 0
M5 ML 10842 A&-PT 25% 0
PAICHO AAMT 100% 50%
FhZhG a>-f TAAmG +RP 100% 25%
PTG AN 18T ALD 100% 75%
o0 N7 2hAhAS &7 TC 75% 25%
L:CEAT LTLERCTT PATTT ATPAP (O 50% 0

Average | 78% 33%

Table 4.4. The performance of the modified queries using the two methods

The above table 4.4 shows the percentage of how the original query changed to the modified
query. For example for the query “PhThn. 9°Cavs-” the new query constructed by the first
method is “ATALRA I°COPe b2 UNIPT TITTH”. k0 the expansion term for the word ‘A TAL0.
and ‘vh9°q 79771 is for word ‘9°covrs.’ that gives 100% of expansion terms for the new query.
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However, the second method for the same query it gives “ATALM. 9°CaPs- VRICG T1TTH without
identifying expansion term for the word ‘A Thg0. that gets 50% of expansion terms. The same
for all query like ‘029468 had 1703 has 67% because the expansion terms are added for only
the terms of ‘@v974¢° and ‘h&d’ no expansion terms for the word <1702+. This is to show to what

extent the modified queries are formulated.

Therefore, the combination of the two methods of disambiguation gives better modified query
for query reformulation. The modified query then submitted to the probabilistic IR and gives

new retrieval result.

For query expansion system three methods of expanding used, this means the modified queries
reformulated in three ways. Expansion using the synset that means after the correct sense is
identified and when it forms the modified query the one that is added to original query is only
synset of the terms. For example query ‘@»994¢ h&d 970>’ expanded to ‘ov915¢ h&d <1703
TIUCT (LT 99968 DAN. “FIPUCT (L is a synonymous of the word ‘oP974€” and ‘@v994¢ hAQ’ is
for the word ‘h&&’. The word ‘1707 is one of the words that are not disambiguated using the
two word sense disambiguation methods so that the system did not give any expansion term for

this word. Figure 4.5 shows the modified query using synset

e EFF fLmfhc PrihnmF £omfad
[lmp‘l}‘t’lfl; lh;ﬁl; lp'lr'}rlj.l; lE!'DUI:l; lr‘b,?-l; lh.ilhl]

Figure 4.5 The modified query using synset

The second method is expansion using the gloss definitions. Unlike the first method of expansion
here the terms concatenate with the original query is the terms found on the gloss definitions. For
example the new query for ‘@»@74¢ h&d 702 using this method ‘@p995¢ hed 103 +o16PF
PUL%0T PTFPPUCT 03 FRIPUCT (W POLTRE APT874. Pavalse hedet . This “to16PT 2917950
e+IPUCT 03 is a gloss definition of the word ‘@?994¢” and the synonymous word of “F°uCt (b,
And the gloss definition for the word “h&4’ and its synset ‘@»995¢ ha’ is ‘0 F°UCTH (bt P9LTHF
AP 4 Parals e nane . Figure 4.6 shows the modified query using gloss
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mmERF AmENC PPN £ooiag
['oooRgEr, TRSAY, OIS, 4040, ORSELNT, 'RUC', AAT, AT, COLTR', 'IRRE’, ThEE']

Figure 4.6 The modified query using gloss

The third method is the combination of the two methods. This means the modified query
composed of the synset and gloss definition of the identified sense of the query terms. For
example query ‘9942 h&d 1703’ expanded to ‘P14 had 1703 FIPUCT (bt av91468 hAQ® using
synset and ‘@r915¢ hed 03 +o2PTF 099940 eFPUCT 0F OHPUCT Wt PTLTEE ALTRTS
Pava9s e heneT using gloss. Therefore, using this method the modiefd query is ‘@p994¢ hed
TS TPUCTE LT aPrIse hAh avasf hed A0 TP T 205150t SHPuCT 03 ATPUCT O
PIUTTd AOTETS Pavo14e hedet. The repeated words are deleted, rearrange and reformulate the

query. The following figure 4.7 shows the result of this method.

mmEFF AmINC PPLhen@: £eviad
['eerigpt, 'hEA', 'OAHIF', 'FUCT, A4, UIET, URSIenT, agt, 'hARY, TORTE', TIAMAR', 'hE']

Figure 4.7 the modified query using the combination method

4.3 Performance Evaluation of Amharic IR system

Precision, Recall and F-measure are the most frequent and basic statistical measures which are
widely used to assess the effectiveness of IR system. Ten original and expanded Ambharic test
queries are used for experimentation. The relevance judgment is prepared to construct document
query matrix that shows all relevant documents for each test queries. The performance of the
system is evaluated before expansion and after expansion by using synset expansion, gloss

expansion and combined expansion.

Table 4.5 shows total relevant documents available in the Amharic corpus for the ten test queries

used to evaluate the performance of the system.
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Q. List of queries List of relevant documents for the query
No.
1 PALD L hCSFPT 3,4,7,9,10, 11, 13, 14, 15, 17, 18, 20, 21, 22, 23, 25, 30, 31, 33, 34, 39
2 PhTALM. PPCaVe- 243, 249, 250, 262, 267, 268, 276, 293, 291, 298
3 PavTSe NEA 10 191, 194, 197, 198, 199, 201, 203, 205, 216, 208, 221, 222, 225, 228, 229
4 PCOT A7TRONNS PO 41, 42, 45, 49, 50, 51, 52, 53, 55, 57, 62, 64, 71, 75, 76, 78,79
5 M5 ML TIN&4-L NPT 233, 236, 239, 247, 248, 255, 256, 263, 264, 271, 279, 284, 297
6 ACIC!O WAMT 162, 164, 167, 168, 173, 174, 177
7 +hihq ao-@ T0AMT +EI° 191, 201, 210, 208, 213,
8 PO+ PANA 14T ARD 1, 8,19, 26, 27, 28, 35, 36, 38
9 @0 N7 o°hADAS RTTC 4,11, 238, 239, 240, 241, 250, 251, 258, 260, 267, 266, 275, 286, 287,
288, 296
10 LCEF PULeRCTHT  PATTT | 123, 129, 130, 137, 143, 149, 148
ArPOP0,

