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ABSTRACT 

To organize its news stock efficiently and to facilitate the storage and retrieval of news 

items, Ethiopian News Agency (ENA) use a classification scheme developed in-house. 

With its large volume of news items produced each year, ENA is facing problems in 

classifying news items timely. This research has come up with Amharic News 

Classifier (ANC) that has the capability of classifying Amharic news items into the 

predefined classes automatically based on their content. 

The development of automatic document classification system passes through different 

steps and there are different methods that can be used at each step. This research used 

statistical techniques of automatic classification in all the steps. The steps in automatic 

classification include document analysis, generation of document and class vectors 

based on document and class representatives, and matching document and class 

vectors to determine the class where a document belongs.  

The process of document analysis requires some preprocessing activities such as 

stemming and stopword removal, which are language dependent. In this research, the 

key terms are stemmed using a simple depluralization and suffix and prefix removal 

program developed for this purpose.  A database of stop word list, which contains 

most frequently occurring Amharic words, was also developed. In addition, problems 

related to Amharic language script were considered during text processing.  

To identify document representatives, tf×idf weighting technique is used. Class 

vectors, also called centroid vectors, are generated by computing the average value of 

document vectors. After identifying class representatives from the learning data set, 



 xi

cosine function is used as a matching technique to automatically classify the test data 

set that had no relation with the construction of the class vectors. 

The overall result of this research has showed that statistical techniques can be used to 

analyze Amharic news items and classify them automatically into predefined classes. 

After training the classifier, 273 out of 321 news items were correctly classified by the 

system. The result is very promising, however, additional works are recommended in 

order to implement the system.  
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CHAPTER ONE 

INTRODUCTION 

1.1 BACKGROUND 

The public needs to be updated on important public events such as actions of 

governments, social or economic trends, education, and international relationships, 

which are often referred to as hard news (ENA, 1993a).  

Other news types include gossip items about celebrities, off beat incidents, sensational 

crime cases, sudden happenings, such as fire, a jury verdict, or a parliamentary 

decision etc., which present public interest (Ibid.). News is often the account of 

something rare and out of ordinary. 

In general, news is a prompt, “bottom line” recounting of factual information about 

events, situations, and ideas (including opinions and interpretations) calculated to 

interest an audience and help people cope with themselves and their environment 

(ENA, 1993b).  

For this purpose any government establishes an organization that facilitates the free 

expression of opinions and views among the people. As a result in Ethiopia, the 

Ethiopian News Agency (ENA) was established 58 years ago with the name “Agance 

Direcsione” under what is used to be known as the Ministry of Pen, which currently is 

called Ministry of Culture and Information (Ibid.).  
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In 1967, however, its name was changed to its current name, ENA. Finally, the 

Transitional Government of Ethiopia embarked on restructuring the news media in 

1995. The agency then became an autonomous public agency having judicial 

personality under a board whose members are drawn from a cross-section of the 

society. 

The responsibility of the agency, as proclaimed by the Transitional Government of 

Ethiopia, is to gather and distribute balanced and accurate news and news materials, 

concerning Ethiopia and the rest of the world, in Amharic and English languages 

(TGE, 1995). 

1.2 ORGANIZATIONAL STRUCTURE OF ENA 

Like any public organization in Ethiopia, the structure of ENA is divided according to 

the distinctive nature of the work at the agency. The staffs are identified as two groups: 

technical and administrative. The staffs of the information desks (journalists) and other 

technical staffs are administered under the Board, while the support staffs of the 

Agency are administered under the federal civil service laws.  

In May 2000, ENA had some 100 journalists actively engaged in gathering, writing 

and editing of news and news materials. Of these, 32 junior reporters, 32 senior 

reporters, 19 assistant editors, 10 editors, 6 deputies editor-in-chiefs and 1 editor-in-

chief. The organizational structure of the agency is attached as Annex 1. 

1.2.1 The Desks 

There are four desks within the Information Coordination Department classified 

according to the distinctive circumstances related to the source and destination as well 
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as the manner of gathering and disseminating news and news materials. These are (1) 

the Regional Desk, (2) the Addis Ababa Desk (also called the City Desk), (3) the 

Foreign Languages Desk and (4) Broadcast Monitoring Desk. 

1.2.1.1. The regional desk 

This desk is responsible for gathering news and news materials from across the nation 

except Addis Ababa and its surrounding localities. 

ENA’s correspondents at the 15 main branches and 22 sub-branches in the various 

national states are directly accountable to this desk. Most of the news on the various 

social, economic, political and cultural lives of the people in all corners of the country 

comes to the mass media, and through the efforts of the staff of this desk, to the minds 

of millions of the people. 

1.2.1.2. The city desk 

As it is currently called, Addis Ababa desk has been performing news gathering and 

dissemination activities for nearly four decades now, only that its focus is confined to 

the capital city. Being the seat of the Federal Government and several international 

organizations, the people at this desk are very busy. 

The desk has standby reporters at Bole International Airport, and regularly covers 

events at the Parliament, the Federal High Court, the Palace and the Prime Minister’s 

Office. 
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1.2.1.3. The foreign language desk 

This desk is the main escritoire inside ENA that provides the foreign community with 

important and up-to-date news and information about current political, social and 

economic affairs of the country.  

The desk acquaints the English speaking community with issues that have optimal 

importance. Significant stories sent by reporters of the regional desk are translated into 

English at this desk. 

1.2.1.4. Broadcast monitoring desk 

This desk is responsible to monitor more than 20 international broadcast stations 

around the world. It then supplies the other information desks with current news and 

news materials, thereby enriching the output of the agency. 

The service is furnished with professional equipment that allows the multilanguage 

staff to render the desired service. 

In general, every minute and hour the news agency receives a vast quantity of news 

from different places through the above desks. The agency receives overseas news 

from different news agencies, such as AFP, Xenuoa and Reuter. The correspondents 

who are in the different regions of the country send news through the newly 

established wide area network. The monitoring desk compiles the news that it gets 

from the different mass media and analyzed as important. As a result the news agency 

is flooded by news and views every day.  



 5

For example, with the four news desks ENA has produced a total of 18,868 news items 

last year (1992 E.C1) alone (ENA, 2000), of which the Amharic news accounts for 

62% of the total news. 

1.2.2 The Current News Management System 

Recently, a computerization project was initiated by the agency. The project produced 

a networked software system called ENASoft for the purpose managing news items 

that are produced inside the agency. 

The software is bi-lingual –Amharic and English – and it is used to create, edit, 

manage and archive news items. To enter and edit Amharic text, Visual Geez Amharic 

software is imbedded into the software. The City and Regional Desks prepare Amharic 

news items.  

The software is a client-server application developed to store and edit news items in a 

networked environment. Currently, 15 branches are connected to the central server and 

journalists from these branches send news material through the network to the central 

server.  

The software is a database application, whose front-end is made using Microsoft 

Visual Basic Programming Language.  The database is developed using Microsoft 

Access.  There are 17 tables to store different information. The database is used to 

store only the metadata about every news item, which includes headline, journalist 

name, editor name, classification code, sub-classification code, slug, keyword etc.  

Every news is assigned an ID through an auto number field. 

                                                 
1 E.C. refers to Ethiopian Calendar. 
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The news ID is then used to create an “rtf” file that holds the actual news data without 

the above information (headline, slug, author etc).  The ID along with the text ''ENA" 

is assigned for the file name of the news. The files are stored in the folder of each 

news desk. That is, all news produced by City Desk, for example, are stored in the 

folder DocA (to mean documents of Addis Ababa).  

The database stores metadata of both Amharic and English news items altogether in 

one table.  However, data on Amharic news items is entered into the database in 

Amharic and data for English news items in English. The ‘NEWSID’ field, which 

contains the name of the file (without extension), has different formats for the two 

news types.  In this field Amharic News items have value which starts with ''xþ±™'', 

while English news items start with “ENA”, and it is similar to their file name. For 

example, this field contains xþ±™41345 for a news item with an id 41345, if it is 

Amharic news, otherwise it will contain ENA41345. 

The software has three major components that work as integrated system. 

1. ENASoft Regional :- is used by regional sites to create, manage and transmit news 

to ENA headquarter. 

2. Regional News Monitor: - is used to monitor incoming news from regional sites, 

which are then automatically routed to the ENASoft Central for processing, 

3. ENASoft Central: - is the main system to process and manage news stories at the 

headquarter. 
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The software also provides a security feature that allows access to data only to eligible 

users according to their privilege. 

1.3 STATEMENT OF THE PROBLEM 

Every news is processed (shaped and sharpened) by editors and assistant editors before 

it is dispatched to reach the public. In other words, the raw data received is filtered, 

processed, assembled and then passed as finished product (Whatmore, 1978). An 

editor does the processing job, where he/she evaluates the news, cuts it to length, fill 

out background, checks facts, punctuates, indicates layout and type faces. Above all 

news has to be new, although there is a continuity of running stories. That is, the 

originality of the news should also be checked. 

With a vast inflow of daily material to news agencies, each day’s work must be 

completed before the next brings another bunch of news for processing. As stated 

above, checking whether the coming news as new or not and finding already existing 

news that can be used as background and checking facts are the daily routines of any 

agency. 

As a result, developing a system of rapid reference to the news that have gone by, and 

to store facts for its own use is a pressing need of ENA. The retrieval of stored news 

for background purpose, for example, should be very fast, as the news to be produced 

has a very high obsolescence ratio (Ibid.). 

Therefore, for reasons mentioned above the news stock have to be organized properly 

so as to facilitate storage and retrieval. Humans use classification techniques to 

organize things in various activities of their life. In fact, classification occurs in a wide 
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range of human activity, and as Kumar (1999) says, human progress would be 

impossible without classification.  

Classification techniques are applied in an information storage and retrieval system in 

order to facilitate access to, and use of the system (Hunter, 1995).  Especially in a 

system where there is large collection of documents, retrieval of a given document or 

sets of documents can be possible if the collection is organized systematically. 

Actually, as Cheng and Albert (1995) quoting Davies says, the greater our ability to 

store information, the more attention must be paid to the problem of organizing and 

retrieving it.  

There are different classification schemes developed for different application areas. 

Advantages of using classification schemes include improved subject browsing 

facilities, potential multi-lingual access and improved interoperability with other 

services. Classification schemes vary in scope and methodology, but can be divided 

into universal, national, general, subject specific and home-grown schemes.  

Libraries are the most beneficiaries of the classification process. They use different 

scheme, like Dewey Decimal Code, Library of Congress, Ranganatan’s faceted 

classification scheme etc. These schemes can also be used for other knowledge 

organization purposes other than books. In fact, there is no one classification scheme 

which is suitable for all purposes and the choice, or design, of a classification scheme 

will be governed by factors such as type of information system, the objectives of the 

system, and user requirement (Hunter, 1995). Based on these principles, ENA is using 

an in house developed classification scheme.  
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The news agency has been using fewer classes (4 to be specific) to store its news items 

up until late 1999. Since then, however, the classification scheme has been revised to 

provide a more detail content-based retrieval facility. The revised classification 

scheme contains 17 main classes and a maximum of 300 subclasses.  

As of May 2000, ENA has also implemented a networked computer system (ENASoft) 

to prepare, store and dispatch news produced by the agency.  When entering a new 

news item, the system requires the classification, and subclasification code to be 

entered manually along with the news. The reporters and/or editors are required to 

classify the news and enter the code when they input the news using the software.  In 

fact the software provides the list of classification codes in a list box. 

However, the journalists do not have the necessary skill on how to give class codes for 

news items. Besides, there are no enough information professionals who can assist 

them in the classification process. As a result, they make mistakes when entering class 

codes for the news items2. For instance, since the software forces a class code to be 

filled in before the news is typed in, a hasty journalist can select a classification code 

that may not be related to the news content from the list. 

There are also many problems observed with a human classifier that affect 

classification results, which include: perception, comprehension, and judgment (Cheng 

and Albert, 1995). 

                                                 
2 Ato Teshager Shiferaw - Editor 
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In view of the foregoing discussions, it is felt that an automatic news classification 

system should be developed that assists journalists in addressing the problems 

encountered during manual classification of news items. 

In the area of information storage and retrieval, extensive research has been done to 

test the possibility of automatic classification of documents. Some automatic 

classification procedures are concerned with clustering documents without priorly 

defined classes, which is usually referred to as document clustering (Larson, 1992; and 

Losee and Hass, 1995). On the other hand, there are also techniques for classifying 

documents automatically to predefined classes (Choi, et. al. 1996; and May, 1997).  

This thesis work therefore is an attempt to explore methodologies for classifying news 

items automatically into predefined classes. In this research news item and documents 

are interchangeably used. 

1.4 JUSTIFICATION OF THE STUDY 

In a large collection of electronic documents, it is difficult to manage and classify 

documents manually; especially when timeliness is a very important factor as is the 

case of ENA. In fact, as classification is time consuming and expensive process it is 

obvious that investigation of the use of automated solutions are worthwhile (Takkinen, 

1995).  

Specific reasons that justify the consideration of automatic classification may be 

summarized as follows: 
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� The timeliness characteristic of news item is achieved by classifying news 

items every time (if possible every day). 

� Currently journalists themselves who are not specialists in this area do the 

classification process. If this is to be continued, it will take long time for them 

to learn and use the classification scheme properly and correctly. 

� It will decrease the burden of the journalist, where classifying news item is not 

their main responsibility and assumed as wasting of time.3 

� Experience shows that, different reporters classify the same news in different 

classes.4 

In addition to this, it is observed that, other news agencies are using a detailed 

classification scheme. Reuters, for example, has more than 200 main classes. And the 

reason for ENA’s narrower classification scheme is lack of skilled manpower to 

implement a detailed classification code5.  

It will also be very cumbersome to reclassify old documents that were broadly 

classified. Therefore, to improve the discovery of old news stories, automatic method 

of news organization might be necessary.  

The agency may also provide such facilities as a means of production of different 

bulletins, news analysis and feature stories if there is an efficient storage and retrieval 

system that properly classifies news items. 

                                                 
3  Ato Teshager Shiferaw - Editor 
4  Ato Sileshi Tessema – Department Head 
5  Ato Simeneh Mekonen – Coordinator of the classification scheme 
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Researches showed that automatic classification can be helpful in the area of 

mechanized procedures for sorting letters on the basis of machine-read post codes, 

assigning individuals to credit status on the basis of financial and other personal 

information, in preliminary diagnosis of a patient’s disease in order to select 

immediate treatment while awaiting definitive test results (Aas and Line, 1999).  Other 

areas include determining the topic area of an essay; deciding to what folder an e-mail 

message should be directed, and deciding to which news group a news article belongs 

(Hsu and Sheau-Dong, 1999). 

1.5 OBJECTIVES OF THE STUDY 

1.5.1 General Objective 

The general objective of this study is to investigate the characteristics of Amharic 

news items that flow into ENA and design a prototype using statistical techniques that 

automatically classify news items into their predefined classes based on their content. 

1.5.2 Specific Objectives 

� Review literature on the concept of classification and the available techniques 

of classifying documents automatically. 

� Build stop word list 

� Select classification techniques to build an automatic Amharic news 

classification system. 

� Using the selected technique design a prototype that automatically classifies 

news items according to their content. 
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� Test the system developed to measure its performance 

� Make recommendations on what should be done next. 

1.6 METHODS 

1.6.1 Data Collection 

1.6.1.1. Literature review 

To get an understanding of the various techniques of automatic classification, relevant 

published documents, materials on the Internet and journal articles are reviewed.  

1.6.1.2. Document Analysis 

To have further understanding of the manual Amharic news classification system at 

ENA, the following documents are analyzed. 

� The current classification scheme 

� Manually classified Amharic news items 

�   ENASoft software and documentation 

1.6.1.3. Interview 

To have a clear idea on the manual classification scheme and the problem area, 

interviews and discussions were conducted with appropriate staff of the agency, 

especially those involved in the development of the news classification scheme.  
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1.6.2 Sampling Technique 

The population of this study is two year data. However, news items of the first year are 

stored inside the software with the old classification code. This means, the agency has 

only one-year data classified with the current (revised) classification code.  

In this kind of research the data set required is of two types: experiment set and test 

set. Experiment (training) data is used to identify class representatives, and test data to 

evaluate the performance of the prototype developed.  

For both training and testing purpose, the data having the current classification code 

are considered. As a result, eight month data is taken for training and the latest four 

month data is taken as test data. 

1.6.3 Development of Amharic News Classifier (ANC) 

Automatic document classification has different steps and there are different methods 

that can be used at each step in the system development. The methods are based on 

machine learning, statistics, or natural language processing (Choi et. al., 1996). 

However, in this research statistical techniques are used.  

The reasons for using statistical techniques are varied.  First, as described by Yang, 

(1999) statistical techniques are easier to work with. Second, because of the 

researcher’s background, it is easier to use statistical concepts that do not require new 

ideas in the limited time given for the research. On the other hand, linguistic analysis, 

for example, has proved to be expensive to implement Cheng and Wu (1995). Third, 

the statistical approach has been examined and tried ever since the days of Luhn and 

produced good result (Ibid.).  
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The key terms are stemmed using a simple depluralization and suffix and prefix 

removal program. After identifying class representatives from the training data set, 

cosine function is used as a matching technique to automatically classify the test data. 

A database of stop word list, which contains most frequently occurring common 

Amharic words and news specific stop words was also developed.  

1.6.4 Program Development Tool 

The prototype was coded using Visual Basic programming language. The 

programming language was selected because: 

�  The language is an object-oriented programming language which can be easily 

integrated with other applications, 

�  The source code can be modified easily for further modifications, 

�  The language has easy to add menus and other features like user-friendliness 

(graphical user interface), 

�  The news management software (ENASoft) is also developed using this 

programming language. 

1.6.5 Testing Technique 

Whatever the purpose of the classification system, the 'goodness' of the system should 

finally be measured by its performance during storage and retrieval. The prototype 

developed is tested for effectiveness using the test data set. The result, which is 

automatically assigned code, is checked with the result of a code given by a human 
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(expert) classifier, and the percentage of correct assignments by the system was taken 

to decide the systems effectiveness. 

