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Abstract

Many applications that handle information on the internet or other archive would be completely
inadequate without the support of information retrieval technology. Nowadays, a considerable
amount of information has been produced in Tigrinya. This accumulation of information is
challenging for searching from the existing huge amount of information particularly written in
Tigrinya. Thus, developing an IR system for Tigrinya allows searching and retrieving relevant
documents that satisfy information need of Tigrinya users. Accordingly a research is conducted
for Tigrinya IR system using the probabilistic model which, unlike vector space model, has the
mechanism to reweighting query terms using relevance feedback and query reformulation
techniques. Additionally, the model does define uncertainty that exists in IR systems. This thesis
is a pioneer research on IR for Tigrinya text documents. This research is initiated to experiment
the effectiveness of an IR system for Tigrinya using a rule-based Tigrinya stemmer developed by
Yonas Fisseha in 2011. Yonas had recommended that researches should be conducted using
Tigrinya stemmer on Tigrinya Information Retrieval system to see its impact over recall and

precision.

In this thesis, the potential of probabilistic model in Tigrinya text retrieval is investigated. 300
Tigrinya documents and 10 queries were used to test the approach. The researcher presents the
design and prototype implementation of the probabilistic model of the IR system for Tigrinya

documents.

Both indexing and searching modules are constructed. Then, the retrieval system is tested and the
experimental results show that probabilistic based IR system in Tigrinya documents returned
encouraging result. The system registered, after stemming and pseudo relevance feedback, an
average precision 69.1%, recalls 90%, and F- measure 74.4%. This result is achieved without

controlling the problem of synonyms and polysemous of terms that exist in Tigrinya text.

The researcher has recommended that further works on the area need to see the retrieval
effectiveness of Tigrinya IR system using 1) hybrid Tigrinya stemmer to mean rule based and
dictionary based Tigrinya stemming algorithm or 2) ontology based stemming algorithm that
conflates based on meaning understanding (recommended more). There should also a need to
build hybrid system that uses vector space model to guess relevant documents for user query
using non-binary weighting technique and then use probabilistic relevance feedback to improve
the performance of the system and to solve the problem of the initial guess of probabilistic model

based on Boolean expression.



CHAPTER ONE
Introduction

1.1 Background

The practice of archiving written information can be traced back to around 3000 BC, when
the Sumerians designated special areas to store clay tablets with cuneiform® inscriptions.
Even then the Sumerians realized that proper organization and access to the archives was
critical for efficient use of information [3].

The need to store and retrieve written information became increasingly important over
centuries, especially with inventions like paper and the printing press. Soon after computers
were invented, people realized that they could be used for storing and mechanically retrieving
large amounts of information. In 1945 Vannevar Bush published a ground breaking article
titled “As We May Think” that gave birth to the idea of automatic access to large amounts of
stored knowledge (information) [3]. In the 1950s, this idea materialized into more concrete
descriptions of how archives of text could be searched automatically. Several works emerged
in the mid 1950s that elaborated upon the basic idea of searching text with a computer. One
of the most influential methods was described by H.P. Luhn in 1957, in which he proposed
using words as indexing units for documents and measuring word overlap as a criterion for

retrieval [4].

Several key developments in the field happened in the 1960s. SMART system were Among
the most important development by Gerard Salton and his students, first at Harvard
University and later at Cornell University [5] and the Cranfield evaluations done by Cyril
Cleverd on and his group at the College of Aeronautics in Cranfield. The Cranfield tests
developed an evaluation methodology for retrieval systems that is still in use by IR systems
today. The SMART system, on the other hand, allowed researchers to experiment with ideas
to improve search quality. A system for experimentation coupled with good evaluation
methodology allowed rapid progress in the field, and paved way for many critical

developments [6].

The 1970s and 1980s saw many developments built on the advances of the 1960s. Various
models for doing document retrieval were developed and advances were made along all

dimensions of the retrieval process. These new models/techniques were experimentally

! Based on Concise Oxford Dictionary: denoting or relating to the wedge-shaped characters used in the ancient writing
systems of Mesopotamia, Persia, and Ugarit.



proven to be effective on small text collections (several thousand articles) available to
researchers at the time. However, due to lack of availability of large text collections, the
question whether these models and techniques would scale to larger corpora remained
unanswered. This changed in 1992 with the inception of Text REtrievalConference, or
TREC. TREC is a series of evaluation conferences sponsored by various US Government
agencies under the auspices of NIST, which aims at encouraging research in IR from large

text collections [7].

With large text collections available under TREC, many old techniques were modified, and
many new techniques were developed (and are still being developed) to do effective retrieval
over large collections. TREC has also branched IR into related but important fields like
retrieval of spoken information, non-English language retrieval, information filtering, user
interactions with a retrieval system, and so on. The algorithms developed in IR were the first
ones to be employed for searching the World Wide Web from 1996 to 1998. Web search,
however, matured into systems that take advantage of the cross linkage available on the web
[71.

Now days, Information Retrieval is one of the major branches of Information Science
discipline [1]. Information retrieval deals with the representation, storage, organization of,
and access to information items. The representation and organization of the information items
should provide the user with easy access to the information in which she/he is interested.
Unfortunately, characterization of the user information need is not a simple problem .Because
information retrieval is defined as finding documents of an unstructured nature that satisfies

information need of users from within large collection [1, 16, 28].

In addition, an information retrieval system is a system that stores and manages information
on documents and also enables users finding the information they need. It returns documents
that contain answer to user’s question (query) rather than explicit answer to their information
need. Most of the time retrieved documents satisfy users‘information needs. Documents
which satisfy users‘information needs called relevant documents, whereas documents which
are not satisfying users‘information need are irrelevant documents. In fact there is no perfect
information retrieval system which retrieves all relevant documents and no irrelevant
document [1, 7, 16].

Information Retrieval has two main subsystems [16]; Indexing and Searching. Indexing is an

offline process of representing and organizing large document collection using indexing



structure such as Inverted file, sequential files and signature file to save storage memory
space and speed up searching time. Searching is the process of relating index terms to query
terms and return relevant hits to users query. Both indexing and searching are interrelated and
dependent on each other for enhancing effectiveness and efficiency.

The focus of quality of Information Retrieval design is in evaluating both retrieval
effectiveness and efficiency [6, 16]. Efficiency is about optimizing computing resource such
as the needed storage space and time complexity, while effectiveness concerned with

relevancy of document retrieved that satisfies users‘ information need.

There are different IR models availbele now days [1, 16]. IR models are responsible for
determining the prediction of what is relevant and what is not. A number of retrieval models
have been proposed since the mid 1960s. They have evolved from specific models intended
for use with small structured document to recent models that have strong theoretical basis and
which are intended to accommodate variety of full text document types such as: Boolean

model, vector space model, probabilistic model, etc.

Among the Current models one is the Probabilistic model. Probabilistic model is a statistical
analysis model that estimates the probability of a document relevance given available
evidences. It works based on the probability ranking principle, which states that “If a
reference retrieval system’s response to each request is a ranking of the documents in the
collection in order of decreasing probability of relevance to the user who submitted the
request, where the probabilities are estimated as accurately as possible on the basis of
whatever data have been made available to the system for this purpose, the overall
effectiveness of the system to its user will be the best that is obtainable on the basis of those
data.” [53].

The probabilistic model is the oldest but also the hottest research area in IR [1,28]. It
incorporates relevance feedback and term reweighting mechanisms using the source of
evidence of the statistical distribution of the terms in both the relevant and non-relevant
documents. The principle takes into account that there is uncertainty in the representation of
the information need and the documents [30, 56]. The detail of the most common IR models

are discussed in section 2.4.

IR system is uncertain in nature [1]. The most successful approach for handling the

uncertainty nature of IR is probabilistic model [30].



Experimental evidences show that other models like Vector space model (VSM) and its
variant models such as, Extended Boolean Model (EBM) and Generalized Vector space
model (GVSM) are not attempted to define uncertainty in IR system. They do not have
relevance feedback and term reweighting mechanism by them-selves to do with the external
realities of users and information needs unless other modules are integrated to those models
S0 as to register better performance [16, 18]. See the comparison made by Amanuel [11] in
table 1.1

Probabilistic Model Vector Space Model
Motivation Address uncertainty in query Simplify query formulation
representations
Goal Rank the output based on
ernbi;bm(ta 8}9 E:gvat;]iseed on similarity ~ of document and
P y query
Methods Example: BIM, BNM Example : Cosine measure

Table 1.1: Characteristics of vector space model and probabilistic model

There are different information retrieval methods which have a probabilistic basis [30, 31,
32]. Several researches in the area of probabilistic retrieval model has been conducted
globally. Robertson et.al [19] developed a probabilistic IR system for English to solve the
problem of uncertainty found in IR system. From the experiment, encouraging result is found
and the detail is given in section 2.7.1. However, the consideration of giving the same
weights for terms in different document was one of the main challenges. Rijsbergen [20] also
developed probabilistic IR system to improve the binary independent assumption and the
uncertainty nature of IR by considering the semantic relationship of query terms and

document.

1.2 Statement of the Problem and Justification
There are more than 80 languages in Ethiopia. Tigrinya is one of the local languages. It is a
Semitic language of the Afro-Asiatic language family [40]. It is spoken in Tigray-Ethiopia as
well as the contiguous borders of southern Eritrea. It is also spoken by large immigrant
communities around the world, like; Sudan, Saudi Arabia, Italy, Sweden, the United
Kingdom, Canada and the United States. This language has more than six million speakers
worldwide [22].




Tigrinya is the official language of Tigray regional state of Ethiopia and also academic
language for primary school of the region. Tigrinya literature and myths are delivered as a
field of study in many universities in Ethiopia [33]. Nowadays journal, magazines,
newspapers, news, online education, books, entertainment Medias, videos, pictures in
Tigrinya language are available in electronic format both on the Internet and on offline
sources. There is huge amount of information being released with this language, since it is the
language of education and research, language of administration (in Tigray and others areas
specified above) and political welfares, language of religious activities and social interaction
[8,41].

As a result, the Tigrinya documents are increasing in size from time to time. This shows that
there are large collections of Tigrinya document available in the web [9]. Thus, it is necessary
to implement an IR system for this language.

There are different challenges in implementing an IR system [1]. Information retrieval is
language dependent process which needs integrating knowledge of information retrieval
techniques and natural language in relation the particular Tigrinya language. Most of IR
techniques are developed for English and it is always difficult task applying it for other

languages [16].

Worldwide there are a number of IR systems designed using probabilistic model in different

languages [1].

There is no IR work still done for Tigrinya language except a CLIR system developed by
Tsegay [12]. The attempt made by this study is to enable retrieval of document of Amharic in
Tigrinya query. But this doesn‘t solve need of users all in all. Users who look for Tigrinya
document with Tigrinya query may not find suitable environment to find information of their
need with those prior works. From perspective of IR principles it is important to have system
that works for Tigrinya and then it is better extending it to CLIR. Implementation of this
work helps users of Tigrinya to find Tigrinya documents (information) simply without much
difficulty using Tigrinya query [1].

IR system can be developed using different models. As the comparison made according to

Amanuel [11] in table 1.1

IR systems based on vector space model developed for Amharic language so far has not
registered a satisfactory performance. For the reason that vector space model and its variants
do not have the mechanism to define users need using relevance feedback and query



reformulation techniques unless other modules are integrated to the models. In comparison
probabilistic model itself enables defining users need using relevant feedback and query
reformulation techniques. This comparison about the models also works for Tigrinya

language too.

A rule-based stemming algorithm for Tigrinya language has been developed by Yonas [26] in
2011.The stemmer was the first rule-based stemmer for Tigrinya language and Yonas
recommended that researches should be conducted using the stemmer on Tigrinya

Information Retrieval system to see its impact over recall and precision.

Therefore, the researcher has taken this as an opportunity to develop an information retrieval
system to see the effectiveness of the stemmer on Tigrinya text. The stemmer details are

given in section 2.7.2.

Hence, this research is initiated to experiment the effectiveness of IR system for Tigrinya text
retrieval system using Tigrinya stemmer developed by Yonas [26] that organize document
corpus using indexing and search relevant ones as per users query based on probabilistic

model. In addition it tries to answer the following research questions:
v" What are the basics of Tigrinya language to perform text operation?
v' What are the suitable components to design probabilistic based Retrieval system?

v' What is the effect of the stemming on the performance of a Tigrinya probabilistic IR?
1.3  Objective of the Study

1.3.1General Objective

The main objective of this study is to investigate a probabilistic IR processes in order to

design, build and test a prototype Information Retrieval system for Tigrinya.
1.3.2 Specific Objectives
In order to meet the general objective, the following specific objectives are performed.

% Review literatures on previous works related with information retrieval system.

¢ Understand and explore basics of Tigrinya language and perform text operation such as,
tokenization, stop words removal, stemming, and normalization.

+ Design architecture for implementing probabilistic Information Retrieval System for
Tigrinya language.

¢ Develop a prototype of probabilistic Information Retrieval System for Tigrinya language



that searches relevant documents from unstructured Tigrinya corpus.
+ Integrate the Tigrinya stemmer with the prototype and measure its effectiveness
% Evaluate the effectiveness of probabilistic Information Retrieval System for Tigrinya

language using recall, precision and F-measure from the prototype.
1.4  Scope and Limitation of the Study

The study focuses on designing and developing prototype information retrieval system that
effectively searches within Tigrinya text corpus. This study mainly implements an indexer
and searcher from corpus of Tigrinya textual documents. Other data types, such as
multimedia (though spoken, image, and video data are all important), are out of focus of the
research. For the indexing purpose and to identify content bearing index terms and query
terms a series of text operations such as tokenization, normalization, stop word removal and
stemming are applied. Index terms are organized using inverted file and searching for

documents satisfying query terms are guided by probabilistic model.

The researcher used a rule based Tigrinya stemmer developed by Yonas [26] which handles
only prefixes and suffixes. Infixes, reduplication, compounding and irregular words are not
handled.

The system is tested using limited amount of Tigrinya text documents prepared by the
researcher. This is due to lack of standard Tigrinya corpus prepared for IR purpose. In
addition, lack of thesaurus to integrate for query expansion mechanism to control Tigrinya
synonyms and polysemy words are the limitations of this research. Due to long processing
time to construct relevance matrix for relevance judgment, considering the time constraint,

the experiment was conducted using only 300 Tigrinya documents.
1.5 Methodology

This research is conducted in order to figure out challenges of implementing probabilistic
Tigrinya information retrieval system. Accordingly, the following step by step procedures are

followed to achieve the main objective of the study.
1.5.1 Literature Review

To have conceptual understanding and to identify the gap that is not covered by previous
studies different materials, including journal articles, conference papers, books and thesis
works are reviewed. In this study the review mainly concerned works that have direct relation

with the topic and the objective of the study. Additional literature review and document



analyses are made to investigate and identify the feature of Tigrinya text, which is important
to the research in the course of Tigrinya text operations. These include previous works done
on the area of information retrieval system giving more attention to local and international

works that attempt to develop information retrieval system and search engine.
1.5.2 Data Collection and preparation

Probabilistic Tigrinya IR system requires Tigrinya text corpus documents and these are
collected from different sources. Mainly to conduct the research Tigrinya documents are
prepared from hidiyat magazine, Tigray online, VOA program from internet and newspapers,
because they are easier to access, available in electronic form and cover all domains. These
items cover issues such as, politics, sport, social, religion and philosophy, health, art, and

education.
1.5.3 Development Tools

The program is developed using Python 3.2.2 programming language to implement the
prototype. This is because Python has rich string manipulation techniques and the researcher
has some knowhow of writing programs using Python.

It is simple, strong, involves natural expression of procedural code, modular, dynamic data

types, and embeddable with in applications as a scripting interface [10].
1.5.4 Testing Process and Evaluation Techniques

The experimentation for evaluating the effectiveness of the system is done by using 300

selected test documents from Tigrinya corpus and ten (10) queries in Tigrinya.

After corpus is prepared and queries are constructed then relevance judgment is made for
evaluating effectiveness of the work. Recall , precision and F-measure techniques are used
for measuring retrieval effectiveness of the IR system ,see section 4.4 and its sub-sections; as
they are frequently used and most basic measures of IR effectiveness[16]. Paricularly, in this
work the interpolated precision value at 11 standard recall level is used to draw precision-

recall curve in order to evaluate retrieval effectiveness of the system.
1.6  Significance of the Study

It is important localizing works already done in international languages like English.
Generally the study has the following significance: 1) provides an opportunity for other
researchers to focus on the area and to continue on the area, to come up with an applicable IR

system. 2) enables Tigrinya speakers retrieve text documents in Tigrinya language effectively



3) since the study is master thesis it has also learning out comes for the researcher. It helps
the researcher to investigate problems and solving it in scientific manner. Additionally, it is
an academic exercise to fulfill the requirement of masters program the researcher is enrolled
in.

1.7  Organization of the Thesis Paper

For ease of comprehension, this thesis has a simple structure in which five chapters are
distinguished. The rest, chapter 2 to chapter 5 are organized in the following way. Chapter
two is literature review. It involves 6 main topics: Historical Overview of Tigrinya
Languages and its writing system, General review of the Information Retrieval Process, IR
models, Query Operation, IR Systems Evaluation and Review of previous Related IR Works;

including local and international works.

Chapter three is Probabilistic Tigrinya IR System Design and Architecture. In this section

technique used for indexing, searching and IR system evaluation are discussed

Chapter four is experimentation and result analysis. In this part corpus preparation, query
preparations, experimentations, retrieval performance evaluation, result analysis, Findings

and challenges are discussed in detail.

Finally in chapter five conclusion and recommendation are given.



CHAPTER TWO
LITERATURE REVIEW

2.1 Historical Overview of Tigrinya Languages and its writing system

Tigrinya, which is spoken in Eritrea and Ethiopia, is the second largest, after Amharic,
member of the Ethiopian branch of the Semitic family of languages, constituting together
with Tigre and the extinct Ge‘ez (or Classical Ethiopic). The Semitic languages are the Afro-
Asiatic language family. The most widely spoken Semitic languages today are Arabic,
Ambharic, Tigrinya, Hebrew, and Aramaic. There are different Semitic languages families in
Ethiopia. These are Amharic (A77C%), Tigrinya (+C%), Gurage (+¢%), Tigre (F<1<) and
Ge’ez (910M ) [34].

Tigrinya is the working languages of Tigray regional state of Ethiopia [8]. Tigrinya is spoken
by the Tigray people located in northern Ethiopia and Eritrea people. It is also spoken by
large immigrant communities around the world, in countries including Sudan, Saudi Arabia,
Israel, Germany, Italy, Sweden, the United Kingdom, Canada and the United States.
Estimates of the number of speakers in Tigrinya language (in Tigray, Eritrea and including
immigrant) vary from 6 to 7 million worldwide [22]. According to Federal Democratic
Republic of Ethiopian (FDRE) population census commission report Tigray population was
4.3 million in 2007 [21].