Table 4.5. Test query with relevant document list

The IR model used in this work is probabilistic IR. Based on this system the initial result without

expansion for those ten queries are presented in table 4.6 below

Query corpus | Retrieved | Relevant | R P F
PhLD Ll ACAFPT 21 26 14 0.67 0.54 0.60
PR ThLA, JPCave 10 17 10 1 0.59 0.74
oo @ ed 170> 15 30 8 0.53 0.27 0.36
PCOT A70ONOS TOP 17 25 14 0.82 0.56 0.67
MG ML TI0&4-P NPT 13 24 8 0.61 0.33 0.43
PAIC0 NAMS 7 4 4 0.57 1 0.73
+hzhe ao¢ MAAMG +RP° 5 22 4 0.8 0.18 0.30
PG PANA 19T ARD 9 29 5 0.56 0.17 0.26
P00 (i aPhAhAG &P TC 18 37 17 0.94 0.46 0.61
LCEPT 00000 AT ATPOS0 7 49 5 0.71 0.10 0.19
total 0.72 0.42| 053

Table 4.6 Initial retrieved result with before query expansion

As it is observed from table 4.5, the average result of precision and recall of the system using the

initial guess made by the model about the relevance of documents are 42% and 72% respectively.
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This shows that the percentage of recall dominates the percentage of precision by 30%. Finally,

the F-measure, score is 53%, which indicates the performance of the system is not satisfactory.

The result depicts the system retrieved most of the relevant documents in the collection out of the
total relevant documents in the corpus. However, the result of the precision indicates that, the
non-relevant documents retrieved are higher than the relevant documents retrieved. This is
because documents containing one of query terms but not-relevant are retrieved. Documents are
irrelevant because, the query term found in those documents not express the meaning of the
query with respect to other terms found in the query. For example, for query “?h8.2 1LH ACSFPT”
which express the aid given at accidental time, the system retrieved irrelevant documents such as
“doc216”, “doc245”,“doc254” and “doc253” because they contains query term “A2,2”. However,
in these documents the term “4£,9” is used to expresses different accidental cases which are not
related with aid. The same problem is also revealed for other queries just because it contains the
query term. On the other hand some documents are relevant for the query but the document may
not contain the query term on the document. Because of this the relevant documents are also not
retrieved. For example “?av994¢ hed 702", “docl94” is relevant document which is not

retrieved because it expressed by synonym words “¢+9PuCt (bt T104.4.97.

Therefore, in order to enhance the performance of the IR system, the query expansion by
applying Word Sense Disambiguation using semantic similarity measure for identifying the
sense from the lexical resource which is WordNet. To identify the sense of a word, two method
are used, synset to gloss and gloss to gloss. And to expand three methods used, synset, gloss and

combined.
Experiment 1: Experimental result using synset for query expansion

After expansion to get the maximum optimal performance, a recursive testing has been made to
fix threshold. In order to get the optimal threshold four experiments are done for each expansion
methods by increasing the weight of the terms. The need of optimal threshold is to limit the
retrieved result, because the gloss definition has few words and if all those words used when it
expand the query every term appear on the query term will be retrieved even if it is not relevant.
This will increase the number of irrelevant numbers on the retrieved result and this reduces

precision of the system.
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Table 4.7 shows the experiments on finding the optimal threshold. The experiment starts with
weight greater than 0(>0) which gives 17%F-measure, 30% f-measure with weight greater than
one (>1), then weight greater than two (>2) gives a better result with 59% F-measure. But further
test with weight greater than three (>3) gives 35% F-measure which starts decreasing. So

weights greater than two (>2) is selected as a threshold.

Thresholds Q1 |Q2 |Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 | Avg
>0 Corpus |21 |10 |15 17 13 7 5 9 18 7

retrieved | 159 |61 |213 |74 195 |61 183 119 88 154

relevant |21 |10 |11 12 12 7 4 7 17 7

R 1 1 08 |[065 (092 |1 0.8 078 [094 |1 0.88

P 0.13]0.16 | 0.06 |0.14 |0.06 |0.11 |0.02 |0.06 |0.19 |0.04 |0.09

F 0.23]10.290.10 {024 |0.11 |0.20 |0.04 |0.10 |0.32 |0.09 |0.17
>1 Corpus |21 |10 |15 17 13 7 5 9 18 7

retrieved | 57 |61 |40 56 91 27 32 58 48 73

relevant |17 |10 |12 11 10 7 4 7 17 4

R 0.80 |1 0.8 |064 |076 |1 0.8 0.78 094 |0.58 |0.81

P 0.300.16 0.3 |0.20 |0.10 |0.26 |0.12 |0.12 |0.35 |0.05 |0.20

F 0.44 10.280.44 |0.30 {019 |041 |021 |020 |051 |01 |0.30
>2 Corpus |21 |10 |15 17 13 7 5 9 18 7

retrieved |22 |14 |9 15 33 5 11 27 17 21

relevant | 13 8 9 5 12 4 4 9 14 3

R 06208 |06 |030 |092 |057 0.8 1 0.78 | 0.42 | 0.68

P 0.60 058 |1 033 {036 |08 |036 |033 |0.82 |0.14 |0.53

F 0.60 | 0.67 |0.75 | 0.31 | 052 |0.67 |05 0.5 0.8 |0.21 |0.59
>3 Corpus |21 |10 |15 17 13 7 5 9 18 7

retrieved | 4 1 1 6 22 3 7 13 2 0

relevant | 4 1 1 5 8 3 4 6 2 0

R 0.19|0.1 | 0.06 [0.30 |0.61 |[0.42 |0.8 0.67 |0.11 0.32

P 1 1 1 0.83 [037 |1 058 |046 |1 0.72

F 032 {0.180.16 |043 (046 |06 |[0.67 |054 |[0.2 0.35

Table 4.7 experiment on finding the optimal threshold using ten queries (Q1-Q10)

Using the first method that is expansion using synset, after identifying the sense for each query
term, the synset of each term concatenate together and form a modified query. This can help to
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find the relevant document with the synonyms word of that term even if the given term is not
found on the document. Based on this approach the researcher found the result depicted in table
4.6 with 2 optimal threshold.