1.7 SCOPE AND LIMITATION OF THE STUDY 

The system developed did not entertain classification of English news items. Another 

similar research should be done to investigate the integration of automatic 

classification of English news items to the present system.  

There is an Amharic stemmer developed by Nega (Abiyot, 2000). However, the 

researcher could not get the stemmer to create stemmed words (terms) for class and 

document representatives. The list of terms (words) would decrease a lot if a complete 

stemming program were used.  

In addition, due to time constraint, the correctness of the existing classes (manual) was 

not checked using the principles they base. Nevertheless, the validation of codes that 

was given to documents in the sample in relation to the existing chosen classes were 

done by an expert from ENA. 

1.8 ORGANIZATION OF THE THESIS 

This thesis is divided into five chapters. The first chapter is introductory, in which the 

environment of the research is described. The chapter also presents statement of the 

problem, objective of the study and the methods followed. In chapter two the 

techniques available in the area of automatic classification are reviewed, and the 

techniques followed in this research are described in detail as well.  
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As the research is done on Amharic text documents, chapter three reviewed language 

aspects that should be considered in the development of text analysis. In addition, the 

classification scheme implemented at ENA is also reviewed in this chapter.  

Chapter four discusses the development process, which is the main concern of the 

research, in detail. The approaches followed in each step are explained. The result 

achieved in the research is also presented in this chapter. The conclusions drawn from 

the study and the recommendations are stated in chapter five. 
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CHAPTER TWO 

AUTOMATIC CLASSIFICATION 

2.1 INTRODUCTION 

Ever since the advent of computers, the idea of making computers to mimic human 

beings was the focus of many researches.  Natural language processing, voice 

recognition and automatic classification are just to list few attempts in this line.  This 

chapter tries to explore concepts behind automatic classification. 

The chapter also discusses the basic steps of automatic classification. A review of the 

different approaches towards automatic classification is also made.  

2.2 VIEWS REGARDING THE MEANING OF AUTOMATIC 

CLASSIFICATION 

In the area of automatic classification, there are two different views towards the 

meaning of automatic classification.  

The first view considers automatic classification as a technique of classifying 

documents automatically without having any prior knowledge of the categories where 

the documents would be classified. According to this view, the classification process is 

expected to create the classes (categories) based on the similarity that exist among the 

documents. In fact, this view is often referred as cluster analysis. Basically, cluster 

analysis is the identification of classes, and as described by Willet (1988), it is 

potentially misleading to refer cluster analysis as automatic classification. 
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The other view considers automatic classification as a process of classifying 

documents automatically into their predefined classes. Actually, this is the correct 

view of automatic classification (Rasmussen, 1992), for the meaning of classification 

itself is putting documents into defined categories. This concept is also referred as text 

categorization.  Most of the documents reviewed in this thesis use this name to refer to 

automatic classification.   

This thesis follows the second view of automatic classification, with the aim of 

developing a system that will classify documents (news items written in Amharic 

language) automatically into already predefined classes. 

2.3 APPROACHES TO AUTOMATIC CLASSIFICATION 

Automatic classification is concerned with the construction of a procedure that will be 

applied to continuous sequences of cases, in which each new case must be assigned to 

one of a set of predefined classes on the basis of observed attributes or features 

(Michie et al., 1994). 

Solutions to the problem of automatic classification are done using different 

techniques. The techniques employed include machine learning, statistical, 

knowledge-based, Natural Language Processing (NLP) or a combination of them (Aas 

and Eikvil, 1990).  May (1997) even tried to develop a solution using simple string 

matching technique.  

As discussed in the first chapter of this thesis, since statistical techniques are chosen to 

develop an automatic classification system for Amharic news items, much emphasis is 

given in this chapter to these techniques.  However, detail explanations on the other 
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techniques can be reviewed from the following references.  Michie et al. (1994), Losee 

and Hass (1995) and Cohen and Singer (1998) discuss the use of natural language 

processing techniques to automatic classification; Lin et al. (n.d.) and Ruiz and 

Srinivasan (1998) discuss the use of machine-learning approach, specifically neural 

network method; Cahn and Herr (1977) and Pullock (1988) describe knowledge-based 

techniques to implement automatic classification and Blosseville (1992) explains how 

to do automatic classification by merging NLP, statistical and expert system 

techniques. 

2.4 BASIC CONCEPTS IN AUTOMATIC CLASSIFICATION 

Automatic classification attempts to select the correct predefined class based on the 

characteristics of a document to be classified and the characteristics of the documents 

previously assigned to each class.  In other words, the process involves training 

systems to recognize characteristics of documents belonging to a particular 

classification group. 

It is obvious that the goal of any classification process is to group similar documents 

together. This implies, the procedure of classifying documents into groups require a 

quantitative measure of the "likeness" of the document for a given class, and the 

separation of unlike ones. In other words, it involves measuring similarity of a 

document with the different classes. 

Whenever we talk of similarity of items, we are talking of their similarity in some 

respect (usually with their attributes). The attributes can be anything that characterizes 

the bases of the classes for the purpose of the classification process.  For example, size 
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could be one attribute to classify various dwellings as villas, bungalows etc.  On the 

other hand, capacity could be used as an attribute to classify different sized cans.  

Therefore, the first thing in the process of automatic classification is to identify the 

attributes of documents and classes so that the matching of the two becomes simple or 

at least possible. 

When it comes to documents, for a document to be classified under a given class, it 

must be ascertained that its subject matter relates to the area of discourse.  This 

actually seems simple for a human being.  The question is whether it is possible to 

program the computer to determine the content of a document and categories, and 

classify it accordingly. The process of understanding content of documents is often 

termed as document analysis. 

In fact, representing documents for the purpose of classification is the first and 

important step in the process of automatic classification. In other words, documents 

must be represented through features6 and the features will be used to determine the 

similarity of documents with the different classes. Similarly, the classes should also be 

represented in order to be able to evaluate their similarity with documents. Once the 

classes and documents are represented, then a matching technique can be applied to 

determine the similarity between documents and classes to identify the most similar 

class to a given document. 

In general, automatic classification is the process of matching document 

representatives with class representatives to automatically assign classification codes 

                                                 
6 Features are words and/or phrases that represent documents. 



 22

to documents based on the similarity that exist between documents and classes. The 

codes assigned to a document should be the code of a class that has the maximum 

similarity value with the given document. The following section discusses the steps 

followed in automatic classification. 

2.5 STEPS IN AUTOMATIC CLASSIFICATION 

2.5.1 Document Analysis 

Document (text) analysis is the process of analyzing the text of a document to find 

meaning out of it.  As discussed by Cheng and Wu (1995) classification requires text 

analysis, which is heavily dependent on the representation of the document.  In fact, 

document analysis is very important especially when there are a huge number of 

electronic documents. The reason is, manipulating this huge collection for whatever 

purpose will be very difficult in terms of storage space and processing time. 

Salton (1989) has classified three methods of text analysis, namely statistical, 

linguistic, and statistical linguistic.  However, most researches have shown that 

linguistic analysis is very expensive to implement and the results obtained are also 

generally unsatisfactory (Cheng and Wu, 1995). Likewise, Artificial Intelligence (AI) 

based NLP techniques are also computationally intensive (Lin, n.d.). On the other 

hand, statistical analysis including statistical-linguistic analysis, has been examined 

and tried ever since the days of Luhn, and found to be successful (Cheng and Wu, 

1995). 

Generally speaking, text analysis is the analysis of documents to find efficient 

document representatives for the purpose of storage and retrieval, which is also called 
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indexing.  The purpose of indexing is to obtain a number of descriptors, which act as 

surrogates for the document. This means, given a written text in natural language, it is 

essential to represent the information contained in the text by one or more entries, 

variously known as indexes, keywords, or key terms. In fact, the classic models in IR 

consider that each document is described by a set of representative index terms. These 

descriptors, or keywords, can be obtained manually or automatically by computer 

analysis of the document file, abstract or text. The problem is to choose "good" terms, 

which collectively reflect the information content as accurately as possible. 

The representation can be by analyzing the whole document or only part of the 

document.  For instance, Losee and Haas (1995) have tried to use the titles of the 

documents for representation purpose while Kwok (1975) used title and cited titles to 

represent documents.  On the other hand, Enser (1985) used back of book indexes to 

classify books. In fact, as discussed by Enser (1985) documents can be suitably 

classified by examining only limited portions of the document, which can save 

considerable time and money. Therefore, the first step in document analysis is 

deciding on the representation of documents. 

2.5.1.1. Document representation. 

From the outset, documents can be considered as a stream of characters.  However, for 

the problem of automatic classification these streams should be transformed into 

representatives, which are suitable for the process of classification.  

As suggested by researchers in the IR community, words seem to be good features for 

many classification tasks. This means, the representation of documents can be 
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simplified from stream of characters to sequences of words. Inaddition, it is also 

mentioned that, the order of the words does not matter.  This means documents can be 

seen as a bag of words.   

On the other hand, documents can be represented using word-based and/or phrase-

based indexing. But Lewis (1992b) showed that lower effectiveness level is achieved 

for a syntactic phrase indexing than for word-based indexing on text categorization 

tasks. In addition a phrase-based indexing requires some linguistic knowledge. 

Because of this, word-based indexing is considered in this research. 

The basic idea behind word-based representation (also called bag of word 

representation) is that a document that describes a certain concept is more likely to 

have words from that domain. In other words, a document about “crime” will have the 

word “crime” or its synonyms in it. And a document that contains the words "boys", 

"girls", "teachers"  "schools", "reading" etc. probably deals with education.  

This technique is the main, if not the only technique used to represent documents in 

most experiments and applications of automatic classification (Scott and Marwin, 

1998). 

The problem, however is that all of the words in the documents cannot be considered 

as features of documents. Rather only the good descriptors should be taken to 

minimize the problem of storage and computation time mentioned in the previous 

section. In fact, in the field of text categirization, it has been seen that maximum 

performance is often not achieved by using all available features, rather by using only 
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a “good” subset of those (Joachim, 1996). The problem of finding these “good” subset 

features is called feature selection.  

Having too few features can make it impossible to develop a good system, but having 

features that do not help to discriminate between classes also adds noise. The 

following section reviews the different techniques followed by researchers to identify 

document features for the purpose of automatic classification.  

2.5.2. Feature Selection  

Any classification technique should first process a document or part of it, or its 

surrogates to identify “good” representatives of documents. The first step in 

identifying the features (which can be words or phrases) is parsing the document to 

convert it to list of words or phrases. The selection of features can be taken freely from 

the text, or just from part of the text. 

There are different techniques of feature selection. But, statistical techniques to feature 

selection are widely used in the area of automatic classification. Statistical techniques 

to text analysis and feature selection are based on term frequency7. The pioneering 

work of Luhn showed statistical analysis of the words in a document will provide 

some clues as to its content. The idea behind this principle is, a term that is frequently 

present in a document is useful to represent the document.  The problem, however, is 

how frequent should a term be found in a document to be accepted as an index term.   

On the other hand, the selection of words can also be made from words making the 

text or by consulting a dictionary or thesaurus file. Though it seems simple to 

                                                 
7 Term frequency is the number of times a term occurs in a given document.  
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impliment, no noun dictionary is developed for Amharic text, and as a result this 

method cannot be used in this study.  

One technique proposed by Luhn says both high-frequency words and rare-frequency 

words are unlikely to be able to represent documents and should not be considered 

(Cheng and Wu, 1995). The former are discarded because they occur too often to 

indicate the subject matter and the later because they are too rare. Therefore, the 

remaining intermediate frequency terms are assumed important. 

It has also been proved that, grammatical function words such as "the", "and", "of" and 

"to" exhibit approximately equal frequencies of occurrence in all the document 

collection and should not be considered in the selection process. The indexing 

technique, therefore, should consider frequency of the content bearing words only. The 

frequency of occurrence of non function words8 may actually be used to indicate term 

importance for content representation.    

There are also other techniques discussed for the selection of index terms.  Pao (1989), 

for instance, described three methods of selecting index terms.  The first method she 

suggested is to take the top 5% of the words frequently occurring in the word list of 

the document. The second is to take words appearing at least twice within the same 

paragraph after removing stop words. The third method, which involves the 

knowledge of normal word frequency usage of each word in a given language, is to 

take a word if its relative frequency exceeds that found in the normal usage of the term 

in the given language.  

                                                 
8 Non function words are terms that relate to the subject of a given document. 
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Salton (1989), on the other hand, suggested an index extraction method that can be 

done using the following three steps:- 

1. Eliminate common function words from the document by consulting a special 

dictionary, called negative dictionary or stop word list, which contains a list of high 

frequency words.   

2. Compute the term frequency tf ij
 for all remaining terms t j

in each document di , 

specifying the number of occurrences of t j
in di

. 

3. Choose a threshold frequency T, and assign to each document di
all terms t j

for 

which tf ij
>T. 

The main task in the above procedure is to find the threshold frequency value that 

actually affects significantly the result of the classification.  A slightly low threshold 

will lead to close classification, while a high threshold will lead to a broad 

classification9 (Cheng and Wu, 1995). 

In fact, a high frequency term is acceptable for indexing purpose only if its occurrence 

frequency is not equally high in all the documents of a collection. That is, it must have 

a discrimination power between documents (classes, in our case). This implies, some 

terms are more important than others or have high discrimination power than others. 

                                                 
9 Close classification is classifying each subject as completely or as fully as possible, and Broad classification is 
classifying the material only in main divisions and subdivisions without using the minute breakdown of 
individual categories. 
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Salton (1989) suggests a formula to evaluate a term discriminating power by an 

inverse function.  That is, in a collection of N documents, if a term Tj occurs in dfi 

documents, then the discrimination value of the term is N/dfi. 

In other words, even after we identified the index terms, not all the terms are equally 

important for classification. Some are more important than others or have high 

discrimination value. The technique of assigning importance value for terms is term 

weighting. In IR weighting is done to rank results for a given query.  

Term weighting assigns indications of importance to terms. Weighting also helps to 

avoid false matches (Ardo and Trougott, 1997). As a basic step in automatic 

classification, the following section reviews the term weighting techniques used by the 

research community. 

2.5.3 Term Weighting 

As mentioned earlier term weighting assigns values to terms that indicate their level of 

importance. Different techniques can be used to assign weight to terms. Some used 

frequency of each term as weighting technique (Hoch, 1994; Borko and Bernick, 

1963).  

Other techniques include, giving weight to terms according to the occurrence of the 

term in a particular part of the document. In this regard, Choi et al. (1996) used a 

weighting technique that assigns highest weight for terms from the document titles. 

Jones (1986), on the other hand, proposes the following formula as an appropriate 

mechanism for computing the weight of a term in a document. 
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Term Weighting = 
documents allin Frequency 
document in theFrequency   

In general, Asa and Eikvil (1990) review the above and other weighting techniques 

used by the research community. The tf×idf is one among the weighting techniques 

reviewed. Since it is acclaimed for its good results, it is worth considering this 

technique here. In fact, Salton (1989) is the one who proposes this weighting 

technique. In tf×idf weighting, tf is used to refer the within document frequency and idf 

is the inverse document frequency.  

This weighting technique assigns a weight to word i in document k in proportion to the 

number of occurrence of the word in the document, and in inverse proportion to the 

number of documents in the collection for which the word occurs at least once. In 

other words, the idea behind idf is to assign higher weight of importance to terms 

occurring in only a few documents.  

Accordingly, the formula to compute the weight of word i in document k is given by: 

 )log(*
nfa

i
ikik

N
= ,  .......................................................(2.1)  

where f ik
 is the frequency of word i in document k, 

 N     is number of documents in the collection, and  

 ni    is total number of times word i occurs in the collection (i.e. the number of 

documents in which term i occurs at least once). 
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In general, a higher weight assigned for a feature implies that the feature is more 

important for the classification process. 

Once terms are given weight in the above manner, then the representation of 

documents will be not with a simple list of terms that was proposed in the previous 

sections, rather it will be with a weighted list. As a result, a document D can be 

represented with index terms and their weight as ),...,,(
2211 wtwtwtD ininiiiii =   

Where  Di  - document i,  

tij   -  descriptor j in the document Di, and  

wij
 - weight of descriptor tij

. 

The above model, suggested by Salton (1989), is known as vector space model.  The 

model, however, has one major problem, which is the high dimensionality of the 

feature space.  In this model, there exists one dimension for each unique word found in 

the collection of documents, and processing will be extremely costly.  For this 

purpose, many researches designed a mechanism for reducing this feature dimension. 

Details on these techniques can be obtained in (Han et al., 1999; Kar and White, 1978; 

and Borko and Bernick, 1963).  

Actually, feature reduction should be done intelligently. In other words, if we become 

too aggressive in reducing the number of words, then we might loose critical 

information for the classification tasks (Han et al., 1999). 
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In vector space model we have a matrix developed from the collection of documents. 

The rows represent the documents, while the columns represent the terms. The entries 

of the matrix represent the weight of a word in a given document. Therefore, a 

document A is represented as: 

A = (aik )  ............................................................................(2.2) 

where aik
is the weight of word i in document k. 

Once documents are represented using the above method, classes can also be 

represented easily and the process of automatic classification will become simple.  

2.5.4 Representing Classes 

As discussed before, for the machine to be able to classify documents automatically, it 

should understand the characteristics of the different predefined classes.  Therefore, in 

a similar manner to document representation, classes should be represented using 

terms so that matching of a new document with existing classes is possible. 

This is usually done by having a labeled training document set for each class. In fact, 

experimental learning systems often gain knowledge from one set of data (usually 

referred as training set) and then use this knowledge to process another set of data 

(referred as test set). They may also learn from an entire set and then classify the set 

again (Losee and Haas, 1995). 

After each document is represented using the technique mentioned in the previous 

section, the terms identified from the training documents are used to create the class 

representatives.  The most common way of representing classes is using a class vector, 
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also called centroid vector. It is obtained by summing or averaging the weights of the 

various vectors of the training documents in each class.  That is, in a set S of 

documents and their corresponding vector representations, we define the centroid 

vector C , which is nothing more than the vector obtained by averaging the weights of 

the various terms present in the documents of S. In general, C  appears as C  = (C1, C2, 

... ,  Cn) , where the ith element of the centroid, Ci, can simply be assigned the average 

value of the weights of  the ith term in all the training set S, as: 

iC ..= ∑
=

N

k
kid

N 1

1 r
, ................................................................(2.3) 

Where N is the number of documents in the set S, and kid
r

 is the weight of term i 

in document k.  

