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Abstract 
 
Amharic is the official working language of the Federal Democratic Republic of Ethiopia. On 

the other hand, Tigrigna is the working language of Tigray, which is one of the regional 

states of Ethiopia. Furthermore Tigrigna is official working language of the neighboring 

country Eritrea. 

 

As considerable amount of information is being produced in Amharic language rapidly and 

continuously; experimenting on the applicability of a cross language information retrieval 

system for Tigrigna–Amharic is important. Because academicians, offices, researchers and 

other individuals can be benefited. This study is, therefore, an attempt to develop Tigrigna-

Amharic Cross lingual Information Retrieval (CLIR) system which enables Tigrigna native 

speakers to access and retrieve the online information sources that are available in Tigrigna 

and Amharic by writing queries using their own (native) language. 

 

Dictionary-based approach is employed to conduct the query term translation from Tigrigna 

to Amharic. To this end, Tigrigna-Amharic machine-readable dictionary is used.  

 

Because of the capability of handling the uncertain nature of Information Retrieval, the 

probabilistic information retrieval model is employed. Both indexing and searching module 

are constructed. In these modules, different text operations such as: tokenization, 

normalization, stemming and stop word removal for both Tigrigna and Amharic languages 

are included.  

 

The performance of the system after User Relevance Feedback is 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 Tigrigna and 

Amharic languages respectively. Though the performance of the system is greatly affected by 

the stemmer, the result obtained is encouraging, 

 

Finally the recommendation can be drawn that the performance of the CLIR system can be 

improved by designing good stemmer for both languages. 
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CHAPTER ONE 

INTRODUCTION	

1.1. Background  
 
There is an increasing amount of full text material in various languages available 

through the Internet and other information services. To this end cross-language 

information retrieval (CLIR) has become an important new research area. It refers to 

an information retrieval task where the language of queries is other than that of the 

retrieved documents [1]. 

 

In the past, this was not really a problem [2]. However, with the rapid growth of the 

Internet online information resources have become available in almost all major 

languages [4]. This condition is increasing users desire to explore documents that 

were written in either their native language or some other languages that they can 

understand [3]. Thus, became the main motivation for Cross-language Information 

Retrieval (CLIR) system.  

 

Cross-Language Information Retrieval (CLIR) is where the user request and the 

document collection against which the request is to be matched are in two different 

human languages. The aim of CLIR is to match the request against the collection as 

if the request had been issued in the document collection language to begin with [2]. 

CLIR system, thus, facilitates retrieval of relevant documents written in one natural 

language with automated systems that can accept queries expressed in other 

language.  

 

CLIR generates relevant documents to the user queries though the language of query 

and document is distinct. The language that the query used is referred to as the 

source language (e.g. Tigrigna) and the language of the documents is the target 

language (e.g. Amharic). Even though target (document) translation into the source 

(query) language is comfortable for the user, it is expensive and hard to implement 

as it obeys complex rules of the natural language than query translation [10]. Thus, 
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the query translation approach is more common in CLIR and applied in present 

research as well.  

 

Cross-Language Information Retrieval has been studied widely in different 

languages, such as English, Chinese, Spanish, and Arabic [4]. Much research works 

have been reported and evaluation results have, in general, been satisfactory. In the 

past, research in Cross Lingual Information Access (CLIA) has been strongly 

practiced through, the Cross-Language Evaluation Forum (CLEF), Question-

answering Workshop and cross-language named entity extraction challenges by the 

Association for Computational Linguistics (ACL) and the Geographic Information 

retrieval (GeoCLEF) track of CLEF [33]. 

  

These days, in Ethiopia, considerable amount of information is being produced, 

especially in Amharic language within organizations and outside organizations 

rapidly and continuously. This information explosion is challenging for archival and 

searching from the existing huge amount of information [5]. 

 

CLIR can use different approaches of query translation. The main approaches are 

dictionary based translation, machine translation, and corpus based methods. 

 

Dictionary based approach, a machine–readable bilingual dictionary, is used to 

replace the source language query words with their target language counterparts [2]. 

Machine translation (MT) aims to provide human-readable translations of natural 

language texts. This makes it arguably a much harder task than query translation, 

since queries can be translated word-by-word and the translations need not be seen 

by the user. In corpus based approaches the translation knowledge is derived from 

parallel or comparable corpora. 

 

Predicting relevant documents is one of the core issues in IR system, and IR models 

are responsible for determining the prediction of what is relevant and what is not 

[24]. 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 
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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. 

 

Current models handle documents with complex internal structure and most of 

them incorporate a learning or relevance feedback component that can improve 

performance when presented with sample relevant documents [29].  

 

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 “An information retrieval system is supposed to 

rank the documents based on their probability of relevance to the query, given all 

the evidence available” [25].  

 

The probabilistic model incorporates relevance feedback and query terms re 

weighting mechanisms. 

1.2.  Statement of the Problem and Justification  
 

There are more than 80 languages in Ethiopia and Amharic is the mother tongue 

language for more than 25 million people. According to federal democratic republic 

of Ethiopia (FDRE) population census commission it is the first language for more 

than 20 million and second language for over 5 million people [5]. Moreover Amharic 

is the official working language of FDRE and some regional states of FDRE. 

Accordingly there is huge collection of documents available in the form of books, 

magazines, newspapers, novels, officials and legal documents, etc.  

On the other hand, Tigrigna is the native language for the Tigray and Eritrean 

people. It is one of the widely spoken languages in Ethiopia and Eritrea. It is also 

spoken in some parts of the world especially in the Middle East, Europe and North 

America by Ethiopian and Eritrean immigrants living in these areas [8]. 

 

Languages are crucial tools for the easy accessibility of the huge collection of 
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documents on the Internet. Usually people have one language they prefer to use. In 

general, while people may have working knowledge of more than one language, it is 

not common for people to have equal competence in all of them.   

 

Although many Tigrigna speaker Internet users can read and understand Amharic 

documents, they feel uncomfortable formulating queries in Amharic. This is either 

because of their limited vocabulary in Amharic, or because of the possible miss 

usage of Amharic words. Therefore these wealth of the Amharic documents available 

on the WWW are inaccessible for most of the Tigrigna speakers. 

  

Different attempts have been made to develop CLIR systems for Amharic-English 

[6][7] and Afan Oromo-English[4][37] languages. But no CLIR system is found for 

Tigrigna language. Therefore to make use of the considerable amount of online 

Amharic documents, the barrier found between these two languages needs to be 

resolved.  

 

An automatic query translation tool would be very helpful to such users and query 

translation tool would also allow them to retrieve relevant documents in all the 

languages of interest with only one query. To achieve all these, CLIR would be a 

useful tool. Hence, translation of local queries into Amharic is critical for making 

these useful online documents accessible for the local use. Thus, the importance of 

CLIR is crucial [4]. 

 

Query translation can be done by using different approaches, either by using 

machine readable bilingual dictionary or by using bilingual dictionary constructed 

from parallel corpora. According to Donnla [2], the least reliant and on expensive 

query translation system is using the machine readable bilingual dictionary. In 

addition bilingual printed dictionaries already exist for a large number of language 

pairs. Porting such a dictionary to a machine-readable format which can be utilized 

for CLIR requires considerably less human effort than any of CLIR approaches. 

 

IR system can be developed by using different models. According to Amanuel [5], 
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unless other modules are integrated to the models, IR systems developed for 

Amharic language so far using vector space model have not registered good 

performance because of the incapability to define users need. In comparison 

probabilistic model has registered better performance because it enables to defining 

users need through relevance feedback and query reformulation techniques. 

 

Though IR system for Tigrigna language is not yet developed, As Probabilistic IR for 

Amharic language is already developed by Amanuel [5], it is extended further to 

design this CLIR system.  

 

Tigrigna- Amharic CLIR is not yet developed. So the aim of this study is there fore to 

develop Dictionary based Tigrigna-Amharic CLIR using probabilistic model so as to 

ease information sharing between the users of the two languages.  

 

This research tries to answer the following research questions 

• To what extent is it possible to develop a CLIR system for Tigrigna and 

Amharic? 

• What is the performance of dictionary based approach for Tigrigna-Amharic 

CLIR system? 

• What is the effectiveness of Tigrigna queries translation in to Amharic by 

using machine readable bilingual dictionary 

 

1.3.  Objective of the study  
 
1.3.1. General Objective 
 

The overall objective of this research is to design Tigrigna-Amharic CLIR system 

using probabilistic model based on dictionary based approach to translate Tigrigna 

queries into Amharic in order to retrieve both Tigrigna and Amharic documents.  
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1.3.2. Specific Objectives  
 

To achieve the general objective stated above, the following specific objectives are 

accomplished throughout the study: These specific objectives are:  

• to review related works on Tigrigna-Amharic CLIR,  

• to prepare and organize test documents and queries,  

• to develop machine readable Amharic-Tigrigna bilingual dictionary,  

• to develop a CLIR prototype that uses Tigrigna queries and retrieve both 

Amharic and Tigrigna documents from the test collection,  

• to examine the effectiveness of the prototype using the queries and documents 

prepared for the experimentation and  

• to discuss and report experimental results found and recommend further 

research works in the area.  

1.4.  Significance of the Study  
 

CLIR systems provide users to retrieve documents written in one language by using 

a query written in another language [2]. Obviously, translation is needed in the CLIR 

process; either translating the query into the document languages (query 

translation), or translating the documents into the query language (document 

translation). CLIR systems can help people who are able to read in a non-native 

language but are not proficient enough to write a query in that language. It can also 

aid people who are not able to read in a non-native language but have access to 

translations resources. This situation increases the significance of CLIR systems 

which can make relevant document(s) from enormous collection accessible to the 

users.  

The major contribution of the study is to design bilingual word based CLIR system 

to benefit those who are Tigrigna speakers and capable of using IR systems to obtain 

their information need from the web using their native queries. Users enter their 

query in their native language and the system retrieves relevant documents in their 

native language and other language, Amharic. The retrieved documents that are 

relevant for the given query can benefit those who can understand contents of 
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Amharic documents that are returned for the given query. The work of this research 

can also be a starting point for phrase-based query translation and also for 

Multilingual Information Retrieval (MLIR) system (that involves more than one CLIR) 

using Tigrigna query to retrieve documents written in two or more languages. 

Therefore, the beneficiaries of this research include: individuals, schools, offices, 

and other researchers.  

1.5. Scope and Limitation of the Study 
 

The scope of this study is restricted to the translation of Tigrigna queries into 

Amharic using dictionary-based approach in order to retrieve both Tigrigna and 

Amharic documents. The retrieval process is performed using Binary Independent 

Model (BIM). In addition test documents are taken only from available Tigrigna and 

Amharic websites. Therefore they are limited only to five domains. These are 

Education, Health, Religion, Politics, and Social. The translation of Tigrigna queries 

into Amharic is performed using bilingual dictionary. After query translation, the 

major information retrieval processes (indexing and searching) are carried out.  
 

Though the system can retrieve both Tigrigna and Amharic relevant documents, it is 

limited to use only Tigrigna queries. In addition limited size of corpus and limited 

number of test queries are used because of non existence of the required corpus.  

 

 

1.6. Methodology of the study 
 

1.6.1. Literature Review 
To accomplish the objectives of this research literatures form books, journals, 

articles, conference and Internet are reviewed. Materials concerning Tigrigna 

language and Amharic-English CLIR are also reviewed. Related works with CLIR 

have also been reviewed to understand the state of the art in the field.  
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1.6.2. Research design  
In this study experimental research design was selected. Experimental research, 

which is also called empirical research or cause and effect method is a data-based 

research coming up with conclusions which are capable of being verified with 

observation or experiments. Experimental research is appropriate when proof is 

sought that certain variables affect other variables in some way [41],  

 

1.6.3. Data Collection 
Amharic-Tigrigna Machine readable bilingual dictionary that contains direct 

translation of a given word in the other language was constructed by digitizing Saba 

English-Amharic-Tigrigna printed dictionary. Because of non-existence of parallel 

Tigrigna and Amharic documents only 200 Tigrigna and Amharic documents that 

are publicly available in both languages such as, Bible chapters, health related 

documents from the official web site of Ministry of Health, Education related 

documents from the official web site of Ministry of Education, religion related 

documents from the official web site of  Awake magazine, social and politics  

related documents from the official web sites of Walta information center and Hadas 

Eritrea are collected and prepared for implementing and evaluating the Tigrigna-

Amharic CLIR system. 

 

1.6.4. Implementation 
Python programming language is used for developing the system. Python is selected 

because it is clear and readable. Experts and beginners can easily understand the 

code and everyone can become productive in python very quickly. 

Python is an open source, interpreted, object-oriented, high level programming 

language. It enabled the researcher to implement the functionality of the sought 

system without any hassle and allowed writing programs that are clear and 

readable. It has extensive built-in help functions, which make it possible to learn 

new things and minimize programming errors. 
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1.6.5. Testing Process 
The experimentation for evaluating the effectiveness of the system was done by 

using selected test documents and queries. Tigrigna queries were presented to the 

CLIR system to retrieve both Tigrigna and Amharic documents judged to be relevant 

by the system for the given query. To measure the effectiveness of the prototype 

system Recall, Precision and F-Measure are used, 

1.7. Organization of the Thesis 
 

This thesis is organized in five chapters. The first chapter presents the general 

overview of the thesis that comprises the Background, Statement of the problem, 

General and Specific Objectives, Scope and Limitation, Significance, and 

Methodology, 

 

Chapter two reviews different articles regarding to Tigrigna language, CLIR together 

with its different approaches and IR Models. Various related researches done locally 

and internationally on CLIR systems are also described briefly in this chapter, 

 

The third chapter deals with detail description of the dictionary-based Tigrigna-

Amharic CLIR. In this chapter data collection, data preprocessing and the proposed 

architecture of the system are presented. The major components involved in the 

architecture of the CLIR system are also explained in detail. 

 

In chapter four the experimentation and evaluation of the proposed system are 

discussed. Findings of the results obtained from the experiment and challenges that 

affected the system’s performance are also presented in this chapter. 

 

Finally, chapter five winds up what has been done in the research. It reviews the 

results obtained and forwards recommendations for future work. 
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CHAPTER TWO 
 

LITERATURE REVIEW 

2.1. Overview of Tigrigna and Amharic Languages 
 
Tigrigna and Amharic are members of the Ethio-Semitic languages, which belong to 

Afro-Asiatic super family [8] [5].  