As can be seen from Table 4.6, after expansion using synset method, the average percentage of
precision is increased from 42% to 53%, recall is decreased from 72% to 68%. Thus, the

performance of the system is improved from 53% to 59% F-measure.

The overall performance of the system increased when it is compared with before expansion (see
table 4.6), however, from the above result it can be observed that the Recall is always high and
the Precision is very low compared to Recall. That means the retrieval of non-relevant
documents is very high. This shows that most of the words found on the synset are polysemy that
means a multiple meanings of words. This leads to retrieval of irrelevant document, because the
documents contain a word which similar in shape and different in meaning. The IR model also
has its own effect on the performance of the system. The IR model used for this study is
probabilistic model, which uses a binary weighting technique. Even if it applies term reweighting,
the use of binary weight biased the system to assign equal importance ignoring frequency of

occurrence of words in a document

One of the problem found on previous work of Amanuel [21] is the problem of documents
having synonym terms of query word. For instance, for the query “¢eve94¢ h&d 1703 relevant
document ‘doc194’ is not retrieved at first because it is expressed by synonym words of query
terms called “?+9°VCt (bt 9104.4-9”. Because of identifying the sense correctly and use the other
terms found on the synset overcome such kind of problems. For the query term “ev34¢” and
“q703” the synonym word is “¢t9°uCt (1 and “9104.4-9” respectively. This shows that the

synonymous is controlled.

On the other hand there are also problems. Even if the sense of a term is identified some terms
have no synonymous terms at all but can have different sense. On such cases those senses have
the same word for each or one of the sense can have the same word with the one that need
synonymous word, which means the term can be used as it is for those different senses. For
example in this study the word ‘“thzh’ has two senses. The first sense has a synonymous term

‘H&’ and the second one is “thizh’ by itself because there is no synonymous word for this sense.
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Therefore expansion using synets may not make a big difference on information retrieval.
However to solve this kind of gaps expansion using gloss definition is used. Such that the term
“thih’ is further expanded using ‘herhih hakent (& OC SHLH Pav-f (¢

Experiment 2: Experimental result using gloss definition for query expansion

The second method experimented for query expansion is using the gloss definition. For this
method also it is needed to fix the threshold. Experimental result shows that there is continues
increase in F-Measure, 21%, 36%, and 47% for the weights >1, >2, and >3 respectively.
However at the forth level the performance decreases since 0 relevant documents retrieved for
some queries. While the threshold value >3 give a better performance, the value >2 takes to

compare it with the original performance and with the first method.

Table 4.8 shows the experimental result of query expansion using gloss definition.

Thresholds Q1 [Q2 [Q3 [Q4 [Q5 [Q6 [Q7 | Q8 [Q9 |QI0 [Avg

>1 Corpus | 21 10 15 17 13 7 5 9 18 7
retrieved | 147 57 62 62 57 167 | 108 | 95 108 | 98
relevant | 21 10 15 11 8 5 6 17 5 4

R 1 1 1 0.64 | 0.61 |1 0.66 |1 0.71 | 0.61 | 0.84

P 0.14 |0.17 | 0.24 | 0.17 | 0.14 | 0.02 | 0.05 | 0.17 | 0.04 | 0.05 | 0.12

F 0.24 |0.29 [ 0.38 | 0.42 | 0.22 | 0.03 | 0.09 | 0.29 | 0.29 | 0.07 | 0.21
>2 Corpus 21 10 15 17 13 |7 5 9 18 7

retrieved | 63 20 19 22 42 20 67 46 33 29
relevant | 21 7 10 10 5 4 5 6 16 2

R 1 0.7 |0.67 059 038|057 |1 0.67 | 0.89 | 0.29 | 0.68

P 033 [035|053|045|0.11 0.2 |0.07|0.13 |048 |0.07 |0.27

F 05 047 {059 (051|018 |0.29|0.13|0.21 |0.62 | 0.11 | 0.36
>3 Corpus | 21 10 |15 |17 |13 |7 5 9 18 7

retrieved | 38 10 12 11 19 8 31 17 22 11
relevant | 13 3 10 7 8 3 5 6 13 1

R 062 |03 |067|041 062|042 |1 0.67 | 0.72 | 0.14 | 0.57
P 034 |03 |083|064|042 038 016|035 059 |0.09 |041
F 044 |03 |074]05 |05 |04 |0.28 046 |065 |0.11 | 047

Table 4.8 experiment on finding the optimal threshold for gloss using ten queries (Q1-Q10)
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When compared with the initial performance (see table 4.6) as well as with the first experiment
(see table 4.7), the overall performance decreased to 36%. The reason for decreasing the

performance is because of the large number of terms used for modifying the original query.

It is possible that the query expansion process generate a large number of terms that it might not
be practical to use all of those terms. The removal of stop-words are applied and gloss definition
contain a number of terms as it is the expression (definition) of the word, however, still there are
unimportant terms used for expansion. This leads to retrieve many irrelevant documents. To
overcome this problem there is a need to identify the most important words found on the gloss
definition. This method need further research on discriminating the most important words related

to users query.
Experiment 3: Experimental result using combined approach for query expansion

The third method experimented for query expansion is using the combination of gloss and synset
expansion. For this method also it is needed to fix the threshold. Experimental result shows that
in F-Measure, 33%, 42%, and 51% for the weights >2, >3, and >4 respectively. However at the
forth level the performance decreases since O relevant documents retrieved for some queries. As
it is observed from the result table 4.9 below, this method registered 33% F-score. In this method
the query is formed by merging the two methods. The challenges faced for the two experiments
also have an impact on this experiment. If the challenges fixed for the two experiments this

experiment could give a better performance.
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Threshold Ql |Q2 |03 |Q4 [Q5 |Q6 |Q7 |08 [Q9 [Q10[Avg
S