Once the centroid vectors are identified then it can be possible to classify an incoming 

new document, using similarity measures between the document and the classes. 

 

2.5.5 Matching (Similarity) Technique  

The matching step is the final step in the automatic classification process. Once all the 

classes are represented through centroid vectors, the system can classify new 

documents by matching the document vector with the centroid vector of each class. 

The document is then routed to the most similar class. In other words, the similarity 

between the document vector and the class vectors is computed to determine the class 

where the document belongs.  
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In the literature different similarity techniques are suggested, however, the most 

common is cosine measure (Han et al., 1999).  

In another research, Cheng and Wu (1995) present the different similarity techniques 

in the area of automatic classification, including cosine coefficient. Because of their 

popularity and effectiveness, cosine and dot product are described below. 

2.5.5.1. Weighted cosine similarity measure. 

This similarity technique is based on the mathematical cosine rule, which measure the 

angle between two vectors to identify the proximity of the vectors in vector space. The 

formula defined for weighted cosine measure between document X and Y with their 

weight vector W and a set of terms T is the following (Han et al., 1999): 
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Where Xt and Yt are term frequencies of word t for X and Y respectively, and Wt is the 

weight of word t. 

The smaller the angle, the larger the cosine. So, classifiers based on this technique 

assign a document to the class which has the smallest angle between its vector and a 

given centroid vector. Therefore, the formula to assign class code for a document 

whose vector is represented, say by vector x  is given by: 

 ( )),cos(maxarg
,...,2,1
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=

  ............................................................. (2.5) 

where, k represents the number of classes and Cj is the centroid vector of class j. 
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2.5.5.2. Dice coefficient. 

In this technique, the formula to measure the similarity between document Di, and 

centroid vector Cj is given by 

( )
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If binary terms weights are used, the Dice coefficient reduces to its popular form, 

which is, 

 
BA

C
+

2  

Where C is the number of terms that Di and Cj have in common, and A and B are the 

number of terms in Di and Cj respectively. 
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CHAPTER THREE 

AMHARIC NEWS CLASSIFICATION 

3.1 INTRODUCTION 

In a system where there is large collection of documents, retrieval of a given document 

or sets of documents can be possible if the collection is organized systematically. The 

most common document organization method used in most information systems is 

classification.  This chapter, therefore, discusses the principles of news classification 

in general, and Amharic news classification scheme in particular.  

As Amharic is the official language of Ethiopia, ENA has implemented the news 

classification scheme in Amharic. In fact, it also developed English classification code 

for news items produced in English. The thesis, however, looks into the Amharic 

classification scheme.  

The Amharic language faces some problems regarding its script that must be 

considered in the development of automatic text processing systems, automatic 

classification being one of them. Therefore, this is also another issue that is discussed 

in this chapter. 

3.2 NEWS CLASSIFICATION 

3.2.1 General 

Because of the nature of current affairs, the media do not have to seek news; rather it 

arrives unsolicited in huge quantities. Official bodies and government, different 
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organizations and committees, political parties and pressure groups, all compete for 

attention, which then becomes good news. 

However, as Whatmore (1978) says, the medias are not content merely to publish the 

news that flows in unasked.  They are expected to uncover the news, to ask questions, 

to find out facts, not to accept easily, and finally to write what they find in the format 

accepted by their own medium. 

Because of this, one can consider news agencies as news factories, where the raw 

material is received, processed and passed as a finished product.  The processing 

includes selecting, assembling, adjusting, adding background, checking facts, and 

correcting. 

To accomplish most of the above-mentioned tasks, journalists have to investigate 

previous news items. In fact, the retrieval of stored news in this regard is very frequent 

and urgent.  As a result, journalists must be assisted by news libraries.  The job of 

these libraries is to develop an efficient information system for the purpose of storage 

and retrieval. This shows the demand for classification, which is the most common 

technique in the organization of information for efficient retrieval. Actually, news 

libraries use classification as a main technique to organize the huge quantity of their 

news stock. 

As Whatmore (1978)  says, this organization or correct grouping of subject allocation 

is central to all activities of news libraries.  Continuing his explanation, he added, ''if it 

fails, the service fails because, unlike libraries of books, news libraries’ stock does not 

arrive in prepackaged format''.  
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3.2.2 General Principle of News Classification 

As news falls out-of-date faster than any other kind of information, a classification 

scheme with response time ranging from 'at once' to a few minutes is expected.  As 

discussed above, the main requirement of the classification scheme is to provide 

sufficient background information on any topic.  However, the classification of news 

material is so difficult because the librarian tries to organize current information while 

it is still in a fluid state before its structure and underlying trends become apparent 

(Whatmore, 1973). 

On the other hand, the theoretical classifications and hierarchies for subjects in their 

academic aspects are of little use when they appear as current affairs (Ibid.).  Current 

affairs, by its nature, is a developing group of topics, subject to no structure, uncertain 

where it is going, leading in several directions simultaneously and consequently, of no 

shape, possessing no natural hierarchy, with no agreed terminology.  In other words, 

news classification is not the science of absolutes but an art (Ibid.).  As a result, every 

newspaper agency produces its own classification schemes. 

Actually, Whatmore (1973 and 1978) has suggested the things that should be 

considered when developing a news classification scheme; some of them are discussed 

below. 

As new events and ideas are covered through current affairs every time, the 

classification scheme must be hospitable to new aspects and angles.  The classification 

must also reflect the way news is presented in the newspapers. In other word, it should 

have the form which inquiries are most likely to take. 
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Like other classification schemes, the arrangement must be easy to remember, 

minimizing the need to look-up before locating.  In fact, ''headings of classes should 

employ the same word as appear in the news'' (Whatmore, 1973:211).  They should 

also be precise and say exactly what they mean.  On the other hand, the classification 

system should have the effect of excluding irrelevant matters. 

In relation to specificity and exhaustivity, his suggestion is that the smaller the library, 

the more specific and direct the headings should be.  As the collection grows, 

however, and element of classification will become essential, no other ground than 

convenience of access should be taken.  In general, Whatmore has listed the 

guidelines, which he referred as “canons of classification” (Whatmore, 1978:52). 

In reality, good classification is the application of judgment, foresight, knowledge and 

experience, all within the framework.  In other words, the classifier should use 

imagination to anticipate demand and try to cater for the unexpected and ideally will 

have a file ready on any topic asked for. Having this in mind, ENA has produced its 

own classification scheme. 

3.3 NEWS CLASSIFICATION SCHEME AT ENA 

3.3.1 General 

As discussed in the first chapter, ENA is the first news agency, which has been 

covering local stories in the various parts of the country for half a century.  In its long 

history, ENA has been using technologies of the time to produce and store news items. 
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The Agency was using teleprinter and stencil to prepare and store news items for long 

time.  During this time, ENA was organizing the news items (stencils, for example) by 

region.  The aim was only to find out how many news items produced in each region.  

No classification technique, which considers the subject of news items, was utilized. 

However, recently the need for a better classification scheme was felt and a new 

classification scheme is implemented, in parallel with the computerization project.  

3.3.2 The Amharic News Classification Scheme 

The agency produced the new classification scheme based on Reuter and AFP’s 

classification scheme. However, as the interviewees10 say, the two known news 

agencies utilized a scheme that is prepared for international purpose, which is a 

detailed one. As a result, the agency prepared a somewhat summarized scheme, which 

is expected to suit the national demand. The classification scheme was revised two 

times. The first proposed scheme had only four main classes, and it has been in use 

only for about a year (in the year 1991 E.C.). 

The revised classification scheme has hierarchical nature, having two levels. There are 

seventeen main (parent) classes and all in all three hundred subclasses. Though it is 

not explicitly defined, some of the subclasses have some hierarchical nature, and could 

be further sub classified. 

For example, under the main class «¤Â_ (‘hea’ in English to mean health), there are 

27 subclasses, which can be put under three categories (ÞKx – ‘ts’ or treatment 

services, «¤_¸ – ‘moh’ or Ministry of Health, and b>t – ‘dis’ or diseases). 

                                                 
10  Ato Simeneh, and Ato Sileshi, both committee members. 
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Similarly, under the main class ›mb (‘ph’ – public holiday), there are 17 subclasses, 

which can be put under 2 subheadings, one containing 3 and the other 14 subheadings 

respectively. In fact, there are also classes, which do not have any trend to further 

subdivide. Examples of such class include, ››G – (‘ir’ – international relations) and 

¥~d – (‘sose’ – social security). 

The number of subclasses in each main class is not uniform. There are main classes 

with three subclasses, and also with a longer list, 79 subclasses. The following table 

summarizes the classification scheme according to the number of subclasses. A 

detailed list of the classification scheme is attached in Annex 2. 

 Main Class  

No Code Description No. of subclasses 

1 -@Â_ (hea) -@Â _bÝ (health) 27 

2 ›mb (ph) ›m¬êE b›§T (public holidays) 17 

3 ›xG (ir) 

›lMxqF GNß#nèC (international 

relations) 10 

4 ¥~d (sose) ¥~b‰êE d~NnT (social security) 5 

5 ÆHl (cul) ÆHL (culture) 19 

6 B­l (na) B/@‰êE ±ltEμ (national politics) 21 

7 FFT (saj) FRDÂ FTH (sentence and justice) 12 

8 gbz@ (mn) ygbÃ z@Â (market news) 23 

9 mk[ (das) mk§kÃÂ [_¬(defense and security) 12 

10 œt&K (sat) 

œYNSÂ t&KñlÖ©! (science and 

technology) 5 

11 -QL (od) -Q§§ L¥T (overall development) 7 
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 Main Class  

No Code Description No. of subclasses 

12 S±R (spo) S±RT (sport) 23 

13 TMH (edu) TMHRT (education) 20 

14 x!÷ñ (eco) x!÷ñ¸ (economy) 79 

15 xdã (acc) xdUãC (accidents) 11 

16 xy[ (wc) yxyR [ÆY (weather condition) 3 

Table 3.1 Main Classes of Amharic News Classification Scheme 

As the classification is a first trial, it has some problems. For example, the main class 

xxg does not show subject; rather it shows nature of news items. That is, the headings 

of subclasses under this class are not based on subject analysis. For example, there is a 

heading with code XGD (blocked news) that can apply for any type of news (political 

or economic), not for a specific news type. However, there is also one subclass under 

this class that shows some concept, which is z¤: – ‘news about deceased personalities’. 

Because of this, this class is not included in table 3.1 above. 

Since the structure of documents help to decide which part to take in the process of 

automatic classification, the following section discusses the structure of Amharic news 

items. 

3.4 AMHARIC NEWS STRUCTURE 

The structure of ENA’s news item is assumed to hold four parts, namely, a header, 

headline, lead paragraph, and body (ENA, 1993a).  
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3.4.1 Header 

Every news item should have a header, which consists of: 

�  Classification code. 

�  Slug: - which is a general identification of subject in the form of a generic 

master slug, which may be followed by a slug specific to that story, e.g. 

Somalia – summit – Menawi. A slug is no substitute for a headline. 

�  Author’s name. 

�  Dateline: - gives date and place of story’s origin and agency’s acronym. 

3.4.2 Headline 

Headline should give the content of a story in a few crisp words to catch the reader’s 

interest. It does not exceed one line. 

3.4.3 Lead 

The lead is the opening paragraph. A lead would contain no more than 30 words. The 

lead captures the essence of a situation event clearly, and if possible, dramatically. 

3.4.4 Body 

Body also called catchall paragraphs elaborate on the lead and provides any necessary 

details. There can be at least six paragraphs in the body. 

In fact, every part is there to elaborate the information contained in the news item and 

as such they may contain similar words (phrases). 
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It would be easier to process the headline, lead, or a combination of both in order to 

classify news items automatically. However, most of the news items at ENA 

(particularly Amharic news items) do not follow the above structure. For example, 214 

news items do not have headline, 315 do not have slug, and 443 do not have keyword. 

The following table summarizes the structure of Amharic news items produced in the 

last two years.  

  Number of news with 

Code No. of news Headline  Keyword Slug 

-@Â_  788 762 770 761 

›mb  142 142 141 140 

›xG  299 288 280 271 

¥~d  1546 1421 1278 1400 

ÆHl  145 140 135 135 

B­l  674 665 638 652 

FFT  488 487 482 481 

gbz@  157 157 156 156 

mk[  70 70 70 70 

œt&K  90 88 84 84 

-QL  332 330 324 323 

S±R  340 332 327 328 

TMH  454 452 435 441 

x!÷ñ  1084 1063 1050 1054 

xdã  271 270 268 270 

xy[  24 23 23 23 

Table 3.2 Structure of Amharic News Items 

On the other hand, from the 11,484 Amharic news items, 2,868 news items are stored 

along with the classification codes that the agency was using before refining the 
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classification scheme and 1,712 news items do not have classification code. The news 

items in the above table 3.2 are those news items with the new classification code. 

After having a detailed review of the news items, it was found out that some language 

processing aspects should be made to assist the statistical techniques in order to come 

up with a “good” classifier. In fact, as the classification scheme is also implemented in 

Amharic, it is necessary to discuss issues related to Amharic Language and its scripts.  

The following section discusses these issues. 

3.5  THE AMHARIC WRITING SYSTEM 

3.5.1 The Amharic Characters 

As mentioned previously, Amharic is the official language of Ethiopia. The present 

writing system of Amharic is taken from Ge’ez alphabet, which was the language of 

literature in Ethiopia in the early time.  The Amharic writing system consists of a core 

of 33 characters each of which occurs in a basic form and in six other forms known as 

orders.  Each graphic symbol represents a consonant together with its vowel. The 

vocalic symbol cannot be detached from the consonant element. That is, Amharic does 

not use independent symbols for vowels. In other words, as Leslau (1965) discusses, 

the Amharic script is a syllabic rather than an alphabet.  

The seven orders represent the different forms of a consonant. Each form is made in 

accordance with the sound that goes with the symbol. The non-basic forms are derived 

from the basic forms by more-or-less regular modifications. For example, using the 

consonants h (hä), l (lä) and m (mä) the orders are; 
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1st  2nd 3rd 4th 5th 6th 7th  

h hù £ ¦ ÿ H ç 

hä  hu hi ha he h ho 

l lù lþ § l¤ L lÖ 

lä lu li la le l lo 

m mù ¸ ¥ » M ä 

mä mu mi ma me m mo 

In addition to these, there are four so – called labio–vellars, which have five orders 

(e.g.  ³ q& q“ Ì ³), and eighteen additional labialized consonants (e.g. §* à … 

ú* ...). The language has also its own numeral symbols (without a symbol for 0), but 

not mostly used except for writing dates. A listing of the whole Amharic character set, 

also called fidel (ðdL) is attached in Annex 3.  

The Amharic alphabet, all in all has around 290 letters. The alphabet does not have 

any distinction between capital and lower case letters.  

3.5.2 Punctuation Marks 

The individual words in a sentence are separated by two dots ‘”’, although this practice 

is not exercised especially in type-written texts. The end of a sentence is marked by a 

square-formed four dots ‘””’. The symbol ‘# ’ represents a comma, while ‘\’ 

corresponded to a semicolon. Apart from this, the language has borrowed some 

punctuation marks from foreign languages. For example, ‘!’ and ‘?’ are used in the 

language, which are borrowed from foreign languages.  
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Though not used by the general public, there are about 17 punctuation marks (Beletu, 

1982). In fact, existing Amharic software do not also implement some of them. 

3.5.3 Problems In The Amharic Writing System 

There are many problems observed regarding the writing system of Amharic language.  

Some of them are summarized below. 

3.5.3.1. Problems regarding consonants with different form 

As discussed above, Amharic borrowed most of its scripts from Geez. However, it did 

not select from Geez alphabet those symbols that are only necessary for its consonants. 

As a result, there are certain phonemes with different symbols, where they have 

meaning in Geez, but their meaning is not known in Amharic. The following table 

shows the list of consonants that have different forms. 

Consonant Other forms of the Consonant 

h (hä) ¼ and ~ 

¿ (sä) s 

X (ä) ; 

™ (tsä) { 

Table 3.3 Amharic Alphabets with Different Forms 

The pronunciation of these paired characters is the same and each of them has their 

own orders. 

The distinction between these symbols in Geez is when spelling certain words, 

however there is no rule as for their usage in Amharic language, and as Getachew 

(1967)  says, the proper use of these symbols is not studied exhaustively and also there 

is no standard dictionary to refer to. Therefore, it is not clear whether one should write 
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“häyl” (power) as hYL, ¼YL or ^YL, also “tsähäy” (sun) as {¼Y or ™¼Y. As a 

result there arises some confusion and inconsistencies in Amharic spelling, and these 

redundant consonants are assumed surplus. 

3.5.3.2. Problems related to certain interchangeably used orders 

In a similar research, Beletu (1982) mentions the confusion regarding the first order 

and the fourth order of some consonants. For instance, it is not clear which one to 

choose h (as hYlù) or ¦ (as ¦Ylù) to spell ‘Häylu’ – name of a person. As a result, 

one can find the same word “Häylu”, spelled differently in six forms, which are  hYlù, 

¦Ylù, ¼Ylù, ˆYlù, ~Ylù, and `Ylù. Similarly, “eye” can have three forms, which 

are ;YN, ›YN, and xYN, with pronunciation “äyn”. 

It has also been found that the second order of the consonant w, which is ý, and its 

sixth order, which is W are interchangeably used and there is no consistency. Because 

of this, one can find the word ‘dog’ spelled as ýš and Wš (“wshä” and  “wushä” 

respectively). 

3.5.3.3. Problem regarding compound words 

In another research, Bender and Ferguson (1964) has mentioned another problem 

regarding the division of compound words. For example, it is not clear which one, 

w_b¤T “wät’bet” or w_ b¤T “wät’ bet” is the correct spelling for ‘kitchen’. They 

also mentioned another problem of the writing system, which has something to do with 

regularizing spellings and regularizing punctuation. For example, the word “sämtoäl” 

(‘he has heard’) may be spelled as sMèxL, sMaL or sMTêL. This problem 
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exists in different languages that have words of different forms of writing. For 

example, the words ‘recognize’ and ‘recognise’ in English language are two variants 

of the same word. 