 

Tigrigna is spoken primarily in Eritrea and Ethiopia. There are more than 6 million 

Tigrinya speakers worldwide. According to the 2007 population and housing census 

of Ethiopia, there are over 4.3 million Tigrigna speakers in Tigray [34] and there are 

2.4 million Tigrigna speakers in Eritrea as noted by Yonas [8] (citing Lewis, 2009). 

 

On the other hand, Amharic was the national language of Ethiopia until 1995. 

Following the declaration of constitution of Ethiopian federal democratic 

government, it becomes the working/official language [40]. 

 

Both Tigrigna and Amharic are written in the Ge'ez script which these days is called 

Ethiopic and originally developed for Geez language. In Tigrigna and Amharic each 

symbol represents a consonant and vowel combination and the symbols are 

organized in groups of similar symbols on the basis of both the consonant and the 

vowel. For each consonant in each symbol, there is an unmarked symbol 

representing that consonant followed by a canonical or inherent vowel [8] [5]. 

 

Both Tigrigna and Amharic, like other Semitic languages such as Arabic, exhibit a 

root-pattern morphological phenomenon. In addition, they use different affixes to 

create inflectional and derivational word forms. 

2.1.1. Origins of Tigrigna and Amharic languages 

The Ethiopic writing system is used to represent the different Semitic languages 

such as, Ge’ez, Amharic, Tigrigna, Harerigna, Argpba, siltigna and so on [8][5][40]. 

These languages are confined to Ethiopia and Eritrea. Ge’ez is no more mother 
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tongue of any person, but it still has a very significant role in the traditional 

language of literature and religion. Amharic and Tigrigna are closely related to each 

other [40]. 

 

Ethiopic writing system is written from left to right. It does not make any distinction 

between upper and lower case letters and has no conventional cursive form. There 

are no systematic variations in the form of the symbol according to its position in 

the word. The Ethiopic system for Tigrigna language consists of alphabets, and 

punctuation marks [8]. 

2.1.2. 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. There 

are different alphabets representations in the world. The most alphabets 

representation is Latin or Roman alphabets which have been adapted by numerous 

languages. The Ethiopic writing systems have also their own writing systems. 

Tigrigna and Amharic have their own alphabets (ðdL) and it is used for writing 

different documents of Tigrigna and Amharic languages. They have thirty-five base 

symbols with seven orders which represent seven vowels for each base symbol [8]. 

 

2.1.3. Punctuation marks 

Identifying punctuation marks is vital to know word demarcation for natural 

language processing. Most of the Tigrigna language punctuation marks are listed in 

table 2.1 below. The word separator mark (:) 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 (::) is used to shows when an idea is finished. The sentence 

connector mark (፤) 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 
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punctuation marks, the Tigrigna language is also borrowed some punctuation 

marks from English language such as ?, !, and ”.  

Punctuation marks  Meaning 

፡ word separator 

። End of sentence 

፤ sentence connector 

፥ list separator marks 

፦ beginning of the list mark 

?  End of question 

!  End of an emphatic declaration, or command. 

“  quote some words or sentences taken from other 

Table 2:1 list of Tigrigna punctuation marks 

2.2. Overview of Cross Language Information Retrieval (CLIR) 
 

The   importance   of   Cross language   Information   Retrieval (CLIR)   nowadays   is   

patent in multiple contexts. In fact, communication is more global, and the access to 

multilingual information is more and more widespread within this globalized   

society. However, unless some lingua franca is established in specific geographic   

areas and discourse communities, it is still necessary to facilitate access in the 

native speaker’s language.[10] 

 

CLIR can be seen as IR with a language barrier placed between the query and the 

collection. It is the study of retrieving information in one language (e.g Amharic) by 

queries expressed in another language (e.g. Tigrigna). Only the language barrier 

requires specific techniques in CLIR, which are mainly focused on the translation 

process. The different approaches differ essentially with respect to which available 

information is translated (queries or documents), and in the approaches used to 

carry out the translation [10]. 

 



 24

The basic idea behind the CLIR system is to retrieve on-line text in a language 

different from a query language. The availability of resources on the Web other than 

English has raised the issue of CLIR, how users can retrieve documents in different 

languages [10]. 

 

There are three main ways in which cross-language information retrieval approaches 

attempt to "cross the language barrier" – through query translation, or document 

translation, or both. The best results are obtained by translating the collections into 

the language of the queries. However, this approach is computationally expensive 

and most of the works have focused on query translation methods [11]. This 

research also uses the query translation approach of CLIR. 

 

The CLIR tasks are either bilingual or multilingual. Bilingual IR (BLIR) is concerned 

with one target language only while Multilingual IR (MLIR) is concerned with several 

target languages [12]. BLIR is useful for a user who might not be able to express his 

or her information need, even if he or she is capable of reading documents. MLIR 

benefits if a user is performing his or her retrieval in a multiple in language 

collection (e.g. the Web), and would like to retrieve documents in multiple languages 

by expressing a query in a single language. The multilingual task based on query 

translation is more complicated than bilingual one, because there are several target 

languages. CLIR is different from the monolingual or classical IR in that, it is 

expected to generate relevant documents to the user queries though documents and 

user queries are in different language. However, in case of CLIR system the query 

and the document may not be in the same language to retrieve relevant document. 

CLIR benefits users who only know one language [10], by providing mechanism of 

query translation to the language of the document. It differs from the monolingual IR 

in its consideration of crossing the language barrier that exists between the queries 

and documents [10]. So CLIR helps users retrieve relevant documents by expressing 

query using their native language. 

 

According to Daniel [4], the following three steps are the basic processes performed 

by most CLIR systems.  
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• Query translation: The natural language query input must be translated to the 

target language of the documents to be searched. A translation or approximate 

translation of the target language of the document can be performed from the 

language of the query input. 

 

• Monolingual document retrieval: For each target language, the query 

generated from query translation is used to retrieve relevant document written 

in the language of the target document. Cheng (2004) pointed out that simple 

string matching cannot satisfy the goal of an IR system. Usually, the 

documents and the user’s query are converted into some internal 

representations (that are used during the matching process) during the 

indexing process. Accordingly, indexing a document shall be done at the word 

and phrase levels. Indexing at the word level includes all words that appeared 

in the document, including their morphological features (such as verb tenses, 

number, etc). Phrase level indexing is important to perform phrasal indexing 

for they may convey more content than single words. 

 

• Result merging: To produce the unique result, it is needed to merge the 

results produced for the each monolingual document retrieval. 

 

2.3.  IR and CLIR  
 

In recent years, there has been a rapid increase in the amount of stored and 

accessible electronic information. The goal of IR is, therefore, to find relevant 

documents from a large collection of documents or from the WWW for the users’ 

query. Users typically formulate a query, frequently in free text, to describe their 

information need. The IR system then compares the query with each document in 

order to evaluate its similarity to the query. CLIR is, however, considerably more 

complex than traditional IR because some method for query or document translation 

must be developed before one can use traditional IR [10]. 
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The search engines currently available on the Web are IR systems that have been 

created to answer users’ information need. However, most of the existing search 

engines provide only monolingual IR; i.e.; they retrieve documents only in the same 

language as the query. Search engines usually do not consider the language of the 

keywords when the keywords of a query are matched against those of the 

documents [13]. 

 

Identical keywords can be matched, even if their languages are different. For 

example, the Tigrigna word “ሓበሬታ” can be matched with the Amharic word “መረጃ”. 

This is possible by using cross lingual information retrieval. 

2.4.  Possible Approaches to CLIR  
 

CLIR does not differ too much from IR and it only focuses on the techniques of 

translation process, to map a written word from one language-script pair to another 

language-script pair, to solve the language barrier [10]. For example, Tigrigna word 

“ሕቶ” corresponds to Amharic word “ጥያቄ”. Therefore, in CLIR to retrieve relevant 

documents the language of the queries and the documents should not be necessarily 

the same. 

 

Approaches to CLIR can be categorized according to how they solve the problem of 

matching the query and documents across different languages. In CLIR, either the 

query or the document needs to be mapped into the common representation to 

retrieve the relevant documents. Translating all documents into the query language 

performs significantly better than query translation as results of some experiments 

identify [10] but translating all documents into the query language requires huge 

storage space and it is computationally expensive [2]. Due to this, query is usually 

translated into the language of the target collection of documents [2]. Thus, this 

research is focused on the accuracy of dictionary based query translation. 

 

As noted by Gearailt [2], the basic approaches in translation of queries into a 

language of target documents can involve the following approaches: Machine 
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Translation (MT), Machine-Readable Dictionary (MRD) and Corpus Based 

approaches. 

 

2.4.1.Machine Translation Approach 

Machine translation (MT) is the translation of text from one human language into 

another human language by the use of a computer. In order to accomplish this it 

needs texts in one specific language as input and generates texts with a 

corresponding meaning in another language as output. Thus, machine translation is 

a decision problem where we have to decide on the best of target language text 

matching a source language text [14]. 

 

In CLIR MT can be implemented in two different ways [1]. The first way is to use MT 

system to translate foreign language documents in the corpora into the language of 

the user’s query. This approach is not applicable for large document collections, or 

for collections in which the documents are in multiple languages.  

 

Document translation approach can be accomplished on an ‘as-and-when-needed’ 

basis at query time, referred as on-the-fly translation, or in advance of any query 

processing [10]. The second method of using MT in CLIR is where the users query 

language is translated into the language of the documents in the stored collection. 

With both methods of MT, an ambiguity problem can exist since the translated 

query does not necessarily represent the sense of the original query. For instance, 

translating the Tigrigna query “ወርሒ” to Amharic language could produce an 

inappropriate translation since it is not clear whether to mean “ጨረቃ” or “ወር”. Due 

to this, MT is more efficient in document translation when the context is 

unambiguous. 

 

2.4.2. Dictionary-based query translation Approach 

Dictionary based query translation is a CLIR approach in which the query words are 

translated to the target language using MRD [14]. Machine Readable Dictionary 

(MRD) is an electronic version of printed dictionary, and may be general dictionaries 

or specific domain dictionaries or a combination of them. It has been adopted in 
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CLIR because bilingual dictionaries are widely available. 

 

Dictionary-based approaches are straightforward to implement, and the efficiency of 

word translation with a dictionary is high [14]. However, due to the vocabulary 

limitation of dictionaries, translations of some words in a query may not be found in 

a dictionary. Due to this, the problem referred to as Out of Vocabulary (OOV) is 

created. The OOV terms are proper names or recently created words which are not 

included in the dictionary. As input queries are usually short, query expansion does 

not provide enough information to help recover the missing words. In many cases 

OOV terms are the crucial words in the query. As a result if a user enters a newly 

created term to find information about that term, he or she will be unable to find 

any relevant documents for the word since it is a newly created term and not 

included in the dictionary. 

 

2.4.3. Corpus-Based Approach 

In corpus-based CLIR approaches, the translation knowledge is derived from parallel 

or comparable corpora. Parallel corpora are preferred because they provide more 

accurate translation knowledge. However, because of the scarcity of parallel corpora, 

comparable corpora are often used in CLIR. 

 

The aligned texts of a comparable corpus are not translations of each other, but 

related topically. For example, consider collections of articles appeared on Tigrigna 

and Amharic newspapers from the same time period. A lot of the topics and events 

covered in the Tigrigna newspaper would also be covered in the Amharic newspaper. 

A comparable corpus could be created by finding, for each article in the Finnish 

collection, a document in the Swedish collection that discussed the same event or 

topic. In this case, the Finnish collection is the source collection of the comparable 

corpus, and the Finnish articles form the set of source documents. By contrast, the 

Swedish collection is the target collection that consists of target documents. [15]. 

 

Parallel corpora contain collection of pairs of documents in more than one language 

which are direct translations of each others [17]. An aligned parallel corpus is 
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interpreted to show exactly which sentence of the source language corresponds with 

exactly which sentence of the target text. Parallel corpora are not always readily 

available and those that are available tend to be relatively small or to cover only a 

small number of subjects [17]. On the other hand, performance of CLIR systems 

using corpus based approach is highly influenced by quality, i.e., reliability and 

correctness, and size of the corpus [17]. 

 

Parallel text alignment procedures attempt to identify translation equivalences 

within collections of translated documents. It plays a critical role in multi-lingual 

natural language processing research. In particular, SMT systems require collections 

of sentence pairs as the basic elements for building statistical word and phrase 

alignment models [1]. Alignment is the process of establishing the correspondence 

between matching element in parallel corpora [1]. 

 

Corpus-based approach has four shortcomings according to [2]. First, it is difficult 

to get the parallel or comparable corpora. Second, the current available corpora tend 

to be relatively small. Third, the domain-dependent problem is involved between the 

query and the statistics of the corpora. Finally, the performance is dependent on 

how well the corpora are aligned.  

 

2.5. IR Models 
 

A model of information retrieval predicts and explains what a user will find relevant 

given the user query. The correctness of the model’s predictions can be tested in a 

controlled experiment [19]. 

 

IR model is the mechanism of predicting and explain the need of the user given the 

query to retrieve relevance documents from the collection. IR models serves as 

blueprint so as to develop applicable IR system. In addition to that, IR models guide 

the matching process to retrieve a ranked list of relevant document given a query 

[19]. 
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IR models are broadly categorized in to two approaches, which are semantic 

approach and statistical approach. Semantic approaches models such as, latent 

semantic indexing and neural network try to work on syntactic and semantic 

analysis. They attempt to implement some degree of understanding the natural 

language text that users provide. On the other hand, statistical approaches such as, 

vector space model and probabilistic model attempts to retrieve documents that are 

highly ranked in terms of statistical measure [19]. 

  

The three most widely used information retrieval model that bases on statistical 

approaches are : Boolean, vector space, and probabilistic. [20] 

 

In the boolean model, a set of index terms are used to represent document and 

query. Therefore, the mathematical basis can be called set theoretic. In the vector 

space model, a vector in a t-dimensional space is used for representing document 

and query, therefore, the model is algebraic. In the probabilistic model, probability 

theory is used for representing document and query. Therefore, the model is 

probabilistic. Different scholars have been proposed several alternative approaches 

based on their mathematical basis. For set theoretic models, the alternatives are; 

the fuzzy and the extended boolean models. For algebraic models, the alternatives 

are; the generalized vector, the latent semantic indexing, and the neural network. 