>2 Corpus | 21 10 |15 |17 |13 |7 5 9 18 7
retrieved | 62 34 |19 |23 |74 |20 |74 |50 36 33
relevant | 18 7 10 |10 (12 |4 5 6 14 2

R 086 |07 |0.67 059092057 |1 0.67 | 0.78 | 0.28 | 0.70

P 029 |0.20 | 052 |0.43 |0.16 | 0.2 |0.06 | 0.12 | 0.39 | 0.06 | 0.25

F 043 |031/059|05 |0.27 029|012 |0.20 |057 |01 |033
>3 Corpus | 21 10 |15 |17 |13 |7 3) 9 18 |7

retrieved | 33 14 |12 12 |37 |8 36 |21 22 13
relevant | 12 6 10 |7 11 |3 5 5 11 1

R 057 |06 |0.67|041|084|042 |1 0.56 | 0.61 | 0.14 | 0.58

P 036 |042|0.83|058|030|037 013|023 |05 |0.07 |0.38

F 044 |05 0741048 |044 |04 |024 033|055 |01 |042
>4 Corpus | 21 10 (15 |17 |13 |7 5 9 18 7

retrieved | 15 5 6 6 22 3 15 11 11 1

relevant | 8 2 6 5 8 3 4 3 11 1

R 038 (02 |04 |030|062|042 |08 |0.33|0.61|0.14 |0.42

P 053 |04 |1 0.83 1036 |1 0.27 1027 | 1 1 0.67

F 044 |0.27 057043 |046|06 |04 |03 |0.78 |0.25 |0.51

Table 4.9 experiment on finding the optimal threshold for combined expansion using ten queries

(Q1-Q10)

4.5 Finding and Challenges

The obtained result indicates using word sense disambiguation on WordNet using sematic
similarity to identify the word sense for the given query register encouraging performance. This
shows the need of standard Amharic WordNet is much useful for determining the correct sense
and to use the information found on these senses for query expansion. The use of query
expansion in information retrieval using the first method gives a good result when it compares to
the system without the expansion and the two methods decreases the performance of the IR

system as shown in table 4.10.
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Measures Original query | Synset Gloss expansion Combined
expansion Expansion
Recall 0.72 0.68 0.68 0.70
precision 0.42 0.53 0.27 0.25
F-Measure 0.53 0.59 0.36 0.33

Table 4.10 Summarized result of the overall performance

Table 4.9 presented the overall performance of the designed performance. From the analysis,
WSD based query expansion has achieved low recall, high precision and F-measure when
compared the synset expansion methods with the original query. The goal of the system is to
retrieve relevant documents as much as possible. Even if the recall decreased the precision is
increased, this shows the system decrease the retrieval of irrelevant documents to some extent.
And the F-measure balanced the results of both by registering a good performance.

In other hand, with the second method the result shows same recall and decrement in precision
and F-measure result when it compares with the second expansion method. This method drops
the overall performance. There are a large number of expansion terms in gloss definition when
compared with the synset. For this method there is a need of selecting the most important terms

instead of using all terms for expansion.

The need of third method is to see if the combination of both methods gives a good result. The
method increases the recall but decrease the overall performance. In this method the two
methods merged to form the new query, however instead of merging there is a need of choosing

the best in each method and combine them for a better result.

In general, this study shows an effective use of Word Sense Disambiguation using semantic
similarity for identifying the sense and to form the new query. The algorithm used for semantic
similarity performs well for the second method which is synset to gloss comparison. This shows
the Lesk algorithm can be applied using different information associated with the term/word
from the WordNet. For query expansion the technique using synset expansion registered a better

performance when it comes to the overall performance, this study increases in 6% F-score.
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In general when this study compared with previous work of Iman [23], from the two approaches
she used to determine the sense the use of word sense disambiguation is a failed approach.
Therefore, she used the vector space model for identifying the sense. This study shows a ways of
an effective use of Word Sense Disambiguation using semantic similarity for identifying the

sense and to form the new query.

When it come to the overall performance as shown from table 4.12 this study increases in 6% F-
measure expansion with gloss definition and using expansion synsets remain the same, But there

is an increase in recall.

Works Methods R P F

Pervious Work | Synset 0.55 0.76 0.59
Gloss 0.37 0.28 0.30

This study Synset 0.68 0.53 0.59
Gloss 0.68 0.27 0.36

Table 4.12 Comparison of this work with previous work

However, there are several challenges faced which limits to register the optimum performance
expected from the model in order to outperform the entire Information Retrieval system
developed for Amharic language. The main problem is standardization of every component used

for designing the system.

There is no any developed standard WordNet for Amharic language. Lack of resources is the
main challenge for constructing the lexical resource in WordNet form. Constructing a WordNet
with a single person is difficult, especially when there are no enough resources. Even if this
research attempts to show the possible use of WordNet and its information associated with each
term for Query expansion in IR system, there is a need of constructing WordNet by including

different information associated with the given term.

In addition to this the way phrases writing also make a difference on the performance. Example
if the query is “A°1C0 AOMS” and “A°C 'nO AAMS” the documents that contain like “A91C'0" can
be retrieved but not the documents that contains “A9C A% 4G @240 0 WA with the first query,
however, with the second query that is “A9C A% AS av4A 0 AdmS”, can be retrieved but not
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documents with “A°1C0”. Very common phrases in the language should be considered when
WordNet is constructed and at the same time the normalization should be implemented

effectively.