Translation from foreign words into Amharic is also another problem mentioned by 

Getachew (1967). As a result, one can find the word ‘television’ translated into 

different forms, which include: t½l¤V¢EN, t½l¤ViN, t½l¤vþiN.  

Therefore, any automatic Amharic text processing should consider the aforementioned 

problems. 

3.5.3.4. Problem regarding abbreviations 

As seen from documents reviewed, there is also no consistency when spelling 

abbreviations. For example, when abbreviating the phrase ›mt MHrT  (in the year 

AD), one can find ›.M., ›.M or ›M as possible abbreviations. So these kinds of 

words should come into a common word. Similarly, the use of hyphen is also not 

consistent.  

The problems mentioned under 3.5.3.2 and 3.5.3.3 were not considered in this research 

because of time constraint. However, the researcher assumed the statistical techniques 

would not miss the variant words created due to these problems. The reason is that, a 

journalist who used a specific variant of a word to spell the word continues to do so, 

and the classifier will identify the word because of its frequency. 
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3.6 AMHARIC STEMMER 

In the literature, there is a mention of an algorithm for Amharic stemmer developed by 

Nega (Abiyot, 2000). However, despite the effort made, the algorithm could not be 

found. As a result, a simple depluralization and suffix and prefix removal technique is 

used. 

It is obvious that nouns are most important for indexing. Therefore, review of the 

suffixes and prefixes for nouns was made and the following section discusses them. 

Some of these prefixes and suffixes can be also applied to other language parts.  In 

fact, verbs are equally important index terms in the case of news items and because of 

this they are also included in the selection of index terms. 

3.6.1. Suffixes Considered 

The plural form of a noun in Amharic is expressed by attaching the suffix ãC (woch) 

to singular nouns. There are also different suffixes that can be attached to nouns. The 

most common are N, M, and Â (Abiyot, 2000). Their attachment is made to show 

possession (N), emphasis (M), and object marker (Â). 

A noun can take one or more of these suffixes in a number of ways. The table 3.4 

below presents an example of the possible combination of suffixes to nouns created 

from ãC and the above three suffixes. In general, all in all 70 suffixes are used in 

this research. They are presented in Annex 4. 
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Suffixes 

Combined 
Suffix used 

ãC +  N ãCN 
ãC +  N +  Â ãCNÂ 
ãC +  N +  M ãCNM 
ãC +  Â ãCÂ 
ãC +  Â +  M ãCÂM 
ãC +  Â +  N ãCÂN 
ãC +  M ãCM 
ãC +  M +  Â ãCMÂ 

Table 3.4 Example of the Possible Combination of Suffixes from ‘ãC’ and ‘N’, 
‘M’, and ‘Â’. 

3.6.2 Prefixes Considered 

Nouns take four prefixes, which are also taken by verbs (Abiyot, 2000). These are b, 

l, k, y. In addition there are two prefixes identified after reviewing the news 

documents, which are attached to verbs. They are Sl and XNd. 

3.7  AMHARIC SOFTWARE 

Since Amharic is not known in the ASCII code table, various software experts have 

tried to develop their own keyboard driver program, which converts the English 

keyboard into Amharic keyboard. Technically speaking, the software convert the 

default code table where each key is associated with English symbols by Amharic 

code table, so that users can use the same keyboard to write and edit Amharic letters. 

In other words, these programs associate the keyboard buttons with Amharic symbols.  

In fact, this is done at the screen level. That is, the symbols stored inside files are the 

associated ASCII symbols of the default code table, not the Amharic symbols. The 

software converts these symbols into associated Amharic symbols when they are read 
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from files into memory. As a result users see Amharic symbols on their screen and 

when printing. 

Ever since 1987, there have been different software developed to assist users to write 

and edit Amharic text inside the computer.  Most of the software are written to work 

only with Microsoft Word.  However, there are few which can work in other 

programs, one of them being Visual Geez, which currently becomes very popular. The 

software is developed by Custor Computing Pvt. Co.  The software has two versions, 

VG2 and VG2000 developed for the various versions of Microsoft Office products. 

ENA is using the first version, which is VG2. 

All Amharic software have succeeded in helping users to enter and edit Amharic text 

inside the computer (especially for word processing purpose). However, all face some 

problems especially when they are used for database purpose. 

The problem with all Amharic software is when sorting data; the result will be 

different from what one anticipates. The problem is due to the large number of 

Amharic symbols to represent inside the computer. That is, the number of the Amharic 

characters is beyond the number of ASCII codes and the available buttons on the 

keyboard.  As a result, all Amharic software implement the assignment of Amharic 

symbols (especially the non-basic forms) as two characters.  For example, the fidel 

''hù'', for example, is stored as two characters ''/'' and the diactric mark ''  ù '' inside the 

computer. The codes assigned to the characters did not also consider their precedence 

in the language. Because of this, for example, when we sort the data (hgR, £œB, 

HZB), we will find £œB (not hgR) first. Therefore, any text processing should 
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consider this as well. That is, consider these characters as two symbols, not as is seen 

outside (one). 

On the other hand, when the software implement the representation of symbols 

borrowed from other languages, most of them have changed the codes of these 

symbols. For example, the ASCII code for ‘?’ (question mark) is 63 in the default code 

page. However, Visual Geez version 2.0 has implemented it by giving code 41.  

Therefore, any string searching and matching procedure should consider the codes, as 

implemented in each software, not the symbol when searching for these symbols. In 

other words, the search should not be done, for example by using “?” to search 

question mark symbol as it is done in any string searching program.  

As mentioned above, when searching for Amharic symbols we can use their equivalent 

in the default code page. For example, the code for ‘/’ in Visual Geez is the code for 

‘/’ in the default code table. This means, ‘/’ is stored inside files as ‘/’. Therefore, to 

search for ‘/’ one can use either its ASCII code or use “/” in the search statement. 
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CHAPTER FOUR 

DESIGN OF THE AUTOMATIC CLASSIFIER 

4.1 INTRODUCTION 

In this chapter the techniques used to develop ANC (Amharic News Classifier) that 

classifies Amharic news items into predefined classes are discussed. The 

implementation and testing of the techniques is also presented. The overall work 

presented in this chapter is based on the techniques reviewed in chapter two. The 

important aspects of Amharic language, which are discussed in chapter three and that 

should be considered in any text processing system, are also considered in the 

development process. 

The proposed system is designed using vector space model, which as discussed in 

chapter two has been reported to perform better in various researches. 

The design consideration of the system is split into two phases. The first phase is 

aimed to produce the vector table, which is a collection of the class vectors. The 

experimental group of news items was processed to derive these class vectors.   

In the second phase, the validation group of news items, which had no relation to the 

construction of the class vectors, are classified and the percentage of correct 

assignments is recorded.  
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In both phases document analysis was the key aspect. That is to say, after 

preprocessing, documents are analyzed and document vectors generated. The 

procedure followed in designing ANC is shown in figure 4.1 below. 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
Figure 4.1 Overview Diagram of ANC 
  

4.2 NEWS FOR EXPERIMENTATION 

The news collection under this research comprises of one-year Amharic news items of 

three classes, namely ‘acc’, ‘culture’, and ‘eco’11. All in all the news items used in the 

experiment constitute 1,481 news items. As mentioned previously, this data set is 

divided into two groups: training set and test set.  

The training set contains the news items produced during the time Jan-Aug/2000.  The 

test set includes all news items in the 3 classes produced during Sep-Dec/2000.  

                                                 
11 In this chapter, English codes are used for the classes that are presented in table 3.1 in parenthesis.  
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Fifty news items were randomly taken from each class to verify the correctness of the 

manually assigned codes by journalists.  An expert from the agency checked the class 

codes for correctness and only 15 incorrect assignments were identified. 

4.3 PREPROCESSING 

As described in section 1.2.2, the data set (all Amharic news items) are stored in 

different folders by the news management software. News items produced by City 

Desk are found in DocA folder, and that produced by Region Desk are put in DocR 

folder, both under ENASoft folder.   

As the news management software that the agency is using is new, there are files 

created erroneously and also for testing purpose stored inside the folders mentioned 

above. On the other hand, as mentioned in section 3.4 any news item should have on 

average three to five paragraphs.  

Consequently, to discover files that are erroneously created, 50 files with five or more 

paragraphs long were identified and the average size was recorded. The average size of 

these files was found to be 500 bytes excluding formatting characters and file header 

information12.  

In order to identify key terms of a particular class, we must have the news items 

already belonging to that class, and look for the frequency of occurrences of their 

terms.  Therefore, to bring the news items that belong to a given class together, a 

program was written that puts them into their respective folders that are created for this 

purpose.  Accordingly, all news items classified with 'acc' classification code were put 

                                                 
12 the file size we get when we use directory listing includes file header information and formatting characters. 
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in a folder named ‘acc’, those with ‘culture’ classification code into a folder named 

‘culture’, and with ‘eco’ classification code into a folder named ‘eco’. 

Finally, each file in these directories was read and the length was checked against this 

figure (500 bytes) and all files below this size are removed from the two folders 

(DocA and DocR).  

The data in each class is then divided into two exclusive groups:  the experimental and 

test group.  The number of news items in experimental and validation group of the 

three classes are presented in the following table. 

Class Number of news items in 

the experimental group 

Number of news items in 

the validation group 

Accident  210  59 

Culture  100  41 

Economy  850  221 

Table 4.1 Number of News Items in Experimental and Validation Group 

4.4 WORD IDENTIFICATION 

Since every news item is stored in a file with rich text format (rtf), many formatting 

characters are stored along with the text of the news inside the files. As a result, simple 

file processing technique would lead to construction of noisy data.  For this purpose, 

before processing begun the data in the files is loaded into an rtf control, which can 

consume the formatting characters, and each word can be obtained without these 

characters. 
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Unlike English text, Amharic text uses ‘#’ to separate Amharic words.  However, as 

mentioned previously this practice is not used much currently, especially for 

computer-based texts and instead space is used. In reality, a word is separated not only 

with space or ‘#’, but also with other delimiters identified during the development 

process. 

In general, after analyzing the documents it was found that an Amharic word can be 

identified using the following delimiters: #, $, ", !, ", /, space, tab, carriage return and 

line feed characters.  However, as discussed in section 3.7, most Amharic software that 

developed their code table, shifted the ASCII codes of most symbols borrowed from 

English, like “/", ”(”, ”)”, “!” etc. to a different code.   

Therefore, the ASCII codes (as implemented in the software) are used for these 

symbols in the process of word identification.  After analysing Amharic news items, 

the following word identification algorithm is developed and used for Amharic news 

items13. 

1. Initialize the variable to hold the word 

2. Read a character from the sentence (document) 

3. Check if the character is Amharic word delimiter 

4. If not, concatenate the character to the variable,  

                                                 
13 Actually, it can be used for any Amharic text. 
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5. Else if the character length is above one character report the word14 

6. If there is more data to process, go to step 1  

The implementation of this algorithm is presented in Annex 5 (Function 

GenerateWord). In fact, this function also identifies unique words and produces a 

frequency count of each word from the document supplied. 

4.5 CHECKING THE VALIDITY OF A WORD 

After the word is identified, a simple checking was done to verify whether the word 

identifed is a valid Amharic word or not. In this reseach a word is considered invalid if 

it has any numeric character in it. In other word, the checking is done to verify if no 

numeric character exists inside the word. For example, the word ‘y1992t$’ is not a 

valid Amharic word. If the word is not a valid word, it is discarded.  

4.6 CHANGING CHARACTERS TO THEIR COMMON FORM 

As mentioned in section 3.5.3.1, some characters have different forms. There are also 

characters that have some orders that are used interchangeably. Therefore, after a word 

is identified these characters were searched and replaced to bring to common forms of 

words created with different spelling. For example, in the example given in section 

3.5.3.2, the different forms of the word ‘Hailu’, which are hYlù, ¦Ylù, ¼Ylù, and 

^Ylù are all converted to the first form hYlù by changing the first character of the last 

three words by its first form.  

                                                 
14 There are few words with one character length. Examples include Â or 'come'  (used for 
male), and nù or ‘come’ (used for many individuals). However, they are not important to be 
taken as index terms. 
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In most cases, we get the non-basic orders of consonants by attaching a diactric mark 

to their first order. As a result, Amharic software mostly implement the non-basic 

orders as two characters. In fact, the diactric marks usually are the same for a given 

order of different characters. That is, the diactric ‘#’, which is applied to h to make it 

h#, is also applied to l to make it l#. Similarly, the diactric ‘!’, which is applied to / 

to make it /!, is also applied to b to make it b!. Therefore, when changing characters 

to common form, it is only enough to change the base character. For example, to 

change /# to h#, we only have to change / to h and it will become h#.  

Therefore, to accomplish this task, the different forms as implemented in the software 

are analyzed and only those to be changed were identified and changed accordingly.  

To manage the task easily, one function for each character is written. Additionally, a 

change was made to some non-basic forms that are used interchangeably, which are 

discussed in section 3.5.3.2. The functions of the prototype are presented in Annex 5. 

Finally, as mentioned in section 3.5.3.4, the use of dot (‘.’) and hyphen (‘-‘) is not 

uniform. Therefore, these symbols were removed from the identified words to make 

them common. 

4.7 WORD STEMMING 

The use of stemming is to reduce redundancy. For example, stemming will bring the 

different forms of the word Wš or ‘dog‘ (WšW, WšM, WšN, WšÂ, WšãC, 

WšãCN etc.) into their root word Wš.   

Stemming a word is by itself one big task. And, as cited by Abiyot (2000), Nega has 

developed a stemming algorithm for Amharic language.  However, despite the effort 
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made, the research could not be found. Therefore, a simple depluralization, and suffix 

and prefix stripping technique is applied to the words identified in the above process.  

The list of suffixes applied is presented in Annex 4. 

As can be seen from the discussion made in section 3.6.1 and Annex 3, the possible 

number of suffix size (in terms of character length) is not more than five characteres 

long15. Therefore, the possible suffixes were stripped from each word and put in 

different variables, and the existence of the suffixes in the suffix database was checked 

starting from the longest suffix down to the shortest suffix. The procedure used to strip 

suffix from a word is as follows: 

�  Check if the maximum length suffix exists in the word by stripping the right 

most five characters. That is, if the length of the word is greater than six16, then 

strip the right most five characters and check if it exist in the suffix database. If 

the suffix exists then report the word without the suffix.  

�  Else, if the length of the word is greater than five, then strip the right most four 

characters and check if it exists in the suffix database. If the suffix exists then 

report the word without the suffix.  

�  Else, if the length of the word is greater than four, then strip the right most four 

characters and check if it exists in the suffix database. If the suffix exists then 

report the word without the suffix.  

                                                 
15 In other words, the possible suffix length is between 1 and 5 characters long 
16 Length of the word and/or remaining string is checked in two ways. That is, if there is a diactric in the 
remaining string, the length required will be increased by one from that if a diactric is not exist. Therefore, the 
length required would be seven for this case. 
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�  Else, if the length of the word is greater than four, then strip the right most four 

characters and check if it exists in the suffix database. If the suffix exists then 

report the word without the suffix.  

�  Else, if the length of the word is greater than three, then strip the right most 

four characters and check if it exists in the suffix database. If the suffix exists 

then report the word without the suffix.  

�  Else, if the length of the word is greater than two, then strip the right most four 

characters and check if it exists in the suffix database. If the suffix exists then 

report the word without the suffix.  

As mentioned in section 3.6.2, the prefixes considered in this research are: k, b, y, l, 

Sl and XNd. Prefix removal is done in two steps. One character length prefixes are 

checked first and removed; and then the two other prefixes are checked. The algorithm 

developed to remove a prefix from a word is as follows: 

�  If length of the word is greater than two and if the first character is k, b, y, and 

l, then check if the second character is not a diactric to these characters17.  

�  If it is not, then check also if there is a diactric in the remaining string (which 

will affect the length to be considered). That is, if there is a diactric in the 

remaining string the length should be greater than two; else the length should 

be greater than one.  

�  If the length satisfies the requirement then strip the prefix and report the word.  
                                                 
17 The first character is k, b, y, l does not necessarily mean it is a prefix. The character may be k#, b#, l#, y$ etc.  
In other words, the 2nd character determines whether the first character is a prefix or not. 
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The same technique is applied for prefixes ‘Sl‘ and  ‘XNd‘.  

The stemming process was successful in reducing the list of words identified. It 

reduced the word list of the training set by 18% percent. 

4.8 STOP WORD REMOVAL 

After the word is stemmed using the procedures discussed in section 4.7, the existence 

of the word in the stop word list is checked. In fact, the stop words are also stored in 

stemmed form. In this thesis two kinds of stop words were identified: news specific 

stop words and common stop words.  

As discussed in chapter three, stop words are words that occur frequently in almost all 

documents. Using this concept, all high frequency words that exist in all documents 

were retrieved and reviewed to identify the stop words of both types.  

4.8.1 News Specific Stop Words 

Reporters and journalists most of the time report an incident to the public.  As a result, 

they use vocabularies peculiar for this purpose.  An example of such words, which 

they use very frequently, is 'notify' (™Yz¬`, ™Yz¬a, ™Yz¬ú`®@). Basically, they 

use this word when reporting about an official or organizational press release. In fact, 

these words are pure verbs and are usually found at the end of a sentence18. Therefore, 

the identification of these words was done in two steps:  

�  List of high frequency terms from all classes were selected.  

                                                 
18 The structure of Amharic language differs from English in such a way that while the structure of English is 
Subject-Verb-Object (SVO) that of Amharic is Subject-Object-Verb (SOV). This means, usually verbs come at 
the end of a sentence in Amharic sentences. 
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�  Then, common terms in all the classes were selected, and the result was 

reviewed manually. 

The assessment was made with an expert from the Agency. 

4.8.2 Common Stop Words 

Like other languages, some words in Amharic are used very frequently in the normal 

usage of the language.  A list of 100 documents (audit reports) was processed using the 

above technique to identify these function words.  