For probabilistic model, the alternatives are; the inference network and the belief 

network models [5]. 

 

2.5.1. Boolean Model 

The BIR is based on Boolean Logic and classical set theory in that both the 

documents to be searched and the user's query are conceived as sets of terms.[21] 

 

 Retrieval is based on whether or not the documents contain the query terms 

The Boolean model is the first and the simplest model of information retrieval. It 

works based on set theory and Boolean algebra which allowed users to specify their 

information need using a combination of classical Boolean operators, ANDs, ORs 
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and NOT [21][22][23]. For instance, query t1 and query t2 (t1 AND t2) is only satisfied 

by a given document D1 if and only if D1 contains both terms t1 and t2. Likewise, the 

query “t1 OR t2” is satisfied by D1 if and only if it contains t1 or t2 or both. On the 

other hand, the query “t1 AND NOT t2” satisfies D1 if and only if it contains t1 and 

does not contain t2. The model views each document as just a set of words [28].The 

weight for index terms in Boolean retrieval model are all binary (i.e. Wij E{0, 1}. The 

similarity of a document dj to the query q is expressed as: 

 

(dj,q)= {1 =ifdocumentsatisfiesthebooleanquery
0 =Otherwise } 

 

Where, if similarity of document dj to the query q is equal to 1 (present), the 

document dj is relevant. Whereas, if similarity of document dj to the query q is equal 

to 0 (absent), the document is not relevant [5]. 

 

Boolean model have an advantage of giving users a sense of control over the system. 

It is immediately clear why a document has been retrieved given a query. If the 

resulting document set is either too small or too big, it directly clear which operators 

will produce respectively a bigger or smaller set. The other advantage of this model is 

the clean formalism behind the model and its simplicity [21][26]. 

 

However, the model has a number of clear disadvantages. First, most user find it 

difficult to translate their information need into a Boolean expression. Second, the 

model has not follow document ranking principle by nature, which means all 

retrieved documents are considered equally important. Third, the model either 

retrieves too few or too many documents, or sometimes not retrieves any, which 

might lead to null result. In addition it’s sometimes creates its own problems, such 

as, misunderstanding and misrepresentation of the users information needs 

[24][27]. 

 

Several attempts has been done so far to make the model effective by developing 

different alternatives of the model such as fuzzy set model and the extended Boolean 



 32

model. However, IR communities consider that Boolean system is less effective than 

ranked retrieval system [25]. Accordingly, a number of models have been proposed 

for this process; the widely used IR models are the Vector Space Model and the 

Probabilistic Model [26]. 

 

2.5.2. Vector Space Model 

The vector space model for document retrieval is based, upon building an n 

dimensional vector for the query and each document in the collection. The full non-

optimized model causes n to be equal to the number of words in the language, 

whereas in reality n is usually equal to the number of different words in the 

document collection (words in the query are not important, because if they don’t 

appear in the document then they are of no use for retrieval). 28] 

 

Vector space model is one of the commonly used statistical approaches to represent 

each textual document as a set of terms [5]. In this model, documents and terms are 

represented as vectors in a k-dimension space where each dimension corresponds to 

a possible document feature. The word “terms” is not inherent in the model, but 

terms are typically words and phrases. The values assigned to elements in the vector 

space describe the degree of importance of term in representing the semantics of the 

document. Sometimes a given term may receive a different weight in each document 

in which it occurs. If the term is not appearing in a given document the weight of 

that term will be zero in that document [5]. For a given document (dj) the weight of 

the terms in it can be expressed as the coordinates of dj in the document space. A 

document collection containing a total of documents (‘d’) described by terms (‘t’) is 

represented as term by document matrix (T x D).  Each row of this matrix is a term 

vector and each column of this matrix is a document vector. The element at row i, 

column j, is the weight of term j in document I [28]. 
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Term list Doc1 Doc2 Doc3 Doc4 …… Doc n 

Term 1 w11 w12 w13 w14 …… w1n 

Term 2 w21 w22 w23 w24 …… w2n 

Term 3 w31 w32 w33 w34 …… w3n 

Term 4 w41 w42 w43 w44 …… w4n 

Term 5 w51 w52 w53 w54 …… w5n 

…… …… …… …… …… …… ……. 

Term m wm1 wm2 wm3 wm4  Wnm 

Table 2:2 Example of Term Document Matrix 

 

In this model, query is interpreted as another document in document space. If the 

term that is not in the collection but appear in the query, this will add additional 

dimension in the document space [24]. 

 

The weight of terms in the documents or in the queries assigned by using term 

frequency (TF) and inverse document frequency (TF*IDF) scheme which are the most 

successful and widely used automatic generation of weights [24]. The term 

frequency is the frequency of occurrence of the given term within the given 

document. This scheme attempts to measure the degree of importance of the term 

within the given document. Inverse document frequency (idf) is a frequency of a 

given term within an entire collection of documents. It attempts to measure how 

widely the term is distributed over the given collection. 

 

The similarity of document and query in vector space model is determined by 

correlation between the vectors dj and vector q. The correlation is quantified by the 

associative coefficients based on the inner product(dot product) of the document and 

query vector, where documents whose vectors are close to the query vector are more 

relevant to the query than documents whose vectors are far from the query vector 

[24].  

 

As discussed in section 2.1.3 there are different similarity measurements. However, 

the most widely used by vector space model and popular similarity measure is the 
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cosine coefficient, which measures the angle between the document vector and the 

query vector [24]. 

 

According to Baeza-Yates and Ribeiro-Neto[24], Vector space model (VSM) have 

several advantages. First, it improves retrieval performance using its term-weighting 

scheme. Second, the partial matching strategy of VSM allows retrieval of document 

approximate the query condition. Third, it sort and rank the documents according to 

their degree of similarity to the query using cosine similarity measurement. Finally, 

it is simple to implement and fast.  

 

However, the model has also several disadvantages. It considers terms as unrelated 

objects in the semantic space. This means, if no common words are shared between 

the query and documents in text collection, the similarity value will be zero and no 

document will be retrieved. This is usually happened when users and authors prefer 

to use different words which have the same meaning [24]. Vector space model is not 

attempt to define uncertainty in IR system and its ranked answers sets is difficult to 

improve upon without the integration of query expansion and reformulation modules 

to the model [29].  

 

Literature suggested that one of the alternative modeling paradigm, which is capable 

of solving the above mentioned problem of vector space model is probabilistic IR 

model [29][30]. 

 

2.5.3. Probabilistic Model 

A major difference between information retrieval (IR) systems and other kinds of 

information systems is the intrinsic uncertainty of IR. Whereas for database 

systems, an information need can always (at least for standard applications) be 

mapped precisely onto a query formulation, and there is a precise definition of which 

elements of the database constitute the answer, the situation is much more difficult 

in IR; here neither a query formulation can be assumed to represent uniquely an 

information need, nor is there a clear procedure that decides whether a DB object is 

an answer or not. (Boolean IR systems are not an exception from this statement; 
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they only shift all problems associated with uncertainty to the user.) As the most 

successful approach for coping with uncertainty in IR, probabilistic models have 

been developed.[31] 

 

In information retrieval process, user first start with information needs which is 

then translated into query representation. On the other side, documents are also 

translated into document representation. Finally, the system attempts to determine 

the relevance of the document to the information need of the users. 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 [28][29].  

 

Probabilistic information retrieval is the estimation of the probability of relevance 

that a document di will be judged relevant by the user with respect to query q. which 

is expressed as, P(R|q,di), where, R is the set of relevant document. Typically, in 

probabilistic model, based on the query of user the documents are divided in to two 

parts. The first contain relevant documents and the second contain non-relevant 

(irrelevant) documents. However, the probability of any document is relevant or 

irrelevant with respect to user query is initially unknown. Therefore, the 

probabilistic model needs to guess at the beginning of searching process. The user 

then observe the first retrieved documents and gives feedback for the system by 

selecting relevant documents as relevant and irrelevant documents as irrelevant. By 

collecting relevance feedback data from a few documents, the model then can be 

applied in order to estimate the probability of relevance for the remaining documents 

in the collection. This process iteratively applied to improve the performance of the 

system so as to retrieve relevant documents which satisfies users need [24]. 

 

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 
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information need. The principle behind this assumption is called, probability 

ranking principle (PRP) [29][24].  

 

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, Inference Network Model and Belief Network Model [5]. 

 
2.5.3.1. Binary Independent model 

The classical Binary independence model (BIM) was introduced in 1976 by 

Roberston and Sparck Jones[24]. According to Greengrass [28], the model has been 

called ‘binary independence’ because it has been assumed that to arrive at the 

model one must make the simplifying assumption that the document properties that 

serve as clues to relevance are independent of each other in both the set of relevant 

documents and the set of 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 vector q . 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.   

 

2.5.3.2. Bayesian Networks Model 

Bayesian networks model was introduced by Turtle and Croft [28] as information 

retrieval model on the basis of probabilistic theory. Bayesian networks use a form of 

probabilistic graphical model. They use directed acyclic graphs (DAGs) to show 

probabilistic dependencies between variables, in which the nodes represent random 

variables, the arcs depict causal relationships between these variables. They have 

child and parent causal relationship, which is represented by linking each parent 

node to the child node. Only the root nodes are without parents [24].  
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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. 

 
2.5.3.3. Bayesian Inference Network Model 

According to Baeza-Yates amd Ribeiro-Neto [24], 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(I|D), the probability 

that a user’s information need (I) 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 [24]. 

 
2.5.3.4. 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 

[5]. As Baeza-Yates and Ribeiro-Neto [24], 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 q.  

 

Document dj is modeled as network node to its associated binary random variable. If 

dj completely covers the concept space C the variable set to 1. To compute the 

probability of dj (P(dj)), compute the degree of coverage of the space C by dj. 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 [24].  
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The ranking principle in belief network expressed as, the degree of coverage provided 

to the concept dj by the concept q. P{dj|q) is adopted as the rank of the document dj 

with respect to the query q[24]. 

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 [24][26]. 

 

However, probabilistic model have several potential advantages [24][26]. 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). 

 

2.6.  Relevance feedback 
 
Relevance feedback is a process, introduced over 20 years ago, and designed to 

produce improved query formulations following an initial retrieval operation so as to 

improve the final result set [35][36]. There are two relevance feedback mechanisms 

user relevance feedback and pseudo relevance feedback.  

 

The idea of user relevance feedback is to involve the user in the retrieval process. In 

particular, the user gives feedback on the relevance of documents in an initial set of 

results. The procedures followed in user relevance feedback are the following. First, 

the user provides a query based on which the IR system returns initial relevant 

documents. Second, the user marks some returned documents as relevant or non-
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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 [35][36]. 

 

2.7. Related Works 
 

Effective systems for mono-language information retrieval have been available for 

several years. Research in the area of multi-lingual information retrieval has focused 

on incorporating new languages into existing systems to allow them to run in several 

mono-language retrieval modes. In recent times, greater interest in retrieval across 

languages has motivated more work to study the factors involved in building a CLIR 

system.[4] 

 

Very limited works have been done in the areas of IR and CLIR in the past in 

relation to African indigenous languages including major Ethiopian languages [4]. 

Very limited research works conducted so far on Amharic–English and Afaan 

Oromo-English CLIR. But nothing is found for Tigrigna. The following sub sections 

summarize the review of some related works (for different pairs of languages) in 

which different approaches of CLIR used to cross the language barriers. 

 

2.7.1. Oromo-English Cross Language Information Retrieval 

The bilingual information retrieval experiments as part of ad-hoc was conducted by 

Kula [36] for three different languages: Oromo-English, Hindi-English and Telugu-
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English. The experimentation result of Oromo-English cross language information 

retrieval experiments at CLEF’06 is summarized as bellow. In the study, the 

dictionary based approach of CLIR was used to translate Oromo topics into a bag of 

words of English queries. The basic objective of the study was to design and develop 

an Oromo-English CLIR system with a view to enable Afaan Oromo speakers to 

access and retrieve the vast online information resources that are available in 

English by using their native language queries. In the experimentation three 

different official runs were submitted in Oromo-English bilingual task. Afaan Oromo 

queries were translated into their equivalent English queries based on Machine 

Readable Dictionary (MRD) and submitted to the text retrieval engine. The English 

test collection was provided by CLEF (Cross Language Evaluation Forum) from two 

newspapers, the Glasgow Herald and the Los Angeles Times. The Oromo-English 

dictionary the researchers used was adopted and developed from hard copies of 

human readable bilingual dictionaries by using Optical Character Recognition (OCR) 

technology. The developed dictionary was used to translate Oromo topics into a bag 

of words of English queries. 

 

In order to define Afaan Oromo stop words, the researchers first created a list of the 

top most frequent words found in Afaan Oromo text corpus collected. Then 

pronouns, conjunctions, prepositions and other similar functional words in Afaan 

Oromo were also added in the stop word list. Once these less informative words were 

removed from Afaan Oromo text corpus, a light stemming algorithm was applied in 

order to conflate word variants into the same stem or root.  

 

The experimentation results of the three official runs, i.e. title run (OMT), title and 

description run (OMTD), and title, description and narration run (OMTDN) for 

Oromo- English bilingual task in the ad-hoc track of CLEF’06 summarized in table 

2.2. In the table the summary of the total number of relevant documents (Relevant-

tot.), the retrieved relevant documents (Rel.Ret.), and the non-interpolated average 

precision (R- Precision) are summarized. The Mean Average Precision (MAP) and 

Geometric Average Precision (GAP) scores of the three runs are also presented. 
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Run-Label Relevant-

tot. 

Rel. Ret.  MAP  R-Prec.  GAP 

OMT 1,258  870  22.00%  24.33%  7.50% 

OMTD  1,258  848  25.04%  26.24%  9.85% 

OMTDN  1,258  892  24.50%  25.72%  9.82% 

Table 2:3 Summary of average results for the three runs 

 

The evaluation of this experiment was also conducted by Kula [36] and the purpose 

of the evaluation experiment was to assess the over all performance of the dictionary 

approach by using these different fields of Afaan Oromo topics.  

 

Based on the evaluation result it was concluded that limited language resources can 

be used in designing and implementation of a CLIR system for resource scarce 

languages like Afaan Oromo. The significant average results for all official runs were 

achieved even though limited CLIR resources used in the experiments. 