Finding standard corpus and query for Amharic language is also another challenge in this study.
This result not only weakens the performance of the system but also makes it difficult to
compare the result obtained with several researches since there is different in test queries,
document content and size used for testing. Even if this study uses the same corpus and queries
taken from the previous work for the purpose of evaluating the performance, there is still a
challenge of on using information retrieval system, because there is no standard probabilistic

information retrieval system to be used for every research.
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CHAPTER FIVE

Conclusion and Recommendations

5.1 Conclusion

It is obvious that the main goal of information retrieval system is to retrieve relevant information.
Information space on the web is comparatively larger and combined with the ambiguity of the
Ambharic language, a long list of results is returned, much of which is not always relevant to the
user’s information need. Short queries, ambiguity of natural language and the vocabulary

mismatch are the main problems in information retrieval system [23].

To increase the number of relevant documents retrieved queries need to be disambiguated by
looking at their context. The search engines attempt to determine the context of the user query
and allow the user to obtain more meaningful results. In other words these search engines are
focusing more on achieving high precision. The most recent query expansion technique involves
the use of lexical resources like ontology/WordNet to infer context for ambiguous queries. The
concepts in the lexical resource like WordNet can be used for word sense disambiguation using

semantic similarity and subsequent query expansion [3].

This research investigates the effectiveness of word sense disambiguation using semantic
similarity to identify the correct sense from lexical resource like WordNet and to use it in query
expansion techniques for Amharic Language. To this end, query expansion is designed in order
to enhance the retrieval performance of Amharic IR system. For query expansion word sense
disambiguation is performed using Amharic WordNet by applying semantic similarity measure

in this study.

The first objective of this study is to prepare Amharic lexical resource built from two dictionaries
available for Amharic language that has a format of WordNet. The words used in the WordNet
are limited to include the terms used for the prepared queries. The information associated with
each terms in the WordNet also limited to two information only. It contains the synset,

synonymous terms of phrases of the word and the gloss definition of the word.
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The second objective is to choose a suitable semantic similarity technique for Word Sense
Disambiguation to identify the correct sense from the WordNet. The Lesk Algorithm is chosen
based on the information constructed in the WordNet. The original Lesk algorithm is applied on
gloss to gloss, but in this study the idea of the algorithm is extended to be used on other

approaches too.

The third objective is to design and conduct experiment to see the performance of the system.
The study provided two semantic similarity approaches that use the idea of Lesk algorithm to
identify the sense from WordNet using word sense disambiguation in short queries and
demonstrated that is applied 72% and 38% to disambiguate terms using synset and gloss

definition, respectively.

The query reformulation is constructed by combining the sense’s identified using the two
methods used for word sense disambiguation. Three experiments are carried out to test the
performance of the IR system by expanding the queries using terms found from synset, gloss and
the combination of synset and gloss. System evaluation has been done to discover the extent to
which the designed system enhances the performance of Amharic IR system based on the F-

measure.

The final objective of the study is to summarize the findings of this research and recommend
areas for future work. As the experimental result show, gloss definition based expansion register
36%. The problem is many unimportant documents are retrieved due to the large set of
expansion terms used for expansion. The second method using synset for query expansion
register performance of 59% F-measure. This method registered an improvement of 6% from
original query. This shows the possibility of controlling the effect of synonymous on IR
performance. However, regarding polysemous it needs further research to control the effect. In
this study, a promising result is registered to design an applicable IR system for Ambharic
language considering polysemous and synonymous nature of Amharic words with the help of
Ontology. The third method using combined expansion register performance of 33% F-measure.
This shows the method depends on the performance of the two methods. For this method instead
of merging it can be used by selecting the best in each method ad combine them.
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The use of lexical resource as a reference is the core of this study. The word sense
disambiguation and query expansion process is based on this lexical resource. The main
challenge of the study is on constructing the lexical resource like WordNet. The number of
information associated to each terms is limited because of the lack of resource. Therefore, the
use of similarity measure and the use of query expansion terms are limited based on the

information available on the WordNet.

5.2 Recommendation

Query expansion using lexical resource like WordNet has been successful to a certain extent for
English language, but for our local language the query expansion, WordNet and Word sense
disambiguation are new area of research. Even the information retrieval idea needs more

research to improve the techniques for selecting and designing algorithms for better performance.

The first goal in integrating query expansion with information retrieval is to improve the retrieval
system in many ways. This study showed a promising performance if the following observed
points taken into consideration for future work on enhancing the information retrieval

effectiveness for Amharic language.

e In this work the WordNet included only a set of synonyms with each set of synonyms
representing a meaning of the word. It also has a definition associated with each set of
synonyms terms. On the other hand it lacks hyponym synset. A hyponym is a set of
words or phrases which have the same meaning but are narrower than the given word in a
specific sense. This can control the polysemous effects on the effectiveness of the system.
Hence, there is a need to construct a standard Amharic WordNet

e This study used Lesk algorithm for similarity which only focuses on co-occurrence of
multiple words in gloss definition. The idea of this algorithm is extended and applied on
one more approach in this study. However, there is a need to come up with a well-
constructed WordNet with more information available for each term that can help for
applying the similarity measures in identifying the sense of synonymous and polysomous
query terms in different ways by applying the Lesk algorithm

e Expansion using gloss definition needs further experiments. The method does not

discriminate the significance of a term it uses to expand the query. Methods to
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discriminate words used for expansion like calculating weights for each term can
immensely increase the performance of the IR system.

Finding a standard corpus, test queries with relevance judgment, standard IR system with
a better stemmer for testing the designed system is one of the challenges faced in this
research. Therefore, future research need to consider the development of standard
Ambharic corpus, test queries and IR system that can be used by every researcher to
evaluate progress made in designing techniques for enhancing effects of Ambharic IR
system.