Tigrinya is written in slightly expanded version of Geez script also called Ethiopic. Ethiopic
Script is syllabic; each symbol represents ‘consonant + vowel' characteristics. Each Tigrinya
base character also known as (Fidel, &.24) has seven vowel combinations. Tigrinya is written
from left to right. Tigrinya as a written language has a history only from the latter half of the
19th century, due in great part to the prestige of Ge‘ez as the written language of Christian
Ethiopia in the past [22]. According [40,41], Tigrinya language has its own characters
(alphabets), punctuation marks, and numbers systems . Converting them into Latin
representation is required for IR purpose. For this purpose Tigrinya documents are saved
using UTF-8 format, which is supported by most programming languages. It translates the

Tigrinya text into suitable representation for computer understandability.



2.1.1 Tigrinya Alphabets

Alphabets are sets of letters arranged in fixed orders of the language they used to write. They
are also called phonemes which contain consonants and vowels [8]. There are different
alphabets representations in the world. The most alphabets representation is Latin or Roman
alphabets which have been adapted by numerous languages [37]. The Ethiopic writing
systems have also their own writing systems and alphabets representations. Tigrinya is one of
the Semitic languages that use Ethiopic writing system. Tigrinya has its own alphabets (4.24)
and they are used for writing. It has thirty-five (35) base symbols with seven orders which
represent seven vowels for each base symbol, total 245 characters [8]. In addition to the basic
forms, there are also additional nearly fifty three (51) characters which contains special
feature representing labialization [40,41]. The script has over 296 (basic and non basic)
characters, each representing a different sound. Basic and non basic Tigrinya scripts are given

in appendix two of this paper. And it can be characterized by the following points [41]:

v’ Every letter has seven different sounds

v" Pronunciation is very simple and straight forward. In Tigrinya "You write as you read it
and you read as you write it".

v Itis written and read from left to right as the English language.

v' There are many familiar words that Tigrinya has borrowed from other languages,
especially Italian and English, which reflect the history of the areas where Tigrinya is
spoken.

2.1.2 Tigrinya Punctuation marks

Identifying punctuation marks is vital to know word separation for natural language
processing. Most of the Tigrinya language punctuation marks are listed in table 2.1 below.
There are around 17 punctuation marks [40]. However, only few of them are practically used,
especially in computer-written system. These are the word separator mark or ‘hévt 170, (:)
is used in the old literature to separate one word from other words. In the current literature, it
is rarely used. As, a result a single space is used to separate words instead of this punctuation
marks. The end of sentence mark or ‘acaé+ (.’ (::) is used to shows when an idea is
finished. The sentence connector mark semicolon or ‘&C0 AN’ (Z,), alternatively ‘104 AZH’
(%) is used to connect two sentences in to one sentence. The list separator mark (%) is used to
list things, separate parts of a sentence, and indicate a pause in a sentence or question. Like

the other punctuation marks, the beginning of the list mark (:-) is used at the beginning of the



lists. In addition to these punctuation marks, the Tigrinya language is also borrowed some

punctuation marks from English language such as?, !, and ” [37].

Punctuation marks meaning
: word separator

End of sentence

: sentence connector

B list separator marks

- beginning of the list mark

? End of question

I End of an emphatic declaration, or command

«“ guote some words or sentences taken from other

Table 2.1: Tigrinya punctuation marks
2.1.3Tigrinya Number system

Tigrinya sometimes and rarely uses Geez numerals for official writing purposes. It has twenty
characters. They represent numbers from one to ten (3-7), twenty to ninety (z-%), hundred (¥)
and thousand (¢) [41]. However, these are not suitable for arithmetic computation purposes
because there is no representation for zero (0), decimal points. As a result, Tigrinya numbers
are used for calendar purposes. Since today Arabic numbers are more frequently used than
the original Ethiopian numbers, for arithmetic computation, Arabic numbers are used in the

Tigrinya literature. The complete Tigrinya number is depicted in appendix three.

2.1.4 Problem of Tigrinya Writing System in Designing Tigrinya Text
Retrieval
Leslau [8] notes that there are a number of challenges in Tigrinya language for text
processing.
2.1.4.1 Redundancy of some characters

Sometimes more than one letter is used to represent similar sound in Tigrinya language. For
instance, letters with their six variant forms of each character v and -1, & and 8, A and w have
similar sounds in reading. As a result, words which have the same meaning may have
different spelling structure. For example, the word “8A.9°” which means “black” can be
written differently as; “2A.9°” [41].

In IR system since it only match the character in query words to check whether the word
found in a document has the same structure as the word in the query, it consider the words as

dissimilar.



2.1.4.2 Spelling variation of the same borrowed words

Even though there are feasible problems of spelling variation in current literature of Tigrinya
[38]. A word may be translated by different persons using different spelling variation. For
instance, when “television” word is translated into Tigrinya, it may be written as “+A0H7”,
“HAIT” or “tane7’. All these words are used to mean the word “television” in Tigrinya.
Also all the following Tigrinya words are used to mean the word “millennium”. It is
translated into Tigrinya and may be written as ““.A4729°”,“TLA.L89°”, “TLALLI®” Or “TLAIRIC”.
The translation of English words into Tigrinya words creates a problem in IR because they

are treated differently.
2.1.4.3 Abbreviations

The abbreviations of Tigrinya words follow different formats [40]. Some time full stop °.” is
used to abbreviate, while other time /> symbol is used to abbreviate. The abbreviated words
can be written without separators. For example, “104Z2@1” (Gebrehiwet) can be written as
“U{o+” (G/hiwot) or “1.Z@+” (G.hiwot). The inconsistency in the abbreviation creates

problem in IR processes [38].
2.1.4.4 Compound words

Tigrinya compound words are written in different format. Mostly space and hyphens are used
to separate them. When the hyphen is used the two words are treated as one word. However,
when they are separated by space their meaning differ. For example, “0t +9PuCt”, “0i
ACoHt”, “avéihet: A6, and “ANPt bchdo A are compound words separated by space. However,
words “0F”, “01”, “ovéht”, and “A0f1” do not have meaning when they are used
separately. So this can create problems in IR. This situation makes an IR system difficult to

differentiate those words.

2.2 Information Retrieval

The meaning of the term information retrieval is very wide ranging, but in relation to
computer science a general definition is provided by different scholars. For instance Manning
et al. [28] defines as: “Information retrieval (IR) is finding material (usually documents) of an
unstructured nature (usually text) that satisfies an information need from within large

collections (usually stored on computers)”.



According to P. E. R. Ingwersen [1] and R. Baeza-Yates et al [16] “Information retrieval is
a field concerned with the structure, analysis, organization, storage, searching, organization
of, and retrieval to information”. The representation and organization of the information
items should provide the user with easy access to the information in which he/she is
interested. Unfortunately, characterization of the user information need is not a simple

problem [1].

Information retrieval is the science and technology concerned with the effective and efficient
retrieval of information for the subsequent use by interested parties [30]. The central problem
in IR is the quest to find the set of relevant documents, amongst a large collection, containing
the information sought thereby satisfying an information need usually expressed by a user
with a query [16, 32]. The documents may be objects (items) in any medium, text, image,
audio, or, indeed a mixture of all three but in this thesis the objects are text documents. An
important area of research concentrates on the modeling of objects and processes involved in
the retrieval of information. Well known models of IR are the Boolean, vector space and

probabilistic models; these have been studied in detail and implemented for experimentation
[1]
2.3 General review of the Information Retrieval Process

An information retrieval is a system that stores and manages information on documents,
often textual documents and possibly multimedia. The system assists users in finding the
information they need. It does not explicitly return information or answer questions. Instead,
it informs on the existence and location of documents that might contain the desired

information [1].

Some suggested documents will, hopefully, satisfy the user's information need [31]. These
documents are called relevant documents. A perfect retrieval system would retrieve only the
relevant documents and no irrelevant documents. 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 the user. In practice, two users may pose the same query
to an information retrieval system and judge the relevance of the retrieved documents

differently: Some users will like the results; others will not [32].

There are three basic processes an information retrieval system has to support: the
representation of the content of the documents, the representation of the user's information

need, and the comparison of the two representations. The processes are visualized in Figure



2.1. In the figure, squared boxes represent data and rounded boxes represent processes [1, 16,
17, 31].
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Figure 2.1: Information Retrieval processes [31]

2.3.1 The Indexing Process

Representing the documents is usually called the indexing process. The process takes place
off-line, that is, the end user of the information retrieval system is not directly involved. The

indexing process results in a representation of the document [16].

According to, D. Hiemstra [31], indexing process is an arrangement of index terms to permit
fast searching and reading memory space requirement used to speed up access to desired
information from document collection as per users query such that it enhances efficiency in
terms of time for retrieval. Relevant documents are searched and retrieved quick. Index file
usually has index terms in a sorted order. An index file consists of records, called index
entries. Index files are much smaller than the original file (because it is recommended to use
keyword terms than full text). The usual unit for indexing is the word called Index term. Index

terms are used to look up records in a file [16].

Document representation is either (a) full text representation or (b) only via content bearing
terms using keyword terms. (a) Full text set of words representation is an early way of
document representation. Using full text indexing reduces retrieval efficiency and it asks
higher computational costs [4,16]. Often, full text retrieval systems use a rather trivial
algorithm to derive the index representations. The indexing process may include the actual

storage of the document in the system, but often documents are only stored partly, for



instance only the title and the abstract, plus information about the actual location of the

document.

As shown in figure 2.2 , therefore, (b) representing documents using keyword terms by
applying preprocessing techniques such as, tokenization, normalization , stop word removal

and stemming is advisable and is also adopted in this thesis.
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Figure 2.2: Logical view of a document: from full text to a set of index terms [16]°

There are several index structures used for generating index terms [4]; such as, sequential
file, inverted file, suffix tree, suffix array and signature file. We discuss only with the most

popular indexing structure inverted file and sequential file structure.

A sequential file is the most primitive of all file structures. Sequential file is an indexing
structure, which access elements of record in a predetermined ordered sequence. It has no
directory and no linking pointers. The records are generally arranged serially one after
another in lexicographic order on the value of some key. Even if it is easy to implement and
provides fast access to the next record using lexicographic order, in this file structure it is
difficult to update a record of large proportion of the file and random access is extremely
slow [35].

The most popular indexing structure is inverted file, which is also adopted in this research.
Inverted file stores a map from content to its locations in a database file. Inverted file is a
mechanism for indexing a text collection so as to make the searching task fast. There are two
elements involving in building the inverted file [16]: 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

> The internal structure normally present in a document and query indexing which is adopted from R. Baeza-
Yates et al



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 occur and frequency of each

term in a document [4].
2.3.2 Query Processing

Users do search just for a need of information. The process of representing their information
need is often referred to as the query formulation process. The resulting representation is the
query. In a broad sense, query formulation might denote the complete interactive dialogue
between system and user, leading not only to a suitable query but possibly also to the user
better understanding his/her information need: This is denoted by the feedback process in
Figure 2.1 [16, 31].

Once the document is indexed and ready for retrieval process, the next step is to translate the
information need of user into query language provided by the system. This process involves a
serious of steps [27]. First, the user specifies his/her information need using the natural
language (e.g. English, Amharic, Tigrinya etc.) supported by the IR system. Second, the
system transforms the query into logical format by applying text operation, which is also used
when the document was indexed. To refine representation of users information need and
improve effectiveness of the system, query operation will be employed which is discussed

later in section 2.5. Finally, the query is processed to retrieve relevant documents.
2.3.3 The Matching Process

The comparison of the query against the document representations is called the matching
process. The matching process usually results in a ranked list of documents. Users will walk
down this document list in search of the information they need. Ranked retrieval will
hopefully put the relevant documents towards the top of the ranked list, minimizing the time

the user has to invest in reading the documents [31].

The result of the matching is a ranked list of documents according to their likelihood of
relevance [27]. Baeza-Yates et al [16] stated that, one central problem of any information
retrieval system is predicting which documents are relevant and which are not. The ranking
algorithms are used for such decision. According to Hiemstra [31], the theory behind ranking
algorithms is a crucial part of information retrieval system. They attempt to display
documents in decreasing order based on their similarity score with the query. 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 documents.

The three classic models of Information retrieval: the Boolean model, the Vector space model
and the probabilistic model are often used to accomplish these tasks. These models are briefly

discussed below in the next section 2.4.
2.4 IR models

According [16] since the advent of information retrieval, a number of models have been
developed to retrieve information in an effective and efficient way. Their mathematical basis
spans a large spectrum, including set theory, algebra theory and probability theory.
Depending on how they define and measure relevance, all the existing retrieval models are
roughly classified into three broad categories. These are the Boolean model, the Vector space

model and the probabilistic model.

The taxonomies of information retrieval models are depicted in figure 2.3 and we will discuss
the three classic models.

Set theoretic
v~ Fuzzy

v~ Extended Boolean

Models Algebraic

Boolean / v~ Generalized vector

Vector space— ~ Latent semantic index

probabilistic S | v~ Neural networks

LaProbabilistic
¥ BIM
v Inference network

v Belief network

Figure 2.3: Categorization of information retrieval models with their alternative models
mentioned to the right [16]

A Formal Characterization of IR Models is given as follow: Every information-retrieval
model consists of four components [D, Q, F, R (qi, dj )] [16, 20, 28].

> D is a set composed of logical views (or representations) for the documents in the
collection.
» Qs aset composed of logical views (or representations) for the user information needs.

Such representations are called queries.



> F is a framework for modeling document representations, queries, and their
relationships.

> R (g, d;) is a ranking junction which associates a real number with a query gi € Q and a
document representation d; € D. Such ranking defines an ordering among the documents

with regard to the query g;.

From the ranking function an ordering of the documents in D can be derived with respect to a
particular query gi from Q. The ranking function, and consequently the ordering of the
documents, is different for each of the different models for information retrieval. In this

section an overview of these models is presented.

2.4.1 The Boolean Model

The Boolean model is a simple retrieval model based on set theory and Boolean algebra [1].
The Boolean model of Information retrieval is the oldest of the three classic retrieval models
and it relies on the use of Boolean operators [16]. In the Boolean model there are three basic
logical operators AND, OR and NOT. AND is logical product, OR is logical sum and NOT
is logical difference. AND is used to group set of terms in to single query/statement. The
terms in a query are linked together with AND, OR and NOT. For example ‘Information
AND Technology’ is two term query combined by ‘AND’. In such case only document
indexed with both terms will be retrieved. If terms in the user query are linked by operator
OR, documented with either of terms or all terms will be retrieved. For example, if query is
‘information OR technology’ document containing information, or technology, or
information Technology will be retrieved.

The Boolean model is based on Boolean algebra, which implies that the weight of an index
term i associated with a document j can only have a value equal to 1 or to 0; w;; € {0,1}. In
the Boolean model, the queries are specified as Boolean expressions. A query is thus
composed of index terms which are linked by three Boolean operators: AND, OR, and NOT.
According to the Boolean model a document is either relevant or non-relevant with respect to
a particular query; there is no notion of grading. This implies that the similarity of a
document d; to a query q is binary, i.e., similarity (d; ; 9) € {0,1}. The similarity of a

document d; to a query q is defined as

1, if document satisfaies the boolean query equation 2.1

sim (dj,q) = { 0, otherwise !



What makes Boolean model good model is that it creates a sense of control to expert/user
over the system. It is the user who is in charge for deciding what should or shouldn‘t be
retrieved. Query reformulation is also simple because user is in charge of deciding what
should be retrieved and should not.

However, the Boolean model has got its own drawbacks. Most users find it difficult to
translate their information need into a Boolean expression [43]. It requires the users to have
some knowledge of the search topic for the search to be effective [16]. A wrong word in a
query could rank a relevant document as non-relevant. In addition to that, all retrieved

documents are considered to be equally important.

In addition to, Boolean model may not retrieve anything if there is no matching document or,
retrieves all documents if terms in query are matching with it. So there is no relevance

judgment and ranking mechanism [6].

2.4.2 The Vector space model

Standard vector space model is one of the classic models of information retrieval. The
drawback of binary weight assignments in Boolean model is remediated in the vector space
model which projects a framework in which partial matching is possible [13]. Non-binary
weights for index terms in queries and documents are used in the calculation of degree of
similarity. Decreasing order of this degree of similarity for the retrieved documents gives the

ranked documents with partial match.

The vector model [46] assigns non-binary weights to index terms in documents and in queries
in order to achieve a better retrieval performance. A weight associated with index term ki and
document dj is denoted by wi;j , while a weight associated with index term ki and query q is
denoted by wi;q. According to Salton and Buckley [44], the weights of the index terms
appearing in the documents are computed as follows

Wi, j=Fi,j*IDFi.........coo equation 2.2

where Fi, j is the raw frequency of index term ki within document dj and IDF, i is the inverse
document frequency for index term ki. May we want to normalize term frequency Fi,j across

the entire corpus:

normalized(Fi,j) = S, equation 2.3



Where maxlI(Fi,j) is the maximum term i frequency scored in document j. The inverse

document frequency of an index term Ki is computed as
IDF,i =logN/Ni..c.ccooviiiiiiiiiiiiiiiiiiane, equation 2.4

Where N is the total number of documents in the collection and ni is the number of
documents in which the index term ki appears we call it document frequency. For the
calculation of the weights of the index terms of the query Salton and Buckley (1988) suggest

the formula

. _ 0.5*%Freq i;q . .
Wi; q = (0.5 + maaxlFreq by l;q) xlogN/ni....c..coooooeiininn equation 2.5

Where Freqi; q is the frequency of the term ki in the query g. Using these weights, a

document can be defined as Ej = (wl;j, w2;j, ...,wt;j) and a query can be defined

asq = (wl;q, w2;q, ...,wt;q) . Although Salton and Buckley [44] also suggest other ways
of calculating both wi;j and wi;q , the above formulas provide a rather good weighting
scheme. From these weight vectors the similarity between a document and a query can be

computed as follows.

—_

dj.q

El

1

SIM(A),q) = =i equation 2.6

Sio (Wi ) (wig)
{awi)? [l (wig)?

............. equation 2.7

sim (dj,q) =
=

Where | d_f| and| g | are the norms of the document and query vectors.

The vector model has three main advantages [16]. First, by weighing the index terms the
information retrieval performance is improved. Second, because partial matching is allowed,
also documents that approximate the query can be retrieved. Third, by using the degree of
similarity, documents can be ranked according to their degree of similarity to the query. The
disadvantage of the vector model is that the index terms are assumed to be mutually

independent.