 

2.7.2. English-Oromo Machine Translation 

An Experiment Using a Statistical Approach was conducted by Sisay [37] focused on 

the translation of English documents to Oromo using statistical methods. In general, 

the work has two main goals: one is to test how far we can go with the scarce 

recourse of the parallel corpus for the English-Oromo language pair and the 

applicability of existing SMT systems on these language pairs. The second one is to 

analyze the output of the system with the objective of identifying the challenges that 

need to be addressed. The architecture of the English-Oromo SMT system studied 

includes four components: Language Modeling, Translation Modeling, Decoding and 

Evaluation. 

 

The Language Modeling component takes the monolingual corpus and produces the 

language model for the target language (Afaan Oromo). The Translation Modeling 

component takes the part of the bilingual corpus as input and produces the 

translation model for the given language pairs. The Decoding component takes the 
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language model, translation model and the source text to search and produce the 

best translation of the given text. The Evaluation component of the system takes the 

system output and the reference translation and compares them according to some 

metric of textual similarity. The parallel documents used for the experimentation 

part were: Some Afaan Oromo versions of Bible chapters that are available both in 

English and Afaan Oromo languages and some spiritual manuscripts for which the 

English equivalents were accessible on the web, the United Nation’s Declaration of 

Human Rights, the Kenyan Refugee Act, the Ethiopian Constitution, some medical 

documents, the proclamations, and the regional constitution of Oromia Regional 

State. By using these resources, an average BLEU (Bilingual Evaluation Understudy) 

score of 17.74% was achieved based on the experimentation. 

 

2.7.3. Dictionary-based Amharic-English Information Retrieval 

Amharic-English cross lingual information retrieval that is based on dictionary-

based approach was designed by Atelach [7]. The experiment was conducted in two 

different approaches. Both experiments used a dictionary based approach to 

translate the Amharic queries into English bags-of-words, but while one approach 

removes non- content bearing words from the Amharic queries based on their IDF 

value, the other uses a list of English stop words to perform the same task. After the 

conversion of Amharic topics into English queries system retrieval was done by 

using translated English queries as input. The translation was done through a 

dictionary look up that takes Amharic words in the topic and finding the 

corresponding English match from MRD. The main difference between the two 

approaches is the way non-content bearing words were identified and removed. 

 

At a general level, the two approaches consist of a step that transforms the Amharic 

topics into English queries, followed by a second step that takes the English queries 

as input to a retrieval system. In both approaches the translation was done through 

a simple dictionary lookup that takes each stemmed Amharic word in the topic set 

and tries to get a match and the corresponding translation from a MRD. In the first 

approach the conversion was not done for all Amharic words. The cutoff point 

depending on the inverse document frequency value of each word was set to look for 
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the translation words in a dictionary. In this approach those Amharic words that 

have IDF value below the given threshold were reduced and then looks up in the 

dictionary was performed for the remaining words. In the second approach the 

translation was done for all Amharic words, and after they were translated into their 

English equivalent words those found in the list of English stop words were 

removed. 

 

The MRD used for the experimentation was one that consisted of any entry of 

Amharic words and their derivational variants. The infixed words were represented 

separately in the dictionary. Therefore, the stemmed words of the Amharic query 

were looked up for their possible translations in the dictionary. If there was a match 

and only one sense of the word, the corresponding English word or phrase in the 

dictionary was taken as possible translation. If there was more than one sense of the 

term, then all possible translations were picked out and a manual disambiguation 

was performed. For most of the proper names there was no entry in the dictionary, 

hence they were translated manually. 

 

The resulting translated English queries by using both of the approaches were given 

to the retrieval engine to determine the average precision value obtained. The results 

from the two approaches differ, with the second approach (based on a list of English 

stop words) performing slightly better than the first approach (based on IDF values 

for the Amharic terms), but they both perform reasonably well. The average 

precision value obtained for the first approach was 0.3615 while it was 0.4009 for 

the second approach.  

 

2.7.4. Amharic-English Cross-lingual Information Retrieval: A Corpus Based 

Approach 

Research on Amharic-English Cross-lingual Information Retrieval that employed 

corpus- based approach was conducted by Aynalem [36]. The objective of the 

research was to experiment on Amharic- English corpus-based CLIR by using 

statistical method to translate Amharic queries into their respective English. 

Amharic query was translated into English query since the research was aimed at 
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making English documents available to the Amharic speakers by using queries of 

their native language. To achieve query translation the researcher built bilingual 

dictionary by using parallel corpus of Amharic and English documents collected. 

This dictionary was constructed by the help of GIZA++ word alignment toolkit after 

the data collected were preprocessed. The data preprocessing task done by the 

researcher includes case normalization, tokenization and transliteration. The 

parallel corpus employed for the research includes news and legal items. Since the 

two languages (Amharic and English) use different alphabets, the text must be 

transliterated into the other alphabet. To handle this, the text character of collected 

Amharic documents and Amharic queries were translated into English. In the 

research Amharic queries were used for the retrieval of both Amharic and English 

documents. The Amharic queries were converted into their equivalent English 

queries for the retrieval of documents written in English. With the help of the 

bilingual dictionary constructed. The researcher wrote python script code to search 

and convert the equivalent English translation of the Amharic queries from the 

dictionary. 

 

Evaluation of the system was conducted for both Amharic and English documents 

retrieved by using Amharic queries. The experimentation of the research involves 

monolingual and bilingual retrieval evaluation. For monolingual evaluation Amharic 

queries are given to the system to retrieve Amharic documents whereas for bilingual 

evaluation translated Amharic queries are given to the system to retrieve English 

documents. 

 

The experimentation was conducted in two phases. In the first experimentation 

words with high or low frequency were not used for the content representation while 

for the second phase of experimentation all words with the exception of stop words 

were used as index terms. The results found after conducting the second phase of 

the experimentation was a maximum precision value of 0.24 and 0.33 for Amharic 

and English respectively. 
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2.7.5. Cross-Lingual Information Retrieval System for Indian Languages 

Microsoft Research India worked on Hindi to English cross-lingual system [11] in 

which a word alignment table that was learnt by a SMT system trained on aligned 

parallel sentences was used. The research was experimented on English corpus of 

LA Times 2002. The researchers worked as part of the ad-hoc monolingual and 

bilingual track of CLEF 2007. The task was to retrieve relevant documents from an 

English corpus in response to a query expressed in different Indian languages 

including Hindi, Tamil, Telugu, Bengali and Marathi. 

 

The researchers used a word alignment table that was learnt by a SMT system 

trained on aligned parallel sentences, to map a query in source language (Hindi) into 

an equivalent query in the language of the target (English) document collection. The 

query in Hindi language was translated into English using word by word translation. 

For a given Hindi word, all English words which have translation probability above 

certain threshold were selected as candidate translations. Only words with the 

probability of above the threshold value set were selected as final translations to 

reduce ambiguity in the translation. This method may reduce the size of aligned 

words to be included in the bilingual dictionary constructed, if the probability of 

query word is below the threshold value set. Once the query was translated into the 

language of the document collection the relevant documents retrieved using a 

language modeling based retrieval algorithm. 

 

The experiment was done for two different cases for both monolingual and cross 

lingual retrieval. In the first case when the high threshold value (selected value was 

0.3) was used for the translation probability. This was done to avoid ambiguity, 

when there are many possible English translations for a given Hindi word. The 

result was presented in terms of precision at different levels of interpolated recall. In 

the second set of experiments, various levels of threshold values were used. The 

result shows that, cross- lingual performance was improved for the latter case when 

compared with first case. This indicate that word translations with no threshold on 

the translation probability gave the best results. 
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2.7.6. Corpus-Based Cross-Language Information Retrieval in Retrieval of 

Highly Relevant Documents 

The study conducted by Talvensaari [36] was aimed to find out how corpus- based 

CLIR retrieve highly relevant documents which has become progressively important 

in the age of enormously large collections. The study was based on query translation 

technique. A comparable corpus of Finnish-Swedish was used as a source of 

knowledge for the translation of query. The test queries were selected from Finnish 

corpus and translated into Swedish to retrieve documents in Swedish language. 

Both Swedish and Finnish corpora were collected from the news articles of different 

time span.  

 

The performance evaluation of the system was measured by using recall and 

precision measurement, which weight the retrieved documents according to their 

relevance level. The researchers experiment their work with the term vector 

matching strategy of the comparable corpus translation system (COCOT) which was 

evaluated with graded relevance assessments to find out how the system managed 

in retrieving highly relevant documents. The performance of the system was 

compared to that of a dictionary based query translation system. The results of the 

study indicate that corpus-based translation works better in the retrieval of highly 

relevant documents than dictionary-based translation. 
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CHAPTER THREE 

DESIGNING TIGRIGNA-AMHARIC CLIR SYSTEM  
 

In designing probabilistic Tigrigna-Amharic cross language information retrieval 

system, the two major components which are indexing and searching are used [4]. 

Indexing is an off-line process used to facilitate access to preferred information from 

document corpus accurately and efficiently as per users query. Searching is an on-

line process used to scan document collection so as to find relevant documents that 

satisfy users need .  

 

Figure 3.1 depicts the probabilistic based CLIR system architecture designed and 

implemented in this research. It indicates that, the CLIR system has on-line 

(Searching) and off-line (Indexing) processes. During the off-line process, Tigrigna 

and Amharic 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 on-line 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 [4].  
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Figure 3.1: Architecture of Tigrigna-Amharic CLIR system using probabilistic model 
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3.1. Tigrigna and Amharic Document Indexing  
 
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.  

 

3.1.1. Word Stemming  

In Tigrigna and Amharic writing systems, words are morphologically variant. 

Morphological variant words have similar semantic interpretations. In IR system, 

those words are considered as equivalent words [9]. Therefore, words have to be 

reduced to their root using stemming technique. 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 Tigrigna and Amharic text, there are many word variants/affixes [8][9]. 

To conflate them into stem word, stemming technique/ algorithm developed by 

Yonas [8] for Tigrigna and Nega [32] for Amharic languages were used. Both 

developed the stemmer that involves the removal of both prefixes and suffixes and 

also consider letter inconsistency and reiterative verb forms. 

 

3.1.2. 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 [22][23].  

 

In this research the second method is used to apply stop word removal. The stop 

word list is adopted form yonas [8] and Nega [32]. Removing stop words were applied 
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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. 

 

3.1.3. Normalizing Characters and Words  

As discussed in section 2.4.3, Both Tigrigna and Amharic writing system contains 

characters or symbols, which have the same sound during reading. For example, in 

the case of Amharic the characters “ሀ, ሐ,ኀ, A and A” produces the same sound 

during reading with characters “ሃ, ሓ, ኃ, ኣ and ዓ” respectively. On the other hand, 

there are also alphabets that share the same sound, such as, “ሀ, ሐ, and ኀ”, “ሰ and 

ሠ”, “A and I”, and “ጸ and ፀ”.  The same is true for Tigrigna except that “ሀ and ሐ “ 

and “A and A” have different sounds. As a result, words which have the same 

meaning may have different spelling structure. For example, the word “Aሥራት” can 

be written in different way such as, “Aስራት”, “ዓስራት” “ኣስራት” and “ኣሥራት”. In this 

research such kind of problems are solved by changing the characters and the word 

to their common standard form. 

 

3.1.4.Punctuation Marks Removal 

Punctuation marks are usually attached to the words which precede them this is 

also the case in Tigrigna and Amharic. Removal of punctuation marks  is essential 

to prepare data for the indexing process. This is because  the same word that is 

attached to a punctuation mark and that is not attached to a punctuation mark is 

considered as different words. For example, the word “መፂU” and “መፂU?” are 

different words when they are indexed unless the question mark (?) that is attached 

to the latter is removed. 

3.2.  Bilingual Dictionary 
 
The translation of Tigrigna queries into Amharic was done by using Tigrigna-

Amharic MRBD which is taken and digitized from printed dictionary called “Saba 

English-Amharic- Tigrigna dictionary”.  
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The bilingual dictionary stores both source words (Tigrigna) and their corresponding 

translation of the target words (Amharic). The dictionary provides different possible 

translation for a single word. In this research the first single word is taken. Python 

script was developed to select the one that is found at the beginning of the 

statement. 

 

3.2.1. Translation 

This component is responsible for taking query in one language and translating it 

into another language, i.e. it is the query translation phase. Query translation is 

required to achieve CLIR with the help of a MRBD. The translation of the given query 

into another language is needed to retrieve documents in the translated (target) 

language. For this research, a given Tigrigna query was translated into its equivalent 

Amharic query. The translated query was passed under different text operation and 

sent to the document collection in the target language (Amharic) to retrieve the 

relevant documents. Translation of the query was done on a word-by-word basis for 

this study. Python script was written for the translation of a Tigrigna query to its 

equivalent Amharic query by searching through the MRBD. 

3.3.  Searching Using the Probabilistic Model  
 

Because of its capability of handling the uncertain nature of information retrieval, 

the Binary Independent Model is used to design probabilistic Tigrigna-Amharic CLIR 

system. This is because, according to Greengrass [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.  

 

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 [24]. In addition, it is the first model that has been used in several 
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researches because of its clear and simple mathematical and theoretical 

assumptions 

In binary independent model there are three 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 

by the user. The third step compute terms when partial feedback is given [24]. 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 [31]; 

• 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; 
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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 user looks 

at the retrieved documents and marks them as relevant and non-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. relevance feedback), this will allow more accurate estimation [24][31]. 

Therefore, relevant documents retrieved should be improved using probabilistic 

relevance weighting technique. This technique uses the concept in term incidence 

contingency [31]. See table 3.1 shown below. 
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 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 

Where,  

 r is the number of relevant documents that contain the term,  

 n – r is the number of non-relevant documents that contain the term,  

 n is the number of documents that contain the term,  

 R- r is the number of relevant documents that do not contain the term,  

 N – n – R + r is the number of non-relevant documents that do not contain the 

term,  

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

number of relevant documents,  

 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 [31];  
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According to Sparck [31], the above equations can be rewritten to compute term 

presence weighting function as; 
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However, Robertson and Jones [31], 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 
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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. Two strategies are 

identified in measuring the effectiveness performance of IR systems. The first is the 

user-centered strategy, which uses relevant judgment so as to evaluate the 

performance of the system and the second is system centered strategies which work 

based on reference judgment available prior to testing process [24]. 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-measure, etc [26]. 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 the 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 [18]. To show these metrics, assume the document collection 
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be D. Let Rt be all retrieved documents from the collection D and Rl the number of 

relevant documents in D. The union of Rt and Rl is a set of documents retrieved and 

relevant, RA. Therefore, the recall and precision can be calculated using equation 

3.5 and 3.6 respectively.  