In general, the two techniques mentioned above produced a total of 750 stop words, 

and the implementation of this step reduced the feature size on average by 20%. 

4.9 VECTOR TABLE GENERATION 

As described in chapter three, centroid vectors are generated by averaging the 

document vector belonging to a certain class. Therefore, to identify the centroid 

vectors of the three classes, all documents identified as training set were processed and 

their vectors stored in a table. That is, the first step in vector table generation is 

document vector identification. This was done in three steps. 

�  Identify high frequency words of each document in the training set. 

�  Calculate document frequency for each of the high frequency words. 

�  Calculate weight only for terms with document frequency more than one19. 

The weight is calculated using equation 2.1 presented in section 2.5.3. 

                                                 
19 For document frequency, a threshold of 2 was taken in this experiment.  
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After calculating the weight of each term, then documents are represented by a vector 

using a table as discussed in equation 2.2 of section 2.5.3. The following table, for 

example, presents the vector of a document with Id 38215 from economy class. 

Word Weight 

=r¬ 22.82367

ÆNk# 16.64913

BR 15.29998

ì§R 21.27727

mmNz„ 19.5193

úNtE 23.44123

x»¶μ 21.53831

 
Table 4.2 Vector Representation of Document No. 38215. 

In the above table, the other terms in the vector space have zero weight value. As a 

result, if we assume the above terms are consecutive in the vector space and come after 

the third term, we can have the following vector form for the document under 

discussion. 

Document 38215= (0,0,0,22.82,16.65,15.30,21.28,19.52,23.44,21.54,0,0,...) 

Once the document vectors are identified using the above step, then to identify the 

centroid vector of each class a table was designed with fields: Keywords, 

WeightInClassA, WeightInClassC, and WeightInClassE. Only unique words from the 

total words identified during feature selection were then taken and inserted into the 

first column of the vector table.  
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The weight of each word is then calculated using the formula (equation 2.3) presented 

in section 2.5.4. That is, for each word, the weights in the different documents of a 

given class are summed and divided by the number of documents in that class and the 

result entered in the appropriate column (WeightInClassA, WeightInClassC, 

WeightInClassE). 

The following table shows the vector table developed with its first 10 entries. A 

sample of the vector table is attached in Annex 620. 

Keyword WeightInClassA WeightInClassC WeightInClassE 

-!Nz!² 0.4444896 0 0.5778365

-!NZ² 0 0 0.2014329

-!S 0 0 0.5984692

-@Â 0.2823364 0.2823364 4.235047

-@Â¥ 0.3111427 0 0

-@F 0 0 2.313637

-@Nnt$ 0 0 0.0968913

[Dq 0 0 9.20721562

[hð 0 0.1245869 8.305793502

Table 4.3 Vector Table of ANC 

In general, the lists of keywords produced are assumed the most distinguishing terms 

for each class. The following table displays the top ten discriminating words of the 

three classes. 

                                                 
20 Because the number of terms is very large, a sample of the vector table is assumed enough. 
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Class Accident Class Culture Class Economy 

No Word Weight Word Weight Word Weight 

1 xdU 12.40586 õR 2.435237 S‰ 32.33935

2 ±l!S 6.806531 QRîC 1.947207 BR 23.2146

3 mk! 3.573478 S‰ 1.620441 ýh 18.40815

4 XRÄ¬ 3.265789 Mn!LK 1.601014 GBR 18.3733

5 g#ÄT 2.725931 S‰ 1.599758 L¥T 17.05214

6 XúT 2.619697 ÆHL 1.469573 xRî 13.77669

7 T‰ðK 2.551131 Èl!Ã 1.399788 gbÃ 10.75025

8 ”-lÖ 2.525168 mμkL 1.270231 MRT 10.53446

9 XHL 2.499818 x!Èl!Ã 1.215289 xgLGlÖT 10.14114

10 mk§kL 2.368053 Sn 1.138181 b#Â 9.382524

Table 4.4 The Top Ten Distinguishing Words of the Three Classes. 

 
The total number of keywords identified reached 3,326. The following table shows the 

number of keywords in each class. 

Class Number of Keywords 

Accident  914 

Culture  943 

Economy  2585 

Table 4.5 Number of Keywords in Each Class 
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In fact, each class has some common keywords with the other classes. The following 

table shows the number of common terms between the classes. 

 Culture  Economy 

Accident 291 561 

Culture — 511 

Table 4.6 Number of Common Terms Between Classes 

4.10 AUTOMATIC CLASSIFICATION 

To classify new document, first the document vector is produced using the same 

procedure mentioned in section 4.9 above. Here again, only words with document 

frequency greater than one are considered when producing the vector of the document 

to be classified.  

As the formula to calculate weight of terms needs a count of total documents in the 

collection and document frequency for the term, this information is required to be 

stored permanently. Therefore, to easily calculate df, each term is stored along with 

this information in a table. On the other hand, to hold a running count of total 

documents in the collection, a table (Number of New Documents table) is used and 

each time a new document is processed, the value in this table is incremented.  

Once the document vector is identified, then the matching of the vector with class 

vectors is done. The technique used to determine the class to which the document 

belongs is as follows: 

�  A variable is declared for each class to hold the similarity value between the 

document and that class. 

�  The similarity between the document and each class is then calculated using 

formula 2.4 discussed in section 2.6.5.1 and stored in the variables declared 

above. 
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�  When the similarity computation is complete the maximum similarity value 

from the three is assigned to the document using formula 2.5 of section 2.5.5.1. 

The implementation of this procedure is presented in Annex 4 (Function Classify). The 

following flowchart shows the steps followed by ANC to classify new document. 

 

 

 

 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 
 
Figure 4.3 Flowchart of ANC 
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4.11 THE PROTOTYPE 

The news item to be classified can be given to the classifier either by typing the text 

directly on the space provided (the Rich Text Box) or by selecting the file which 

contains the news item. To select the file that contains the news item, the following 

procedure needs to be followed. 

�  If the drive is different it should be changed by using the drive list box. 

�  If the drive is correct and the directory where the file is stored is different, then 

the directory should be changed. 

�  Finally, the file can be selected from the file list. The file control is set to 

display only files with “rtf” and “doc” extension.  

The following figure shows the main screen of ANC. 

 

Figure 4.2 Main Screen of ANC 
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When the classify button is pressed, checking is done whether the news item is typed 

in or a file is chosen. If both options are not selected, a message is displayed and the 

program returns to the main screen. Otherwise, depending on the option chosen, the 

classification is done and the result, i.e. the class where the news item belongs, will be 

displayed. The program waits for another news item to classify, untill exit is pressed. 

4.12 TESTING 

Testing is done using the documents in the test set. That is, each document in the test 

set was classified using the above procedure and the result was recorded. Then, the 

result was compared with the class code assigned manually. Using the result, 

percentage was computed to see the effectiveness of the classifier.  

The following table shows the test result and percentage accuracy for each class. 

Class Number of documents Accuracy (%) 

 
Tested 

Correctly 

Classified 

 

Accident 59 50 84.7 

Culture 41 38 92.68 

Economy 221 208 94.12 

Table 4.7 Accuracy in Each Class 

From the above table, it was found out that the classifier gave correct code on the 

average for 90.5% of the test documents. That is, from the 321 documents 296 of them 

are assigned ‘correct’ code by ANC. Since the test set is assumed reasonably 

representative, the system can be said successful. However, to improve the system, it 



 71

should be supported by other preprocessing techniques such as thesaurus and 

stemming. 

The results are further analyzed and the following observations are made that needs 

additional considerations to enhance the developed Amharic news classification 

system.  

4.13  DISCUSSION 

All the 25 news items that are not classified correctly by the system were reviewed. 

The review showed that 6 items were recorded as incorrectly classified because of the 

wrong code given to them by journalists. That is, the code given by ANC for these 

items was correct. This would increase the percentage accuracy of ANC. 

In addition, from table 4.7, it can be seen that larger number of news items that belong 

to the class economy are classified correctly. This shows the class has a clear concept 

that distinguishes it from other classses. In fact, the weight of the first 10 terms of the 

three classes show that, economy has many discriminating terms, while culture does 

not have much (see table 4.4. for detail). On the other hand, the news items in the 

culture class are not clear in regard to the concept they present, but the result was 

good. The reason for the high percentage found in this class might be the size of the 

test data taken from this class. In other words, it implies larger test data is required to 

confirm the performance of automatic classifiers. In general, this may be an indication 

that some of the classes might not be formulated clearly.  

Examining the list of keywords, many interesting entries were found. The lack of a 

complete stemming algorithm manifests itself, for instance, with the occurrence of 
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both _N¬êE and _N¬êET words (two forms of the word ‘historical’) in the class 

‘culture’, or because of the words ­k@J and ­k@íC (two forms of the word 

‘package’) in the class ‘economy’. It was also observed that the problems mentioned in 

section 3.5.3.3 exist in Amharic news items. For example, a city at North 

(Debremarkos) was spelled in two different forms, which are dBr¥RöS and dBr 

¥RöS. Also, the word ‘president’ was translated as PÊz!ÄNT and PÊZÄNT.  

Because the number of keywords was few for some of the documents, the threshold 

considered made the feature size bigger. Therefore, the threshold for term frequency, 

which is the minimum frequency a term should have to qualify as document 

representative, should be checked for different values and the best threshold that will 

decrease the feature size should be taken. The minimum value of document frequency 

(df) that a term should have in order to be included in the document vector should also 

be reconsidered. 
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CHAPTER FIVE 

CONCLUSIONS AND RECOMMENDATIONS 

5.1 CONCLUSIONS 

To facilitate the work of news agencies, where the use of information storage and 

retrieval is very frequent and urgent, possession of an automated system that will assist 

journalists to produce timely and accurate news seems very critical.  

As a major work in information storage and retrieval, research studies in the area of 

automating classification have started long ago. The results of these research studies 

have showed that classification can be automated and good results could be obtained. 

The result of this research also showed that the use of automatic classification 

techniques for Amharic texts is possible and very promising. The research has tried to 

look into the techniques of automatic classification and tested some of them that seem 

good for the problem at hand. The development of Amharic News Classifier (ANC), 

which would act as an intelligent assistant to journalists, could also potentially help 

other users to cope with large volumes of information handled under their control with 

some modifications. The overall result seems to support the following   conclusions. 

In regard to the language aspect, it has become clear that Amharic text processing is 

highly dependent on the kind of Amharic software used to produce the text. Currently, 

there are many Amharic software in the market, but none of them seems to understand 

each other. In other word, every software uses its own ASCII assignment for Amharic 
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symbols, and as a result any text processing activity done for one software will be 

difficult to implement for another software.  

In addition to this, different people spell some Amharic words differently. This shows 

the need for the development of a standard dictionary for the language. As Getachew 

(1967) says, we are never taught how to spell Amharic words. Therefore, it can be 

concluded that no emphasis is given even now to train students on how to spell at least 

confusing words in school.  

In relation to stemming, the result showed that stemming would enhance the result by 

bringing variants of a given word into a common word thereby reducing the feature 

size. It was also observed that if documents were represented using words and phrases, 

not simply by words alone, the feature size would decrease and the system would be 

effective and efficient. 

Regarding the techniques of automatic classification, the statistical method is used for 

Amharic text analysis and a good result was obtained. However, the statistical 

technique needs to be supported with preprocessing techniques, like stop word 

removal and stemming, which have a great contribution in document analysis.  

On the other hand, the weighting technique used, tfXidf, seems a good choice than 

other weighting techniques, like Boolean weighting. This is true, especially for the 

current system where full stemming is not used and exact term matching would be 

difficult. In fact, it was found out that all the three classes share many terms in 

common (including the top 10 terms of the three classes that are presented in table 4.1) 

and it would be difficult, for example, if Boolean weighting was used. 
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From the experiment it was clear that variants of some words existed in the vector. 

This increases the feature size and also decreases the discrimination power of words.  

It was also learnt that the development of stop word list highly depends on the subject 

matter. That is, in addition to common stop words that will be used in any domain, 

there are high frequency words used in the specific subject area that exist evenly 

throughout the entire collection. These words should also be taken as stop words. 

Otherwise, they would deter the result. 

In any case, the feature size in automatic classification systems will be large enough, 

and the processing of the vector table and document will take time. This shows the 

need for a high capacity computer with at least 64MB of memory to be in place, if the 

system developed is to function efficiently. 

5.2 RECOMMENDATIONS 

The results found in this research showed that text analysis and automatic 

classification can be done automatically for Amharic texts. However, it is also learnt 

that more research and developmental effort need to be conducted so as to enable the 

full exploitation of this technology. 

In particular, the following areas are identified as deserving further research work: 

1. The system developed is a prototype system. This means, it has to be tested and 

validated for the other classes not considered in the development process. In 

addition, the manual classification system, as stated in chapter three, has 

hierarchical nature. However, because of time constraint this aspect is not taken 
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into consideration in the development of ANC. Therefore, the system should be 

enhanced to consider the hierarchical nature of the classification scheme. 

2. Many preliminary works in Amharic language have to be done as prerequisites for 

any research on Amharic text processing. Otherwise, it would be very difficult for 

researchers to concentrate only on specific problems, like automatic indexing and 

automatic classification. In this regard, at least the following systems should be in 

place: 

a. Amharic spell checker. As can be seen in many documents, Amharic 

documents suffer from spelling errors. In reality spelling errors will 

deteriorate the performance of text processing systems. 

b. Stop word list. The stop lists used in this research are mainly terms of 

journalists. As a result, they may not be helpful in other areas or domains. 

Therefore, an exhaustive stop list, which can be used in any area, should be 

developed. 

c. Thesaurus file. As there are many variants of words in Amharic, a thesaurus 

file would help in reducing the features identified by bringing variants of the 

same word into a one word. This will increase the discrimination power of 

terms, as they will have high frequency when they come into a common 

form. 

3. As discussed in chapter 3, ENA has implemented the classification scheme both in 

Amharic and English. However, this research work attempted to automate only the 
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Amharic classification scheme. Therefore, another research should be done to 

classify English news items automatically. 

4. Because of the different types of Amharic software, there is a problem to apply 

Amharic text processing results for different texts. This shows the need for 

standardizing Amharic software. 

5. The system developed does not update the class vectors to incorporate new terms. 

Therefore, it has to be enhanced to have a capability of adding new terms 

automatically in the course of classification. 

6. Finally, the result shed some light on the need for revising the manual classification 

scheme. This implies that a research should be done to verify whether the 

classification scheme meets the information requirement of journalists. 
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Annex 1: Organizational Structure of ENA 
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Annex 2: Amharic News Classification Scheme 

Parent Code Description 

-@Â_ ?Kx(?X? y?KMÂ xgLGlÖT (y?ÉÂTÂ yXÂèC ?KMÂ 

-@Â_ ?Kx(-@ÈK y?KMÂ xgLGlÖT (y-@Â Èb!ÃãC½ 

-@Â_ ?Kx(mçS y?KMÂ xgLGlÖT (mdb¾ çSpElÖC 

-@Â_ ?Kx(rçS y?KMÂ xgLGlÖT (rf‰L çSpElÖC 

-@Â_ -@_¸(-@±l! -@Â _bÜ ¸n!St&R(y-@Â ±l!s! 

-@Â_ -@_¸(-@SM -@Â _bÜ ¸n!St&R(y-@Â SMMnèC 

-@Â_ -@_¸(-@xm -@Â _bÜ ¸n!St&R(y-@Â xStÄd‰êE mêQR 

-@Â_ -@_¸(Wz@Â -@Â _bÜ ¸n!St&R(yWu z@ÂãC 

-@Â_ -@_¸(xdm -@Â _bÜ ¸n!St&R(xêíC½dNïCÂ mGlÅãC 

-@Â_ b>t(›Y¥ b>¬ãC( y›YN ¥Z 

-@Â_ b>t(¥Jg b>¬ãC(¥J‰T gTR 

-@Â_ b>t(çWb b>¬ãC(yçD WS_ b>ãC 

-@Â_ b>t(dM¥ b>¬ãC(ydM ¥nS 

-@Â_ b>t(dMG b>¬ãC(ydM GðT 

-@Â_ b>t(g#éq b>¬ãC(yg#éé q$SL 

-@Â_ b>t(GRb b>¬ãC(GRš b> 

-@Â_ b>t(kÖl@r b>¬ãC(kÖl@‰ 

-@Â_ b>t(l@b> b>¬ãC(l@lÖC b>ãC 

-@Â_ b>t(LDμ b>ãC(yLB DμM 

-@Â_ b>t(œNn b>ãC(yœNÆ nqRœ 

-@Â_ b>t(tSb b>¬ãC(tSï 

-@Â_ b>t(wÆb b>¬ãC(wÆ b>¬ 

-@Â_ b>t(Wz@Â b>ãC(yWu z@ÂãC 

-@Â_ b>t(x@DS b>ãC(x@DS 

-@Â_ b>t(xÆz b>¬ãC(yxbl zR: 

-@Â_ b>t(xSb b>¬ãC(yxSM b> 

-@Â_ b>t(xXb b>¬ãC(yxXMé b> 

›mb ›xb(»YÁ ›lMxqF b›§T(»Y ÁY 

›mb ›xb(¥R ›lMxqF b›§T(¥RC 8 

›mb ›xb(l@›b ›lMxqF b›§T(l@lÖC ›xb 

›mb B/@b(;DD B/@‰êE b›§T(y;Dê DL 

›mb B/@b(_Mq B/@‰êE b›§T(y_MqT b›L 

›mb B/@b(GN¦ B/@‰êE b›§T(GNïT 20 

›mb B/@b(Ís!b B/@‰êE b›§T(yÍs!μ b›L 

›mb B/@b(l@b› B/@‰êE b›§T(l@lÖC b›§T 

›mb B/@b(Ldb B/@‰êE b›§T(yLdT b›L 
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Parent Code Description 