This system tested on Probabilistic model which makes the initial guess based on
Boolean expression, which inhibit to know important words to represent a document and,
accordingly may not retrieve relevant documents that contain large number of terms
found in a given query. Hence, there is a need to build hybrid system that uses vector
space model to guess relevant documents for user query using non-binary weighting

technique.
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APPENDIXES

Appendix 1: Python code for WSD based query expansion

print(""AT7? @L ATICTF PavlE TInhd (LVUS ao!')
print("\n")
print("\t"'eeZ% €00 AHIR AATLTA AT 70 204
import re
import math
import string
import os
def ano_docs():
docs=",'
for i in os.listdir(‘adct’):
docs=docs+','+i
docs=docs.replace(’,,’,")
doc_List=docs.split(",")
return doc_L.ist
def Anormaliz(text):
hi=[v', v, "8V,
h2=['ch','ch', ', 'h' 'k, "' k']

h3=["","+","%,'>" """, "¢"]
al=[A" A" A W B WA
az2=['0")0"",%','a''%"'e','#
si=['a','a-,'a. A, n, n','0]
52 [w ! “L, s

t2 [e ‘e, ‘7,,‘7,?, ‘0,

for i in range(len(hl)):
text=text.replace(h3[i],h1[i])
text=text.replace(h2[i],h1[i])
text=text.replace(t2[i],t1[i])
text=text.replace(s2[i],s1[i])
text=text.replace(a2][i],al[i])

return text

def remove_puc(v_String):

Ip=[[. 7.7, } ]

for i in Ip:
v_String=v_String.replace(i,")
v_String= re.sub('[\d+]',", v_String)
return v_String
def stemtq(text):
tp=[0','x',"7]
for iin tp:
if text.startswith(i):
text=text.replace(text[0:1],")
return text
def asufpre(v_List):
prix=open("prefix.txt",encoding="utf-8")
prefix=prfx.read()
prefix=prefix.split()
sfx=open("sufix.txt",encoding="utf-8")
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suffix=sfx.read()
suffix=suffix.split()
for nin range(0,len(v_List)):
stemed_query="
stemed_query=stemed_query+v_List[n]
for preffix_I in range(0,len(prefix)-1):
if(len(stemed_query)>2):
if(stemed_query.startswith(prefix[preffix_I])):
stemed_query=stemed_query.replace(prefix[preffix_I],")
preffix_I=len(prefix)
for suffix_I in range(0,len(suffix)-1):
if(len(stemed_query)>2):
if(stemed_query.endswith(suffix[suffix_I])):
stemed_query=stemed_query.replace(suffix[suffix_I],")
suffix_l=len(suffix)
v_List[n]=stemed_query
sfx.close()
prx.close()
return v_List
def Amain():
prix=open("prefix.txt",encoding="utf-8")
prefix=prfx.read()
prefix=prefix.split()
prfx.close()
sfx=open("sufix.txt",encoding="utf-8")
suffix=sfx.read()
suffix=suffix.split()
sfx.close()
dfile={}
d_no=1
stp_w=[]
v_Index={}
docu_List=[]
docu_List=ano_docs()
d_no=len(docu_L.ist)
nsw=0
stopw=open("stopw.txt",encoding="utf-8")
while stopw.readline()!=":
nsw= nsw+1
stopw.close()
stopw=open("stopw.txt",encoding="utf-8")
for i in range(1,nsw):
line=stopw.readline()
line=line.rstrip()
stp_w.append(line)
stopw.close()
for j in range(1,d_no+1):
dline="adct\\'+docu_ List[j-1]
ddn=docu_List[j-1]
ddn=ddn.replace('doc',")
ddn=ddn.replace('.txt',")
dname="
dn=int(ddn)
dline=dname+dline.rstrip()
encoding_doc=open(dline,encoding="utf-8")
while True:

80



v_String=encoding_doc.readline()
fstring=remove_puc(v_String)
fstring=Anormaliz(fstring)
v_List=fstring.split()
v_List=asufpre(v_List)
s=0
#to remove empty words
while s < len(v_List):
if v_List[s]=="
del v_List[s]
s+=1
for i in range(0,len(v_L.ist)-1):
if v_Index.__contains__(v_List[i]):
if v_Index[v_List[i]].__contains__(dn):
continue #v_Index[v_List[i]][j]+=1
else:
t={dn:1}
v_Index[v_List[i]].update(t)
else:
if stp_w.__contains__(v_List[i]):
continue
v_Index[v_List[i]]={dn:1}
if len(fstring)==0:
break
tpf=open('Posting.txt','w',encoding="utf-8")
tpf.write(\tDoc_IDMTF \t \t \t position’)
tpf.write("\n")
for i inv_Index:
tpf.write('\t")
tpf.write(i)#Docld and TF for each term
tpf.write('\t")
tpf.write('\t")
tpf.write('\t")
tpf.write("\t")
tpf.write(str(v_Index[i]))# The position of each terms
tpf.write("\n")
tpf.close()
HHR R R R R R R R
def search():
HEHHHHHEHHHTHHHPHHEHHEHHARAE Searching SHHEHHEHHEHHEHEHHIH
docu_List=ano_docs()
aN=len(docu_L.ist)
av=]
ac=0
posting=open("Posting.txt" ,encoding="utf-8")
check=posting.readline()
while check!=":
post=check
post=post.replace(’\t',")
sl=post
s2=s1.split('{’)
if len(s2)<=1:
check=posting.readline()
continue
else:
s1=s2[1]
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s2=s1.split(',)
I=M]
for i in range(len(s2)):
s1=s2[i]
[1=s1.split(":")
=int(11[0])
l.append(lIl)
s=len(s2)
postt=post.split(":")
an=(len(postt))-1
t=postt[0].split(‘{")
w=t[0]
ww=math.log10((aN-an+0.5)/(an+0.5))
av.append([w,an,ww,I])