 

 Recall= RA |Rt||Rl|…………. (3.5)  

  

 Precision= RA |Rt||Rt|……. (3.6)  

 

The formula shown above for precision and recall assume that, all documents 

retrieved (Rt) is examined by user. Thus, the retrieved document cannot be 

presented for the user at once. Rather, the retrieved documents are presented 

according to their degree of relevance as per the user query. Then, the user 

examines the ranked documents starting from the top. This kind of examination of 

documents by the user leads the recall and precision measures to vary. Therefore, 

for appropriate evaluation of recall and precision, plotting a precision versus recall 

curve is necessary [24]. To draw precision-recall curve, for example let documents 

retrieved by the system is Dr Where Dr = {d3, d33, d9, d1, d10, d11, d14, d7, d44, 

d49, d50, d53, d55, d77, d133} in ranked order. Assume Rq contain a set of relevant 

documents for the query. Where, Rq = {d1, d3, d7, d10, d14, d33, d44, d49, d55, 

d133}. Based on the given information recall- precession curve is constructed. 

However, when constricting the curve based on the original recall and precession 

may result in saw tooth curve, there is a need to smooth the curve using 

interpolation technique. 

 

In general, precision and recall have been used widely to evaluate information 

retrieval system performance. However, they measure two different aspects of the 

system and thus they are inversely related. If recall of a system is improved then the 

precision is reduced. The reason behind this is that, when an attempt is made to 

include many of the relevant documents, more and more irrelevant documents 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 
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whole relevant documents found in the corpus. Achieving both precision and recall 

100% is ideal but impossible in reality [24]. 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 [18]. In this research probabilistic model is used to enhance the 

performance of Tigrigna-Amharic CLIR system by increasing the precision without 

affecting the recall ability of the system. Thus, the F-measure is used to measure the 

performance of the system since it balances the precision and recall values. F-

measure is a single value measure that trades off precision versus recall. It is the 

weighted harmonic mean of precision and recall expressed as follows [18]; 

  

f j =2PR/P+R…………… (3.7) 

 

Where R=(r1,r2,….r11,…rn) and P=(p1,p2,….p11,…pn) are recall and precision at 

the jth document respectively. F-measure will be 0 when no relevant document is 

retrieved and 1 when all the first ranked documents are relevant. Moreover, the 

harmonic mean F assumes a high value only when both recall and precision are 

high.  

 

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 Amharic language so as to enhance the performance of the IR and to 

alleviate the problem of uncertainty that exists in IR. To evaluate the performance of 

the method, the model is implemented and tested using Tigrigna and Amharic 

documents. 
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CHAPTER FOUR 

EXPERIMENTATION AND ANALYSIS 

4.1. Document Selection 
 
The researcher has utilized different sources of text for the development of the 

Tigrigna - Amharic CLIR system and the experiments. Since there is no document 

collection available for Tigrigna and Amharic languages like the TREC, and the CLEF 

collections for the English language, the researcher used his own collections. The 

researcher took documents from different sources.  

 

A total of 200 Tigrigna and Amharic documents were used as a document corpus to 

test the prototype system. The documents are obtained from different web sites. 

Minister of Health, Minister of Education, Awake news articles, online bible 

chapters, Walta Information Center, and Hadas Eritrea were sources of the 

researcher’s corpus collection.  

 

As shown in table 4.1, the document corpus contains five clusters, which are health, 

education, Religion, social and politics. 

 

No Types of Documents Number of 

Documents 

1 Health 30 

2 Education,  30 

3 Religion,  60 

4 Social 40 

5 Politics 40 

 Total 200 

Table 4.1: Types of articles used  
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Each document is saved under common folder using UTF8 format, which is 

supported by most programming languages. Additionally, 6 test queries were 

selected by the researcher to test the performance of the system. Relevance 

judgment is also done for identifying which document is relevant for a given test 

query. Both user relevance feedback, where a user is asked to select the list of 

relevant documents out of the retrieved ones, and pseudo relevance feedback, where 

the system takes some of the top ranked documents as relevant, are used, 

4.2.  Query Selection 
 

Queries were prepared for the selected sample test documents of Tigrigna. The 

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

documents and it was prepared for Tigrigna selected test documents only. As 

pointed out, the MRBD is used for the query translation techniques in order to 

bridge the gap between the query language (Tigrigna) and the document language 

(Amharic). So Tigrigna test queries were translated into Amharic to retrieve both 

Tigrigna and Amharic documents that are relevant for the given queries. To 

accomplish this task Tigrigna queries were passed through the translation module 

to be translated into their Amharic equivalent. Then, the translated queries were 

used to retrieve Amharic documents. 

 

4.3.  Description of the Prototype System  
 

Preprocessing on the queries and test document collections is performed. Then 

queries are projected to the term-document matrix. However, unlike vector space 

model, which obtains frequency of each query terms in the documents, Binary 

Independent probabilistic model obtains the absence and presence of the query 

terms in documents. In addition to that, queries are weighted two times (i.e. before 

and after relevance feedback is given). 

 

In developing the prototype system of Dictionary based Tigrigna–Amharic CLIR 

several components are integrated together as depicted in Figure 3.1. Those 
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components describe the major activities done in the CLIR system development. The 

system is developed using python version IDLE 3.2. Figure 4.1, presents a screen 

shot which shows the first list of retrieved document using a given query. 

 

Figure 4.1: screen shot of the main page of the prototype 

 

The main objective of the prototype system is to project query terms and documents 

of both Tigrigna and Amharic documents in the matrix to make comparison between 

documents and a query. Then having calculated the weight of each query terms 

based on the notion implemented by probabilistic model, it calculates the score of 

each document and rank the retrieved documents and list them in decreasing order 

starting from the most relevant documents to the least .  
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The indexing process is implemented to construct inverted index. According to 

Amanuel [5], when implementing inverted index there are several tasks that need to 

be done. Such as, stemming, normalization, tokenization and stop word removal. 

The first step in constructing inverted index is generating index terms from 

document collections. In this step, the first task is tokenizing terms. Figure 4.2, 

shows python code implemented to tokenize terms found in Tigrigna document 

collection. 

 

 

Figure 4.2: Python code for tokenization 

 

The code first reads the first line of the first file. Then, it removes punctuations and 

performs normalization finally it splits that line and stores the list. It performs 

likewise iteratively till all lines of all documents are processed. 

 

As discussed in section 2.5.3, in both Tigrigna and Amharic writing system there are 

characters, which have the same sound during reading. In addition, there are 

alphabets that share the same word sound. To convert characters and words to their 

common form, normalization module is implemented. 

 

    for j in range(1,d_no+1): 
         
        dline='tdct\\'+docu_List[j-1] 
        ddn=docu_List[j-1] 
        ddn=ddn.replace('Tgfile','') 
        ddn=ddn.replace('.txt','') 
        dname='' 
        dn=int(ddn) 
        dline=dname+dline.rstrip() 
         
        encoding_doc=open(dline,encoding='utf-8') 
        while True: 
            v_String=encoding_doc.readline() 
            fstring=remove_puc(v_String) 
            fstring=Tnormaliz(fstring) 
            v_List=fstring.split() 
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One of the problems faced when implementing normalization was finding standard 

list of characters for both languages. In this research, list of characters is prepared. 

Figure 4.3, shows how Tigrigna characters are converted to their common form. 

 

 

Figure 4.3: Python code for normalization 
 

The code first takes a line of text from a document then checks for the existence of 

each character in h3, s2, and t2 then it replaces with the corresponding h1, s1, and 

t1 characters accordingly. 

 

In Tigrigna and Amharic writing system words are morphologically rich. Since 

morphological variant words have similar semantic interpretations, there is a need 

to stem words to their root. In this research, the stemming implementation has two 

modules, the prefix removal module and the suffix removal module. Figure 4.4, 

depicts python code implementation of prefix and suffix removal of Tigrigna words. 

def Tnormaliz(text): 
        h1=["ሀ","ሁ","ሂ","ሃ","ሄ","ህ","ሆ"] 
        h3=["ኀ","ኁ","ኂ","ኃ","ኄ","ኅ","ኆ"] 
 
        s1=["ሰ","ሱ","ሲ","ሳ","ሴ","ስ","ሶ"] 
        s2=["ሠ","ሡ","ሢ","ሣ","ሤ","ሥ","ሦ"] 
 
        t1=["ጸ","ጹ","ጺ","ጻ","ጼ","ጽ","ጾ"] 
        t2=["ፀ","ፁ","ፂ","ፃ","ፄ","ፅ","ፆ"] 
        for i in range(len(h1)): 
                text=text.replace(h3[i],h1[i]) 
                text=text.replace(t2[i],t1[i]) 
                text=text.replace(s2[i],s1[i]) 
 
        return text 
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Figure 4.4: Python code for prefix and suffix removal  

 

The code takes list of index terms 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. It follows similar 

procedure to remove suffix.  

 

One of the challenges faced when implementing stemming on Tigrigna and Amharic 

word is the algorithm adopted from Nega [39]. Sometimes, the algorithm over stem 

words that are inflected using prefix. This results the stem to become too short 

word. For instance, the word “ማግኝት” meaning ‘to find’ and “ማግባት” meaning ‘to get 

married’ are over stemmed to “ማግ”; and the algorithm adopted from Yonas[8] made 

def sufpre(v_List): 
    prfx=open("Prefixlist.txt",encoding='utf-8') 
    prefix=prfx.read() 
    prefix=prefix.split() 
    sfx=open("SuffixList.txt",encoding='utf-8') 
    suffix=sfx.read() 
    suffix=suffix.split() 
    for n in range(0,len(v_List)): 
        stemed_query='' 
        stemed_query=stemed_query+v_List[n] 
        for preffix_l in range(0,len(prefix)-1): 
            if(len(stemed_query)>2): 
                if(stemed_query.startswith(prefix[preffix_l])): 
                    
stemed_query=stemed_query.replace(prefix[preffix_l],'') 
                    preffix_l=len(prefix) 
        for suffix_l in range(0,len(suffix)-1): 
            if(len(stemed_query)>2): 
                if(stemed_query.endswith(suffix[suffix_l])): 
                    
stemed_query=stemed_query.replace(suffix[suffix_l],'') 
                    suffix_l=len(suffix) 
        v_List[n]=stemed_query 
    sfx.close() 
    prfx.close()             
    return v_List 
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similar errors for Tigrigna words like ኺሰብክ meaning to “ when preaching ” ብሰብኣይ 

meaning to “ with a man ” over stemmed to “ሰብ”, as a result of which both words 

are indexed as the same word located in different document. This situation in turn 

misrepresents two different words as similar and happened irrelevant documents to 

be retrieved.  

 

As one of the goals of this prototype is to provide relevant Amharic documents for a 

given Tigrigna query in addition to the Tigrigna results, the Tigrigna queries have to 

be translated in to Amharic.  Figure 4.5, depicts python code implementation of 

query terms translation. 

 

The code accepts Tigrigna query then it opens the dictionary file to search for 

Amharic meanings for the Tigrigna query words. If it finds equivalent meaning it 

upends the equivalent Amharic word to the Amharic query word list. If it doesn’t, it 

upends the original Tigrigna query word in to the Amharic query word list. Finally 

the query is passed under different text operations. 
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Figure 4.5: python code implementation for query terms translation 

 

The main challenges that the researcher faced word translation is discussed 

 

• Word variant 

As discussed so far the morphological structure of Tigrigna and Amharic words is 

complex. For example “መፀ“ and “መፂU“  have the same meaning in Amharic 

    query=input("Aንታይ ይደልዩ/ይደልያ፡    ") 
 
    while len(query)==0: 
       query= input(" ዝደልይዎ ሓበሬታ ይጻሓፉ: ") 
    fstring1=remove_puc(query) 
    fstring1=re.sub('[፡፡.!:።()"፣?/!\ufeff]','',query) 
    fstring1=Tnormaliz(fstring1) 
    qv_List=[] 
    qt_List=[] 
    qt_List=fstring1.split(" ") 
############ meaning ################# 
    dic=open("dictionary.txt",encoding='utf-8') 
    am=[] 
    tig=[] 
    ii=0 
    while(ii < 5530): 
        lin=dic.readline() 
        lin=lin.replace('\n','') 
        t=lin.split('\t') 
        if len(t)>1: 
                am.append(t) 
        ii+=1 
    dic.close() 
 
    for i in range(len(am)): 
            am[i][0]=Anormaliz(am[i][0]) 
            am[i][1]=Tnormaliz(am[i][1]) 
 
    aall=[] 
    c=0 
    for i in range(len(qt_List)): 
                c=0 
                for j in range(len(am)): 
                        if qt_List[i]==am[j][1]: 
                                aall.append(am[j][0]) 
                                c+=1 
                                break 
                         
                if c==0: 
                       aall.append(qt_List[i]) 



 65

““መጣ“” meaning ‘he comes’ . But as the dictionary is suppose to contain word to 

word translation such kind of words were considered as unknown words. 

 

• Polysemous 

Depending on the context of the statement that contains the word, the same 

word can get several meanings in the target language. For example, “ፅንዓትን 

ምርምርን” and “ፅንዓትን ተወፋይነትን” are two different phrases that uses “ፅንዓትን“ 

for different purpose. In the first phrase it has a meaning “ጥናት” in Amharic and 

“research” in English while in the second phrase it means “ጥንካሬ” in Amharic 

and “strength” in English. 

 

• Synonyms 

Different words may represent similar ideas. For example direct translation of 

“ከይዱ” is “ ሄደ” in Amharic and “gone” in English similarly “ተመሊሱ” is “ተመለሰ” in 

Amharic and “got back” in English but some times “ተመሊሱ” and “ሄደ” may 

represent the same meaning as in the following “ናብ ዓዱ ተመሊሱ” and “ወደ ሃገሩ 

ሄደ” both statements say “he went back to his country”. 