2.4.3 The Probabilistic Model

In this subsection we focus on probabilistic models. The distinguishing characteristic of
probabilistic models is that their framework for modeling documents and queries is based on
probability theory.



In IR, probabilistic modeling refers to the use of a model that ranks documents in decreasing
order of their evaluated probability of relevance to a user’s information need. But in IR
models such as, Boolean and Vector space model, given a query and document
representation, matching is done without considering the semantic relationship between query
and documents. IR systems build upon those models has an uncertain guess of whether a
document has content relevant to the information need. However probabilistic theory

provides a principled foundation for such reasoning under uncertainty [16, 17].

Maron and Kuhns first suggested the probabilistic retrieval model [47]. The basic idea is to
rank the documents in a collection based on their probability of being relevant to the current

information need.

Then after, Robertson and Sparck Jones proposed a probabilistic retrieval model based on the

distribution of query terms in relevant and non-relevant documents [48].

In probabilistic model, the order in which documents are presented to the user is to rank
documents by their estimated probability of relevance with respect to the user information
need. The principle behind this assumption is called, probability ranking principle (PRP) [16,
17]. Probability ranking principle asserts that [49]

“If a reference retrieval system’s response to each request is a ranking of the documents in
the collection in order of decreasing probability of relevance to the user who submitted the
request, where the probabilities are estimated as accurately as possible on the basis of
whatever data have been made available to the system for this purpose, then overall
effectiveness of the system to its user will be the best that is obtainable on the basis of those
data.”

Several retrieval models have been developed, which has a probabilistic basis. The mostly
used and recent developed methods of probabilistic model are, Binary Independent Model
(BIM), Inference Network Model and Belief Network Model [16].

2.4.3.1 Binary Independent model (BIM)

Probabilistic retrieval provides formal models for incorporating end-user relevance
evaluations into the search process. The simplest of these models is based on the presence or
absence of independently distributed terms in relevant and non-relevant documents, and is
referred to as the binary independent (BI) model [28]. The BIM was introduced in 1976 by



Roberston and Sparck Jones [19]. BIM we present in this section is the model that has

traditionally been used with the Probability ranking principle (PRP).

The Bl assumptions define a relevance weight, which is a function of the relative likelihood

of a term appearing in relevant and non-relevant documents.

In BIM, binary is equivalent to Boolean; queries and documents are represented as binary
incidence vectors of terms. D={d1,d2,....,dn} where, di=1 if term i is present in document d
and di=0 if term i is not present in document d. Moreover, query q represented by the
incidence vectorg. As expressed above, in BIM model, the probability of P(R|d,q) that a
document is relevant through the probability in terms of term incidence vectors P(R|x ,q ) in

both document and query.

2.4.3.2 Bayesian Networks Model

There are two models for information retrieval based on Bayesian networks. The first model

is called inference network and the second model is called belief network.

24321 Bayesian Inference Network Model

According to Baeza-Yates et al [16], there are two traditional schools of thought in
probability which are based on the frequentist view and the epistemologist view. The
frequentist views probability as a statistical notion related to the laws of chance. The
epistemologist views probability as a degree of belief whose specification might be devoid of

statistical experimentation.

Bayesian Inference Network model is built up on epistemologist view of the information
retrieval problem. It associates random variables with the index terms, the documents and the
user queries. The model computes P(1|D), the probability that a user’s information need (1) is
satisfied given a particular document (D). This probability can be computed separately for
each document in a collection. The documents can then be ranked by probability, from
highest probability of satisfying the user’s need to lowest [16].

2.4.3.2.2 Bayesian Belief Network Model

Bayesian belief network is the use of Bayesian calculus to determine the probabilities of each
node from the predetermined conditional and prior probabilities [28]. As Baeza-Yates et al
[16], stated in Bayesian belief network the users query q is modeled as a network node to its

associated random variable. Whenever q completely covers the concept space C the variable



is set to 1. Therefore belief network computes the probability of q, (i.e. P(q)) by the degree of

coverage of the space C by g.

Document d; is modeled as network node to its associated binary random variable. If d;
completely covers the concept space C the variable set to 1. To compute the probability of d;
(P(d;)), compute the degree of coverage of the space C by d;. In belief network documents
and the user query modeled as subsets of index terms. Each subset is interpreted as concept in

the concept space C [16].

The ranking principle in belief network expressed as, the degree of coverage provided to the
concept d; by the concept g. P(dj|q) is adopted as the rank of the document d; with respect to
the query q[16].

In general, probabilistic models attempt to capture the information retrieval problem within a
probabilistic framework. Unfortunately, the probabilistic model has got its own drawbacks.
First, the probability theory analysis takes much more time and efforts, and it offer
unnecessary theoretical burden on the researcher. Second, probabilistic model need to guess
the initial separation of documents into relevant and non-relevant sets. Third, the model does
not take into account the frequency with which an index term occurs inside a document. In

other word, all weights are binary [16,32].

However, probabilistic model have several potential advantages [16]. The first, advantage is
the expectation of retrieval effectiveness that is near to optimal relative to the evidence used
is high. Second, it has less reliance on traditional trial and error retrieval experiments. Third,
each document’s probability of relevance estimate can be reported to the user in ranked
output. It would presumably be easier for most users to understand and base their stopping

behavior (i.e., when they stop looking at lower ranking documents).
2.5  Query Operation

Without detailed knowledge of the collection make-up and of the retrieval environment,
most users find it difficult to formulate queries which are well designed for retrieval
purposes. In fact, the users might need to spend large amounts of time reformulating their
queries to accomplish effective retrieval. This difficulty suggests that the first query
formulation should be treated as an initial (naive) attempt to retrieve relevant information.
Following that, the documents initially retrieved could be examined for relevance and new

improved query formulations could then be constructed in the hope of retrieving additional



useful documents. Such query reformulation involves two basic steps: expanding the original

query with new terms and reweighting the terms in the expanded query.

For the query operations to happen relevance feedback and query reformulation is necessary.
Relevance feedback enables to identify relevant document retrieved for the users query and
query reformulation enables to expand the original query with the new terms and reweight the
terms in the expanded query so as to retrieve relevant documents which satisfy user’s
information need. There are various relevance feedback and query reformulation mechanisms
as discussed below [16, 17, 4, 50, 52].

251 Relevance Feedback

Relevance feedback is a mechanism of engaging users or system in retrieval process so as to
improve the final result of the IR system. The users tend to ask short queries, even when the
information need is complex. Irrelevant documents are retrieved as answers because on the
ambiguity of the natural language (words have multiple senses). If we know that some of
retrieved documents were relevant to the query, new terms from those documents can be
added to the query or the terms are reweighted in order to be able to retrieve more relevant
documents. This is called relevance feedback. Often, it is not possible to ask the user to judge

the relevance of the retrieved documents.

There are two relevance feedback mechanisms [16, 17, 19, 20], user relevance feedback and
pseudo relevance feedback. User relevance feedback is used to improve the final result of the
IR system by involving the users in relevance feedback during the retrieval process. The
procedures followed in user relevance feedback are the following. First, the user provides a
query based on the IR system returns initial relevant documents. Second, the user marks some
returned documents as relevant or non-relevant. Third, the system computes a better
representation of the information need based on the user feedback. Finally, the system

displays a revised set of retrieval results.

On the other hand Pseudo relevance feedback, also known as blind relevance feedback,
provides a method for automatic local analysis. It automates the manual part of relevance
feedback, so that the user gets improved retrieval performance without an extended
interaction. The method is perform normal retrieval to find an initial set of most relevant
documents, then it assumes that the top k ranked documents are relevant, and finally, the

system displays a revised set of retrieval results [16, 28].



2.5.2 Query Reformulation

Query reformulation is a mechanism used to enhance the performance of the retrieval system

by using two different methods called query expansion and term reweighting [1, 16].

Query expansion technique is a process of adding a new term from relevant documents.
There are two types of query expansion strategies [16]: global analysis and local analysis.
Global analysis strategy examines all documents in the collection so as to expand query.
Local analysis examine only documents retrieved automatically for a given query q to

determine query expansion.

Term reweighting technique is a process of adjusting the weight of the term based on the
users or system relevance judgment. There are different techniques of term reweighting [1].

Rocchio algorithm, probabilistic term reweighting etc [16].

Rocchio algorithm is one of the most widely used algorithms designed for vector space
model. It finds a query vector which increases similarity with relevant document while

decreases similarity with non-relevant documents [50].

Probabilistic relevance weights can be estimated from the relevant and non-relevant
documents retrieved in an initial search and can be used in the next iteration of the search to
improve retrieval performance. Such investigations test the benefits of modifying query
statements and relevance weights in a feedback process [35]. It attempts to predict the
probability that a given document will be relevant to a given query. The similarity of
document dj to a query g can be expressed as [16]:

p(ki /R) o p (ki /R) )

A ) equation 2.8
1-p() 1-p(ki/R) q

Sim (d}v CI) x Z}:l(wi,q)(wi,j) (log

Where, P(ki|R) express the probability of getting term ki in the relevant documents of R and
P(ki|R ) represent the probability of getting term ki in the non-relevant documents of R.
However, initially equation 2.8 is not used because of the probabilities of P (ki/R) and P(ki/R
) are unknown. For the initial search (when there are no retrieved documents yet), two
assumptions often made include: (a) P(ki/R) is constant for all terms ki (typically 0.5) and
(b) the term probability distribution P(ki/R) can be approximated by the distribution in the

whole collection. The two assumptions are expressed as:

n

P (ki /R) =0.5 and (kilR)==........................ equation2.9



Where, ni stands for the number of documents in the collection which contain the term ki.

Substituting into equation 2.8, we obtain [16]:

SiMinitiar (,q)=XF (Wi, Q) (Wi, j) log——......coviinnnnnn. equation 2.10

N—ni
i

n

For the feedback searches, the accumulated statistics related to the relevance or non-
relevance of previously retrieved documents are used to evaluate the probabilities p(ki/R)
and p(ki/R). According to the user judgment let Dr be the set of relevant retrieved documents
and Dr,i be the subset of Dr composed of the documents which contain the term ki Then, the

probabilities p(ki/R) and p(ki/R) can be approximated by

_IDr,i] _ni—|Dr,i|

p(ki/R) = p(ki/R)—m ............................ equation 2.11

Using these approximations, equation 2.8 can rewritten as

[Dr i ) (ni—|Dr,i])
|-IDr,i| = N—|Dr|—(ni—|Dr,i|)

Sim(dj,q)=X.{ (wi, q) (wi,j)[log o ]....equation 2.12

Notice that here; contrary to the procedure in the vector space model, no query expansion
occurs. The same query terms are being reweighted using feedback information provided by

the user or system.

Equation 2.11 poses problems for certain small values of |Dr| and |Dr,i| that frequently arise
in practice (Dr| = 1,|Dr,i| =0). For this reason, a 0.5 adjustment factor is often added to the
estimation of P(ki/R) and p(ki/R) yielding

ni—|Dr,i|+0.5
N—|Dr|+1

P (ke Ry=2E05 - (i /R=

[Dr|+1

equation 2.13

The adjustment fact made at equation 2.13 may provide inadequate estimation in some cases.
In this case, alternative adjustment factors have been formulated. For instance, replacing

adjustment factor 0.5 by ni/N

P (kil R) =228 p(ki/R=

[Dr|+1

ni—|Dr,i|+ni /N
N—|Dr|+1

equation 2.14

2.6 IR Systems Evaluation

Evaluation of information retrieval system is done before the system is implemented [16].
Several reasons are stated why evaluation is needed in IR. For instance, evaluation provides
the ability to [28]. 1) Validate and verify the system to check whether the system is right or
not. 2) Measure which one is the better system than the other one. 3) Measure how good the

IR system works. 4) Identify techniques/ algorithms that work well and do not work. 5)



Identify specific components of techniques or algorithms that work better. 6) Provide future

direction for further studies.

IR evaluation is highly related to the concept of relevance [48]. Relevance is the degree of
correspondence between retrieved documents and information need of users. Judgments are
produced by human judges and included in the standard test collections [47]. In order to
evaluate the performance of an IR system we need to measure the ranked list of results of the
relevant documents [32]. The typical evaluation process starts with finding a collection of
documents. A set of queries needs to be formulated. Then one or more human experts are
needed to exhaustively label the relevant documents for each query. This assumes binary
relevance judgments: a document is relevant or not to a query. This is simplification, because
the relevancy is continuous: a document can be relevant to a certain degree. Even if relevancy
is binary, it can be a difficult judgment to make. Relevancy, from a human standpoint, is

subjective, situational, it might be dynamic, and it can change over time.

In IR system evaluation, the two common measure of system performance are efficiency and
effectiveness. Efficiency is the time and space used by the system in retrieval process. To be
called efficient system, the retrieval and indexing time of the system should be shorter and
the space used in indexing file should be smaller. On the other hand, effectiveness refers how
much the system meets its designed objective. To be called effective system the system
should be capable of retrieving relevant documents from the collection and the system should
retrieved documents that satisfy users need [16] and the discussion proceeds with
effectiveness system performance measures, because this research is aimed at evaluation of

system retrieval electiveness.

Once the test collection is assembled, we can compute numerical evaluation measures, for
each query, and find an average over all of the queries in the test set [16, 19, 51, 52]: see

below all

Precision and Recall

Precision (P) measures the ability to retrieve top-ranked documents that are mostly relevant.
Recall (R) measures the ability of the search to find all of the relevant items in the corpus.

Number of relevant documents retrieved

Total number of documents retrieved

Number of relevant documents retrieved

Total number of relevant documents



F-measure and E-measure

The F-measure combines precision and recall, taking their harmonic mean. The F-measure is

high when both precision and recall are high.

_ 2PR
" P+R

F

A generalization of the F-measure is the E-measure, which allows emphasis on precision over
recall or vice-versa. The value of the parameter B controls this trade-off: if § = 1 precision
and recall are weighted equally (E=F), if B < 1 precision weights more, and if § > 1 recall
weights more.

_[1+p%]PR _ [1+B7]
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Average Precision

Usually precision is more important than recall in IR systems, if the user is looking for an
answer to a query, not for all the possible answers. Recall can be important when a user needs
to know all the relevant information on a topic. A system can increase precision by
decreasing recall and vice-versa; there is a precision-recall tradeoff (for example, recall can
be increased by simply retrieving more documents, but the precision will go down, since
many retrieved documents will not be relevant). Precision-recall curves can be used to

compare two IR systems for all values of precision and recall [16].

Some good measures are: precision at 5 retrieved documents, precision at 10 retrieved
documents or some other cut-off point; the R-Precision; the interpolated average precision;

and the mean average precision.

The R-precision is the precision at the R-th position in the ranking of the results for a query

that has R known relevant documents.

The interpolated average precision computes precision at fixed recall intervals (11 points), to
allow fair average over all the queries in the test set at the same recall levels [16]. This

measure is in use lately in evaluating IR systems.

The most widely-used measure is the mean average precision (MAP score) [1,5,13,16,19,
24]. It computes precision at each point in the ranking where a relevant document was found,

then averages over these values (and then over all queries).



2.7 Review of previous Related IR Works

From reviewed literatures there is no researches made yet on IR system for Tigrinya

language.

In this section the discussion proceeds with related IR Systems for international and local

researches made so far.

2.7.1 Related IR Systems for International Languages

Some probabilistic information retrieval researches that have been studied so far, which
results several body of literature on the topic and the related works are given below.

Probabilistic retrieval provides formal models for incorporating user or system relevance
feedback. This is possible based on the presence or absence of independently distributed
terms in relevant and non-relevant documents, and is referred to as the binary independent
model (BIM)[19, 35]. The BIM assumptions define “a term relevance weight, which is a
function of the relative likelihood of a term appearing in relevant and non-relevant documents
“I56]. Term relevance weights can be estimated from the relevant and non-relevant
documents retrieved in an initial search and can be used in the next iteration of the search to
improve retrieval performance. Such investigations test the benefits of modifying query
statements and term weights in a feedback process. In test collections for which exhaustive
relevance evaluations provide complete inventories of relevant and non-relevant documents
for a set of queries, term relevance weights can be computed definitively. Outcomes of such
investigations establish the optimal performance of the retrieval model [19, 56].

When we back to the probabilistic model background, Maron and Kuhns [47] first suggested
the probabilistic retrieval model. The basic idea is to rank the documents in a collection based
on their probability of being relevant to the current information need. This is expressed as
P(r/N), or the probability that the information need is met given document N. A user’s
information need is something internal to the user and cannot be expressed exactly to the
system, so this probability must be estimated using the terms supplied by the user in a query.

The estimation is simplified using Bayes’ theorem to rewrite the probability as;

p(|N)p(r)

p(rIN) = 22

................................................. equation2.15

Where r= relevant, N=total documents in the corpus



Document N can be represented as a binary vector x= (x1,x2,x3,...,xn), where xi=1 if term i
appears in document N, xi=0 if otherwise, and the terms are limited to those that appear in the
query. Now the estimation task amounts to estimating the probability of the terms appearing
in a relevant document, p(NJr), and the a priori probability of a document, p(N). P(r) will be

constant for a given query and so may be ignored.

Then after, Robertson and Sparck Jones [19], developed the well-known classical
probabilistic model called the Binary Independence Retrieval model so as to estimate the
probability of relevance for a given query q. (i.e. P(r |[N) or p(nr| N)). Where nr=non

relevant, r=relevant, N=total documents

Robertson and Sparck Jones work was based on two concepts: Independence assumptions

and ordering principle.

Independence assumptions: assumed that, “terms are distributed independently and

randomly”. Specifically

Independence assumptions one (I1): stated that ™distribution of terms in relevant

documents is independent and their distribution in all documents is independent”

Independence assumptions two (12): stated that “distribution of terms in relevant

documents is independent and their distribution in irrelevant documents is independent”

Ordering principle: The ordering principle states, ”documents should be ordered by their

probable relevance to the query”. Specifically,

Ordering principle one (O1): it stated that, “probable relevance is based only on the

presence of search terms in documents” and

Ordering principle two (O2): it stated that, “probable relevance is based on both the

presence of search terms in documents and their absence from documents”.

Taking independence assumption and ordering principle together, the theory yields four

specific weighting functions as shown in table 2.2.

Independence Assumption 11 Independence Assumption 12
Ordering principle O1 F1 F2
Ordering principle O2 F3 F4

Table 2.2: weighting functions

The weighting functions mentioned above have been characterized in a fairly superficial way.