›mb B/@b(mSq B/@‰êE b›§T(ymSqL b›L 

›mb B/@b(mWl! B/@‰êE b›§T(mWl!D 

›mb B/@b(rmÄ B/@‰êE b›§T(x!D xLf_R 

›mb B/@b(SQl B/@‰êE b›§T(SQlT  

›mb B/@b(Wz@Â B/@‰êE b›§T(yWu z@ÂãC 

›mb B/@b(x!xx B/@‰êE b›§T(x!D xL xD/ 

›mb B/@b(xDb B/@‰êE b›§T(yxRb®C DL b›L 

›mb B/@b(zmm B/@‰êE b›§T(yzmN mlwÅ 

›xG ›xD ›lMxqÍêE DRJèC 

›xG §xg# y§tEN x»¶μ g#ÄY 

›xG g#BŸ g#BŸèC 

›xG sxg# ys»N x»¶μ g#ÄY 

›xG Wg#¸ W+ g#ÄY ¸n!St&R 

›xG Wz@Â yW+ z@ÂãC 

›xG x@Hg# yx@>Ã hgéC g#ÄY 

›xG x@MÆ x@MÆs!ãC 

›xG x~D x~g#‰êE DRJèC 

›xG xé yxWé g#ÄY 

¥~d ?É¥ ?ÉÂT ¥údg!Ã 

¥~d ¯Ät gÖÄÂ tÄÄ¶ 

¥~d ¥~ê ¥~b‰êE êSTÂ 

¥~d Wz@Â yWu z@ÂãC 

¥~d XÙ¥ XÙl ¥W¬ 

ÆHl ¬¶k(_¬¶ ¬¶K(_Nt ¬¶K 

ÆHl ¬¶K(_¬¶ ¬¶K(_Nt ¬¶K 

ÆHl ¬¶k(Q¬¶ ¬¶K(QDm ¬¶K 

ÆHl ¬¶k(Wz@Â ¬¶K(yW+ z@Â 

ÆHl ¬¶k(z¬¶ ¬¶K(zmÂêE ¬¶K 

ÆHl ÌNq(Wz@Â ÌNÌãC(yWu z@Â 

ÆHl ÌNq(x!Ì_ ÌNÌãC-(yx!T×ùÃ ÌNÌãC _ÂT 

ÆHl mNÆ(fL_ mNfúêE ÆHL-(yðLM _bB 

ÆHl mNÆ(G_Q mNfúêE ÆHL(G_MÂ Qn@ 

ÆHl mNÆ(mzq mNfúêE ÆHL(Ñz!Ü 

ÆHl mNÆ(QQA mNfúêE ÆHL(QRÚQRA 

ÆHl mNÆ(tWn mNfúêE ÆHL-(tWn@T 

ÆHl mNÆ(xBm mNfúêE ÆHL(xBÃt mÚ?FT 

ÆHl mNÆ(xm² mNfúêE ÆHL(xBÃt m²GBT 
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Parent Code Description 

ÆHl mNÆ(xmz mNfúêE ÆHL(xBÃt mzKéC 

ÆHl q$œÆ(q$œQ q$œêE ÆHL(q$œêE QRîC 

ÆHl q$œÆ(Q_M q$œêE ÆHL(yQRS _ÂTÂ MRMR 

ÆHl q$œÆ(Wz@Â q$œêE ÆHL(yWu z@ÂãC 

ÆHl TWÆ(BBT TWfêE ÆHL(yB/@R¼B/@rsïC TWðT 

Bl ?±t ?ZÆêE y±ltEμ túTæ 

Bl ?X- y?ZB XNÆ -ÆqE 

Bl -¸{ -¼¸¼{¼b@T 

Bl ¸Mb@ ¸n!STéC M¼b@T 

Bl ¸mb@ ¸n!STR m¼b@èC 

Bl ±R y±ltEμ RtEãC 

Bl BMÅ B/@‰êE MRÅ 

Bl KMb@ KLL MKR b@T 

Bl KmS KLL mStÄDR 

Bl kÖ¸¹! kÖ¸¹!ñC 

Bl ØMb@ ØÁÊ>N MKR b@T 

Bl P{b@ PÊz!ÄNT {¼b@T 

Bl smkÖ ysB›êE mBT kÖ¸>N 

Bl tMb@ twμ×C MKR b@T 

Bl Wz@Â yW+ z@ÂãC 

Bl Wz@Â yW+ z@ÂãC 

Bl xdm xêíC½dNïCÂ mGlÅãC 

Bl xdm xêíC½dNïCÂ mGlÅãC 

Bl xdm xêíC½dNïCÂ mGlÅãC 

Bl xdm xêíC½dNïCÂ mGlÅãC 

Bl xdm xêíC½dNïCÂ mGlÅãC 

FFT ?xx(;Ü? y?G xSfÉ¸ xμ§T(›Üb@?G 

FFT ?xx(;Ü? y?G xSfÉ¸ xμ§T(›Üb@?G 

FFT ?xx(±l!\ y?G xSfÉ¸ xμ§T(FRD b@èC 

FFT ?xx(Fb@T y?G xSfÉ¸ xμ§T(FRD b@èC 

FFT ?xx(Wz@Â y?G xSfÉ¸ xμ§T(yWu z@ÂãC 

FFT ?xx(xdm y?G xSfÉ¸ xμ§T(xêíC½dNïCÂ mGlÅãC 

FFT ±l!C(FBK ±l!SÂ ClÖèC(yFT/B/@R KîC 

FFT ±l!C(ÑSn ±l!SÂ ClÖèC(ÑSÂ 

FFT ±l!C(wNj ±l!SÂ ClÖèC(ywNjL KîC 

FFT ±l!C(Wz@Â ±l!SÂ ClÖèC(yWu z@Âã 

FFT ±l!C(xdm ±l!SÂ ClÖèC(xêíC½dNïCÂ mGlÅãC 
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Parent Code Description 

FFT ±l!C(z¥K ±l!SÂ ClÖèC(yzR ¥_ÍT KîC 

gbz@ __ê(> y_‰_Ê êU(>NB‰ 

gbz@ __ê(Æ y_‰_Ê êU(Æq&§ 

gbz@ __ê(x y_‰_Ê êU(xtR 

gbz@ ¹¹ê y¹qÈ¹q_ êU 

gbz@ ÍMê(b@q$ yÍBμ MRèC(yb@T q$úq$îC 

gbz@ ÍMê(xL yÍBμ MRèC êU(xLÆúT 

gbz@ m-ê(lm ym-_ êU(lS§ú m-õC 

gbz@ m-ê(xm ym-_ êU(yxL÷L m-õC 

gbz@ QQê(= yQm¥ QmM êU(=W 

gbz@ QQê(bR yQm¥ QmM êU(bRbÊ 

gbz@ QQê(S yQm¥ QmM êU(Sμ*R 

gbz@ QQê(z yQm¥ QmM êU(zYT  

gbz@ WuM yWu MN² 

gbz@ xFê(>N yxTKLTÂ F‰FÊ êU(>Nk#RT 

gbz@ xFê(B yxTKLTÂ F‰FÊ êU(BRt$μ*N 

gbz@ xFê(D yxTKLTÂ F‰FÊ êU(DNC 

gbz@ xFê(l@ yxTKLTÂ F‰FÊ êU(l@lÖC 

gbz@ xFê(Ñ yxTKLTÂ F‰FÊ êU(ÑZ 

gbz@ XHê(-@ yXHL êU(-@F 

gbz@ XHê(¥ yXHL êU(¥>§ 

gbz@ XHê(b yXHL êU(bölÖ 

gbz@ XHê(g yXHL êU(gBS 

gbz@ XHê(S yXHL êU(SNÁ 

mk[ hWo(hWd yhgR WS_ o_(yhgR WS_ d~NnT 

mk[ hWo(Wz@Â yhgR WS_ o_(yWu z@ÂãC 

mk[ hWo(x!Sd yhgR WS_ o_(x!¸GÊ>NÂ Sdt®C 

mk[ hWo(xdm yhgR WS_ o_(xêíC½ dNïCÂ mGlÅãC 

mk[ mk¸(¸l!\ mk§kÃ ¸n!St&R(¸l!¹!Ã \‰êET 

mk[ mk¸(MDõ mk§kÃ ¸n!St&R-(yMDR õR 

mk[ mk¸(õ`- mk§kÃ ¸n!St&R-(yõR `YlÖC -Q§Y mMÃ 

mk[ mk¸(õRz mk§kÃ ¸n!St&R(yõRnT zgÆ 

mk[ mk¸(w¬S mk§kÃ ¸n!St&R(wd‰êE SMMnèC 

mk[ mk¸(Wz@Â mk§kÃ ¸n!St&R(yWu z@ÂãC 

mk[ mk¸(xdm mk§kÃ ¸n!St&R(xêíC½dNïCÂ mGlÅãC 

mk[ mk¸(xy` mk§kÃ ¸n!St&R(yxyR `YL 

œt&K ÆHt yÆH§êE t&KñlÖ©! 
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Parent Code Description 

œt&K œM_ yœYNS MRMRÂ _ÂT 

œt&K œt&S yœYNSÂ t&KñlÖ©! SMMnèC 

œt&K t&M_ yt&KñlÖ©! MRMRÂ _ÂT 

œt&K Wz@Â yWu z@ÂãC 

-QL ?Z¥ ?ZÆêE ¥~b‰T 

-QL ¥tf ¥^b‰êE t/Dî fND 

-QL kLb@ kt¥ L¥TÂ b@T 

-QL ÑÃ¥ yÑÃ ¥~b‰T 

-QL s!v!s s!v!L sRv!S 

-QL S¬tE StEStEKS 

-QL ŠS¬ ŠY¬L StEStEKS 

S±R »t& y»Ä t&n!S 

S±R ¥x ¥RšL xRT 

S±R ÆD ÆD¸NtN 

S±R ÆS ÆH§êE S±RèC   

S±R ål!kÖ ål!MpEK kÖ¸t& 

S±R äW ätR WDDR 

S±R b!s! b!s!Kl@T 

S±R cz c&Z 

S±R fr yfrS S±RT 

S±R ïK ïKS 

S±R ïW ïWl!NG 

S±R K¥ KBdT ¥NúT 

S±R mμ* mrB μ*S 

S±R Qμ* QRÅT μ*S 

S±R S±kÖ S±RT kÖ¸>N 

S±R S±Ø yS±RT ØdÊ>ñC 

S±R Wê W` êÂ  

S±R Wz@Â yWu z@ÂãC 

S±R Xμ* yXJ μ*S 

S±R xg# yxμL g#Ät®C S±RT 

S±R XGμ* XGR μ*S 

S±R xQ yxμL QRA 

S±R xTl@ xTl@tEKS 

TMH l@Tt(?Tt l@lÖC yTMHRT tÌ¥T(y?ZB TMHRT b@èC 

TMH l@Tt(¦Tb@ l@lÖC yTMHRT tÌ¥T(y¦Y¥ñT TMHRT b@èC 

TMH l@Tt(¸Tb@ l@lÖC yTMHRT tÌ¥T(y¸s!×N TMHRT b@èC 
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Parent Code Description 

TMH l@Tt(D¥t l@lÖC yTMHRT tÌ¥T(yDRJèC ¥\L-¾ tÌ¥T 

TMH l@Tt(GTt l@lÖC yTMHRT tÌ¥T(yGL yTMHRT tÌ¥T 

TMH mMt(mM¥ mMH‰NÂ t¥ãC (ymMH‰N ¥~bR  

TMH mMt(t¥¥ mMH‰NÂ t¥¶ãC (yt¥ãC ¥~b‰T 

TMH mMt(t¥g# mMH‰NÂ t¥ãC (yt¥ãC g#ÄY 

TMH TDS(hTg# yTMHRT DUF sÀãC (hgRxqF yTMHRT g#Æx@ 

TMH TDS(TMÍ yTMHRT DUF sÀãC (yTMHRT  Ís!l!tE 

TMH TDS(TMm yTMHRT DUF sÀãC (yTMHRT mœÃãC 

TMH TDS(TMt& yTMHRT DUF sÀãC (yTMHRT  t&KñlÖ©! 

TMH TDS(Txx 

yTMHRT DUF sÀãC (yTMHRT xdr©jTÂ 

xm‰R 

TMH TDS(Txx yTMHRT DUF sÀãC (hgRxqF yTMHRT  

TMH TMf(B/@f yTMHRT MzÂÂ ftÂ(B/@‰êE ftÂãC 

TMH TMf(t\M yTMHRT MzÂÂ ftÂ (yt¥ãCÂ \LÈ®C MrÜ 

TMH TMX(¯LT yTM?RT XRkN(y¯L¥îC TM?RT 

TMH TMX(hdT yTM?RT XRkN(yhlt¾ dr© TM?RT 

TMH TMX(kdT yTM?RT XRkN(ykFt¾ dr© TM?RT 

TMH TMX(mdT yTM?RT XRkN(ymjm¶Ã dr© TM?RT 

x!÷ñ ¥hL(¥:h y¥XDN hBT L¥T(y¥:DÂT hBT 

x!÷ñ ¥hL(¥LS y¥XDN hBT L¥T(y¥:DN L¥T SMMnèC 

x!÷ñ ¥hL(©!å_ y¥XDN hBT L¥T(y©!ålÖ©! _ÂT 

x!÷ñ ¥hL(©!t_ y¥XDN hBT L¥T(y©!åtR¥L _ÂT 

x!÷ñ ¥hL(Wz@Â y¥XDN hBT L¥T(yW+ z@ÂãC 

x!÷ñ ¥hL(x¥F y¥XDN hBT L¥T(yxGé ¥:DÂT FlUÂ _ÂT 

x!÷ñ ¥hL(xdm y¥XDN hBT L¥T(xêíC½dNïCÂ mGlÅãC 

x!÷ñ GBÂ(M‰m GBRÂ(bMGB ‰SN mÒL 

x!÷ñ GBÂ(MGê GBRÂ(yMGB êSTÂ 

x!÷ñ GBÂ(thL GBRÂ(ytf_é hBT L¥T 

x!÷ñ GBÂ(Wz@Â GBRÂ(yW+ z@ÂãC 

x!÷ñ GBÂ(xdm GBRÂ(xêíC½dNïCÂ mGlÅãC 

x!÷ñ GBÂ(XhL GBRÂ(yXNSúT hBT L¥T 

x!÷ñ GBÂ(XL¥ GBRÂ(yXRš L¥T 

x!÷ñ kÖNS (?NkÖ kÖNST‰K>N(y?NÉ kÖNST‰K>N 

x!÷ñ kÖNS (mNkÖ kÖNST‰K>N(ymNgD kÖNST‰K>N 

x!÷ñ kÖNS(Æb#kÖ  kÖNST‰K>N(yÆb#R /Ä!ìC kÖNST‰K>N 

x!÷ñ kÖNS(kÖNS kÖNST‰K>N( ykÖNST‰K>N SMMnèC 

x!÷ñ kÖNS(Wz@Â kÖNST‰K>N(yWu z@ÂãC 
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Parent Code Description 

x!÷ñ kÖNS(x¥kÖ yxYéP§N ¥rðÃ kÖNST‰K>N  

x!÷ñ kÖNS(xdm kÖNST‰K>N(xêíC½ dNïCÂ mGlÅãC 

x!÷ñ L¥¥(åL¥ yL¥T ¥~b‰T(yåé¸Ã L¥T ¥~bR 

x!÷ñ L¥¥(dL¥ yL¥T ¥~b‰T(ydb#B ?ZïC L¥T ¥~bR 

x!÷ñ L¥¥(l@L¥ yL¥T ¥~b‰T(l@lÖC yL¥T ¥~b‰T  

x!÷ñ L¥¥(L¥S yL¥T ¥~b‰T(yL¥T ¥~b‰T SMMnèC 

x!÷ñ L¥¥(TL¥ yL¥T ¥~b‰T(yTG‰Y L¥T ¥~bR 

x!÷ñ L¥¥(Wz@Â yL¥T ¥~b‰T(yWu z@ÂãC 

x!÷ñ L¥¥(xL¥ yL¥T ¥~b‰T(yx¥‰ L¥T ¥~bR 

x!÷ñ t$¶Z (t$¶N t$¶ZM(yt$¶ZM ¥SÍðÃ 

x!÷ñ t$¶Z (Wh¯ t$¶ZM(yWu hgR ¯Bß!ãC 

x!÷ñ t$¶Z(hW¯ t$¶ZM(yhgR WS_ ¯Bß!ãC 

x!÷ñ t$¶Z(t$¶h t$ZM(yt$ZM hBT 

x!÷ñ t$¶Z(Wz@Â t$¶ZM(yWu z@ÂãC 

x!÷ñ t$¶Z(xdm t¶$ZM(xêíC½dNïCÂ mGlÅãC 

x!÷ñ t$¶Z(xSD t$¶Z(xS¯Bß! DRJèC 

x!÷ñ T‰N (yBT T‰NS±RT(yyBS T‰NS±RT 

x!÷ñ T‰N(Æ?T T‰NS±RT(yÆ?R T‰NS±RT 

x!÷ñ T‰N(T‰S T‰NS±RT(yT‰NS±RT SMMnèC 

x!÷ñ T‰N(Wz@Â T‰NS±RT(yWu z@ÂãC 

x!÷ñ T‰N(xdm T‰NS±RT(xêíC½dNïCÂ mGlÅãC 

x!÷ñ T‰N(xyT T‰NS±RT(yxyR T‰NS±RT 

x!÷ñ W`h W` hBT 

x!÷ñ W`h(/Yg# W` hBT(y/YöC g#ÄY 

x!÷ñ W`h(¹L_ W` hBT(y¹löãC L¥T _ÂT 

x!÷ñ W`h(mSL W` hBT(ymSñ L¥T 

x!÷ñ W`h(mWL W` hBT(ym-_ W` L¥T 

x!÷ñ W`h(wNg# W` hBT(ywNøC g#ÄY 

x!÷ñ W`h(Wz@Â W` hBT(yW+ z@ÂãC 

x!÷ñ W`h(xdm W` hBT(xêíC½ dNïCÂ mGlÅãC 

x!÷ñ x!NÇ x!NÇST¶ 

x!÷ñ x!NÇ(==x! x!NdST¶(y=RÜ=RQ x!NdST¶ 

x!÷ñ x!NÇ(BBx! x!NdST¶(yBr¬BrT x!NdST¶ 

x!÷ñ x!NÇ(k@Mx! x!NdST¶(yk@¸μL x!NdST¶ 

x!÷ñ x!NÇ(kx!N x!NdST¶(kÆD x!NdST¶ 

x!÷ñ x!NÇ(MGx! x!NdST¶(yMGB x!NdST¶ 

x!÷ñ x!NÇ(m-Í x!NdST¶(ym-_ ÍB¶μãC 
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Parent Code Description 

x!÷ñ x!NÇ(öx!N x!NdST¶(yöÄ x!NdST¶ 

x!÷ñ x!NÇ(TMÍ x!NdST¶(yTMÆç ÍB¶μãC 

x!÷ñ x!NÇ(w¥D x!NdST¶(ywrqT ¥t¸Ã DRJèC 

x!÷ñ x!NÇ(Wz@Â x!NdST¶(yW+ z@ÂãC 

x!÷ñ x!NÇ(xdm x!NdST¶(xêíC½dNïCÂ mGlÅãC 

x!÷ñ x!NÇ(xGx! x!NdST¶(xGé x!NdST¶ 

x!÷ñ x!NÇ(xnx! x!NdST¶(xnSt¾ x!NdST¶ 

x!÷ñ x!nR (x!LS x!nR©!(yx!nR©! L¥T SMMnèC 

x!÷ñ x!nR (xdm x!nR©!(xêíC½dNïCÂ mGlÅãC 

x!÷ñ x!nR (xx!M x!nR©!(x¥‰u yx!nR©! MNôC 

x!÷ñ x!nR(`x@l@ x!nR©!(y`YDé x@l@KT¶Ks!tE 

x!÷ñ x!nR(`x@l@ x!nR©!(y`YDé x@l@KTKs!tE 

x!÷ñ x!nR(tUL x!nR©!(ytf_é UZ L¥T 

x!÷ñ x!nR(tzF x!nR©!(ytf_é zYT FlU 

x!÷ñ x!nR(Wz@Â x!nR©!(yWu z@ÂãC 

x!÷ñ x!nR(x!œt x!nR©!(yx!nR©! œYNSÂ t&KñlÖ©! 