4.4.  System Evaluation Method 
 

As discussed in section 3.5, once the proposed 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 and efficiency. The 

type of the evaluation considered depends on the objectives of the retrieval system, 

even though complete evaluation process requires evaluation of both system 

effectiveness and efficiency. The objective of this research is to examine the ability of 

dictionary-based approach (one type of query translation approach of CLIR) for 

Tigrigna - Amharic CLIR. In addition, retrieval effectiveness of a system is evaluated 

on a given set of documents, queries and relevance judgments. Therefore, for this 

research only effectiveness of IR system is taken into consideration to determine the 

performance of the system for the baseline and translated queries. 

There are different techniques for measuring effectiveness of IR system. In many IR 
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systems recall, precision and F-measure are considered as basic measures for 

retrieval effectiveness and majority of the studies used these measurements [18]. For 

this research also these techniques are used to evaluate the performance 

effectiveness of the system. 

 

Recall measures the ability of a retrieval system to find out relevant documents. It 

considers how many percentages of relevant documents are correctly retrieved by 

the system. Using recall alone is not enough when measuring the effectiveness of a 

retrieval system since retrieved documents contains both relevant and irrelevant 

documents. Therefore, precision which measures the ability of a retrieval system to 

find out only relevant documents is also essential. In addition F-measure is used to 

measure the performance of the system since it balances the precision and recall 

values.   

 

Retrieval effectiveness of relevant Amharic documents depends on the translation 

performance of Tigrigna queries in to Amharic. To this end three different ways of 

translations is evaluated. These are translation before Tigrigna query terms are 

stemmed, translation after Tigrigna query terms are stemmed, and translating 

stemmed Tigrigna query terms using stemmed dictionary. Table 4.2 depicts 

summery of the translation performances. 

 

QNo 

Translation 

before 

stemming 

Translation 

after 

stemming 

Translation after 

stemming using 

stemmed dictionary 

q1 100% 0% 100% 
q2 80% 0% 80% 
q3 100% 71% 100% 
q4 80% 80% 80% 
q5 83% 17% 83% 
q6 100% 25% 100% 

Average 91% 32% 91% 
 Table 4.2: Translation performances for different ways of translation 
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As shown in table 4.2, translation before stemming and translation after stemming 

using stemmed dictionary registered exactly the same translation performance but 

Translation after stemming registered low translation performance.  

 

4.4.1. Evaluation for Translation before stemming 

 

4.4.1.1 Before Relevance Feedback 

Using the information given in table 4.3, evaluation is done by measuring the recall, 

precision and F-measure of each test queries and the average of each queries result 

are obtained as the initial performance of the system. Table 4.3 presents relevant 

documents retrieved from the Tigrigna and Amharic corpus for each test query. 
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Query 

No 

 

List of queries 

relevant documents for 

each query 

Relevant 

documents 

retrieved 

1 

Iትዮጵያ ናይ መልቐቒ 

ሰርትፍኬት ፈተና 

20, 22, 85, 82, 41, 21, 36, 

86, 90, 92, 95 20, 22, 21,  90 

Iትዮጵያ መልቀቂያ 

ሰርትፍኬት ፈተና 

1, 10, 11, 76, 63, 80, 84, 94, 

7, 25, 31, 56 9, 10, 1, 11, 76 

2 

ዝለዓለ ፅርየት ዘለዎ ናይ 

መድሓኒት ኣቕርቦት 

14, 99, 12, 84, 6, 16, 13, 17, 

82, 19, 4, 29 

14, 12, 13, 6, 84, 

99 

ከፍተኛ ንጽህና ያለው  

መድሃኒት Aቅርቦት 

4, 7, 2, 5, 67, 65, 97, 9, 10, 

11, 34, 72, 63, 76, 80, 94 2, 65, 72, 97, 4 

3 

መልኣኽ መለኸት ነፍሔ 

ኰዀብ ድማ ናብ መሬት ወረደ 

42, 52, 43, 54, 55, 48, 44, 

67, 95 

42, 43, 44, 52, 

54, 55 

መልAክ መለከት ነፋ ኮከብ

መሬት ወረደ 

31, 30, 24, 22, 77, 43, 8, 28, 

19, 60, 61, 93 

8, 22, 24, 28, 30, 

31 

4 

መጻጕE ሰብኣይ ብEምነቱ 

ሓጢኣቱ ተሐዲጉሉ 60, 68, 71, 59, 62, 98 

60, 62, 68, 71, 

59 

ሽባ ሰው በEምነቱ ሃጢኣቱ 

ተተወለት 35, 45, 34, 36, 46, 56, 61 

35, 36, 45, 46, 

34 

5 

ቅዱሳት Eላማታት ህዝብና ኣብ 

መEርፎOም ከም ዝበጽሑ 

ንተኣማመን 

82, 86, 84, 91, 89, 96, 97, 

46, 51, 74, 90 

82, 84, 89, 91, 

96, 86 

የተቀደሱ ኣላማ ህዝብ መEርፎ

የሚደርሱ Eንተማመን 91, 92, 63, 64, 16, 66, 79, 83 91, 92 

6 

ብዝበፅሐ ግምA መሬት 

ነዝተፈናቐሉ ሰባት ተወሳኪ 

መሬት ተዋሂቡ 

42, 48, 28, 16, 69, 44, 82, 

51, 55, 27, 10 42, 48 

በደረሰው ናዳ መሬት 

ለተፈናቀሉት ሰዎች ተጨማሪ 

መሬት ተሰጠ' 

62, 63, 69, 70, 74, 75, 73, 

86, 72, 79, 42, 65, 83, 94, 

44, 19, 28, 56, 22, 49, 21 

62, 63, 70, 74, 

69 

Table 4.3: Tigrigna Test queries, Amharic test queries translated by the system 
using the digital Tigrigna - Amharic dictionary relevant documents list and 
ranked list of retrieved documents. 
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QNo  

List of queries 

Relevant Retrieved Relevant  

Retrieved 

Precision Recall F-Measure 

1 Iትዮጵያ ናይ መልቐቒ 

ሰርትፍኬት ፈተና 6 11 4 0.36 0.67 0.47 

2 ዝለዓለ ፅርየት ዘለዎ ናይ 

መድሓኒት ኣቕርቦት 7 12 6 0.5 0.86 0.63 

3 መልኣኽ መለኸት ነፍሔ 

ኰዀብ ድማ ናብ መሬት 

ወረደ 7 9 6 0.67 0.86 0.75 

4 መጻጕE ሰብኣይ ብEምነቱ 

ሓጢኣቱ ተሐዲጉሉ 6 6 5 0.83 0.83 0.83 

5 ቅዱሳት Eላማታት ህዝብና ኣብ 

መEርፎOም ከም ዝበጽሑ 

ንተኣማመን 6 11 6 0.55 1 0.71 

6 ብዝበፅሐ ግምA መሬት 

ነዝተፈናቐሉ ሰባት ተወሳኪ 

መሬት ተዋሂቡ 2 11 2 0.18 1 0.31 

Average 0.52 0.87 0.62 

Table 4.4 shows the effectiveness of the probabilistic Tigrigna IR system based 
on 6 queries selected for the experiment. 
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QNo 

 

List of queries Relevant Retrieved 

Relevant  

Retrieved P R F 

1 

Iትዮጵያ የ መልቀቂያ 

ሰርትፍኬት ፈተና 5 14 5 0.35 1 0.52 

2 

ከፍተኛ ንጽህና ያለው የ 

መድሃኒት Aቅርቦት 5 16 5 0.31 1 0.47 

3 

መልAክ መለከት ነፋ 

'ኮከብ ድማ ወደ መሬት 

ወረደ 7 12 6 0.5 0.86 0.63 

4 

ሽባ ሰው በEምነቱ 

ሃጢኣቱ ተተወለት 6 7 5 0.71 0.83 0.77 

5 

የተቀደሱ ኣላማዎች 

ህዝባችን በ ማረፊያቸው 

Eንደ የሚደርሱ 

Eንተማመን 2 8 2 0.25 1 0.4 

6 

በደረሰው ናዳ መሬት 

ለተፈናቀሉት ሰዎች 

ተጨማሪ መሬት ተሰጠ' 5 21 5 0.24 1 0.39 

Average 0.39 0.95 0.53 

Table 4.5 shows the effectiveness of the probabilistic Amharic IR system based 
on 6 translated queries selected for the experiment. 

 

As shown in table 4.4, the average result of precision and recall for Tigrigna using 

the initial guess made by the model about the relevance of documents is 52% and 

87% respectively. On the other hand, as shown in table 4.5, the average result of 

precision and recall for Amharic using the initial guess is 39% and 95% respectively. 

The F-measure score registered 62% for Tigrigna and 53% for Amharic, which 

indicates the performance of the system is not good. This is because; documents 

containing one of the query terms but that are not-relevant are retrieved. These 

documents are irrelevant because, the query term found in those documents does 

not express the meaning of the query with respect to other terms found in the query. 

For example, for query “Iትዮጵያ ናይ መልቐቒ ሰርትፍኬት ፈተና” which express the 

high school leaving certificate examination , the system retrieved irrelevant 
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documents such as “Tgfile82”, “Tgfile86”, “Tgfile36” and “Tgfile95” because they 

contains query term “ፈተና”. However, in these documents the term “ፈተና“ is used to 

expresses financial crises in Ethiopia which are not related with examination. The 

same problem is also revealed for other queries. On the other hand, in probabilistic 

model the initial guess of relevant document is based on Boolean expression. Thus, 

all terms that match one of user queries are 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 either user relevance feedback or pseudo relevance 

feedback so as to apply query terms re-weighting in order to increase the weight of 

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

relevant documents.  

 

4.4.1.2 After Relevance Feedback 

As can be seen on the architecture of the prototype in figure 3.1 both user relevance 

feedback and pseudo relevance feedback are tested. Table 4.6 and Table 4.7 depicts 

summery of recall and precision of the final result for Tigrigna queries after 

relevance feedback is applied,  

 

QNo 

Recall Precision 
Recall 
before 

Relevance 
Feedback 

After user 
relevance 
Feedback 

After 
Pseudo 

Relevance 
Feedback 

Precision  
before 

Relevance 
Feedback 

After user 
relevance 
Feedback 

After 
Pseudo 

Relevance 
Feedback 

q1 0.67 0.5 0.5 0.36 0.5 0.5 
q2 0.86 0.86 0.86 0.5 0.67 0.75 
q3 0.86 0.86 0.86 0.67 0.67 0.75 
q4 0.83 0.83 0.83 0.83 1 1 
q5 1 1 1 0.55 0.67 0.67 
q6 1 1 1 0.18 1 1 
average 87% 84% 84% 52% 75% 78% 

 
Table 4.6 summery of recall and precision for Tigrigna queries after relevance 

feedback is applied, 
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QNo 

Recall Precision 

Recall 
before 

relevance 
feedback  

After user 
relevance 
Feedback 

After 
Pseudo 

Relevance 
Feedback 

Precision 
before 

relevance 
feedback 

After user 
relevance 
Feedback 

After 
Pseudo 

Relevance 
Feedback 

q1 1 1 1 0.35 0.62 1 
q2 1 0.86 0.6 0.31 0.8 0.5 
q3 0.86 0.86 0.86 0.5 0.6 0.75 
q4 0.83 0.83 0.33 0.71 0.83 1 
q5 1 1 0 0.25 0.67 0 
q6 1 1 1 0.24 0.31 0.31 

Average 95% 93% 63% 39% 64% 59% 
 

Table 4.7 summery of recall and precision for Amharic queries after relevance 

feedback is applied, 

 

 
F-measure before 

Relevance Feedback 

F-measure after 
User Relevance 

Feedback 

F-measure after 
Pseudo Relevance 

Feedback 

Tigrigna 62% 79% 80% 

Amharic 53% 73% 55% 
 

Table 4.8: summery of F-measure before and after Relevance Feedback 

 

As indicated in Table 4.6 and Table 4.7, both types of relevance feedbacks registered 

exactly the same recall value for Tigrigna documents. Though the difference is not 

significant, the pseudo relevance feedback registered better precision value than 

that of user relevance feedback. On the other hand, on Amharic documents the user 

relevance feedback has significantly dominated the pseudo relevance feedback. 

 

As it is shown in Table 4.6 and Table 4.7, the system registered better performance 

when the user provides relevance feedback. However Recall is decreased from 87% 

to 84% for Tigrigna queries and decreased from 95% to 93% for Amharic queries, 

Precision is increased from 52% to 75% for Tigrigna queries and increased from 39% 

to 64% for Amharic queries.  
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4.4.2. Evaluation for Translation After stemming 
 

  
Translation 
performance 

Language 
similarity Recall Precision F-measure 

q1 0% 75% 100% 100% 100% 
q2 0% 20% 0% 0% 0% 
q3 71% 43% 29% 100% 44% 
q4 80% 40% 33% 100% 50% 
q5 17% 17% 0% 0% 0% 
q6 25% 25% 100% 50% 67% 

average 32% 37% 44% 58% 44% 
 

Table 4.9: Experiment detail for translation after stemming 

4.5.  Findings and Challenges  
 

The MRBD is used as a tool for translating query terms in this research. The 

translation for the given sample queries registered promising performance. However 

some challenges are seen that makes working with dictionary base approach 

difficult. The following are some of them: 

 

Translations are made before stemming 

All stemmed words may not give meanings. The presence of infix is one of the 

potential reasons to produces meaningless words. Tigrigna and Amharic languages 

contain considerable amount of infix. So when translation is tried after stemming a 

query terms could not get their corresponding meaning. To this end, the researcher 

has found difficult translating words after stemming. 

 

Written language is highly influenced by writer’s accent 

Especially in Tigrigna written language is highly influenced by writer’s accent. We 

can consider the case of Eritrean and Ethiopian Tigrigna. For example Table 4.7 

depicts some list of Tigrigna words along with their Amharic meaning. 

 

 

 



 74

Tigray  Eritrea Amharic 

ሓዝ ሕዝ ያዝ 

ይክEል  EክEል ይችላል 

በለA በለዔ በላ 

Table 4.10: List of similar words with different accent 

 

Word variant 

The morphological structure of Tigrigna and Amharic words is complex[8][39]. For 

example “መፀ“ and “መፂU“  have the same meaning in Amharic ““መጣ“” meaning ‘he 

comes’ . But, unless and otherwise a huge MRBD that contains all words and word 

variants along with their translation is developed, as the dictionary is supposed to 

contain only root word to root word translation, such kind of words are considered 

as unknown words. 