In fact, all four functions (F1-F4) derive from a formal probabilistic theory of relevance
weighting [19]. The object of this theory is to drive an optimal ranking of the documents in a
collection, on the basis of presence or absence of in each document of the request terms,

when some information average performance of these is available.

For each of the weighting functions (F1 To F4), r; = number of relevant documents containing
ti, ni = number of documents containing t; R = number of relevant documents, N= number

of documents in collection.

r
F1 formula: wl= Iogé F2 formula: w2 =lo

, gﬁ,
"N " w

%R—r)’ /R—r)
%N—n) (_/N n—R+r)

Experimentally a comparison was also made for F1 to F4, for a large collection. The

F3 formula: w3 = log F4 formula : w4 = log

experiment was conducted using manually indexed Cranfield 1400 document collection

written in English language. The result of this experiment is summarized in Table 2.3.

Weighting function | Precision | Recall
F1 50% 90%
F2 60% 90%
F3 66% 80%
F4 70% 80%

Table 2.3: Experimental result of Robertson and Sparck Jones work

Weighting function one Flis based on the simplest and most obvious choices of assumption
and principle, while F4 derives from more complex and less obvious ones. However, they
argue ordering principle O2 is correct and I1 is incorrect and independence assumption two
12 is likely to describe reality more closely than I1. The performance also shows that F3 and
F4 performed consistently better than F1 and F2. On the other hand, the experiment depict
that, the performance of the system improves when information about the occurrences of
terms in relevant documents is added to information about their simple document incidence.
Specifically, relevance weights give a better performance than simple term matching [19].
Thus, the theory predicts that F4 is the best of the four functions.



Several attempts have been also made to improve the binary independent representation. For
instance, W. M. Shaw Jr [14] tries with the concept of term-relevance computations and
perfect retrieval performance on the CF database by modified the convention computing
equations for binary independent (BI) term relevance weights.

First the author tries to see and interpret the binary independent relevance weights in terms of

the conventional 'contingency’ table 2.4.

No. of relevant No. of non-relevant Total
documents documents
No. of documents r n-r n
including term k
No. of documents R-r N-n-R+r N-n
excluding term k
Total R N-R N

Table 2.4: Symbolic representation for the number of relevant and non-relevant documents
including and excluding term k

According to W. M. Shaw Jr [14] the relevance weight of term k, denoted wk, can be derived
from a 2x2 contingency table in which the number of relevant and non-relevant documents
including or excluding term k is represented symbolically. The number of documents in the
four cells and marginal totals of table 2.4 is expressed in terms of four variables: the total
number of documents (N), the total number of relevant documents (R), the number of
documents in which term k appears (n), and the number of relevant documents in which term

k appears (r).

“The probability term k appears in a relevant document, denoted by Pk, and the probability
term k appears in a non-relevant document, denoted by u, are defined respectively by % and

(n-r)

R and the

.The probability term k appears in a relevant document, defined by

pk
(1-pk)

probability term k appears in a non-relevant document, defined by% can be written in

terms of the empirical frequencies and are given respectively by Rrj and#jwr. If the

probability is high that term k appears in relevant documents and low that term k appears in
non-relevant documents, the presence of term k can discriminate the few relevant documents
from the many non-relevant documents in a large document collection, which is the

distinguishing characteristic of the desired term relevance function. Varying from zero to



infinity, with one signifying equal probability, the ratio of the odds term k appears in a
relevant document to the odds term k appears in a non-relevant document is the basis for the
relevance function. The logarithm of the odds ratio produces a symmetric scale and

constitutes the relevance weight (wk):

ok
wk = log, Ilg,fkl....................................equation 2.16

1-uk

Values of the term relevance function appear in the range —oco < wk < +o00. When the odds
term k appears in a relevant document are equal to the odds term k appears in a non-relevant
document, wk = 0. A positive value of the term relevance function (wk > 0) indicates the odds
favor term k appearing in a relevant document, and a negative value (wk < 0) indicates the

odds favor term k appearing in a non-relevant document .

The relevance function, subject to BIM assumptions, can also be derived from a formal
model based on Bayesian probability theory. In the formal model, the logarithm of the odds

ratio causes the value of documents to be an additive function of relevance weights (wk).

Although the meaning of relevance weights is conceptually ; computations of Pk, uk, and wk
can present difficulties, even with prior knowledge of all relevant documents; Pk is undefined
if R=0, uk is undefined if N-R=0, and wk is undefined if either Pk or uk equals one or zero.
Statistical theory has been invoked to resolve the problem of undefined values; leading to
computing formulas of the form given in equations 2.9 and 2.10, where c is an adjustable

parameter.

r+c

ko= equation 2.17

UK = ——— equation 2.18

r+c
(R—r+c)
(n—r+c)
(N—R—n+r+c)

W. M. Shaw Jr [14] states that “The theory demonstrates that the logarithm of is an

pk
(1-pk)

unbiased estimate of the logarithm of (:zk) when ¢ = 0.5. Statistical theory allows one half

is an

unbiased estimate of the logarithm of and that the logarithm of

to be added to each of the four cells of table 2.5 to guard against the effect of small cell
frequencies on certain statistical calculations and causes one to be added to the marginal
totals of the table. Consequently, the conventional computing formulas for pk and uk are
defined by equation 2.17 and equation 2.18, with ¢=0.5. The conventional computing

formulas do not allow wk to be undefined when r is equal to R or zero, or when n-r is equal to



N-R or zero. Statistical theory does not, however, insure that equation 2.17 and equation
2.18, with ¢=0.5, provide unbiased estimates of pk and uk, or that subsequent computations

of wk are meaningful in the present context”.

The conventional computing formulas [equation 2.17 and equation 2.18, with ¢=0.5] can over
estimate Pk and wk, particularly when R is small [20]. Consider, for example, a database with
any number of documents and a query with one relevant document (R= 1) and suppose term k
does not appear in the relevant document (r=0). Term k can appear in almost one-quarter of
the non-relevant documents and still yield a positive term relevance weight, suggesting that
the term is more likely to appear in a relevant document than a non-relevant document. In this
case, term k enhances the value of many non-relevant documents. The precision of a search

for a few relevant documents can be diminished by the conventional computing equations.

The conventional computing formulas can also over estimate Pk and wk, when R is large. If
term k appears in one non-relevant document and no relevant document (n= 1 and r=0), the
relevance weight of term k, wk, is positive, when almost one-quarter of the documents are
relevant. The conventional computing equations can produce illogical outcomes when ¢=0.5

dominates the computation of pk [14].

Robertson [51] has demonstrated that term relevance weights (wk) are logically equal to zero

when no relevance information is available, if ¢ = % For large databases and most retrieval
test collections, % is likely to be small compared to 0.5, and the modified computing formulas

[equation 2.17 and equation2.18, with ¢ = %] can be expected to resolve the problems of

undefined and over estimated values of wk, in most cases. However, if the universe of
documents (N) is composed of those retrieved and evaluated by an end-user, for the purpose
of initiating a feedback process, it would not be surprising to find a term appearing in all
documents. If term k appears in all documents, n= N, r =R, Pk = uk =1, and wk is undefined.
Applying the modified computing formulas to a small set of subject related documents for the
purpose of computing relevance weights could lead to mathematical singularities in the

absence of further modifications of c.

It is unnecessary and inappropriate, however, to modify all calculations of defining equations
for Pk and uk to resolve isolated mathematical singularities. Introduced here is a third set of

computing equations for Pk and uk, in which singularities are treated as special cases. If

pk=0, including the case when R=0, let pk = ﬁ; similarly, if uk=0, including the case



when  N-R=0, let uk = W If Pk or uk equals one, set the probability to (1 — W) The

square of collection size insures that probabilities of magnitude zero are reasonably estimated
in a small set of retrieved documents or a small test collection. Equation2.19 and
equation2.20 alter the defining equations only as needed and resolve previously described

computational difficulties.

( r[(N)z] ifr=0

pk=< equation2.19
%[ (N)Z] ifr=
[ Wl =0

uk =< equation2.20
kﬁ[l (N)Z] ifn—r=N-R

For the experiment three sets of computing equations were evaluated: these were

1. Equation 2.17 and 2.18 when ¢c=0.5:
2. Equation 2.17 and 2.18 when c=n/N:
3. Equation 2.19 and Equation 2.20

Experiment was held on a subset of the National Library of Medicine's MEDLINE file,
referred to as the CF database [14]. The CF document collection includes 1239 English
language documents published from 1974 to 1979.

The CF database includes 100 queries with exhaustive relevance evaluations from physicians
and scientists involved in CF care and research [57]. The principal author of the queries, a
group of faculty colleagues, and a group of post-doctoral associates examined the full text of
each document and judged the document to be "highly relevant,” a direct response,
"marginally relevant,” topically related, or "not relevant" to each query. Consequently, the
relevance representation then controlled in the CF database, and two distinct representations

were examined in this investigation. These were

(1) “A document was considered relevant to a query if at least one expert considered it to
be topically related or a direct response to the query; the associated search was referred
to as comprehensive, because marginally relevant, as well as highly relevant, documents

are sought”.



(2) “A document is considered relevant to a query if at least two of three experts
considered it to be a direct response to the query; the associated search is referred to as

specific, because only highly relevant documents are to be retrieved”.

In table 2.5 average values of recall (R), precision (P), and effectiveness (E) for three sets of
term relevance weight equations as a function of query representations and retrieval

expectations are given.

Retrieval Performance Evaluation For the three Computing Equations

Query | Retrieval Equation2.17 &2.18 | Equation2.17 &2.18 | Equation2.19 &2.20
expectation | when c=0.5 when c=n/N

R P E R P E R P E

Query Comprehen | 0.445 0.534 | 0.557 0.450 0.532 0.554 | 0.450 0.533 0.554
terms sive

Specific 0.566 | 0.531 | 0.515 | 0.587 | 0.590 | 0.467 | 0.589 | 0.590 0.466

All Comprehen | 0.560 0.651 | 0.430 0.996 0.989 0.008 | 1.000 0.996 0.002
terms sive

Specific 0.540 | 0.395 | 0.642 | 1.000 | 0.994 | 0.003 | 1.000 | 0.999 0.001

Table 2.5: Retrieval Performance Evaluation for the three Computing equations in CF

database

As the result shows, the binary independence probabilistic model appears to be capable of
producing perfect retrieval results for document and query representations composed of

simple word stems.

Deficiencies of conventional computing equations, particularly equation 2.17 and equation
2.18, in the BIM and the merits of alternative formulations, particularly equation 2.19 and
equation 2.20, are likely to be revealed by query expansion, which appears to be essential to
the success of probabilistic retrieval and relevance feedback [43,58].

Thus, term relevance weights derived from the BIM have been investigated by W. M. Shaw
Jr [14]. Analyses reveal the optimal performance of three sets of term relevance computing

formulas, as a function of query representations and retrieval expectations.

Optimal performance of conventional computing equations 2.17 and 2.18 overestimate some
term relevance values, and modified equations resolve the over estimation problem. This is
possible when the query is constrained to include only the few, general terms of a typical
query statement. Optimal retrieval effectiveness is mediocre. Feedback operations adjust only
the weights of a few, fixed query terms cannot be expected to raise retrieval performance



beyond the standard of mediocrity. Conventional equations continue to produce mediocre

levels of performance when the query is expanded to include all terms in the database [14].

Modified equations, particularly equation 2.19 and equation 2.20, produce essentially perfect
levels of performance for both comprehensive searches and specific searches when the query
representation includes all terms in the database. The theoretical limit of the BIM is
perfection. A feedback process, in which discriminating terms are added to the original query

terms and term relevance weights are accurately computed experimental outcomes [14].

In addition to the above, other research by B.-H. Cho, et al. [48] tries to see term dependences

in probabilistic information retrieval model.

This was an attempt that has been made to improve the binary independent representation
with different test collection. For instance a new method of incorporating term dependence in
probabilistic retrieval model was by adapting Bahadur—Lazarsfeld expansion (BLE) to
compensate the weakness of the BIM assumption by extending the 2-poison model [48]. This
was through the experiments on two standard document collections, HANTEC?2.0 in Korean
and WT10g in English; they demonstrate that incorporation of term dependences using the
BLE significantly contribute to the improvement of performance in at least two different
language IR systems. From the results, a statistically significant improvement of performance
was obtained on both document collections by incorporating the term dependences using the
BLE [48].

They conclude that incorporating term dependences using BLE into a 2-Poisson model was a
viable and appropriate technique to overcome inconsistency under the linked dependence

assumption model.

The greatest disadvantage in using the BLE was, nevertheless, it has been clarified by [59,
60, 61) that incorporation of a term dependence model actually improved the performance,
when a higher order model of term dependence is used, the easily reached formal
representation of the model (in fact, the greatest merit of term independence) cannot be

maintained and we become extremely difficult estimating the probabilities of the model.

In addition to, the retrieval cost was very high because co-occurrence information between
the two terms must be obtained at the search time when the user query was given. The longer
the size of the query, the greater the number of term pairs which incur a much higher retrieval

cost. To reduce this cost, useless term pairs can be removed at a certain threshold. Because



this was not the essential solution, that’s way they recommended for the future to develop

effective algorithms or auxiliary DBs to pre-obtain the co-occurrence information.
2.7.2 IR Systems for other Ethiopian Languages

The review also has been done to find out work done for local languages in Ethiopia. Very
limited research works conducted so far on Amharic IR, Afaan Oromo IR, Amharic—English
and Afaan Oromo-English CLIR. But nothing is found for Tigrinya IR, except one study
Tigrinya—Ambharic CLIR by Tsegay in 2013.

When we came to local researches, a number of IR studies have been conducted so far for
Ambharic language but in probabilistic model only one had been developed by Amanual in
2012.

Amanuel [11], tried to design and develop a probabilistic based information retrieval system
for Amharic language based on the probabilistic model. To test the prototype system
developed, 300 Amharic News articles were used as a document corpus. All news articles are
obtained from the web site of Walta Information Center. Additionally, 10 test queries were
selected by the researcher to test the performance of the system. In designing the IR system,
Binary Independent Model (BIM) model was selected and implemented. System evaluation

was based on the F-measure and registered on the average of 73% F-measure.

Tessema and Solomon [23] designed and implemented Ambharic search engine, which
retrieve web documents written in Amharic language. Even if general search engine such as
Google, Yahoo have the way to accept Amharic query and retrieve relevant document, they
simply match patterns without considering the feature of Amharic language that affect the
retrieval performance. In this research, a complete language specific process has been done,
such as, crawler, indexer and query engine component. The experiment result shows, the
average precision and recall of 99% and 52% respectively. In future work, the need for

considering additional features of Amharic text was recommended.

In addition to these mentioned above, numerous Amharic and Oromifa IR systems had
developed like Tewodros [23] had tried to see the performance of Amharic text retrieval
using latent semantic indexing (LSI) with singular value decomposition and Hassen Redwan

et al [2] developed search engine for Amharic web content. These are few to mention.



An attempt also was made to develop Tigrinya-Ambharic Cross lingual Information Retrieval
(CLIR) systems which enable Tigrinya native speakers to access and retrieve the information

that are available in Tigrinya and Amharic .

The performance of the system after User Relevance Feedback was measured using recall,
precision, and F-measure. The system registered an average recall of 84% and 93%, an
average precision of 75% and 64%, and average F-measure of 79% and 73% for Tigrinya and
Ambharic languages respectively. Finally recommendation was drawn that the performance of
the CLIR system can be improved by designing good stemmer for both languages [12].

But still this could not give satisfactory performance for the peoples of Tigrinya speakers as

retrieving Tigrinya documents by Tigrinya query.

Generally CLIR is used to enable retrieval of document in specific language with query in
other language different from the language in which the document was written [1, 16, 17].
But such systems may not consider the artifacts in the language, as a result of which they may
not be as effective as possible to satisfy information need of users. So developing an IR
system following modern IR principles that takes into account language related issues is
necessary before designing a cross language retrieval system[1]. And in this research, apart
from CLIR, a complete Tigrinya language IR specific process has been done with the same

model.

There are some stemming researches developed for Tigrinya languages so far. For instance
the first attempt to develop Tigrinya stemmer was made by Girma in 2001.Then developed
by Yonas [26] in 2011.

In this paper the researcher used the rule based stemming algorithm developed by Yonas
[26] which removes prefix and suffix in successively applied steps. The stemmer was
evaluated using error counting method. The system was tested and evaluated based on the
counting of actual understemming and overstemming errors using a total of 5437 word
variants derived from two data sets. Results show that the stemmer had an average accuracy
of 86.1%.

To generalize, several IR systems have been developed in the last decade, most of the works
were attempt to design an Amharic IR system using vector space model except Amanual’s
work that have been used probabilistic model. However, the use of vector space model may

not control uncertainty nature of IR system [1, 20, 30, 31]. Thus in this study an attempt is



made to develop probabilistic based Tigrinya IR system to check the performance of the rule-

based Tigrinya stemmer developed by Yonas [26].



CHAPTER THREE
3.1 Probabilistic Tigrinya IR System Design and Architecture

By definition, an Information Retrieval system is a field concerned with the structure,
analysis, organization, storage, searching, organization of, and retrieval to
information™[1,16]. The function of any IR system is to process a user request for information
and retrieve materials that have contents that could potentially satisfy the information need of

the user.

According to the architecture of this system in Figure 3.1, the IR system takes both
documents and queries as input. Two major distinct processes are involved; one is the
indexing of documents and the other is the processing of queries (description and
formulation). Queries must be represented by a set of terms just like documents before they
can be matched with documents. Query formulation refers to the preparation of the query for
input to the matching system.

The component that determines which items are significantly related (i.e., relevant) to a
user’s need takes both the document and query description as input and does some relevance
processing (matching computation or searching). If relevant items are found, references to the
items the whole document will be made available to the user.