x!÷ñ x!nR(x!xê x!nR©!(yx!nR©! xQRïTÂ êU 

x!÷ñ x!Nv (Wux! x!Nv@STmNT(yWu x!Nv@STmNT 

x!÷ñ x!Nv (x!N¥ x!Nv@STmNT(yx!Nv@SmNT ¥StêwqEÃ 

x!÷ñ x!Nv (x!NS x!Nv@STmNT(yx!Nv@STmNT SMMnèC 

x!÷ñ x!Nv(hWx! x!Nv@STmNT(yhgR WS_ x!Nv@STmNT 

x!÷ñ x!Nv(Wz@Â x!Nv@STmNT(yWu z@ÂãC 

x!÷ñ x!Nv(xdm x!Nv@STmNT(xêíC½dNïCÂ mGlÅãC 

xdã s\x(mx \‰> xdUãC(ymRkB xdU  

xdã s\x(Tx sW \‰> xdUãC(yT‰ðK xdU 

xdã s\x(Wz@Â sW \‰> xdUãC(yWu z@ÂãC 

xdã s\x(Xx sW \‰> xdUãC(yxYéP§N xdU 

xdã tfx(DR ytf_é xdUãC(DRQ 

xdã tfx(mm ytf_é xdUãC (ymÊT mNq_q_ 

xdã tfx(wÑ ytf_é xdUãC(ywNZ Ñ§T 

xdã tfx(Wz@Â ytf_é xdUãC(yWu z@ÂãC 

xdã tfx(Xg ytf_é xdUãC (Xœt gä‰ 

xdã xmZ(xg!X yxdU mk§kLÂ ZG°nT(yxdU g!z@ xRÄãC 

xdã xmZ(xQ¥ yxdU mk§kLÂ ZG°nT-(yxdU QD¸Ã ¥S-NqqEÃ 

xxg ðz ðcR zgÆ 

xxg Dz@ DNgt¾( z@Â 

xxg ïz@ ïG¬( z@Â 
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Parent Code Description 

xxg Ké KéñlÖ©! 

xxg lxRx! Tk#rT lxRx! Tk#rT 

xxg mdz@ mdb¾ z@Â 

xxg qÄ¥Y(z@Â qÄ¥Y(z@Â 

xxg tnz@ ytnú>nT z@Â 

xxg Üm Ülm-YQ 

xxg XGD XGD 

xxg XQz@ yXQD z@Â 

xxg XR¥T XR¥T 

xxg xSz@ xScμ*Y ( z@Â 

xxg y¸z@ y¸-bq$ ( z@ÂãC 

xxg z@: z@Â :rFT 

xxg z@Â(êz@¥ z@Â(êz@¥ 

xxg z@T z@Â TNn@ 

xy[ :T :lêE TNbÃ 

xy[ rg!T yr™M g!z@ TNbÃ 

xy[ xg!T yxuR g!z@ TNbÃ 
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Annex 3: Amharic Fidel 

 

Source: Bender et al. 1976
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Annex 4: List of Suffixes 

Suffixes 

Â Âý NÂ 

ÂÂ ÂýÂ NÂ 

ãC ÂýÂ NÂM 

ãc$ ÂýM NÂM 

ãc$Â ÂýM NM 

ãc$ÂM ÂýN NMÂ 

ãc$ÂN M NMN 

ãc$M MÂ NMý 

ãc$MÂ MÂM NN 

ãc$MN MÂN nT 

ãc$N Mc$ ý 

ãc$NÂ MN ýÂ 

ãc$NM MNÂ ýÂM 

ãCÂ MNM ýÂN 

ãCÂM MNM ýÂý 

ãCÂN MNN ýM 

ãCM MNN ýMÂ 

ãCMÂ MNý ýMN 

ãCMN MNý ýN 

ãCN Mý ýNÂ 

ãCNÂ Mý ýNM 

ãCNM MýÂ ýNN 

ÂM MýÂ  

ÂMÂ MýM  

ÂMN MýM  

ÂN MýN  

ÂNÂ MýN  

ÂNM N  

ÂNN   



 96 

Annex 5. ANC Program Code 

' Global variables used by the different procedures 

Dim db As Database 

Dim newdoc As Integer 

Dim rst, rst1, rst2, rst3, rst4, rst5, rst6, rst7, rst8, rst9 As Recordset 

Dim rsta, rstc, rste, r As Recordset 

Dim found5, found4, found3, found2  As Boolean 

 

Private Sub Classify_Click() 

'This procedure classifies Amharic text given the text or the file where the text is stored  

Screen.MousePointer = vbHourglass  ‘Change mouse pointer to hourglass. 

Call GnerateWord  

Call CalculateDf 

Call CalculateWeight 

Dim classa, classc, classe As Single 

Dim dena, denc, dene, dendoc As Single 

'denominators to hold sum of square for the classes and document 

    classa = 0 

    dena = 0 

    classc = 0 

    denc = 0 

    classe = 0 

    dene = 0   

    dendoc = 0  

    While Not rst8.EOF 

    st = Trim(rst8!word) 

    dendoc = dendoc + rst8!Weight * rst8!Weight 

    rst7.FindFirst "word = '" & st & "'" 

    If Not rst7.NoMatch Then 

    classa = classa + rst8!Weight * rst7!Weightinclassa 

    classc = classc + rst8!Weight * rst7!Weightinclassc 

    classe = classe + rst8!Weight * rst7!Weightinclasse 

    End If 
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    rst8.MoveNext 

    If Not rst7.BOF Then rst7.MoveFirst 

    Wend    

     If Not rsta.BOF Then rsta.MoveFirst 

    While Not rsta.EOF 

    dena = dena + rsta!Weightinclassa * rsta!Weightinclassa 

    rsta.MoveNext 

    Wend 

    If Not rstc.BOF Then rstc.MoveFirst 

    While Not rstc.EOF 

    denc = denc + rstc!Weightinclassc * rstc!Weightinclassc 

    rstc.MoveNext 

    Wend    

    If Not rste.BOF Then rste.MoveFirst 

    While Not rste.EOF 

    dene = dene + rste!Weightinclasse * rste!Weightinclasse 

    rste.MoveNext 

    Wend     

    If dena <> 0 Then classa = classa / Sqr(dena * dendoc) 

    If denc <> 0 Then classc = classc / Sqr(denc * dendoc) 

    If dene <> 0 Then classe = classe / Sqr(dene * dendoc) 

    Max = classa 

    tclas = "accident" 

    If classc > Max Then 

        Max = classc 

        tclas = "culture" 

    End If 

    If classe > Max Then 

        Max = classe 

        tclas = "economy" 

    End If        

If Not rst8.BOF Then rst8.MoveFirst 

While Not rst8.EOF 

    rst8.Delete 
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    If Not rst8.BOF Then rst8.MoveFirst 

Wend 

  Screen.MousePointer = vbDefault    ' Return mouse pointer to normal. 

  MsgBox "the document belongs to class " & tclas     ' display the result to the user 

Rst.Close 

Rst1.Close 

Rst2.Close 

Rst3.Close 

Rst4.Close 

Rst5.Close 

Rst6.Close 

Rst7.Close 

Rst8.Close 

Rsta.Close 

Rstc.Close 

Rste.Close 

End Sub 

 

Private Sub Exit_Click() 

'Exits the program 

End 

End Sub 

 

Private Sub Dir1_Change() 

' This procedure synchronizes the directory and file list controls. 

File1.Path = Dir1.Path 

End Sub 

 

Private Sub Drive1_Change() 

' This procedure synchronizes the drive control and directory control. 

On Error GoTo l1 

Dir1.Path = Drive1.Drive 

GoTo l2 

l1: 
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    MsgBox "You may not have inserted a disk in the disk drive. Try again" 

    Drive1.Drive = "c:" 

l2: 

End Sub 

 

Private Sub Form_Load() 

' This procedure sets default value for global variables. 

Dir1.Path = Drive1.Drive 

File1.Pattern = "*.doc;*.rtf" 

File1.Path = Dir1.Path 

Set db = OpenDatabase("e:\automatic classificatin\automatic classification.mdb", True) 

Set rst1 = db.OpenRecordset("words of each class", dbOpenDynaset) 'Used to hold all 

‘document terms used to produce the vector table 

Set rst2 = db.OpenRecordset("stopwordlist", dbOpenDynaset) 

Set rst3 = db.OpenRecordset("words of new documents", dbOpenDynaset) 'used to hold 

words ‘of documents that are classified after the production of the vector table 

Set rst4 = db.OpenRecordset("PrefixTable", dbOpenDynaset) 

Set rst5 = db.OpenRecordset("distinct all", dbOpenDynaset) 'used to hold terms of document 

‘frequency information 

Set rst6 = db.OpenRecordset("NumberofNewDocuments", dbOpenDynaset) 

Set rst7 = db.OpenRecordset("real vector table", dbOpenDynaset) 'the vector table 

Set rst8 = db.OpenRecordset("new document vector", dbOpenDynaset) 'table used to hold the 

‘vector of the document to be classified 

Set rsta = db.OpenRecordset("select word, weightinclassa from [real vector table] where 

weightinclassa>0", dbOpenDynaset)   'used to hold vector of accident class 

Set rstc = db.OpenRecordset("select word, weightinclassc from [real vector table] where 

weightinclassc>0", dbOpenDynaset)   'used to hold vector of culture class 

Set rste = db.OpenRecordset("select word, weightinclasse from [real vector table] where 

weightinclasse>0", dbOpenDynaset)  'used to hold vector of economy class 

newdoc = 0 

End Sub 

 

Private Sub GnerateWord() 
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'This procedure generates a stemmed term frequency for a given document. It removes stop 

‘words. It also store high frequency terms in a new document vector 

Dim st1, st2, st3 As String 

Dim i As Long 

Set rst = db.OpenRecordset("temporarytable", dbOpenDynaset) 

If RichTextBox1.Text = "" And File1.ListIndex = -1 Then 

    MsgBox "You have to either enter the text to classify or choose a file" 

    Exit Sub 

End If 

found5 = False 

found4 = False 

found3 = False 

found2 = False 

st3 = ""      'used to hold words extracted from the document 

countstwrd = 0 

    newdocn = rst6!NewDocnumber + 1 'variable used to hold 

    'number of new documents 

    rst6.Edit 

    rst6!NewDocnumber = rst6!NewDocnumber + 1 

    rst6.Update 

fname = "ENA" & newdocn   'fname is unique identifier of documents classified 

' and holds the newdocument id or the filename of the text to be classified 

If RichTextBox1.Text = "" And File1.ListIndex <> -1 Then 

    fname = File1.List(File1.ListIndex) 

    Set fs = CreateObject("Scripting.FileSystemObject") 

    d = Dir1.Path 

    If Not (Dir1.Path Like "?:\") Then 

        d = Dir1.Path & "\" 

    End If 

    st1 = d & fname 

    RichTextBox1.LoadFile st1 

End If 

    st2 = RichTextBox1.Text 

    st2 = Trim(st2) 
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    i = Len(st2) 

    'i holds the length of the news item 

For j = 1 To i 

 ' delimeters are space, netelaserez(comma), direbserez, aratnetib, hulet netib, ", ', /, (, ), ? 

ch = Mid(st2, j, 1) 

Select Case ch 

Case " ", "½", "Ý", "¿", Chr(188), vbTab, Chr(41), Chr(171), Chr(180), vbCr, vbLf, Chr(39) 

If (Not IsNumeric(st3)) And (Len(st3) > 1) Then 

    If Not isvalid(st3) Then GoTo l1 

    st3 = RemoveDotAndHyphen(st3) 

    st3 = change2commonform1(st3) 

    st3 = change2commonform2(st3) 

    st3 = change2commonform3(st3) 

    st3 = change2commonform4(st3) 

    st3 = change2commonform5(st3) 

    st3 = removepreffix(st3) 

    st3 = removesuffix5(st3) 

    If Not found5 Then st3 = removesuffix4(st3) 

    If Not found4 Then st3 = removesuffix3(st3) 

    If Not found3 Then st3 = removesuffix2(st3) 

    If Not found2 Then st3 = removesuffix1(st3) 

'Check for stop word list. If it is stop word then process the next word 

    If Not rst2.BOF Then rst2.MoveFirst 

       rst2.FindFirst "word = '" & st3 & "'" 

    If Not rst2.NoMatch Or st3 = "" Then 

       GoTo l1 

    End If 

   'check if it is the first word or repeated word 

   If Not rst.BOF Then rst.MoveFirst 

   rst.FindFirst "word = '" & st3 & "'" 

   If rst.NoMatch Then 

    rst.AddNew 

    rst!word = st3 

    rst!frequency = 1 
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    rst!FileName = fname 

    rst.Update 

   Else 

    rst.Edit 

    rst!frequency = rst!frequency + 1 

    rst.Update 

   End If 

End If 

l1: 

  ' initialize the variables again 

   st3 = "" 

   found5 = False 

   found4 = False 

   found3 = False 

   found2 = False 

Case Else 

   st3 = st3 + ch 

End Select 

Next 

If Not rst.BOF Then rst.MoveFirst 

While Not rst.EOF 

    rst3.AddNew 

    rst3!word = rst!word 

    rst3!frequency = rst!frequency 

    rst3!FileName = rst!FileName 

    rst3.Update 

    If rst!frequency > 1 Then 

        rst8.AddNew 

        rst8!FileName = rst!FileName 

        rst8!word = rst!word 

        rst8!frequency = rst!frequency 

        rst8.Update 

    End If 

    rst.Delete 
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    If Not rst.BOF Then rst.MoveFirst 

Wend 

'Since the tables opened here will be used in the subsequent procedures the following codes 

‘moves the pointers to the 1st record 

If Not rst3.BOF Then rst3.MoveFirst 

If Not rst8.BOF Then rst8.MoveFirst 

End Sub 

 

Function RemoveDotAndHyphen(st3) 

l1: dot1 = InStr(st3, ".") 

    dot2 = InStrRev(st3, ".") 