 

Polysemous 

Depending on the context of the statement, the same word can be attributed to 

several meanings in the target language. For example  “ፅንዓትን ምርምርን” and 

“ፅንዓትን ተወፋይነትን” are two different phrases that uses “ፅንዓትን“ for different 

purpose in the first phrase is has a meaning “ጥናት” in Amharic and “research” in 

English while in the second phrase it means “ጥንካሬ” in Amharic and “strength” in 

English. Such kind of words biased the translation process. 

 

Synonyms 

Different words may represent similar ideas, For example direct translation of “ከይዱ” 

is “ ሄደ” in Amharic and “gone” in English similarly “ተመሊሱ” is “ተመለሰ” in Amharic 

and “got back” in English but some times “ተመሊሱ” and “ሄደ” may represent the 

same meaning like in the following case “ናብ ዓዱ ተመሊሱ” and “ወደ ሃገሩ ሄደ” both 

statements say “he went back to his country”. 

 

Another reason for the low performance of the bilingual run (Amharic documents 

retrieval using Tigrigna queries) was the incorrect translation of the Tigrigna queries 
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into Amharic. A given test document can be represented by either single word or 

multiple words of query. For the multiple words of query the translation could be 

completely correct (i.e. all words of query are correctly translated), partly correct (i.e. 

not all words of query are correctly translated) or all words in a query are wrongly 

translated. For example, “ዝለዓለ ፅርየት ዘለዎ ናይ መድሓኒት ኣቕርቦት” is translated to 

“ከፍተኛ ንጽህና ያለው የመድሃኒት Aቅርቦት”. The Tigrigna query discusses about quality 

of medicine while the Amharic query discuss about clean medicine.  
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATIONS 
 

5.1. Conclusion 
 

Cross Lingual Information Retrieval (CLIR) system helps a user to pose a query in 

one language and retrieve documents in another language. In this study, Tigrigna - 

Amharic CLIR that is based on Dictionary Approach was developed for Tigrigna 

users to specify their information need in their native language and to retrieve 

documents in both Tigrigna and Amharic. Performance of CLIR systems using 

dictionary based approach is highly dependant either on the performance of the 

stemmer, if translation is to be carried out after stemming, or on the size of the 

MRBD, if translation is to be carried out before stemming.  

 

For the reason that the stemmer used for this research was incapable of producing 

meaningful stemmed words, the researcher used translation before stemming. The 

other challenge that the researcher faced is, the dictionary used for this research 

was limited in size. Those stated problems affected the level of performance to be 

achieved. 

 

Even though the dictionary-based approach is highly dependant on the size of the 

dictionary, the result obtained is encouraging to develop Tigrigna-Amharic CLIR by 

using this approach. An average F-measure of 0.79 and 0.73 for Tigrigna and 

Amharic is obtained respectively.  

 

The low performance achieved for the bilingual run (Amharic document retrieval by 

using Tigrigna) was because of incorrect query term translation which affects the 

accuracy of the query translation. This incorrect translation was caused due to the 

word variants. Thus, it can be concluded that the performance of the system 

obtained was encouraging given the limited size of the MRD used. 
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5.2. Recommendations 
 

It is believed that there is much room for improvement of the performance of 

Tigrigna-Amharic CLIR system developed in this research. Therefore, the following 

recommendations should be looked at in the future so that effective Tigrigna-

Amharic dictionary-based CLIR system can be developed to help users in their 

information need: 

 

• Since the capability of the stemmer developed so far was not found to be 

efficient, translation before stemming was used. But getting a dictionary that 

encompasses the meaning of all words and word variants is challenging. 

Therefore an efficient stemmer should be developed. 

 

• Stemmed words may not always be meaningful as a result stemmed words may 

not have matching term in the dictionary while translation is performed. Hence 

research should be carried out on lemmatization. 

 

• The proposed system implemented with word-based query translation, which 

reduces the effectiveness of query translation. Therefore Use of bilingual phrases 

instead of single words significantly improves translation quality. The study 

conducted by Bian [32] indicates that effectiveness of phrasal translation 

enhances performance by ~ 14 - 31 % than the word level translation. Therefore, 

it is recommended to test the achievement of phrasal translation techniques.  

 

• Query expansion technique improves performance of retrieval systems by 

including synonymous terms in search. Therefore, it is necessary to see the effect 

of query expansion on the retrieval performance of the system. 
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APPENDIX 
Appendix 1: Tigrigna and Amharic character set 
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Appendix 2: Screen shot of the prototype CLIR system when it displays content of a file and ask 

the user whether the file is relevant or not 

 

 
 

Appendix 3: Screen shot of the prototype CLIR system when it asks the user to select type of 

relevance feedback and displaying the final list of relevant documents base on the user’s choice 
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Appendix 4: Probabilistic Tigrigna-Amharic CLIR system python code 
 

print("\t\t\t"'EንኳE ናብ ማEከል ሓበሬታ ብዳሓን መፁ!!') 

print("\n") 

print("\t"'ብናይ ትግርኛ መሕትት ጠቀምቲ ናይ ትግርኛን Aምሓርኛን ፋይላት ይርከቡ ') 

 

import re 

import math 

import string 

import os 

def no_docs(): 

        docs=',' 

        for i in os.listdir('tdct'): 

                docs=docs+','+i 

        docs=docs.replace(',,','') 

        doc_List=docs.split(",") 

        return doc_List  

########################## Amharic ######################### 

def ano_docs(): 

        docs=',' 

        for i in os.listdir('adct'): 

                docs=docs+','+i 

        docs=docs.replace(',,','') 

        doc_List=docs.split(",") 

        return doc_List 

 

########################## tig ################################## 

def Tnormaliz(text): 

        h1=["ሀ","ሁ","ሂ","ሃ","ሄ","ህ","ሆ"] 

        h3=["ኀ","ኁ","ኂ","ኃ","ኄ","ኅ","ኆ"] 

        s1=["ሰ","ሱ","ሲ","ሳ","ሴ","ስ","ሶ"] 

        s2=["ሠ","ሡ","ሢ","ሣ","ሤ","ሥ","ሦ"] 

        t1=["ጸ","ጹ","ጺ","ጻ","ጼ","ጽ","ጾ"] 

        t2=["ፀ","ፁ","ፂ","ፃ","ፄ","ፅ","ፆ"] 

        for i in range(len(h1)): 

                text=text.replace(h3[i],h1[i]) 

                text=text.replace(t2[i],t1[i]) 

                text=text.replace(s2[i],s1[i]) 
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        return text 

def Anormaliz(text): 

        h1=['ሀ','ሁ','ሂ','ሃ','ሄ','ህ','ሆ'] 

        h2=['ሐ','ሑ','ሒ','ሓ','ሔ','ሕ','ሖ'] 

        h3=['ኀ','ኁ','ኂ','ኃ','ኄ','ኅ','ኆ'] 

        a1=['A','U','I','ኣ','ኤ','E','O'] 

        a2=['A','U','I','ዓ','ዔ','E','O'] 

        s1=['ሰ','ሱ','ሲ','ሳ','ሴ','ስ','ሶ'] 

        s2=['ሠ','ሡ','ሢ','ሣ','ሤ','ሥ','ሦ'] 

        t1=['ጸ','ጹ','ጺ','ጻ','ጼ','ጽ','ጾ'] 

        t2=['ፀ','ፁ','ፂ','ፃ','ፄ','ፅ','ፆ'] 

        for i in range(len(h1)): 

                text=text.replace(h3[i],h1[i]) 

                text=text.replace(h2[i],h1[i]) 

                text=text.replace(t2[i],t1[i]) 

                text=text.replace(s2[i],s1[i]) 

                text=text.replace(a2[i],a1[i]) 

        return text 

def remove_puc(v_String): 

    lp=['[',']','{','}','.',',','?','፤','።','፧','፤፤','፡','፡፡','፥','፤','፣','፡'] 

    v_String=re.sub('[??o=?.??():“,<>-``/”??"??!‘’' '\ufeff]','',v_String) 

    for i in lp: 

            v_String=v_String.replace(i,'') 

    v_String= re.sub('[\d+]','', v_String) 

    return v_String 

def sufpre(v_List): 

    prfx=open("Prefixlist.txt",encoding='utf-8') 

    prefix=prfx.read() 

    prefix=prefix.split() 

    sfx=open("SuffixList.txt",encoding='utf-8') 

    suffix=sfx.read() 

    suffix=suffix.split() 

    for n in range(0,len(v_List)): 

        stemed_query='' 

        stemed_query=stemed_query+v_List[n] 

        for preffix_l in range(0,len(prefix)-1): 

            if(len(stemed_query)>2): 

                if(stemed_query.startswith(prefix[preffix_l])): 
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                    stemed_query=stemed_query.replace(prefix[preffix_l],'') 

                    preffix_l=len(prefix) 

        for suffix_l in range(0,len(suffix)-1): 

            if(len(stemed_query)>2): 

                if(stemed_query.endswith(suffix[suffix_l])): 

                    stemed_query=stemed_query.replace(suffix[suffix_l],'') 

                    suffix_l=len(suffix) 

        v_List[n]=stemed_query 

    sfx.close() 

    prfx.close()             

    return v_List 

######################### am suf pri ############################## 

def stemtq(text): 

        tp=['ብ','E','ን'] 

        for i in tp: 

                if text.startswith(i): 

                        text=text.replace(text[0:1],'') 

        return text 

def asufpre(v_List): 

    prfx=open("prefix.txt",encoding='utf-8') 

    prefix=prfx.read() 

    prefix=prefix.split() 

    sfx=open("sufix.txt",encoding='utf-8') 

    suffix=sfx.read() 

    suffix=suffix.split() 

    for n in range(0,len(v_List)): 

        stemed_query='' 

        stemed_query=stemed_query+v_List[n] 

        for preffix_l in range(0,len(prefix)-1): 

            if(len(stemed_query)>2): 

                if(stemed_query.startswith(prefix[preffix_l])): 

                    stemed_query=stemed_query.replace(prefix[preffix_l],'') 

                    preffix_l=len(prefix) 

        for suffix_l in range(0,len(suffix)-1): 

            if(len(stemed_query)>2): 

                if(stemed_query.endswith(suffix[suffix_l])): 

                    stemed_query=stemed_query.replace(suffix[suffix_l],'') 

                    suffix_l=len(suffix) 
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        v_List[n]=stemed_query 

    sfx.close() 

    prfx.close()             

    return v_List 

def Tmain():         

    prfx=open("Prefixlist.txt",encoding='utf-8') 

    prefix=prfx.read() 

    prefix=prefix.split() 

    prfx.close()             

    sfx=open("SuffixList.txt",encoding='utf-8') 

    suffix=sfx.read() 

    suffix=suffix.split() 

    sfx.close()        

    dfile={} 

    d_no=1 

    stp_w=[] 

    v_Index={} 

    docu_List=[] 

    docu_List=no_docs() 

    d_no=len(docu_List) 

    nsw=0 

    stopw=open("StopwordList.txt",encoding='utf-8') 

    while stopw.readline()!='': 

        nsw= nsw+1     

    stopw.close()     

    stopw=open("StopwordList.txt",encoding='utf-8') 

    for i in range(1,nsw): 

        line=stopw.readline()     

        line=line.rstrip() 

        stp_w.append(line)     

    stopw.close() 

    for j in range(1,d_no+1): 

        dline='tdct\\'+docu_List[j-1] 

        ddn=docu_List[j-1] 

        ddn=ddn.replace('Tgfile','') 

        ddn=ddn.replace('.txt','') 

        dname='' 

        dn=int(ddn) 
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        dline=dname+dline.rstrip() 

        encoding_doc=open(dline,encoding='utf-8') 

        while True: 

            v_String=encoding_doc.readline() 

            fstring=remove_puc(v_String) 

            fstring=Tnormaliz(fstring) 

            v_List=fstring.split() 

            v_List=sufpre(v_List) 

            s=0 

            while s < len(v_List): 

                    if v_List[s]=='': 

                        del v_List[s] 

                    s+=1 

            for i in range(0,len(v_List)-1): 

                    if v_Index.__contains__(v_List[i]): 

                        if v_Index[v_List[i]].__contains__(dn): 

                            continue #v_Index[v_List[i]][j]+=1 

                        else: 

                            t={dn:1} 

                            v_Index[v_List[i]].update(t) 

                    else: 

                          if stp_w.__contains__(v_List[i]): 

                              continue 

                          v_Index[v_List[i]]={dn:1} 

            if len(fstring)==0: 

                 break 

    tpf=open('Posting File.txt','w',encoding='utf-8') 

    tpf.write('\tDoc_ID\tTF \t \t \t position') 

    tpf.write("\n") 

    for i in v_Index: 

        tpf.write('\t') 

        tpf.write(i)#DocId and TF for each term 

        tpf.write('\t') 

        tpf.write('\t') 

        tpf.write('\t') 

        tpf.write('\t') 

        tpf.write(str(v_Index[i]))# The position of each terms 

        tpf.write("\n")  
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    tpf.close() 

############################ Amharic main ############################ 

def Amain():         

    prfx=open("prefix.txt",encoding='utf-8') 

    prefix=prfx.read() 

    prefix=prefix.split() 

    prfx.close()             

    sfx=open("sufix.txt",encoding='utf-8') 

    suffix=sfx.read() 

    suffix=suffix.split() 

    sfx.close()        

    dfile={} 

    d_no=1 

    stp_w=[] 

    v_Index={} 

    docu_List=[] 

    docu_List=ano_docs() 

    d_no=len(docu_List) 

    nsw=0 

    stopw=open("stopw.txt",encoding='utf-8') 

    while stopw.readline()!='': 

        nsw= nsw+1     

    stopw.close()     

    stopw=open("stopw.txt",encoding='utf-8') 

    for i in range(1,nsw): 

        line=stopw.readline()     

        line=line.rstrip() 

        stp_w.append(line)     

    stopw.close() 

    for j in range(1,d_no+1): 

        dline='adct\\'+docu_List[j-1] 

        ddn=docu_List[j-1] 

        ddn=ddn.replace('Amfile','') 

        ddn=ddn.replace('.txt','')         

        dname='' 

        dn=int(ddn) 

        dline=dname+dline.rstrip() 

        encoding_doc=open(dline,encoding='utf-8') 
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        while True: 

            v_String=encoding_doc.readline() 

            fstring=remove_puc(v_String) 

            fstring=Anormaliz(fstring) 

            v_List=fstring.split() 

            v_List=asufpre(v_List) 

            s=0 

#to remove empty words 

            while s < len(v_List): 

                    if v_List[s]=='': 