Figure 3.1 depicts the probabilistic based IR system architecture designed and implemented
in this research. It indicates that, the IR system has online (Searching) and offline (Indexing)
processes. During the offline process, Tigrinya documents are organized using inverted
indexing structure. To ease the indexing task, text operations are applied on the text of the
documents in order to transform them in to their logical representation. The documents are
indexed and the index is used to execute the search. The searching task is an online process
that accepts users query. The query is processed to identify terms using which searching is
done to identify and retrieve relevant documents. After ranked documents are retrieved, the
users provide feedback that can be used to refine the query and restart the search for

improved results [16, 20]. See the system architecture in figure 3.1.
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Figure 3.1% Probabilistic based Tigrinya IR system architecture [16]

3.2 Data pre-processing and corpus preparation for Tigrinya

Document Indexing

In Information retrieval system corpus is needed for evaluation of the system [28]. Tigrinya
document collected from different news articles and other online resources passes through
different procedures in order to index and use the retrieval system. Since in information
retrieval, searching is possible or efficient when the database is small. However, in large
databases searching will take much more time and space unless indexing structure is used to
organize documents. Therefore, constructing and maintaining indexing on large database is

necessary. Matches are then more likely to be relevant, and since the documents are smaller it

* Explanation of Figure 3.1: Text operations are applied from text of the documents and on the description of the
user information need in order to transform them in a simplified form needed for computation. The documents
are indexed and the index is used to execute the search. After ranked documents are retrieved, the user can
provide feedback which can be used to refine the query and restart the search for improved results.



will be much easier for the user to find the relevant once in the document [28]. Several works
has been done so as to index the document collection/corpus used in this research. These

tasks include; tokenization, normalization, stop-word removal, and stemming,
3.2.1 Tokenization

Tokenization is the process of chopping character streams in to tokens, while linguistic
preprocessing then deals with building equivalent classes of tokens which are the set of terms
that are indexed. Tokenization in this work also used for splitting document in to tokens and
detaching certain characters such as punctuation marks. The numbers, punctuation marks and
control characters in the text of each file were not considered for indexing because they
content description [28]. All punctuation marks, control characters, numbers and special
characters are removed from the text before the data is processed. All punctuation marks are
converted to space and space is used as a word demarcation. Hence, if a sequence of
characters is followed by space, that sequence is identified as a word. A consecutive sequence
of valid characters was recognized as a word in the tokenization process. The algorithm given

below is for tokenization

Open the file/corpus for processing
Create string container
Do

Read the content of the file line by line and split to string by space

Put to container for each strings

For word in container

If word contains punctuation marks, numbers, special characters
Replace them with a space
End for

While end file

Algorithm3.1: Tokenization [15]

The above algorithm tokenizes the text documents as follows: first, the content of file is read
line by line. Second, split them by space in to list of words. Third, check whether the word
within the list contains punctuation marks, control characters or special characters of Tigrinya
language; if any exist within the word replace it with space. This step continues until end of
line reaches. Similarly, digits are also removed using the python built in function called “sub*
which takes a digits symbol “d+” as argument and removes digits from the whole list of

words.



3.2.2 Normalization

The Ethiopic Script includes different letters that have the same sound in a language. The
letters 'a' (se) and 'w' (se), letters 'a" (Tse) and 6 (Tse) are some examples. These forms, by
some writers use them interchangeably. Thus, a single Tigrinya word may exist in two
different variations on many documents. For example, ev&%+(meShEt) and a2¢%+ (me'ShEt)
are two variants of the same word meaning 'pamphlet’. Such variant forms have negative
effect on precision of retrieval. Thus, a routine is added to convert such variants in to a single

form.

Input corpus/files
Read the character from the corpus/ files
if the character is "4","","¢","»","","4","¢"
Change each to "v","v-","¢","7","4","v",""" orderly respectively

else if it is """ upt a1 oyt Moyt et et

Change each to "a","a","a.","a","a.","0","a" orderly respectively
else if itis "a","a.", ", "a" & & e

Change each to "e","e~","9.","9","4","8","#" orderly respectively

Algorithm3.2: Normalization algorithm
3.2.3 Stop Word Removal

Not all terms found in the document are equally important to represent documents they exist
in. Some terms are common in most documents. Therefore, removing those terms, which are
not used to identify some portions of the document collection, is important. Such terms are
removed based on two methods. The first method is to remove high frequent terms by
counting the number of occurrences (frequency). The second method is using stop word list

for the language [54].

In this research the second method is used to apply stop word removal. Removing stop words
were applied before stemming is implemented. This is because, some stop words may have

different look if they are stemmed and can be considered as content bearing terms.

In this study, stop words are identified manually by consulting books and dictionaries of the
Tigrinya languages. The consulted books and dictionaries help to identify preposition,
conjunction, articles, pronoun and auxiliary verbs of the Tigrinya language. After identifying
the stop words in the Tigrinya documents, algorithm 3.3 remove the stop words from the

document corpus.



Read stop word list file
Open the documents for processing
Do
Read the content of the file line by line and assign the content to string
If word is in stop word list
Remove word from the index term
Else
Continue
End if
While end file

Algorithm 3.3: Stop word removal [15]

As shown in algorithm 3.3 above, the system reads the list of stop word from stop word list

file and will not indexed those words.
3.24 Word Stemming

Stemming is a normalization step that reduces the morphological variants of words to a
common form usually called a stem by the removal of affixes. Among the many
normalization steps that are usually performed before indexing, stemming has significant
effect in both the efficiency and the effectiveness of IR for many languages [28, 36]. The
complexity of stemming process varies with the morphological complexity of a natural
language. Tigrinya belongs to the Semitic language family that includes languages like
Ambharic, Arabic and Hebrew. Those languages are highly inflected and derived. Therefore,
words have to be reduced to their root using stemming technique [40]. On the other hand,
stemming is also used to reduce the dictionary size (i.e. the number of distinct terms used in
representing a set of documents). The smaller the dictionary size the smaller storage space
and processing time required. Moreover, Stemming techniques are language dependent.
Therefore, every language needs to have language specific stemming technique. In Tigrinya
text, there are many word variants/affixes [40]. To conflate them into stem word, stemming
technique/ algorithm developed by Yonas [26] for Tigrinya languages were used. Yonas

developed the stemmer that involves the removal of both prefix and suffix.
3.3  Searching Using the Probabilistic Model

Because of its capability of handling the uncertain nature of information retrieval, the Binary
Independent Model (BIM) is used to design probabilistic Tigrinya IR system. This is because,
according to C. D. Manning, et al [28], the first step in most of probabilistic methods is to



make some simplifying assumption. Thus, BIM is the model that has been used with the
probabilistic ranking principle by introducing some simple assumptions which makes

estimating the probability function P(R|d, q) practical [53].

The feedback process is also directly related to the derivation of new weights for query terms
and the term re-weighting is optimal under the assumptions of term independence [16]. In
addition, it is the first model that has been used in several researches because of its clear and

simple mathematical and theoretical assumptions.

In binary independent model there are two steps to compute term probability. The first step
compute terms when there is no retrieved document at initial stage. The second step compute
terms after documents are retrieved and feedback is provided automatically [24, 53]. At first,
since the properties used to retrieve relevant information are unknown and only index terms
are known properties, attempt has to make the initial guessing. The assumptions made in this

step are [18]; p(ki|R) is constant for all index terms k (usually, its equal to 0.5)

The distribution of index terms among the non-relevant documents can be approximated by

the distribution of index terms among all the documents in the collection.

These two assumptions will give as;

P(ki|R)=0.5 and P(K|R)= IOQ(WJ

ni+05 J . equation3.1

Where, N is the total number of documents in the collection and ni is the number of

documents which contain the index term Ki.

Using this initial guess, documents are retrieved which contain query terms and provide an
initial probabilistic ranking. After documents are retrieved, the system looks at the top 10
retrieved documents by assuming them as relevant. The system then uses this feedback to
refine the description of the answer set. At this stage, initial ranking is shown and more
discriminating information about terms is available (i.e. pseudo relevance feedback), this will
allow more accurate estimation [16,19, 20]. Therefore, relevant documents retrieved should
be improved using probabilistic relevance weighting technique. This technique uses the

concept in term incidence contingency [18]. See table 3.1 shown below.



Relevant Non-relevant Total

Containing the term r n-r n
Not containing the term R-r N-n-R+r N-n
Total R N-R N

Table 3.1: Term incidence contingency table [19]

Where,
v" ris the number of relevant documents that contain the term,
v" n—ris the number of non-relevant documents that contain the term,
v nis the number of documents that contain the term,
v" R-r is the number of relevant documents that do not contain the term,

v N —n —R +ris the number of non-relevant documents that do not contain the

term,

v N —n is the number of documents that do not contain the term, R is the number of

relevant documents,

v" N =R is the number of non-relevant documents and N is the total number of

documents in the collection.

After the knowledge of relevant documents and non-relevant documents for a given query is
completed, the next step is estimating the probability of finding term (ti) in relevance
document using equation 3.2 and the probability of finding term (ti) in non-relevant

document using equation 3.3 [18];

P(t, |R)= (%} ....................................... equation3.2
n—r -
PLIR)=| ——= | e tion3.3
(t | R) (N—Rj equation

According to C. J. van Rijsbergen and K. S. Jones [56], the above equations can be rewritten

to compute term presence weighting function as;



W = Iog[—l\I —ni=R+ rj ........................... equation3.4
(R=n)(n-r)
However, Robertson and Jones [19], noted different assumptions lead to a different formula
for computing term weighting. They argue “in practice users may find themselves in the
situation where, even if they know some relevant documents are retrieved, they wish to
continue searching”. They assume that “users may not found all the relevant documents that
would satisfy their need”. Therefore, the record in the center of the contingency table (i.e. N —
n — R + r) may not be taken as absolute. The estimation of document relevance when
considering new items has to allow for uncertainty. This estimation adds 0.5 to all the central

record and it derives a specific term relevance weighting formula;

Relevance Weighting

............... equation3.5

AW — IOg((r+O.5)(N —n-R+ r+0.5]

(R=-r+0.5)(n-r+0.5

3.4 IR System Evaluation

Retrieving relevant document from the collection that satisfies users need is the heart of IR
system evaluation in determining its effectiveness. IR evaluation is highly related to the
concept of relevance. Relevance is the degree of correspondence between retrieved

documents and information need of users.

Even if relevance is subjective concept there is no possibility of ignoring it. One of the
approaches to deal with subjectivity is by generating “user profiles”. User profile includes
knowledge about user‘s needs or preferences. This helps the IR system to give what “meant”

not what they asked for. To enhance this user profile should be generated automatically.

The test corpus of this research consists of a collection of documents, a set of information
requests and a set of relevant documents evaluated by the researcher). Given a retrieval
strategy S, the evaluation measure quantifies (for each information request) the similarity
between the set of documents retrieved by S and the set of relevant documents provided by

the researcher. This provides an estimation of the goodness of the retrieval strategy S [16]

Based on the concept of relevance (i.e. to a given query or information need), there are
several techniques of measures of IR performance available, such as, precision and recall, F-

measure, E-measure, MAP (Mean average precision), R-precision [16,20].



In this study, the three widely used techniques ; precision, recall, and F-measure are used to
measure the effectiveness of the IR system designed. Precision and recall are the two most
frequent and basic statistical measures. Recall is percentage of relevant documents retrieved
from the database in response to users query, whereas precision is percentage of retrieved
documents that are relevant to the query [1,35,16] and F-measure is a single measure that
trades-off precision versus recall. It is the weighted harmonic mean of precision and recall.
The recall, precision and F-measure can be calculated using equation 3.6, 3.7 and 3.8

respectively using information from table 3.2.

Relevant | Not

relevant Collection size=A+B+C+D
Retrieved A B Relevant SALC
Not C D

retrieved Retrieved=A+B

Table 3.2: Retrieved versus relevant documents

Rel t |[N|Retrived .
Therefore, Recall =lReerant InRetrived | - .. equation 3.6

Relevant

.. Rel t |[N|Retri d .
Precision= [Relevant InlRetrieved | .. equation3.7

Retrieved

2xRecall * Precision

F-measure= s TP equation3.8
Recall + Precision

The above formula for precision and recall, assume that, all relevant documents (A+C) are
examined by user manually. Then, the retrieved documents (A+B) are presented according to
their degree of relevance as per the user query by the system prototype. Then, the system
examines the ranked documents starting from the top. Using this output recall and precision
are measured. Therefore, for appropriate evaluation of recall and precision, plotting a
precision versus recall curve is necessary [16, 35]. After the recall- precision curve is
constructed, based on the original recall and precision may result in saw tooth curve. Thus,
there is a need to smooth the curve using interpolation technique. which states that the “the
interpolated precision at the  j-th standard recall level is the maximum known precision at

any recall level between the j" and (j + 1)" level: P(r;)= max P(r)”

rj<r<riy

In general, precision and recall have been used widely so as to evaluate information retrieval
system performance. However, they measure two different aspects of the system and thus
they are inversely relative. If recall of a system is improved then the precision is reduced. The



reason behind this is that, when attempt is made to include many of the relevant documents,
irrelevant documents more and more exist in the answer set. On the other hand, if precision of
a system is improved then the recall is reduced. This is because; there are retrieved relevant
documents among the whole relevant documents found in the corpus. Achieving both

precision and recall 100% is ideal, but impossible [16].

Several problems have been distinguished. First, to make appropriate estimation of maximum
recall for a query, it needs deep knowledge of all the documents in the collection. Second,
even if many situations consider the use of a single measure, which combines both, recall and
precision capture different aspects of the set of retrieved documents. One of the methods

developed to alleviate the above recall and precision problems is the F-measure [16].

In summary, there are different methods in designing probabilistic based IR system.
However, the binary independent method is used to develop probabilistic based IR system for
Tigrinya language so as to enhance the performance of the IR and to ease the problem of
uncertainty that exists in IR. To evaluate the performance of the method, the model is

implemented and tested using Tigrinya documents.



CHAPTER FOUR
EXPERIMENTATION AND ANALYSIS

4.1 Introduction

This chapter reports on the experiments conducted using the architecture designed in chapter
three, and the findings from the experiment. It describes the test environment. In this research
an attempts has been made to design a probabilistic information retrieval system for Tigrinya
language. The system has both the indexing and searching parts as in Figure 3.1. Inverted file
indexing structure is used to organize documents so as to speed up searching. The
probabilistic model that attempts to simulate the uncertainty nature of an IR system guides
the searching and the prototype system has been developed using Python programming
language.

4.2  Document and Query preparation for the Experimentation

4.2.1 Test corpus preparation

According to R. N. Oddy [62] a test collection in IR consists of a static collection of
documents. In a setup for an experiment, the numbers of documents and queries are usually
small (reasonable). The use of a reasonable size collection for experiment tests is justified, as
Oddy explains from the point of view of the labor and time required to set up the test

collection with complete relevance judgments.

So far there is no standard established test collection for Tigrinya information retrieval
testing. Experiments in this study are therefore based on sets of documents and queries set up
by the researcher [62]".

For the purpose of this research a corpus with 300 short documents were used. Those
documents were obtained from different web sites. Minister of Health, Minister of Education,
different news, online bible chapters, Walta Information Center, and Hadas Eritrea and
Hidiyat megazin (h&¢t avd%1) were sources of the researcher’s corpus collection and very

few of these were used in a previous research by Tsegay semere [12].

To test the performance of the system 10 (ten) queries were selected by the researcher. The

preparation of the query was done in such a way that it is relevant for the given selected test

*R. N. Oddy said that “The evaluation uses test data, that is documents and queries chosen by the
experimenter and with known characteristics”



documents. Each document is saved under common folder using .txt format, which is

supported by most of programming language.

As shown in table 4.1, the document corpus contains seven (7) groups, which are health,
education, Religion, social, politics, sport and art related areas.

No Types of Documents Number of

1 | Health related 40

2 | Education related 30

3 | Religion and philosophy 40

4 | Social related 40

5 | Politics related 80

6 | Sport related 30

7 | Artrelated 40
Total 300

Table 4.1: Corpus used for the development of Tigrinya IR system

4.2.2 Query preparation

In order to make the experiment, ten (10) queries are identified. These queries are marked
across each document as either relevant or irrelevant to make relevance evaluation as in
appendix one for each document. The main importance of having identified queries is to
evaluate the performance of the system [16]. These queries are selected subjectively after
reviewing content of each document by the researcher. For this performance evaluation
purpose the selected queries are given in table 4.2. In column three (3) of table 4.2 query
short- cuts are given which can help to use these short- cuts instead of rewriting those queries

again in further process (processes).



No Query Query short-cuts

1 |eoCEY  ANLCY 1Now V7 A

2 | genANA hANGH WTITVTT S8 VIS AR B
POG AMANNT anCYN6

3 | MO0 9°Caonl- hii- AL 0. | HeN C

4 | HooGP T9°VCE 9°09chd-ch? G2 TI9°VCTE NWCYT D
AOF $L77 Al A TeEP

5 | am.chA-A A0 ARG TS avdhG PS.0 E

6 | ACYT FPA 0S77 ooCYT QWWAITT A 1A F
naAJ~1 1942

T 3P 1 BRAZAEAP T ADGTOLePT 1LTIT TPy G
AT ACACT N7

8 | ANAL @l WGP 29°N6-0LP NS77 H
NEHP PANT hHO., ACTe-

9 | Z¢h N AhCS Vi, L '

10 | 94.9 £:9°9 A%%607 W1 oo’ 7I0t: A% P J

Table 4.2: query terms with their assigned short-cuts

4.3

Indexing and searching components of the Experimentation

4.3.1 Document indexing

In the preprocessing stage, this study addresses tokenization, normalization, stop word

removal and word stem (stemming) of Tigrinya documents [28]. After preprocessing stage

the indexing is done.

4.3.1.1 Tokenization

All punctuation marks, control characters, numbers, borrowed characters ( like $, &, ?) and

special characters are removed from the text before the data is processed. All punctuation

marks are converted to space and space is used as a word demarcation. Hence, if a sequence




of characters is followed by space, that sequence is identified as a word®. A consecutive

sequence of valid characters was recognized as a word in the tokenization process [28].

The below code is a fragment of code that removes each of the above mentioned characters.

f tokenization(v_String):
lp:[x:‘f':,II'»xl‘:"l,'Ifx!‘f,?’IIi'l‘:“/‘Elf’zz'f.f'‘llzlll“lfl“'fyi’llzyl‘:lll%‘f':'lI"HII.’I"'I‘C‘IIQI
e Ry e ety el el )
v_String=re.sub('[220=2.22():%,<>=""/"2"220 M "\ufeff]','"',v_String)
for i/in- 1p:
v_String=v String.replace(i,'')

v_String=v String.replace('','')

v_String= re.sub('[\d+]','', v_String)
v_String= re.sub('[A-Za-z]','', v_String)

Figure 4.1: Python code for tokenization

4.3.1.2 Normalization

As discussed in section 2.2.4.1 (the problem of redundancy of some characters), in Tigrinya
writing system, there are alphabets, which have the same sound during reading. To convert

such characters to their common form, normalization module is implemented.

These different symbols must be considered as equivalent because they do not cause changes
in meaning. As a result, in this research, all different symbols of the same sound were
converted to one common form. For example, the characters w and a have similar sound
(with the sound se). These two characters with equivalent sound are converted to A (se). 6
and & are characters with equivalent sound and are changed to o (tse). v (he) and -1 (he) also
have the same sound then converted to v (he). This conversion is for its entire seven form

variant.

In the normalization module, these words written in abbreviation also normalized into their

normal word structure. Its code is given below.