ac+=1
check=posting.readline()
m=0
while m < len(av):
n=0

while n < len(av[m][3]):
#av[m][3][n]=av[m][3][n].replace(' ',")
n+=1
m+=1
posting.close()
d_no=1
stp_w=[]
nsw=0
stopw=open("stopw.txt",encoding="utf-8")
while stopw.readline()!=":
nsw= nsw+1
stopw.close()
stopw=open("stopw.txt",encoding="utf-8")
for i in range(1,nsw):
line=stopw.readline()
line=line.rstrip()
stp_w.append(line)
stopw.close()
query=input("A0n7 eULLATTT 420 ATV apnedT PIL- )
while len(query)==0:
query= input(" 9°79° 4L+t apm@P AANIEIC: AR aoMme$7 ATL15 LOIHT! )
fstringl=remove_puc(query)
fstringl=re.sub('[::.}:=2()"#?/N\ufeff]',",query)
fstringl=Anormaliz(fstringl)
qv_List=[]
qt_List=[]
qgt_List=fstring1.split(" ")
qu=len(qt_L.ist)
if qu>15:
for g in range(15):
gv_List.append(qt_List[q])
else:
qv_List=qt_List
indexQ={}
aresult=[]
aall=asufpre(qgt_List)
aws={}
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for i in range(len(aall)):
for j in range(len(av)):
if aall[i]==av[j][0]:
for k in range(len(av[j1[3])):
t=av[j][3][K]
if aws.__contains__(t):
aws[t]+=av[j][2]
else:
aws[t]=av[j][2]
for ii, j in aws.items():
i=str(ii)
i="Document "+i
t=[ij]
aresult.append(t)
tot=[]
tot=aresult
result=tot
for i in range(len(result)):
for j in range (len(result)-1):
if result[j][1] < result[j+1][1]:
t=result[j]
result[j]=result[j+1]
result[j+1]=t
print("\n A0t oM P aoAlt CFTTE aPlEPT RILTL A COAPA! \n")
for i in range(len(result)):
if result[i][1]>1:
print(i,": " result[i][0],"")

e Expansion

g=0
c=0
wn=open("wordnet.txt",encoding="utf-8")
while wn.readline()!=":

c=c+l
wn.close()
wnn=open("wordnet.txt" ,encoding="utf-8"
wnn.readline()
for i in range(c):

[I=wnn.readline()

g.append(ll)

ww=[]
www=[]

for i in range(len(Q)):
ww.append(g[i])
www.append(ww)
ww=[]

#print (www)

wordnet=[]

#print("\n\n\n\n")

for i in range (len(www)):
word=www[i][0]
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ww=word.split("@")
wordnet.append(ww)

12=(]

13=[]

for i in range(len(wordnet)-1):
word=wordnet[i][1]
ww=word.split(";")
wordnet[i][1]=ww

for i in range(len(wordnet)-1):
for j in range(len(wordnet[i][1])):
word=wordnet[i][1][j]
ww=word.split(":")
wordnet[i][1][]]=ww

for i in range(len(wordnet)-1):
for j in range(len(wordnet[i][1])):

word=wordnet[i][1][j][O]
ww=word.split(" ")
wordnet[i][1][j][0]=ww
word=wordnet[i][1][j1[1]
ww=word.split(" ")
wordnet[i][1][j][1]=ww

for i in range(len(wordnet)):
for j in range(1, len(wordnet[i])):
for k in range(len(wordnet[i][j])):
for m in range(len(wordnet[i]1[j1[K])):
# for n in range(len(wordnet[i][j1[K][m])):
wordnet[i][j1[K][m]= asufpre(wordnet[i][j1[k][m])

print (wordnet)
sense=[]
for i in range(len(qv_List)):
for j in range(len(wordnet)):
if qv_List[i]==wordnet[j][0]:
sense.append(wordnet[j])

print("\n\n\n\n")
print(sense)
11=[]
12=]
13=[]
14=]
casel=[]
case2=[]
x=""
for i in range(len(sense)):
#print ("\n")
for j in range(len(sense[i][1])):
for k in range(len(sense[i][11[i]1[1])):
w=sense[i][1][j]1[1][k]

for I in range(len(sense)):
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if i==l:
continue
else:
i
for 1l in range(len(sense[I][1])):
for Il in range(len(sense[1][1][11][1])):
ww=sense[I][1][N][1][1N]
if w==ww:
x=str(i)+str(1)+str(j)+str(1)
y=str(l)+str(1)+str(ll)+str(1)

14.append(x)
14.append(y)
13.append(14)
14=]
expandedQ=qv_List
d=I3[0][0]
c=1
for i in range(len(13)):
if I3[i][0]==d:
continue
else:
c=c+l
d=I3[i][0]
w=[]

for iii in range(c):
for i in range(len(13)):
w.append(0)
for j in range(i+1,len(13)):
if I3[i]==13[j]:
wli]=w[i]+1

x=w][0]
xx=0
for i in range(len(w)):
if x<wli]:
x=w[i]
XX=Zi
else:
continue

print ("your new query will be")
aa=int(I3[xx][0][0])
ab=int(I3[xx][0]1[1])
ac=int(13[xx][0][2])
lens=len(sense[aa][ab][ac][1])
aaa=int(13[xx][1][0])
aab=int(I3[xx][1][1])
aac=int(13[xx][1][2])
leng=len(sense[aaa][aab][aac][1])

nfl=(w[xx]/lens)*(lens/leng)
casel.append(I3[xx])

casel.append(nfl)
expandedQ=expandedQ+sense[aa][ab][ac][1]
temp=I3[0][0]
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I=len(13)
for j in range(len(13)):
for i in range(len(13)-1):
if I3[i][0]==temp:

del I3[i]
break
=0
f=0
key=0

for j in range(len(expandedQ)):
for i in range(key+1,len(expandedQ)-1):
if expandedQ[key]==expandedQ][i]:
del expandedQ]i]
break
key=key+1

HHEHHHH R AF TER EXPANSION S A
aresult=[]
# aall=asufpre(qt_List)
# aall=expandedQ
aall=finalq
aws={}
for i in range(len(aall)):
for j in range(len(av)):
if aall[i]==av[j][0]:
for k in range(len(av[j][3])):
t=av[j][3][K]
if aws.__contains__(t):
aws[t]+=av[j][2]
else:
aws[t]=av[jl[2]
for ii, j in aws.items():
i=str(ii)
i="Document "+i
t=[ij]
aresult.append(t)
Hit#H

tot=[]
tot=aresult
result=tot
for i in range(len(result)):
for j in range (len(result)-1):
if result[j][1] < result[j+1][1]:
t=result[j]
result[j]=result[j+1]
result[j+1]=t
print("\n een@®P htmGhd Qu-PA PHTEF avlEPF WILTNTAD PCOPA! \n'™)
for i in range(len(result)):
if result[i][1]>4:
print(i,": " result[i][0],"")
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Appendix 2: Amharic WordNet