                        del v_List[s] 

                    s+=1 

            for i in range(0,len(v_List)-1): 

                    if v_Index.__contains__(v_List[i]): 

                        if v_Index[v_List[i]].__contains__(dn): 

                            continue #v_Index[v_List[i]][j]+=1 

                        else: 

                            t={dn:1} 

                            v_Index[v_List[i]].update(t) 

                    else: 

                          if stp_w.__contains__(v_List[i]): 

                              continue 

                          v_Index[v_List[i]]={dn:1} 

            if len(fstring)==0: 

                 break 

     

    tpf=open('Posting.txt','w',encoding='utf-8') 

    tpf.write('\tDoc_ID\tTF \t \t \t position') 

    tpf.write("\n") 

    for i in v_Index: 

        tpf.write('\t') 

        tpf.write(i)#DocId and TF for each term 

        tpf.write('\t') 

        tpf.write('\t') 

        tpf.write('\t') 

        tpf.write('\t') 

        tpf.write(str(v_Index[i]))# The position of each terms 

        tpf.write("\n")  
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    tpf.close() 

####################################################################### 

def search(): 

    docu_List=no_docs() 

    N=len(docu_List) 

    v=[] 

    c=0 

    posting=open("Posting File.txt",encoding='utf-8') 

    check=posting.readline() 

    while check!='': 

            post=check 

            post=post.replace('\t','') 

            s1=post 

            s2=s1.split('{') 

            if len(s2)<=1: 

                    check=posting.readline() 

                    continue 

            else: 

                    s1=s2[1] 

            s2=s1.split(',') 

            l=[] 

            for i in range(len(s2)): 

                    s1=s2[i] 

                    ll=s1.split(':') 

                    lll=int(ll[0]) 

                    l.append(lll) 

            s=len(s2) 

            postt=post.split(':') 

            n=(len(postt))-1 

            t=postt[0].split('{') 

            w=t[0] 

            ww=math.log10((N-n+0.5)/(n+0.5)) 

            v.append([w,n,ww,l]) 

            c+=1 

            check=posting.readline() 

    m=0 

    while m < len(v): 

            n=0 
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            while n < len(v[m][3]): 

                    #v[m][3][n]=v[m][3][n].replace(' ','') 

                    n+=1 

            m+=1 

    posting.close() 

################################# Amharic searching ################### 

    docu_List=ano_docs() 

    aN=len(docu_List) 

    av=[] 

    ac=0 

    posting=open("Posting.txt",encoding='utf-8') 

    check=posting.readline() 

    while check!='': 

            post=check 

            post=post.replace('\t','') 

            s1=post 

            s2=s1.split('{') 

            if len(s2)<=1: 

                    check=posting.readline() 

                    continue 

            else: 

                    s1=s2[1] 

            s2=s1.split(',') 

            l=[] 

            for i in range(len(s2)): 

                    s1=s2[i] 

                    ll=s1.split(':') 

                    lll=int(ll[0]) 

                    l.append(lll) 

            s=len(s2) 

            postt=post.split(':') 

            an=(len(postt))-1 

            t=postt[0].split('{') 

            w=t[0] 

            ww=math.log10((aN-an+0.5)/(an+0.5)) 

            av.append([w,an,ww,l]) 

            ac+=1 

            check=posting.readline() 
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    m=0 

    while m < len(av): 

            n=0 

            while n < len(av[m][3]): 

                    #av[m][3][n]=av[m][3][n].replace(' ','') 

                    n+=1 

            m+=1 

    posting.close() 

###################################################################### 

    d_no=1 

    stp_w=[] 

    nsw=0 

    stopw=open("StopwordList.txt",encoding='utf-8') 

    while stopw.readline()!='': 

        nsw= nsw+1     

    stopw.close()     

    stopw=open("StopwordList.txt",encoding='utf-8') 

    for i in range(1,nsw): 

        line=stopw.readline()     

        line=line.rstrip() 

        stp_w.append(line)     

    stopw.close() 

    query=input("Aንታይ ይደልዩ/ይደልያ፡    ") 

    while len(query)==0: 

       query= input(" ዝደልይዎ ሓበሬታ ይጻሓፉ: ") 

    fstring1=remove_puc(query) 

    fstring1=re.sub('[፡፡.!:።()"፣?/!\ufeff]','',query) 

    fstring1=Tnormaliz(fstring1) 

    qv_List=[] 

    qt_List=[] 

    qt_List=fstring1.split(" ") 

##################################### meaning ####################### 

    dic=open("dictionary.txt",encoding='utf-8') 

    am=[] 

    tig=[] 

    ii=0 

    while(ii < 5530): 

        lin=dic.readline() 



 94

        lin=lin.replace('\n','') 

        t=lin.split('\t') 

        if len(t)>1: 

                am.append(t) 

        ii+=1 

    dic.close() 

    for i in range(len(am)): 

            am[i][0]=Anormaliz(am[i][0]) 

            am[i][1]=Tnormaliz(am[i][1]) 

    aall=[] 

    c=0 

    for i in range(len(qt_List)): 

                c=0 

                for j in range(len(am)): 

                        if qt_List[i]==am[j][1]: 

                                aall.append(am[j][0]) 

                                c+=1 

                                break 

                if c==0: 

                       aall.append(qt_List[i]) 

    for w in range(len(aall)): 

            aall[w]=Anormaliz(aall[w]) 

    print (aall) 

##################################################################### 

     

 

    qu=len(qt_List) 

    if qu>15: 

       for q in range(15): 

            qv_List.append(qt_List[q]) 

    else: 

         qv_List=qt_List    

    indexQ={} 

################################ amharic searching ################## 

    aall=asufpre(aall) 

    aws={} 

    for i in range(len(aall)): 

            for j in range(len(av)): 
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                    if aall[i]==av[j][0]: 

                            for k in range(len(av[j][3])): 

                                    t=av[j][3][k] 

                                    if aws.__contains__(t): 

                                            aws[t]+=av[j][2] 

                                    else: 

                                            aws[t]=av[j][2] 

    for ii, j in aws.items(): 

            i=str(ii) 

            i="Aምሓርኛ "+i 

            t=[i,j] 

            aresult.append(t) 

##### 

    qv_List=sufpre(qv_List) 

    ws={} 

    for i in range(len(qv_List)): 

            for j in range(len(v)): 

                    if qv_List[i]==v[j][0]: 

                            for k in range(len(v[j][3])): 

                                    t=v[j][3][k] 

                                    if ws.__contains__(t): 

                                            ws[t]+=v[j][2] 

                                    else: 

                                            ws[t]=v[j][2] 

 

    result=[] 

    for ii, j in ws.items(): 

            i=str(ii) 

            i="ትግርኛ "+i 

            t=[i,j] 

            result.append(t) 

    tot=[] 

    tot=result 

    for k in range(len(aresult)): 

            tot.append(aresult[k]) 

    result=tot 

    for i in range(len(result)): 

            for j in range (len(result)-1): 
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                    if result[j][1] < result[j+1][1]: 

                            t=result[j] 

                            result[j]=result[j+1] 

                            result[j+1]=t 

    print("\n በቲ መሕትት መሰረት ዝተረከቡ ናይ ትግርኛን Aምሓርኛን ፋይላት Eዞም ዝስEቡ Eዮም \n") 

    for i in range(len(result)): 

            if result[i][1]>1: 

                    print(i,": ---------------------------- ",result[i][0]," ----------------------------- ") 

    total=[] 

    total=result 

    for k in range(len(aresult)): 

            total.append(aresult) 

    rr=[] 

    rep='y' 

    f=0 

    trr=[] 

    arr=[] 

    while (rep=='y'): 

            dn=0 

            ree=input("\n ትሕዝቶ ናይቲ ፋይል ንምንባብ ቁፅሪ ቅደም ሰዓብ ናይቲ ፋይል የEትዉ \t") 

            red=int(ree) 

            if result[red][0].startswith('Aምሓርኛ'): 

                    fn=result[red][0] 

                    fn=fn.replace('Aምሓርኛ ','') 

                    dn=int(fn)                     

                    fn='adct\\Amfile'+fn+'.txt' 

                    doc=open(fn,encoding='utf-8') 

                    docc=doc.read() 

                    print(docc) 

                    f=2 

            elif result[red][0].startswith('ትግርኛ '): 

                    fn=result[red][0] 

                    fn=fn.replace('ትግርኛ ','') 

                    dn=int(fn) 

                    fn='tdct\\Tgfile'+fn+'.txt' 

                    doc=open(fn,encoding='utf-8') 

                    docc=doc.read() 

                    print(docc) 



 97

                    f=1 

            else: 

                    continue 

            feedbk=input("\n Eዚ ፋይል ጠቓሚ ኮይኑዶ ረኪበሞ? [y/n] ->\t") 

            if feedbk=='y': 

                    if f==2: 

                            arr.append(dn) 

                    elif f==1: 

                            trr.append(dn) 

                    else: 

                            f=0 

            rep=input("\n ካሊE ፋይል ዶ ከንብቡ ይደልዩ? [y/n] ->\t") 

    tr=[] 

    ar=[] 

    trf=input("\n Eት ሲስተም ብናይባEሉ መገዲ ጠቐምቲ ፋይላት ክግምት Eንድሕር ደሊዮም 1 ይጠውቑ \n 

Eንድሕር ባEሎም ብዝመረፅዎም ጠቐምቲ ፋይላት ክጥቀም ደሊዮም 2 ይጠውቑ \n\t -> ") 

    if trf=='1': 

            for kk in range(5): 

                    if result[kk][0].startswith('Aምሓርኛ'): 

                            fn=result[kk][0] 

                            fn=fn.replace('Aምሓርኛ ','') 

                            dn=int(fn) 

                            ar.append(dn) 

                    elif result[kk][0].startswith('ትግርኛ'): 

                            fn=result[kk][0] 

                            fn=fn.replace('ትግርኛ ','') 

                            dn=int(fn) 

                            tr.append(dn) 

                    else: 

                            continue 

    elif trf=='2': 

            tr=trr 

            ar=arr 

    R=len(tr) 

    for k in range(len(v)): 

            c=0 

            for j in range(len(v[k][3])): 

                    for i in range(len(tr)): 
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                            if v[k][3][j]==tr[i]: 

                                    c+=1 

            v[k].append(c) 

            n=v[k][1] 

            nw=math.log10(((c+0.5)*(N-n-R+c+0.5))/((n-c+0.5)*(R-c+0.5))) 

            v[k].append(nw) 

############################ 

    R=len(ar) 

    for k in range(len(av)): 

            c=0 

            for j in range(len(av[k][3])): 

                    for i in range(len(ar)): 

                            if av[k][3][j]==ar[i]: 

                                    c+=1 

            av[k].append(c) 

            n=av[k][1] 

            nw=math.log10(((c+0.5)*(aN-n-R+c+0.5))/((n-c+0.5)*(R-c+0.5))) 

            av[k].append(nw) 

###########################3 

    ws={} 

    for i in range(len(qv_List)): 

            for j in range(len(v)): 

                    if qv_List[i]==v[j][0]: 

                            for k in range(len(v[j][3])): 

                                    t=v[j][3][k] 

                                    if ws.__contains__(t): 

                                            ws[t]+=v[j][5] 

                                    else: 

                                            ws[t]=v[j][5] 

################# 

    wss={} 

    for i in range(len(aall)): 

            for j in range(len(av)): 

                    if aall[i]==av[j][0]: 

                            for k in range(len(av[j][3])): 

                                    t=av[j][3][k] 

                                    if wss.__contains__(t): 

                                            wss[t]+=av[j][5] 
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                                    else: 

                                            wss[t]=av[j][5] 

#################                                         

    result=[] 

    for i, j in ws.items(): 

            ii=str(i) 

            ii='ትግርኛ '+ii 

            t=[ii,j] 

            result.append(t) 

    for i, j in wss.items(): 

            ii=str(i) 

            ii='Aምሓርኛ '+ii 

            t=[ii,j] 

            result.append(t) 

    for i in range(len(result)): 

            for j in range (len(result)-1): 

                    if result[j][1] < result[j+1][1]: 

                            t=result[j] 

                            result[j]=result[j+1] 

                            result[j+1]=t 

    print("\n Aብ መወዳEታ ዝተረከቡ ጠቐምቲ ናይ ትግርኛን Aምሓርኛን ፋይላት Eዞም ዝስEቡ Eዮም \n") 

    for i in range(len(result)): 

            if result[i][1]>3: 

                    print(i,": ----------------------------- ",result[i][0]," ----------------------------- ")                 

def menu(): 

        print("\n                                   ሚኑ           ") 

        print("                         |ትግርኛ Iንደክሰ ንምግባር -----------1 የEትው|") 

        print("                         |Aምሓርኛ Iንደክሰ ንምግባር ----------2 የEትው|") 

        print("                         |ሓበሬታ ንምረካብ ------------------3 የEትው|") 

        print("                         |ካብቲ ሲስተም ንምውጻA -------------4 የEትው|") 

        print("                         |---------------------------------------|") 

        cho=int(input("ይምረጽ: ")) 

        if cho==1: 

                Tmain() 

                print("ትግርኛ Iንደክሰ ተገቢሩ Aሎ ቻው ") 

                menu() 

        elif cho==2: 

                Amain() 
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                print("Aምሓርኛ Iንደክሰ ተገቢሩ Aሎ ቻው ") 

                menu() 

        elif cho==3: 

                search() 

                menu() 

        else: 

          while True: 

                print ('---------------------------------------------------------------') 

                print(" \nካብ ልቦም ክገድፍዎ? ") 

                yes= input(" Eንድሕር ዘይገድፍዎ/O ኣይደልን ወይ 1  በሉ/ላ,Eንድሕር ክገድፍዎ/A  Eወ ወይ 2 

በሉ/ላ:") 

                if yes in ('ኣይደልን','1'): 

                    menu() 

                if yes in ('Eወ','2'): 

                    print ("\t\t\t  የቕንየልና!!") 

                    print ('-----------------------------------------------------------') 

                    break  

menu() 

 

 