From the python codes of (Figure 4.1 and Figure 4.2) given tokenized and normalized
documents are returned for next process and the process iterates till the whole documents in

the corpus are analyzed.

5 . . . .
A word (token) is an instance of a sequence of characters in some particular document that are grouped together as a
useful semantic unit for processing according.



def normalization(text) :
h1={"U", nL_\u, n'-in’ rllf'n, vv%n’ n!’;n, nU—:n]

S TAT WA AT AT T N MAT TS
= e e s B Iy e

si=["a-, nlé’,u, rl!ﬁ‘_u' nqe nmu’ nhT, TaT]

= [ TEaFT Ry eRT PPy UF  TRLaRF  TRyar T WV s F1 Pl O
s2=[" [ S r B g O Rl (A ]

—=[Wg" WG W WgUW_ WgR _ NQIW_ MAW _ TWAN
EI=120", =", L5, "7, %, e, T ]

C2=["K]", "7, UR", RN _Twgnw mwgn wugmnj

WIS=["AAT, "RQT , MR 4N WEEN nRegon WE@RN WERAT]

W2=[" AT, IR WALW MOAERN mAGGDR nA@RR maszm]
e1=["AA@-" , "AHARFCT TR T WERAR ST UEHW WEROOACH weChiCT]
e2=[" A@-", TUHAFFOT M Agn nrpaign nrgn nigoqeon noc wy
di=["AFEFoT, TR PRHETIT UOULOZAA T, TRIEPT, man npn)
d2=["’fgorT, TN nrgrnn noR/ A M MI3een wen wam]

- i in range(len(hl)) :
text=text.replace(h3[i] hi[i])
text=text.replace (t2[i],tli[i])
text=text.replace (s2[i],si[i])
text=text.replace (w2[i],wi[i])
text=text.replace (t2[i],tli[i])
text=text.replace (e2[i],el[i])
text=text.replace (d2[i],di[i])

' text

Figure 4.2: Python code for normalization

4.3.1.3 Stop-words removal

After tokenization and normalization the next step in the preprocessing stage is Stop word
removal. The index terms selected in this study are content bearing terms which are not part
of stop word list [28].

For the purposes of this research stop word list are inspected manually. This is to remove all
verbs and nouns from stop word list which are more or less directly related with the main
subjects of the underlying collections and to include those non-content bearing word in the

stop word list.
The general stop word lists for this research are compiled in Appendix four.

The code in figure4.3; read stop word list from text file and compared it with tokenized and

stemmed index term. Then, if word is similar, it removes from index terms.

This is the step where most of the inflections are removed. The affix removal algorithm
depends on a list of prefixes and suffixes. In Tigrinya text, there are many word
variants/affixes. To conflate them into stem word, stemming technique/ algorithm developed
by Yonas [26] was used. Yanas developed the stemmer that involves the removal of both

prefixes and suffixes.



stp_w=I[]
nsw=0
stopw=open{"StopwordList.txt"”,encoding="utf-8")
iie stopw.readline() !="'"':
nsw= nsw+l
stopw.close ()
stopw=open ("StopwordList.txt"”,encoding="utf-8")
e i in range(l,nsw):
line=stopw.readline ()
line=line.rstrip()
line=line.strip()
stp_w.append(line)
stopw.close ()

Figure 4.3: Python code for removing stop words

4.3.1.4 Stemming: prefix and suffix Removal

Figure 4.4, depicts python code implementation module of prefix and suffix removal of

Tig

rinya words.

- sufpre(v_List):

prix=open("Prefixliist.txt"”,encoding="utf-8"')
prefix=prfx.read /()
prefix=prefix.split ()
sfx=open("SuffixList.txt"”,encoding="'utf-8")
suffix=sfx.read ()
suffix=suffix.split /()
for m in range (0,len(v_List)):
stemed gquery='"
stemed gquery=stemed query+v_List[n]
for preffix 1 in range (0,len(prefix)-1):
if(len(stemed_ gquery)>2):
if (stemed gquery.startswith(prefix[preffix 1])):
stemed gquery=stemed query.replace (prefix[preffix 1]
preffix l1=len (prefix)
for suffix 1 in range(O,len(suffix)-1):
if(len(stemed gquery)>2):
if (stemed gquery.endswith(suffix[suffix 1])):
stemed gquery=stemed query.replace (suffix([suffix 1],
suffix l1=len(suffix)
v_List[n]l=stemed gquery
sfx.close ()
prfx.close ()
return v_List

Figure 4.4: Python code for prefix and suffix removal

The code takes list of words and check if the length is greater than two or not. If the length of

the word is less than two, the word is returned without further processing. If the length of the

word is greater than two, the code iterates on word and check characters if they matched with

one of the prefix found in prefix list. If the character is matched, the stemmed word is

returned. This procedure is possible for all prefix and suffix list. The prefix and suffix lists

are attached in Appendix five and six respectively.




4.3.2 Searching Using the Probabilistic Model
4.3.2.1 Initial search

The searching component of the prototype uses probabilistic model. Users‘information need
is represented as query. The detail of query term preparation is discussed in section 4.2.2.
Query text pre-processing is done in similar way to indexing part. Pre-processing part
involves tokenization, normalization, stop word removal and stemming. Each query term

should pass through each of these processes as it was elaborated in Figure 3.1.

The main objective of the prototype system is to map query terms and documents in the
matrix to make comparison between documents and query, then calculating the weight of
each query terms based on the notion implemented by probabilistic model and finally
calculating the score of each document relevance and ranks in decreasing order as discussed

in section 3.3.
From the actual code used in the prototype a screen shot of the initial output which shows the
first list of retrieved document using a given query is given in figure 4.5.

| NEHAFS/RT KiFL RLOR/LLOF 2 oomtthf® ThT@-/ovhmttAT ThTP:945 £F°L A%LchT Al o0t ATCRET

Initial search result which is before relevance feedback:
| Ot et oeALt HELh(r 42A4T KHF® HOMY hKe-9°
"shortcuts: RW= relevance weight, Doc. List= document list
Rank Doc. List RW

£y = Tgfiles1 :  : e.se168 |
£z - Tgfileoz :  : e.sel6s |
la e - Tgfileos :  : e.seles |
P Toriless :  : 6.86168 |
T Tgriless :  : 6.86168 |
T Tgrile11s :  : 6.s6168 |
iy - Tgfileso :  : s.e1382 |
P Tgfile272 :  : 3.086 |
[é '''''' Tgfile27s :  : 3.086 |
e g < Torilezes : i 2.51695 |

RIZMC HACAM oolBhra+ KT hgGe (3) 2moE/2mo-$:
RIHENE® T3 : ht AAFTS Odh o%ZBhF WCChAl (1) Emo-F/2mo-F:

|

Figure 4.5: A Screen shot of retrieved document for a given query



4.3.2.2 Relevance Feedback

The users tend to ask short queries, even when the information need is complex. Irrelevant
documents are retrieved as answers because on the ambiguity of the natural language (words
have multiple senses) [16]. If we know that some of retrieved documents were relevant to the
query, terms from those documents can be added to the query in order to be able to retrieve
more relevant documents. This is called relevance feedback. Often, it is not possible to ask
the user to judge the relevance of the retrieved documents. In this case a pseudo-relevance
feedback method is used. It assumes the ten (10) retrieved documents are relevant and use the
most important terms from them to expand the query and document relevance is reweighted

again then ranks in decreasing order.
4.4  Retrieval Performance Evaluation

Once information retrieval system is designed and developed it is essential to carry out its
evaluation. Evaluation of IR system can be examined from the view point of its effectiveness
or efficiency [28]. The type of the evaluation considered depends on the objectives of the
retrieval system [16], even though complete evaluation process requires evaluation of both
system effectiveness and efficiency. The objective of this research is to examine the
effectiveness of probabilistic IR system using Tigrinya language corpus. Therefore, for this
research only effectiveness of IR system is taken into consideration to determine the
performance of the system. As a result, retrieval effectiveness of a system is evaluated on the
given set of documents (corpus), queries and relevance judgments. The performance of the

system is evaluated before and after relevance feedback using ten (10) queries.

This IR system effectiveness is evaluated in various ways [28]. These are precision, recall
and F-measure. As discussed in section 2.6, Precision, Recall and F-measure are the most
frequent and basic statistical measures which are widely used measures to assess the
effectiveness of IR system. These three parameters are used in this research so as to measure

the effectiveness of the designed probabilistic based Tigrinya IR system.

The relevance judgments are prepared to construct document query matrix that shows all
relevant documents for each test query prepared as shown in appendix one. Then, each test
query is measured by precision, recall and F-measure, and then the average of each test query

represents the performance registered by the system.

The performance of the prototype system is evaluated before and after stemming in four

different ways. These are:



A) Evaluation before stemming; including

1) Evaluation before relevance feedback

2) Evaluation after pseudo relevance feedback
B) Evaluation after stemming under it:

3) Evaluation before relevance feedback

4) Evaluation after pseudo relevance feedback

The performance of the system is evaluated using B(4) which means the final result expected
for the system is the system after stemming text of the documents and after these stemmed
text documents are evaluated using a relevance feedback by the system so called pseudo
relevance feedback. Numerous testing has been made to fix threshold. For retrieving a set of
relevant documents that can achieve the maximum optimal performance, initially before
relevance feedback, the relevance weight greater than or equal to two (>=2) has been found
that the optimal threshold. The relevance weight greater than or equal to three (>=3) is the
optimal threshold value fixed for retrieving a set of relevant documents after pseudo

relevance feedback.

As can be seen on the architecture of the prototype in figure 3.1 the system is designed with
pseudo relevance feedback. Thus in table 4.3, table 4.4, table 4.5 and table 4.6 the researcher

used pseudo relevance feedback.

4.4.1 Retrieval performance evaluation of the system before stemming

Before relevance feedback
No | Listof | Relevant Ranked Ranked
queries | docs from retrieved docs | relevant and
corpus retrieved
manually
evaluated
1 164, 165, 166, | 166, 133 166
A 167, 168, 169,
229, 230, 231,
232, 233 Total=1
Total=11 Total=2
2 12,13, 14, 15, | 30, 257, 260, | 30, 257, 260,
B 28,29, 30, 32, | 261, 12, 14, 15, | 261, 12, 14,
33, 34, 65, | 276,278, 29,32, | 15, 29,32,
256, 257, 260, | 34,89 34,
261
Total=13 Total=10




Total=15

1,4,5,7,8, | 256,4, 8, 255, | 256,4,8,
15, 28, 256, | 1,5,7 1,5,7
257 Total=7 Total=6
Total=9
1, 16, 17, | 26, 36, 27, 39, | 26, 36, 27,
18, 19, 20, | 20, 22, 40, 41, | 39, 20, 22,
2L, 2, 3, | B 8, | 15, 25, 181
5‘71 gi’ gg 17, 35, 16, 19, | 37, 38, 17,
! 7’ ' | 24,31,77,220, | 35, 16, 19,
gg' ?10’ f’ﬁ’ 266, 267, 268, | 24, 31
) ) » | 280, 290
131 Total=20
Total=29
Total=22
56, 281, 282, | 281, 282, 283, | 281, 282,
283, 284, 285, | 284 ,286, 287 | 283, 284,
286, 287, 288, | ,289, 290, 291, | 286 , 287,
289, 291,292, | 292, 293, 294, | 289, 291,
293, 294, 295, | 296, 297, 299, | 292, 293,
296, 297, | 300, 285, 288, | 294, 296,
298, 299,300 | 295, 298, 49, | 297, 299,
56 300, 285,
Total=20
_ 288, 295,
Total=21 208, 56
Total=20
2,3,9,10,11 |3, 2, 79,9 |3,209,
257, 76, 127,
Total=5 251, 12, 36,
185, 271, 259 Total=3
Total=13
98, 99, 100, | 100, 117, 107, | 100, 117,
101, 102, 103, | 99, 118, 70 107, 99, 118,
104, 105, 106, _
107, 117, 118 Total=5
Total=12
Total=6
66, 67, 68, 70, | 66, 67, 80, 79, | 66, 67, 80,
72,74,75,76, | 271, 68, 76, 70, | 79, 68, 76,
77,78,79,80 | 74, 287, 297, | 70,74, 72,
72, 272, 269,
Total=12 240 Total=9
Total=15
10, 96 , 116, | 139, 225, 187, | 225, 187,
187, 225, | 227, 133, 234, | 227, 234,
227, 234 96, 128, 240, | 96
265, 268, 269
Total=7 Total=5

Total=12




10 91,92,93,94, | 91, 92, 93, 94, | 91, 92, 93,
95, 119, 90 95, 119, 90, | 94, 95, 119,

272, 275, | 90,
TOta|:7 163,270

Total=7
Total=11

Table 4.3: Before stemming: List of relevant documents from corpus manually evaluated,
total ranked retrieved documents for each query and ranked list of (retrieved & relevant)
documents before and after pseudo relevance feedback

Using the information from table 4.3 above precision (P), recall (R) and F-measure (F) are
evaluated and given in table 4.4. This evaluation is done before stemming; including before

relevance feedback and after pseudo relevance feedback. See table 4.4

Before relevance feedback After relevance feedback

Query | 2 | 3| 4| P | R|F |3|4]| P |R|F
11 2 1 0.5 0.091 | 0.154 | 11 | 11 1 1 1

15 13 10 0.77 | 0.667 | 0.714 | 12 | 10 | 0.833 | 0.667 | 0.741
10 7 6 0.86 06 |0706 | 8 | 7 |0875| 0.7 | 0.778
22 29 20 0.69 | 0.909 | 0.785 | 52 | 20 | 0.385 | 0.909 | 0.541
20 21 20 0.95 1 0.975 | 22 | 20 | 0.909 1 0.952
5 13 3 0.23 06 |[033 |6 | 3 0.5 0.6 | 0.545
12 6 5 083 | 0417|055 | 5 | 5 1 0.417 | 0.589
14 15 9 0.6 0.643 | 0.621 | 21 | 12 | 0.571 | 0.857 | 0.685

5

7

7 12 0.42 0.714 | 0.527 | 12 | 5 | 0.417 | 0.714 | 0.527
7 11 0.64 1 0778 | 21 | 7 | 0.333 1 0.5

cl=IT|OmMmolO|m >

Average values of P, R and F 0.65 | 0.664 | 0.615 - 0.682 | 0.786 | 0.686

Table 4.4: Experiment one before stemming (before and after relevance feedback): the
effectiveness of the probabilistic Tigrinya IR system on 10 selected queries

Keys the researcher used in table 4.4:

2: Number of relevant documents evaluated manually from corpus for each query
3: Number of total retrieved documents for each query before stemming
4: Number of retrieved and relevant documents for each query before stemming

As it is observed from table 4.4, the average result of precision, recall and F-measure of the
system using the result before relevance feedback by the model about the relevance of
document is 65 % precision, 66.4 recall and 61.5 F-measure. Since, in probabilistic model the
initial guess of relevant document is based on Boolean expression, thus, all terms that match
one of user queries will be retrieved which increases the number of denominator used for

calculating precision, thereby decreasing the percentage of precision.



Therefore, in order to increase the performance of the system, the probabilistic model uses
pseudo relevance feedback so as to apply query terms reweighting in order to increase the
weight of terms found in relevant documents and decrease the weight of terms found in non-

relevant documents.

As can be seen from Table 4.4, after pseudo relevance feedback on initially retrieved
documents as relevant and non-relevant, the average percentage of precision is increased by

3.2%, recall is increased by 12.2% and F-measure is increased by 7.1%.

4.4.1 Retrieval performance evaluation of the system after

stemming
Before relevance feedback
No | Listof | relevant Ranked Ranked
queries | docs from retrieved docs | relevant and
corpus retrieved
manually
evaluated
1 164, 165, 166, | 166, 133 166
A 167, 168, 169,
229, 230, 231,
232, 233 Total=1
Total=11 Total=2
2 12, 13, 14, 15, | 89, 30, 260, 14, | 30, 260, 14,
B 28, 29, 30, 32, | 15, 40, 33, 256, | 15, 33, 256,
33, 34, 65, | 257, 258, 261, | 257, 261,
256, 257, 260, | 12, 13, 276, | 12,13, 32,
261 278, 32, 34,29, | 34,29, 65
Total=15 65,209, 88 Total=14
Total=21
3 1,4,5,7,8, | 256,4,8,1, 256,4, 8,1,
c 15, 28,61 255, 257,5, 257,5,7,
256, 257, 7,61 61
Total=9 Total=7
Total=10
4 1,16, 17, | 26, 36,37,39, | 26,36, 37,
18, 19, 20, | 27,20, 22, 40, 39, 27,20,
21 22 23 | 41,21,18,13, | 22,40, 41,
D ot on | 30,25,79,132, | 21,18, 25,
24,25, 26, 131, 38,17, 35, | 131, 38, 17,
21,31, 35, 102, 287, 297 35
36, 37, 38, 259’ ' '
39, 40, 41, Total=16
131 Total=24
Total=22




5 56, 281, 282, | 281, 282, 283, 281, 282,
283,284, 285, | 284 286,287 | 283, 284,
286, 287, 288, | ,289, 290,291, | 286 , 287,
289, 291,292, | 292,293, 294, | 289, 291,
203, 294, 295, | 296,297,299, | 292, 293,
206, 297, | 300,285,288, | 294, 296,
208, 299,300 | 295,298,49, | 297, 299,
56 300, 285,
Total=20
| 288, 295,
Total=21 298, 56
Total=20
6 2,3,9,10,11 | 2,3,257, 185, | 2,3, 9, 10,
~ 79, 272, 275,
Total=5 9,10, 12,76
Total=10 | Total=4
7 98, 99, 100, 3305910170’1
101, 102, 103, | 100, 107, 11'7 i18 '
104, 105, 106, | 98,99, 101, 102, 105
107, 117, 118 117, 118, 102, '
105, 70
Total=12 '
Total=10 Total=9
8 66, 67,68, 70, | 66, 67, 80, 66, 67, 80,
72,74,75,76, | 68,271,79, | 68,79, 76,
77,78,79,80, | 76 74,272, | 74,70,75,
99,185 70, 75, 77, 185, 77, 78,
Total=14 | 78,270,107, | 72,99
240, 269, _
185, 69, 72, Total=14
99,205,287,
297,275
Total=25
9 10, 96,116, | 139, 75, 225, | 225,187,
187, 225, 187, 133, 234, | 234, 96, 116,
227, 234 96, 116, 128, | 227
227
Total=7 Total=6
Total=10
10 91,92, 93,94, | 91, 92, 93, 94, | 91, 92, 93,
95, 119, 90 95, 119, 90, | 94, 95, 119,
272, 275, 265, | 90,
270, 161, 183
_ Total=7
Total=7 Total=13

Table 4.5: after stemming: List of relevant documents from corpus manually evaluated, total ranked
retrieved documents for each query and ranked list of (retrieved & relevant) documents before and
after pseudo relevance feedback



Using the information from table 4.5 above precision (P), recall (R) and F-measure (F) are
evaluated and given in table 4.6. This evaluation is done after stemming; including before

relevance feedback and after pseudo relevance feedback. See table 4.6

Before relevance feedback After pseudo relevance

feedback
Query | 2 | 3| 4 P R F 3|4 P R F
A 11| 2 2 1 0.182 | 0.308 | 11 | 11 1 1 1

15| 21| 14 | 0.667 | 0.933 | 0.778 | 15 | 11 | 0.733 | 0.733 | 0.733

1019 |7 (0778 07 |0737| 8 | 7 |0875| 0.7 |0.778

22 | 24 | 16 | 0.667 | 0.727 | 0.696 | 30 | 21 | 0.7 | 0.955 | 0.808

20 | 21| 15| 0.714 | 0.75 | 0.732 | 22 | 20 | 0.909 1 0.952

5|10 4 0.4 08 |[0533|10| 5 0.5 1 0.667

12 110 | 9 0.9 075 [ 0818 | 9 | 9 1 0.75 | 0.857

I O mf m O O W

14 | 25 | 14 | 0.56 1 0.718 | 26 | 12 | 0.462 | 0.857 | 0.6

I 7110 6 0.6 | 0857|0706 | 15| 7 | 0.467 1 0.637

J 7 113 | 7 | 0.538 1 0.7 | 27| 7 | 0.259 1 0.411

Average values of P, 0682 | 077 | 0,673 - 0691 | 09 | 0.744
RandF

Table 4.6: Experiment two after stemming (before and after relevance feedback): the
effectiveness of the probabilistic Tigrinya IR system on 10 selected queries

Keys the researcher used in table 4.6:

2: Number of relevant documents evaluated manually from corpus for each query
3: Number of total retrieved documents for each query after stemming
4: Number of retrieved and relevant documents for each query after stemming

As it is observed from table 4.6, the average result of precision, recall and F-measure of the
system using the result before relevance feedback by the model about the relevance of
document is 68.2% precision, 77% recall and 67.3 % F-measure. Since, in probabilistic
model the initial guess of relevant document is based on Boolean expression, thus, all terms
that match one of user queries will be retrieved which increases the number of denominator

used for calculating precision, thereby decreasing the percentage of precision.