ALD@ALY ToC (P8 1oT:vard® AAFAN ALY NUHY (FIC 9°n1e+ 299,00 (4. TC

LNt AL ICE vt avib bt et IL LAY SCL T ThhA AL Far@ QAU
U373 914.2a0

LH@1LE Hov? havtk @©C 7 A%t OPF:HvY havt OC D7 A%F LELLLPA8a70
ALMAI:A7L AN A4 (NLH a°M PA 1LH, A28 1.0

AC8F@hCASF aramt A1 ATH A10NCT AL TS T9C 19T OLI° heD (LSC 991.24°
ACAJ (AL NVh9°T; A 797H:0¢- LOHOTHT A@- T9TH

a L e@avgYe  LANTCTIPUCT  AGPTIC  RTLLALANT  aPASPP T avaILe IRyt

AT PT 099.99%-00F CEIPUCT 03 h&d G163 YHEF &PC TI0T.Pmé PNLA (. J°V L+
CPCH A 19.LLNT

he&A@or94f hed  hAa:OFPuct O 9T F  AP7874% Pavdlse  hehet; eCa

47730904440 TIC 10LA aPAh ALLCOIPAL IPHL-G:aPUeT NLATT AL Pi avlBPT
NATPE LI (92046 (Lhé-E.A0

0442 @TIMGTNSL: P P Eavl A AT9.MGTNC AT2AAN 99149 KWTPAP0,

g°Cavs.@VN9°G 995k e Favar (@, @F Yyh9°s NF AI°Cave- ABL G0 TP €A U7
TANL. £:C T ALLAI° 17°AL0 N(LE DLI° NGCL T P91.LLA I°Cave-

TN F@T044.L:0TAL% 00¢ +RTIT (TN Ay ALNG4 000t P10 VT8 bt
ao( gt

PCOA@YOFNOT @L AP PTUAANGE AT OC TS0 PAIC YO AR T AIC PTHAR
0GP T YOAFT 09C ASPHT A28 PCH LTR

MT@4.00 Ve +:NNGF Arevtdt;ms NLLNGTE A Ao Avh°T LoLh.e(t
TR

MOL@MS MY POATIA 2mG hANATT A AFaed® AvhIPs 9080 T “TAhA;AC

AOLL:ANC P7LLeCENT LTLIANT;aPFBSL:ND7TH AC LA @Y TI84L: 7700 N(LL:VTY
etANE. T1C LEAIP L9100l avC (1T N

oN@LN0F A9°:A0LN NTLAA 7 099,000 388 -t (T YargP
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NF@avgavg® avFoh:(Waeed® O0F omPt M7t AAgPATF R 1P PAThA AP (-
@e9° LC1F TINThA (@@ A 78NS NS U

EPPC@oPhANA YT Q@ (NG @LI° (ALY ATALmMP AONPLI® aphAnd\;aParCan(C Yy

PrANL. &CLT (LBAI° aPCIPC N&PPC AC TIPHN;oehHAOTAN AT AAIN 0
A2 M.\ avSAM(

@B IPAT 000 PA KRIPC: 20D AS (ATC P04 LAt hedae0hNh aoCn:EAT
O+L4&NT TIC; BP0t WLL-0 ONLARTIOL AP

N&-@NCY7 1306097 av1gt A78 L9LAMA. \CY7,a°AM: LAD. AS ATC (LIPAT

hTALA.@ALNNANTTTT a7 SATTINT (0L 0D ITFT L7LHANE (A (vh9°s
N9°Cavs- T8

AICHON@QPNTCT S8 ENMI° LT HOAC P07 CF 9Lt
AIC@AOIC: AT O FTT hGA LT PI°22-av 0+ P97 A°IC M0 PI° TR0+

DA@N0:07CHP ATPOPO PIPTROFNT AL KOG avlA PCBTE W6 0 WL TPIPN T
ALt

AThNN@N A ALATOFAR NPT A28 PCAPT av-He9® A7hNn0 hitAG &PTC
LN

A-@0e TICPLARANE FCDT ATPLIF A1t AATTAT PT1LLCIA Q- WTPAPN £C1T
PrEULDT TINFLARAE hHY AT ALAL AQT 740 API° aPA LA hGA 027 A7
ANA@LAD-TH NEAALTE TS PAO- T hed;hed AMALPT PAZL T1C hed

T F@AL2NND- 1T hGA NPN4F AL ALY ALLCH

TOP@HNTPTEL (O £COF P9lmNP AOhHFA BTPTCLTAS NFPF A28 PCAPT
@090 K700 DFFAS £TTC ALLANT

apAhd @7 PP L4 11C AGBLLCH ANPL aom1PP

AAMT@APPTL:NTTITMI® W7 CE 48Tt HEL P OWZCHET hPSo- emPF (44
PILLRCTT AIPIOLFIPUCTav P Th PP FI°CAT av @0

a0t Mot Nc0D- (19.0¢ Qe P01 AP QA av-f 10+ ANAATOAT>-2:NN0AF A&-PTF 20H
et ok
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thZh@HL&:ATI0AMY? @RI° ATINFTIC 2718471 HE NAY T Ehih:havazh hakent (¢ OC
OTEPH Par-f (1¢-

TAAN@PISEL NFNPT OFALP - PT av-@ & AaPP? 099401 F° TIRNA
+RIP@LCETL0e N F

LCEr@ LN 0

ATVF@ALTIATEA AIC (0 AT AT&30L 091,849 h1POP(
A1POPLE@ATPOPALATALE NPT 09049 WTPOPOLATPAPMNTCHP ATPOPO
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