Therefore, in order to increase the performance of the system, the probabilistic model uses

pseudo relevance feedback so as to apply query terms reweighting in order to increase the



weight of terms found in relevant documents and decrease the weight of terms found in non-

relevant documents.

As can be seen from Table 4.6, after pseudo relevance feedback on initially retrieved
documents as relevant and non-relevant, the average percentage of precision is increased by

0.9 %, recall is increased by 13 % and F-measure is increased by 7.1 %.

4.5 Result analysis, Findings and challenges

4.5.1 Result analysis

The performance of the system is evaluated before and after stemming in four different

ways. These are:
A) Evaluation before stemming; including

1) Evaluation before relevance feedback

2) Evaluation after pseudo relevance feedback
B) Evaluation after stemming under it:

3) Evaluation before relevance feedback

4) Evaluation after pseudo relevance feedback

Using the information given in table 4.3 and table 4.4 evaluations is done by measuring the
recall, precision and F-measure of each test query and the average of each query result are

obtained as the performance of the system before stemming.

Evaluation results before stemming, as indicated in Table 4.4 both before relevance feedback
and after pseudo relevance feedback registered good performance where in the case of the
performance of before relevance feedback, it registered 65 % precision, 66.4 % recall and
61.5 % F-measure and after pseudo relevance feedback it registered 68.2% precision, 78.6 %

recall and 68.6% F-measure.

For each of the parameters precision, recall and F-measure, the pseudo relevance feedback
registered better value than that of before relevance feedback. Where precision increases by

3.2%, recall increases by 12.2% and F-measure increases by 7.1%.

Also using the information given in table 4.5 and table 4.6 evaluations is done by measuring

the recall, precision and F-measure of each test query and the average of each query result are



obtained as the performance of the system after stemming. This evaluation is also done in two

ways before relevance feedback and after relevance feedback.

As indicated in Table 4.6 both parameters results performs significantly better performance
than the parameter result of table 4.4 where the performance after stemming: before
relevance feedback , it registered 68.2 % precision, 77 % recall and 67.3 % F-measure and
after pseudo relevance feedback it registered 69.1 % precision, 90 % recall and 74.4% F-

measure.

For each of the parameters precision, recall and F-measure, the pseudo relevance feedback
registered better value than that of before relevance feedback where precision increases by
0.9%, recall increases by 13 % and F-measure increases by 7.1 %. The summary of this
discussion is given in the below table 4.7. The table below shows the difference of the result
achieved before and after stemming for each parameters that is P, R and F; where considering

before and after relevance feedback.

Before stemming After stemming The gap Aand B

=A =B that is ; B-A

P 65% 68.2% 3.2%
Before relevance feedback | R 66.4% 78.6% 12.2%
F %61.5 68.6% 7.1%

P 68.2% 69.1% 0.9%

After pseudo relevance R 7% 90% 13%
feedback F 67.3% 74.4% 7.1%

Table 4.7: summary of the result achieved before and after stemming

Recall (R) measures the ability of the search to find all of the relevant items in the corpus
[16] whereas precision (P) measures the ability to retrieve top-ranked documents that are
mostly relevant and F-measure (F) is the harmonic mean of the two measures that is P and R.
In every result always after stemming achieves better result than before stemming. Because
always B-A achieves positive result in table 4.7. In this study the maximum recall and
precision registered are in after stemming - after pseudo relevance feedback which are 90 %
and 69.1 % respectively. And as we observed from table 4.7 the nature of probabilistic model

in using relevance feedback, after pseudo relevance feedback the results are improved.

Note that precision and recall are set-based measures. They evaluate the quality of a set of
retrieved documents. To evaluate ranked lists, recall-precision curves are used [28]. For those

cases to have smooth curve, Precision at 11 standard recall levels is used. Each recall-



precision point is computed by calculating the precision at the specified recall level value.

For the rest of recall values, the precision is interpolated as in Figure 4.6:

Interpolated Recall-Precision Curve for each
standard recall level

before stemming + before
relevance feedback

Precision O. " Y ¥-— before stemming + after
relevance feedback

== after stemming + before
relevance feedback

after stemming + after

0.1 0.2 03 0.4 050607 0809 1 relevance feedback

Recall

Figure 4.6: Interpolated precision at 11 standard recall levels

The interpolation of precision/recall curve is done for each available 10 queries in figure 4.6.
This is important so as to show the performance of the system. As it is observed from Figure
4.6, the performance of the system registers better performance (after stemming +after
relevance feedback). The curve at the upper right-hand corner of the graph indicates the best
performance registered by the system, in which recall and precision reaches maximum point.
At recall level, 0.9 the maximum precision registered is 0.7 this represents the average

performance registered by the system.

However, there are several challenges which limit to register best promising performance.
This is because of synonymy and polysemy of terms. The system is greatly affected by
synonymous and polysemous nature of Tigrinya words. For instance the Query (0100
J°Cavd. b AL 0.)) meaning (about HIV examination) is one of the queries which
registered lower recall. In this case some relevant documents are not retrieved. Example
document ‘Tgfilel5.txt’ is relevant for this query but not retrieved. This happens because this
query is not directly available at document *Tgfile15.txt’ but this document contains the term
(Mo g°Cand- . L30Y) meaning (about AIDS examination) in which they are synonym.
Thus there are such problems in other documents also. This problem can handle by

considering synonymous and polysemy words.



Because morphological inflection nature of Tigrinya writing system, terms are highly

inflected for number, genders, Person, adjectives.

Often, morphological variants of words have similar semantics and can therefore be
considered as equivalent in information retrieval. Stemming algorithms reduce words to their
stem or root form. Thus, instead of using the original document or query terms, the stems of
these terms are used for information retrieval. Consequently, using this approach can
significantly increase the number of relevant documents found, thus precision can increase
also. Stemming algorithms do not always produce stems which are real words. However, this
should not be a problem, provided that (a) words with different semantics are reduced to
different stems and (b) different words with the same semantics are reduced to the same stem.
However, these requirements are not always met. Requirement (a) is not met when dealing
with polysemy (words with two different meanings). A polysemy is always reduced to the
same stem, regardless of its specific meaning. Requirement (b) is not always met when
dealing with synonyms (different words with the same meaning). It is possible that the
synonyms differ to such an extent that they are reduced to different stems. From these
observations it is clear that polysemy and synonyms can cause serious problems in stemming,
thus in information retrieval [28]. Also these problems are also appeared in this stemmer

used.

4.5.2 Findings and challenges

Generally the work done has registered promising performance. Better performance will be
achieved if stemmer algorithm is improved, and there is mechanism to handle polysemy and

synonymy of Tigrinya words.

Still there was no probabilistic IR research conducted for Tigrinya language except cross
information retrieval for Tigrinya-Amharic language in 2013 by Tsegay [12]. The obtained
result of this research indicates that probabilistic based IR system for Tigrinya language
register encouraging performance with 69.1% precision, 90.0% recall and 74.4% F-measure.
Basically the research is conducted to check the performance of IR system for Tigrinya
language using the Tigrinya stemmer developed by Yonnas [26]. However, still here are
problems with stemmer. The stemmer is a rule based stemmer. It is unable to handle the in-

fixes.

With this performance registered there are several challenges which limits to register the best

possible performance from the model. These are



1) Nature of the probabilistic model

In probabilistic model the initial guess is made based on Boolean expression. There is a high
probability of having similar weight. This will result retrieving no documents or retrieving all
documents containing those terms. In this case, the precision decreases highly and the recall

becomes high.

In initial guess of relevant document, it does not consider the importance of the frequency of
the terms in the document. For this reason, sometimes those documents having query terms
with highest frequency than others could be ranked behind. In this case, users faced with the
problem of having to choose the appropriate words that are also used in the relevant
documents. Hence, poor result could be displayed when the system retrieve documents after

feedback is given.

2) The problem of polysemy and synonym of terms
Some Words in Tigrinya language has polysemy and / or synonym words. In IR system
unless there is a mechanism to control those kinds of words, the performance of the system
highly decreases because relevant documents containing synonym word for the query term
are not retrieved, while irrelevant documents that contains polysemy /synonym words are
retrieved. For instance, for a query “9°04ch4-ch” meaning they broadening, a document
contain word “9°HC.2<h” meaning spreading out could not be retrieved unless it contain the
query word itself “9°04<sh4-ch”. The combination of the above results leads to a decrease in

the performance of the system in both precision and recall.

3) No standard test corpus for Tigrinya language
Finding a large size and standard corpus for Tigrinya language is also considered as one of
the challenge faced in this research. There is no any developed standard corpus for Tigrinya
language. Thus, in this research the researcher uses small size corpus from differnt sources as
discussed in section 4.2.1. 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.



CHAPTER FIVE
CONCLUSION AND RECOMMENDATION

5.1 Conclusion

Text retrieval system is very important for retrieval of textual documents. The study attempts
to develop probabilistic IR system for Tigrinya. The developed prototype has two modules:
indexing and searching. The indexing part of the work involves tokenization, normalization,

stop word removal and stemming. The stemmer is adopted from Yonas [26].

The indexing component is developed to enable the arrangement of index terms to permit fast
searching and reading memory space requirement used to speed up access to desired

information from document collection as per users query.

The developed Tigrinya text retrieval system has also searching components. The main parts
are the representation of the user's information need, query text operation, query operation to
have an actual query, the comparison of document term and query through probabilistic IR
model, ranking of documents and query reformulation through pseudo relevance feedback (as
required) to improve the initial result of the model.

In this IR system, the Binary Independent Model (BIM) is chosen and implemented. At first
step when the search component initiated the system generates the first ranked list of relevant
documents then using terms from the initial guess made the system also searches again using
pseudo relevance feedback. Finally based on the pseudo relevance feedback the system
improves its performance. This leads us to conclude that pseudo relevance feedback is useful
for the improvement of an IR system. However, as the researcher observed from literatures,
since probabilistic model used Boolean expression for initial guess of relevant document, it
does not consider the importance of the document based on the frequency of the terms in the
document. For this reason, sometimes those documents having query terms with highest
frequency than others could be ranked lately. In this case, users faced with the problem of
having to choose the appropriate words that are also used in the relevant documents. Hence,
poor result could be displayed when the system retrieve documents after pseudo relevance
feedback is given.

According to the experimentation made the system registered an average precision of 69.1%,
recall 90.0%, and F-measure 74.4%. This is a promising result to design an applicable IR

system. However, we have observed that synonym and polysemy nature of Tigrinya words



affects the performance of the IR system. It is possible to conclude that if Tigrinya and
similar language challenges are controlled with the help of thesaurus, a better performing

stemmer, and other sub-modules, it is possible to develop a usable IR system for Tigrinya.

In general, the researcher concludes that it is possible to develop a complete IR system for
Tigrinya using a probabilistic approach which can be further improved by increasing the
corpus size in the language. We can also conclude that existing systems like stemmers
developed by MSc researchers can be integrated in to bigger ones like IR systems to get

performance improvement.

5.2 Recommendation
Tigrinya retrieval system has wide open place for future study. The area is just at the
beginning level. It needs collaboration of researchers and funding organizations. In fact the
researcher would like to recommend the following. Specially for further researchers in the

area

v" Probabilistic model make the initial guess based on Boolean expression, which
blocks 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 and
then use probabilistic relevance feedback to improve the performance of the system.

v" One of the problems in enhancing the performance of Tigrinya IR system is the
existence of synonym and polysemy terms in Tigrinya text. The researcher
recommends integrating mechanisms of controlling synonyms/ polysyms terms in the
probabilistic model to enhance precision and recall of the system.

v' According Yonas [26] the stemming algorithm used in this research has
understeming and overstemming problem. It frequently overstems (sometimes
understems) word variants. This greatly affects the performance of the system.
Therefore, potential work need to consider 1) hybrid of rule based and dictionary
based Tigrinya stemming algorithm or 2) ontology based stemming algorithm that
conflates using meaning understanding (recommended more) in order to see the
retrieval effectiveness of the system on the area.

v Finding a standard corpus and test queries with relevance judgment for testing the
designed system is one of the challenges faced in this research. Therefore, future

research need to consider the development of standard Tigrinya corpus that can be



used by researchers to evaluate progress made in designing Tigrinya IR systems.
Thus, the future researchers need to give an emphasis on the development of corpus

for Tigrinya to reach an applicable information retrieval.
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Appendix One: Document-Query matrix used for relevance judgment; where R= relevant,
NR=non relevant

A B C D [E F G H i 3
TofileL txt NR_|NR R R NR_|NR |NR |NR |NR |NR
Tofile2.txt NR_INR |NR |[NR |NR |R NR_|NR | NR | NR
Tofile3.txt NR_|NR |NR |[NR |NR |R NR_|NR | NR | NR
Tofiled.txt NR_|NR R NR | NR |NR |NR | NR |[NR |NR
Tofile5.txt NR_|NR R NR | NR |NR |NR | NR |NR |NR
Tofile6.txt NR_|NR |NR [NR |NR |NR |NR |NR |NR |NR
Tofile7.txt NR_|NR R NR_|NR |NR |NR | NR | NR |NR
Tofile8.txt NR_|NR | R NR_ |NR |NR |NR | NR | NR |NR
Tofile9.txt NR_|NR |NR |NR |NR |R NR_|NR_|NR | NR
Tofile10.txt NR_|NR |NR |[NR |NR |R NR_|NR IR NR
TofilelLtxt NR_|NR |NR |[NR |NR |R NR_|NR_|NR | NR
Tofile12.txt NR_ | R NR_ INR |INR |[NR |NR |NR |NR |NR
Tofilel3.txt NR_ | R NR_ INR |INR |[NR |NR |NR |NR |NR
Tofilel4.txt NR_ | R NR_ INR |INR |[NR |NR |NR |NR |NR
Tofile15.txt NR_ | R R NR_|NR |NR |NR | NR | NR |NR
Tofile16.txt NR_INR |NR |R NR_|NR |NR |NR |NR |NR
Tofilel7.txt NR_INR |NR |R NR_|NR |[NR |NR |NR |NR
Tofile18.txt NR_INR |NR |R NR_|NR_|NR |NR [ NR | NR
Tofile19.txt NR_INR |NR |R NR_|NR_|NR |NR [ NR | NR
Tafile20.txt NR_INR |NR |R NR_|NR_|NR |NR [NR | NR
Tafile21.txt NR_INR INR [R NR_|NR_|NR |NR [NR | NR
Tafile22.txt NR_INR |NR |R NR_|NR_|NR |NR [ NR | NR
Tafile23.txt NR_INR |NR |R NR_|NR_|NR |NR [ NR | NR
Tofile24.txt NR_INR |NR |R NR_|NR_|NR |NR [ NR | NR
Tofile25.txt NR_INR |NR |R NR_|NR_|NR |NR [NR | NR
Tofile26.txt NR_INR INR [R NR_|NR_|NR |NR [NR | NR
Tofile27.txt NR_INR |NR |R NR_|NR_|NR |NR [ NR | NR
Tofile28.txt NR_ | R R NR_ [NR |NR |NR | NR [NR |NR
Tafile29.txt NR_ | R NR_ |NR |INR |NR [NR |NR |NR |NR
Tafile30.txt NR_ | R NR_ |NR |INR |NR [NR |NR |NR |NR
Tafile31L.txt NR_INR INR |R NR_|NR |NR |NR | NR |NR
Tafile32.txt NR_ | R NR_ INR INR |[NR |NR |NR |NR |NR
Tafile33.txt NR_ | R NR_ INR INR |[NR |NR |NR |NR |NR
Tafile34.txt NR_ | R NR_ INR INR |[NR |NR |NR |NR |NR
Tofile35.txt NR_INR INR |R NR_|NR |NR |NR | NR |NR
Tafile36.txt NR_INR INR |R NR_|NR |NR |NR | NR |NR
Tafile37.txt NR_INR INR |R NR_|NR |NR |NR | NR |NR
Tafile38.txt NR_INR INR |R NR_|NR |NR |NR | NR |NR
Tafile39.txt NR_INR INR |R NR_|NR |NR |NR |NR |NR
Tafiled0.txt NR_INR INR |R NR_|NR [NR |NR | NR |NR




Tafile41.txt NR NR NR R NR NR NR NR NR NR
Tafile42.txt NR NR NR NR NR NR NR NR NR NR
Tafile43.txt NR NR NR NR NR NR NR NR NR NR
Tafile44.txt NR NR NR NR NR NR NR NR NR NR
Tafile45.txt NR NR NR NR NR NR NR NR NR NR
Tafile46.txt NR NR NR NR NR NR NR NR NR NR
Tafile47.txt NR NR NR NR NR NR NR NR NR NR
Tafile48.txt NR NR NR NR NR NR NR NR NR NR
Tafile49.txt NR NR NR NR NR NR NR NR NR NR
Tafile50.txt NR NR NR NR NR NR NR NR NR NR
Tafile51.txt NR NR NR NR NR NR NR NR NR NR
Tafile52.txt NR NR NR NR NR NR NR NR NR NR
Tafile53.txt NR NR NR NR NR NR NR NR NR NR
Tafile54.txt NR NR NR NR NR NR NR NR NR NR
Tafile55.txt NR NR NR NR NR NR NR NR NR NR
Tafile56.txt NR NR NR NR R NR NR NR NR NR
Tafile57.txt NR NR NR NR NR NR NR NR NR NR
Tafile58.txt NR NR NR NR NR NR NR NR NR NR
Tafile59.txt NR NR NR NR NR NR NR NR NR NR
Tafile60.txt NR NR NR NR NR NR NR NR NR NR
Tafile61.txt NR NR NR NR NR NR NR NR NR NR
Tafile62.txt NR NR NR NR NR NR NR NR NR NR
Tafile63.txt NR NR NR NR NR NR NR NR NR NR
Tafile64.txt NR NR NR NR NR NR NR NR NR NR
Tafile65.txt NR NR NR NR NR NR NR NR NR NR
Tafile66.txt NR NR NR NR NR NR NR NR NR
Tafile67.txt NR NR NR NR NR NR NR NR NR
Tafile68.txt NR NR NR NR NR NR NR NR NR
Tafile69.txt NR NR NR NR NR NR NR NR NR NR
Tafile70.txt NR NR NR NR NR NR NR R NR NR
Tafile71.txt NR NR NR NR NR NR NR NR NR NR
Tafile72.txt NR NR NR NR NR NR NR R NR NR
Tafile73.txt NR NR NR NR NR NR NR NR NR NR
Tafile74.txt NR NR NR NR NR NR NR R NR NR
Tafile75.txt NR NR NR NR NR NR NR R NR NR
Tafile76.txt NR NR NR NR NR NR NR R NR NR
Tafile77.txt NR NR NR NR NR NR NR R NR NR
Tafile78.txt NR NR NR NR NR NR NR R NR NR
Tafile79.txt NR NR NR NR NR NR NR R NR NR
Tafile80.txt NR NR NR NR NR NR NR R NR NR
Tafile81.txt NR NR NR NR NR NR NR NR NR NR
Tafile82.txt NR NR NR NR NR NR NR NR NR NR
Tafile83.txt NR NR NR NR NR NR NR NR NR NR
Tafile84.txt NR NR NR NR NR NR NR NR NR NR
Tafile85.txt NR NR NR NR NR NR NR NR NR NR
Tafile86.txt NR NR NR NR NR NR NR NR NR NR
Tafile87.txt NR NR NR NR NR NR NR NR NR NR
Tafile88.txt NR NR NR NR NR NR NR NR NR NR




Tafile89.txt NR NR NR NR NR NR NR NR NR NR
Tafile90.txt NR NR NR NR NR NR NR NR NR R

Tafile91.txt NR NR NR NR NR NR NR NR NR R

Tafile92.txt NR NR NR NR NR NR NR NR NR R

Tafile93.txt NR NR NR NR NR NR NR NR NR R

Tafile94.txt NR NR NR NR NR NR NR NR NR R

Tafile95.txt NR NR NR NR NR NR NR NR NR R

Tafile96.txt NR NR NR NR NR NR NR NR R NR
Tafile97.txt NR NR NR NR NR NR NR NR NR NR
Tafile98.txt NR NR NR NR NR NR R NR NR NR
Tafile99.txt NR NR NR NR NR NR R NR NR NR
Tafile100.txt NR NR NR NR NR NR R NR NR NR
Tafile101.txt NR NR NR NR NR NR R NR NR NR
Tafile102.txt NR NR NR NR NR NR R NR NR NR
Tafile103.txt NR NR NR NR NR NR R NR NR NR
Tafile104.txt NR NR NR NR NR NR R NR NR NR
Tafile105.txt NR NR NR NR NR NR R NR NR NR
Tafile106.txt NR NR NR NR NR NR R NR NR NR
Tafile107.txt NR NR NR NR NR NR NR NR NR NR
Tafile108.txt NR NR NR NR NR NR NR NR NR NR
Tafile109.txt NR NR NR NR NR NR NR NR NR NR
Tafile110.txt NR NR NR NR NR NR NR NR NR NR
Tofilel1l.txt NR NR NR NR NR NR NR NR NR NR
Tofile112.txt NR NR NR NR NR NR NR NR NR NR
Tafile113.txt NR NR NR NR NR NR NR NR NR NR
Tafilel14.txt NR NR NR NR NR NR NR NR NR NR
Tafile115.txt NR NR NR NR NR NR NR NR NR NR
Tafilel16.txt NR NR NR NR NR NR NF NR R NF
Tofilel17.txt NR NR NR NR NR NR NR NR NR
Tafile118.txt NR NR NR NR NR NR NR NR NR
Tafile119.txt NR NR NR NR NR NR NR NR NR R

Tafile120.txt NR NR NR NR NR NR NR NR NR NR
Tafile121.txt NR NR NR NR NR NR NR NR NR NR
Tafile122.txt NR NR NR NR NR NR NR NR NR NR
Tafile123.txt NR NR NR NR NR NR NR NR NR NR
Tafile124.txt NR NR NR NR NR NR NR NR NR NR
Tafile125.txt NR NR NR NR NR NR NR NR NR NR
Tafile126.txt NR NR NR NR NR NR NR NR NR NR
Tafilel27.txt NR NR NR NR NR NR NR NR NR NR
Tafile128.txt NR NR NR NR NR NR NR NR NR NR
Tafile129.txt NR NR NR NR NR NR NR NR NR NR
Tafile130.txt NR NR NR NR NR NR NR NR NR NR
Tafile131.txt NR NR NR R NR NR NR NR NR NR
Tafile132.txt NR NR NR NR NR NR NR NR NR NR
Tafile133.txt NR NR NR NR NR NR NR NR NR NR
Tafile134.txt NR NR NR NR NR NR NR NR NR NR
Tafilel35.txt NR NR NR NR NR NR NR NR NR NR
Tafile136.txt NR NR NR NR NR NR NR NR NR NR




Tafile137.txt NR NR NR NR NR NR NR NR NR NR
Tafile138.txt NR NR NR NR NR NR NR NR NR NR
Tafile139.txt NR NR NR NR NR NR NR NR NR NR
Tafile140.txt NR NR NR NR NR NR NR NR NR NR
Tafile141.txt NR NR NR NR NR NR NR NR NR NR
Tafile142.txt NR NR NR NR NR NR NR NR NR NR
Tafile143.txt NR NR NR NR NR NR NR NR NR NR
Tafilel44.txt NR NR NR NR NR NR NR NR NR NR
Tafile145.txt NR NR NR NR NR NR NR NR NR NR
Tafile146.txt NR NR NR NR NR NR NR NR NR NR
Tafilel47.txt NR NR NR NR NR NR NR NR NR NR
Tafile148.txt NR NR NR NR NR NR NR NR NR NR
Tafile149.txt NR NR NR NR NR NR NR NR NR NR
Tafile150.txt NR NR NR NR NR NR NR NR NR NR
Tafile151.txt NR NR NR NR NR NR NR NR NR NR
Tafile152.txt NR NR NR NR NR NR NR NR NR NR
Tafile153.txt NR NR NR NR NR NR NR NR NR NR
Tafile154.txt NR NR NR NR NR NR NR NR NR NR
Tafilel55.txt NR NR NR NR NR NR NR NR NR NR
Tafilel56.txt NR NR NR NR NR NR NR NR NR NR
Tofilel57.txt NR NR NR NR NR NR NR NR NR NR
Tafile158.txt NR NR NR NR NR NR NR NR NR NR
Tafile159.txt NR NR NR NR NR NR NR NR NR NR
Tafile160.txt NR NR NR NR NR NR NR NR NR NR
Tafile161.txt NR NR NR NR NR NR NR NR NR NR
Tafile162.txt NR NR NR NR NR NR NR NR NR NR
Tafile163.txt NR NR NR NR NR NR NR NR NR NR
Tafile164.txt R NR NR NR NR NR NR NR NR NR
Tafilel65.txt R NR NR NR NR NR NR NR NR NR
Tafilel66.txt R NR NR NR NR NR NR NR NR NR
Tafilel67.txt R NR NR NR NR NR NR NR NR NR
Tafile168.txt R NR NR NR NR NR NR NR NR NR
Tafile169.txt R NR NR NR NR NR NR NR NR NR
Tafilel70.txt NR NR NR NR NR NR NR NR NR NR
Tofilel71.txt NR NR NR NR NR NR NR NR NR NR
Tafilel72.txt NR NR NR NR NR NR NR NR NR NR
Tafilel73.txt NR NR NR NR NR NR NR NR NR NR
Tafilel74.txt NR NR NR NR NR NR NR NR NR NR
Tafilel75.txt NR NR NR NR NR NR NR NR NR NR
Tafilel76.txt NR NR NR NR NR NR NR NR NR NR
Tafilel77.txt NR NR NR NR NR NR NR NR NR NR
Tafilel78.txt NR NR NR NR NR NR NR NR NR NR
Tafilel79.txt NR NR NR NR NR NR NR NR NR NR
Tafile180.txt NR NR NR NR NR NR NR NR NR NR
Tafile181.txt NR NR NR NR NR NR NR NR NR NR
Tafile182.txt NR NR NR NR NR NR NR NR NR NR
Tafile183.txt NR NR NR NR NR NR NR NR NR NR
Tafile184.txt NR NR NR NR NR NR NR NR NR NR




Tafile185.txt NR NR NR NR NR NR NR NR NR NR
Tafile186.txt NR NR NR NR NR NR NR NR NR NR
Tafile187.txt NR NR NR NR NR NR NR NR R NR
Tafile188.txt NR NR NR NR NR NR NR NR NR NR
Tafile189.txt NR NR NR NR NR NR NR NR NR NR
Tafile190.txt NR NR NR NR NR NR NR NR NR NR
Tafile191.txt NR NR NR NR NR NR NR NR NR NR
Tafile192.txt NR NR NR NR NR NR NR NR NR NR
Tafile193.txt NR NR NR NR NR NR NR NR NR NR
Tafile194.txt NR NR NR NR NR NR NR NR NR NR
Tafile195.txt NR NR NR NR NR NR NR NR NR NR
Tafile196.txt NR NR NR NR NR NR NR NR NR NR
Tafile197.txt NR NR NR NR NR NR NR NR NR NR
Tafile198.txt NR NR NR NR NR NR NR NR NR NR
Tafile199.txt NR NR NR NR NR NR NR NR NR NR
Tafile200.txt NR NR NR NR NR NR NR NR NR NR
Tafile201.txt NR NR NR NR NR NR NR NR NR NR
Tafile202.txt NR NR NR NR NR NR NR NR NR NR
Tafile203.txt NR NR NR NR NR NR NR NR NR NR
Tafile204.txt NR NR NR NR NR NR NR NR NR NR
Tafile205.txt NR NR NR NR NR NR NR NR NR NR
Tafile206.txt NR NR NR NR NR NR NR NR NR NR
Tafile207.txt NR NR NR NR NR NR NR NR NR NR
Tafile208.txt NR NR NR NR NR NR NR NR NR NR
Tafile209.txt NR NR NR NR NR NR NR NR NR NR
Tafile210.txt NR NR NR NR NR NR NR NR NR NR
Tafile211.txt NR NR NR NR NR NR NR NR NR NR
Tafile212.txt NR NR NR NR NR NR NR NR NR NR
Tafile213.txt NR NR NR NR NR NR NR NR NR NR
Tafile214.txt NR NR NR NR NR NR NR NR NR NR
Tafile215.txt NR NR NR NR NR NR NR NR NR NR
Tafile216.txt NR NR NR NR NR NR NR NR NR NR
Tafile217.txt NR NR NR NR NR NR NR NR NR NR
Tafile218.txt NR NR NR NR NR NR NR NR NR NR
Tafile219.txt NR NR NR NR NR NR NR NR NR NR
Tafile220.txt NR NR NR NR NR NR NR NR NR NR
Tafile221.txt NR NR NR NR NR NR NR NR NR NR
Tafile222.txt NR NR NR NR NR NR NR NR NR NR
Tafile223.txt NR NR NR NR NR NR NR NR NR NR
Tafile224.txt NR NR NR NR NR NR NR NR NR NR
Tafile225.txt NR NR NR NR NR NR NR NR R NR
Tafile226.txt NR NR NR NR NR NR NR NR NR NR
Tafile227.txt NR NR NR NR NR NR NR NR R NR
Tafile228.txt NR NR NR NR NR NR NR NR NR NR
Tafile229.txt R NR NR NR NR NR NR NR NR NR
Tafile230.txt R NR NR NR NR NR NR NR NR NR
Tafile231.txt R NR NR NR NR NR NR NR NR NR
Tafile232.txt R NR NR NR NR NR NR NR NR NR




Tafile233.txt R NR NR NR NR NR NR NR NR NR
Tafile234.txt NR NR NR NR NR NR NR NR R NR
Tafile235.txt NR NR NR NR NR NR NR NR NR NR
Tafile236.txt NR NR NR NR NR NR NR NR NR NR
Tafile237.txt NR NR NR NR NR NR NR NR NR NR
Tafile238.txt NR NR NR NR NR NR NR NR NR NR
Tafile239.txt NR NR NR NR NR NR NR NR NR NR
Tafile240.txt NR NR NR NR NR NR NR NR NR NR
Tafile241.txt NR NR NR NR NR NR NR NR NR NR
Tafile242.txt NR NR NR NR NR NR NR NR NR NR
Tafile243.txt NR NR NR NR NR NR NR NR NR NR
Tafile244.txt NR NR NR NR NR NR NR NR NR NR
Tafile45.txt NR NR NR NR NR NR NR NR NR NR
Tafile2246.txt NR NR NR NR NR NR NR NR NR NR
Tafile247 .txt NR NR NR NR NR NR NR NR NR NR
Tafile248.txt NR NR NR NR NR NR NR NR NR NR
Tafile249.txt NR NR NR NR NR NR NR NR NR NR
Tafile250.txt NR NR NR NR NR NR NR NR NR NR
Tafile251.txt NR NR NR NR NR NR NR NR NR NR
Tafile252.txt NR NR NR NR NR NR NR NR NR NR
Tafile253.txt NR NR NR NR NR NR NR NR NR NR
Tafile254.txt NR NR NR NR NR NR NR NR NR NR
Tafile255.txt NR NR NR NR NR NR NR NR NR NR
Tafile256.txt NR NR NR NR NR NR NR NR
Tafile257.txt NR NR NR NR NR NR NR NR
Tafile258.txt NR NR NR NR NR NR NR NR NR NR
Tafile259.txt NR NR NR NR NR NR NR NR NR NR
Tafile260.txt NR NR NR NR NR NR NR NR NR
Tafile261.txt NR NR NR NR NR NR NR NR NR
Tafile262.txt NR NR NR NR NR NR NR NR NR NR
Tafile263.txt NR NR NR NR NR NR NR NR NR NR
Tafile264.txt NR NR NR NR NR NR NR NR NR NR
Tafile265.txt NR NR NR NR NR NR NR NR NR NR
Tafile266.txt NR NR NR NR NR NR NR NR NR NR
Tafile267.txt NR NR NR NR NR NR NR NR NR NR
Tafile268.txt NR NR NR NR NR NR NR NR NR NR
Tafile269.txt NR NR NR NR NR NR NR NR NR NR
Tafile270.txt NR NR NR NR NR NR NR NR NR NR
Tafile271.txt NR NR NR NR NR NR NR NR NR NR
Tafile272.txt NR NR NR NR NR NR NR NR NR NR
Tafile273.txt NR NR NR NR NR NR NR NR NR NR
Tafile274.txt NR NR NR NR NR NR NR NR NR NR
Tafile275.txt NR NR NR NR NR NR NR NR NR NR
Tafile276.txt NR NR NR NR NR NR NR NR NR NR
Tafile277.txt NR NR NR NR NR NR NR NR NR NR
Tafile278.txt NR NR NR NR NR NR NR NR NR NR
Tafile279.txt NR NR NR NR NR NR NR NR NR NR
Tafile280.txt NR NR NR NR NR NR NR NR NR NR




Tafile281.txt NR NR NR NR R NR NR NR NR NR
Tafile282.txt NR NR NR NR R NR NR NR NR NR
Tafile283.txt NR NR NR NR R NR NR NR NR NR
Tafile284.txt NR NR NR NR R NR NR NR NR NR
Tafile285.txt NR NR NR NR R NR NR NR NR NR
Tafile286.txt NR NR NR NR R NR NR NR NR NR
Tafile287.txt NR NR NR NR R NR NR NR NR NR
Tafile288.txt NR NR NR NR R NR NR NR NR NR
Tafile289.txt NR NR NR NR R NR NR NR NR NR
Tafile290.txt NR NR NR NR NR NR NR NR NR NR
Tafile291.txt NR NR NR NR R NR NR NR NR NR
Tafile292.txt NR NR NR NR R NR NR NR NR NR
Tafile293.txt NR NR NR NR R NR NR NR NR NR
Tafile294.txt NR NR NR NR R NR NR NR NR NR
Tafile295.txt NR NR NR NR R NR NR NR NR NR
Tafile296.txt NR NR NR NR R NR NR NR NR NR
Tafile297.txt NR NR NR NR R NR NR NR NR NR
Tafile298.txt NR NR NR NR R NR NR NR NR NR
Tafile299.txt NR NR NR NR R NR NR NR NR NR
Tafile300.txt NR NR NR NR R NR NR NR NR NR
Appendix Two: Tigrinya Scripts
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Appendix Four: Stop-word list used in this research
NP 7017 AL0ENAY hoeHe-NAN
0904 Rg° K@Y Ry hoeHeNah
N15L T0hege hehAAY hoeHenan?
NFN1L.L 70h hehry hoeHeAneg
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Three: Tigrinya
Arabic Numbers
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Appendix Five: Tigrinya prefix lists
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Appendix Six: Tigrinya suffix lists
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