    If dot1 <> 0 And dot1 = dot2 Then 'only one dot is inside 

        st3 = Left(st3, dot1 - 1) & Mid(st3, dot1 + 1) 

    ElseIf dot1 <> 0 And dot1 <> dot2 Then 

        l = Left(st3, dot1 - 1) 

        m = Mid(st3, dot1 + 1, dot2 - dot1 - 1) 

        r1 = Mid(st3, dot2 + 1) 

        st3 = l & m & r1 

        GoTo l1 

    End If 

l2: dash1 = InStr(st3, "(") 

    dash2 = InStrRev(st3, "(") 

    If dash1 <> 0 And dash1 = dash2 Then    ' one dash is only inside 

        st3 = Left(st3, dash1 - 1) & Mid(st3, dash1 + 1) 

    ElseIf dash1 <> 0 And dash1 <> dash2 Then 

        l = Left(st3, dash1 - 1) 

        m = Mid(st3, dash1 + 1, dash2 - dash1 - 1) 

        r1 = Mid(st3, dash2 + 1) 

        st3 = l & m & r1 

        GoTo l2 

    End If 

 RemoveDotAndHyphen = st3  

 End Function 
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Private Sub CalculateDf() 

' rst8 holds the vector of the document to be classified 

While Not rst8.EOF 

df = 0 

st = rst8!word 

' check if the term has already document frequency information 

rst5.FindFirst "word = '" & st & "'" 

If Not rst5.NoMatch Then 

 df = rst5!dfrequency + 1 

 rst5.Edit 

 rst5!dfrequency = df 

 rst5.Update 

 rst8.Edit 

 rst8!dfrequency = df 

 rst8.Update 

Else 

' otherwise create a document frequency information for the term from the new documents 

‘term table 

 rst3.FindFirst "word = '" & st & "'" 

 If Not rst3.NoMatch Then 

 While Not (rst3.NoMatch Or rst3.EOF) 

   df = df + 1 

   rst3.FindNext "word = '" & st & "'" 

 Wend 

 End If 

 ' if the document frequency information calculated above satisfies the threshold for df register 

‘the value else remove the term from the vector table 

 If df > 1 Then 

   rst5.AddNew 

   rst5!word = st 

   rst5!dfrequency = df 

   rst5.Update 

   rst8.Edit 

   rst8!dfrequency = df 
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   rst8.Update 

 Else 

   rst8.Delete 

 End If 

End If 

' move the pointers to the first record of tables processed above 

rst8.MoveNext 

rst3.MoveFirst 

rst5.MoveFirst 

Wend 

If Not rst8.BOF Then rst8.MoveFirst 

If Not rst5.BOF Then rst5.MoveFirst 

If Not rst3.BOF Then rst3.MoveFirst 

End Sub 

 

Private Sub CalculateWeight() 

' number of documents processed to produce the vector table from documents of the three 

‘classes 

cultdoc = 100 

ecodoc = 850 

accdoc = 210 

If Not rst6.BOF Then rst6.MoveFirst 

rst8.MoveFirst 

' number of new documents processed so far after the generation of the vector table 

newdoc = rst6!NewDocnumber 

' total documents in the collection (all documents proccessed so far) 

totdoc = culdoc + ecodoc + accdoc + newdoc 

' calculate weight for each term in the document vector 

While Not rst8.EOF 

wrd = rst8!word 

rst8.Edit 

rst5.FindFirst "word = '" & wrd & "'" 

rst8!Weight = rst8!frequency * Log(totdoc / rst5!dfrequency) 

rst8.Update 
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rst8.MoveNext 

If Not rst5.BOF Then rst5.MoveFirst 

Wend 

If Not rst8.BOF Then rst8.MoveFirst 

If Not rst7.BOF Then rst7.MoveFirst 

End Sub 

 

Function RemoveSuffix1(st) 

'This procedure stems the sufixes w, n, m, and na 

l = Len(st) 

If l - 1 <= 0 Then GoTo l1   ' if word length is 1, no processing is made 

st2 = Left(st, l - 1) 

l3 = Len(st2) 

'check if diactric mark exists in the remaining word, which helps to determine the required 

‘word length 

d2 = InStr(1, st2, "#") + InStr(1, st2, "!") + InStr(1, st2, "@") _ 

  + InStr(1, st2, "Ö") + InStr(1, st2, "$") 

If Not rst4.BOF Then rst4.MoveFirst 

s = Right(st, 1) 

rst4.FindFirst "suffix = '" & s & "'" 

If Not rst4.NoMatch Then 

    If (d2 > 0 And l - 1 > 2) Or (d2 = 0 And l - 1 > 1) Then st = st2 

End If 

l1: removesuffix1 = st 

End Function 

 

Function RemoveSuffix2(st) 

'check the size before stripping 

l = Len(st) 

If l - 2 <= 0 Then GoTo l1 

st2 = Left(st, l - 2) 

d2 = InStr(1, st2, "#") + InStr(1, st2, "!") + InStr(1, st2, "@") _ 

    + InStr(1, st2, "Ö") + InStr(1, st2, "$") 

If Not rst4.BOF Then rst4.MoveFirst 
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s = Right(st, 2) 

rst4.FindFirst "suffix = '" & s & "'" 

If Not rst4.NoMatch Then 

    If (d2 > 0 And l - 2 > 2) Or (d2 = 0 And l - 2 > 1) Then 

    l2 = rst4!number2strip 

    st = Left(st, l - l2) 

    found2 = True 

    End If 

End If 

l1: removesuffix2 = st 

End Function 

 

Function RemoveSuffix3(st) 

l = Len(st) 

If l - 3 <= 0 Then GoTo l1 

st2 = Left(st, l - 3) 

l3 = Len(st2) 

d2 = InStr(1, st2, "#") + InStr(1, st2, "!") + InStr(1, st2, "@") _ 

    + InStr(1, st2, "Ö") + InStr(1, st2, "$") 

If Not rst4.BOF Then rst4.MoveFirst 

s = Right(st, 3) 

rst4.FindFirst "suffix = '" & s & "'" 

If Not rst4.NoMatch Then 

    If (d2 > 0 And l - 3 > 2) Or (d2 = 0 And l - 3 > 1) Then 

    l2 = rst4!number2strip 

    st = Left(st, l - l2) 

    found3 = True 

    End If 

End If 

l1: removesuffix3 = st 

End Function 

 

Function RemoveSuffix4(st) 

l = Len(st) 
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If l - 4 <= 0 Then GoTo l1 

st2 = Left(st, l - 4) 

l3 = Len(st2) 

d2 = InStr(1, st2, "#") + InStr(1, st2, "!") + InStr(1, st2, "@") _ 

    + InStr(1, st2, "Ö") + InStr(1, st2, "$") 

s = Right(st, 4) 

rst4.FindFirst "suffix = '" & s & "'" 

If Not rst4.NoMatch Then 

    If (d2 > 0 And l - 4 > 2) Or (d2 = 0 And l - 4 > 1) Then 

    l2 = rst4!number2strip 

    st = Left(st, l - l2) 

    found4 = True 

    End If 

End If 

l1: removesuffix4 = st 

End Function 

 

Function RemoveSuffix5(st) 

l = Len(st) 

If l - 5 <= 0 Then GoTo l1 

st2 = Left(st, l - 5) 

l3 = Len(st2) 

d2 = InStr(1, st2, "#") + InStr(1, st2, "!") + InStr(1, st2, "@") _ 

    + InStr(1, st2, "Ö") + InStr(1, st2, "$") 

s = Right(st, 5) 

rst4.FindFirst "suffix = '" & s & "'" 

If Not rst4.NoMatch Then 

    If (d2 > 0 And l - 5 > 2) Or (d2 = 0 And l - 5 > 1) Then 

    l2 = rst4!number2strip 

    st = Left(st, l - l2) 

    found5 = True 

    End If 

End If 

l1: removesuffix5 = st 
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End Function 

 

Function RemovePreffix(st) 

'This function stems the sufix woch, wochu and their combination with n, m, na 

a = Mid(st, 2, 1) 

b = Mid(st, 3, 1) 

c = Mid(st, 4, 1) 

d = a = "#" Or a = "!" Or a = "@" Or a = "Ö" 

e = b = "#" Or b = "!" Or b = "@" Or b = "Ö" 

f = c = "#" Or c = "!" Or c = "@" Or c = "Ö" 

d2 = InStr(2, st, "#") + InStr(2, st, "!") + InStr(2, st, "@") _ 

    + InStr(2, st, "Ö") + InStr(2, st, "E") + InStr(2, st, "$") 

e2 = InStr(3, st, "#") + InStr(2, st, "!") + InStr(2, st, "@") _ 

    + InStr(2, st, "Ö") + InStr(2, st, "E") + InStr(2, st, "$") 

f2 = InStr(4, st, "#") + InStr(2, st, "!") + InStr(2, st, "@") _ 

    + InStr(2, st, "Ö") + InStr(2, st, "E") + InStr(2, st, "$") 

g = Len(st) 

  If (Left(st, 1)) = "b" And Not d Then 

     If d2 > 0 and Len(st) > 3 Then st = Right(st, g - 1) 'be 

     Else If Len(st) > 2 Then st = Right(st, g - 1) 

     End If 

  ElseIf (Left(st, 1)) = "y" And Not d Then 

     If d2 > 0 and Len(st) > 3 Then st = Right(st, g - 1) 'be 

     Else If Len(st) > 2 Then st = Right(st, g - 1) 

     End If 

  ElseIf (Left(st, 1)) = "k" And Not d Then 'be 

     If d2 > 0 and Len(st) > 3 Then st = Right(st, g - 1) 'be 

     Else If Len(st) > 2 Then st = Right(st, g - 1) 

     End If 

  ElseIf (Left(st, 1)) = "l" And Not d Then 'be 

     If d2 > 0 and Len(st) > 3 Then st = Right(st, g - 1) 'be 

     Else If Len(st) > 2 Then st = Right(st, g - 1) 

     End If 

  ElseIf (Left(st, 2)) = "Sl" And Not e Then 'be 
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    If e2 > 0 and If Len(st) > 4 Then st = Right(st, g - 2) 

    Else If Len(st) > 3 Then st = Right(st, g - 2) 

    End If 

  ElseIf (Left(st, 3)) = "XNd" And Not f Then 

    If f2 > 0 and Len(st) > 5 Then st = Right(st, g - 3) 

    Else If Len(st) > 4 Then st = Right(st, g - 3) 

    End If 

  End If 

  removepreffix = st 

End Function 

 

Function Change2CommonForm1(st) 

'This function converts the different ha forms into the first form 

a = InStr(st, "/") 'used for hamerewuha 1st form 

b = InStr(st, "ˆ") '4th form of hamerewuha 

c = InStr(st, "¦") '4th form of ha the first 

d = InStr(st, "ˆ") 'used for 4th form of hamerewuha 

e = InStr(st, "?") '6th form of hamerewuha 

f = InStr(st, "‡") '7th form of hamerewuha 

g = InStr(st, "^") 'used for hailesilasie ha 1st and 2nd form 

h = InStr(st, "`") 'used for hailesilasie 4th form 

i = InStr(st, "~") 'used for hailesilasie 6th form 

j = InStr(st, "@") 'diactric for 5th form of hamerewuha and hailesilasie ha. 

 

If a > 0 Then   ' 

  If Mid(st, a + 1, 1) = "!" Then 

      st = Left(st, a - 1) & "£" & Mid(st, a + 2) 'change hi 

  ElseIf Mid(st, a + 1, 1) = "@" Then 

      st = Left(st, a - 1) & "ÿ" & Mid(st, a + 2) 'change hie 

  Else 

      st = Left(st, a - 1) & "h" & Mid(st, a + 1) 'change ha and hu 

  End If 

ElseIf d > 0 Then 

    st = Left(st, d - 1) & "h" & Mid(st, d + 1) 'change ha (z 4th) 
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ElseIf e > 0 Then 

    st = Left(st, e - 1) & "H" & Mid(st, e + 1) 'change h 

ElseIf f > 0 Then 

    st = Left(st, f - 1) & "ç" & Mid(st, f + 1) 'change ho 

ElseIf g > 0 Then 

  If Mid(st, g + 1, 1) = "!" Then 

      st = Left(st, g - 1) & "£" & Mid(st, g + 2) 'change hi 

  ElseIf Mid(st, g + 1, 1) = "@" Then 

      st = Left(st, g - 1) & "ÿ" & Mid(st, g + 2) 'change hie 

  ElseIf Mid(st, g + 1, 1) = "Ö" Then 

      st = Left(st, g - 1) & "ç" & Mid(st, g + 2) 'change hie 

  Else 

      st = Left(st, g - 1) & "h" & Mid(st, g + 1) 'change ha and hu 

  End If 

ElseIf h > 0 Then 

    st = Left(st, h - 1) & "h" & Mid(st, h + 1) 'change ha (z 4th) 

ElseIf i > 0 Then 

    st = Left(st, i - 1) & "H" & Mid(st, i + 1) 'change h 

ElseIf c > 0 Then 

    st = Left(st, c - 1) & "h" & Mid(st, c + 1) 'change ha 

End If 

change2commonform1 = st 

End Function 

 

Function Change2CommonForm2(st) 

'This function converts the different se forms into the first form 

a = InStr(st, "\") 'used 4 nigusu se 1st & 2nd form 

b = InStr(st, "œ") ' 3rd form of nigusu se 

e = InStr(st, "|") '6th form of nigusu se 

f = InStr(st, "ƒ") '7th form of nigusu se 

     

If a > 0 Then   'su don't have pb. changing se will change it 

    st = Left(st, a - 1) & "s" & Mid(st, a + 1) 'change se and su 

ElseIf b > 0 Then 
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    If Mid(st, b + 1) = "!" Or Mid(st, b + 1) = "@" Then 

      st = Left(st, b - 1) & "s" & Mid(st, b + 1) 'change  si, sie 

    Else 

       st = Left(st, b - 1) & "ú" & Mid(st, b + 1) 'change  sa 

    End If 

ElseIf e > 0 Then 

    st = Left(st, e - 1) & "S" & Mid(st, e + 1) 'change  (z 4th) 

ElseIf f > 0 Then 

    st = Left(st, f - 1) & "î" & Mid(st, f + 1) 'change  (z 4th) 

End If 

change2commonform2 = st 

End Function 

 

Function Change2CommonForm3(st) 

'This function converts the different aa forms into the first form 

a = InStr(st, ";") 'used for ayinu aa 1st & 2nd form 

b = InStr(st, "›") ' 4th form of ayinu aa 

e = InStr(st, ":") '6th form of ayinu aa 

f = InStr(st, "â") '7th form of ayinu aa 

i = InStr(st, "¨") '4th form of the first aa 

If a > 0 Then   'ou don't have problem changing aa will change it 

    st = Left(st, a - 1) & "x" & Mid(st, a + 1) 'change aa 1st and 2nd 

ElseIf b > 0 Then 

    If Mid(st, b + 1) = "!" Or Mid(st, b + 1) = "@" Then 

      st = Left(st, b - 1) & "x" & Mid(st, b + 1) 

    Else 

       st = Left(st, b - 1) & "¨" & Mid(st, b + 1) 

    End If 

ElseIf e > 0 Then 

    st = Left(st, e - 1) & "X" & Mid(st, e + 1) 

ElseIf f > 0 Then 

    st = Left(st, f - 1) & "å" & Mid(st, f + 1) 

ElseIf i > 0 Then 

     st = Left(st, i - 1) & "x" & Mid(st, i + 1) 



 113 

End If 

change2commonform3 = st 

End Function 

 

Function Change2CommonForm4(st) 

'This function converts the different tse forms into the first form 

a = InStr(st, "]") 'used 4 ste 1st & 2nd form 

b = InStr(st, "i") 'used 4 ste 1st & 2nd form in another code 

c = InStr(st, "É") ' 4th form of ste 

d = InStr(st, "}") '6th form of ste 

e = InStr(st, "ò") '7th form of ste 

If a > 0 Then   'su don't have pb. changing se will change it 

    st = Left(st, a - 1) & "o" & Mid(st, a + 1) 

ElseIf b > 0 Then 

    st = Left(st, b - 1) & "o" & Mid(st, b + 1) 

ElseIf c > 0 Then 

    If Mid(st, c + 1) = "!" Or Mid(st, c + 1) = "@" Then 

      st = Left(st, c - 1) & "o" & Mid(st, c + 1) 

    Else 

       st = Left(st, b - 1) & "Ú" & Mid(st, b + 1) 

    End If 

ElseIf d > 0 Then 

    st = Left(st, d - 1) & "A" & Mid(st, d + 1) 

ElseIf d > 0 Then 

    st = Left(st, d - 1) & "Û" & Mid(st, d + 1) 

End If 

change2commonform4 = st 

End Function 

 

Function Change2CommonForm5(st) 

'this function converts the 6th for of w to its 2nd form 

e = InStr(st, "W") 

If a > 0 Then 

st = Left(st, a - 1) & "ý" & Mid(st, a + 1) 
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End If 

change2commonform5 = st 

End Function 

 

Function IsValid(st) 

' this funciton checks the validity of Amharic word 

l = Len(st) 

isvalid = True 

For i = 1 To l 

If IsNumeric(Mid(st, i, 1)) Then 

    isvalid = False 

    Exit For 

End If 

Next 

End Function 
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Annex 6: Sample Vector Table 

Word WeightInClassA WeightInClassC WeightInClassE 

-!Nz!² 0.4444896 0 0.5778365 

-!NZ² 0 0 0.2014329 

-!S 0 0 0.5984692 

-@Â 0.2823364 0.2823364 4.235047 

-@Â¥ 0.3111427 0 0 

-@F 0 0 2.313637 

-@Nnt$ 0 0 0.0968913 

[Dq 0 0 0.09207219 

[hð 0 0.1245869 0.08305793 

[hY 0 0 0.3111427 

[Uü 0 0 0.08889792 

__ 0 0 0.5501204 

_„ 0 0 0.1523255 

_§h# 0 0.5447848 0.08381305 

_¶ 0 0.2295564 0.1147782 

_‰_Ê 0 0 0.3999395 

_‰¬c 0 0 0.2629146 

_‰T 0 0 2.658606 

_‰t$ 0 0 0.2415814 

_Â¬êE 0 0.4272149 0.07767543 

_ÂèC 0 0 0.07998791 

_bB 0 0.3623721 0.08052713 

_BQ 0.08235879 0.1235382 0.08235879 

_bÜ 0.3204896 0.1602448 1.922937 

_D 0 0 0.0968913 

_Ê 0.07426964 0 0.5570223 

_g 0 0.1369475 1.985738 

_íC 0.09417732 0 0.141266 

_ÍT 0.1610543 0 0.1610543 

_LQ 0 0 0.07947784 

_LqT 0.07727393 0 0.1545479 

_N¬êE 0 0.3737606 0.3322317 
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Word WeightInClassA WeightInClassC WeightInClassE 

_N¬êET 0 0.1007164 0 

_NÜq& 0.4188952 0 0.3046511 

_Nz!² 0.09207219 0 0.2301805 

_ö¥ 0.07998791 0 0.3999395 

_q$R 0 0 0.6151105 

_Q¥c 0 0 0.0968913 

_R 0.07688881 0 0 

_RÈÊ 0 0 0.1510747 

_Rg!Ã 0 0 0.2825319 

_rT 0.170299 0.2838317 2.15712 

_ÜT 0 0.08652703 0.08652703 

_YT 0.1777958 0 0 

{g@rÄ 0 0 0.1007164 

{h#æC 0 0.2539017 0 

{h#F 0 0.2415814 0.08052713 

¯© 0.07727393 0 0.5795544 

¯©! 0.2354433 0 0 

¯‰ 0 0.2710565 0 

¯Á 0 0 0.2354433 

¯Ä 0.08109907 0.1621981 0.6893421 

¯Bß! 0 0 0.08889792 

¯C 0 0 0.3893716 

¯Ê 0 0 0.1007164 

¯G 0 0 0.0968913 

¯í 0.2399637 0.2799577 0.5199214 

¯J 0 0.2014329 0 

¯m 0 0.1269509 1.015607 

¯mNzR 0 0 0.0968913 

¯N 0.1485393 0 1.039775 

¯n# 0 0 0.09417732 

¯NdR 0.06945053 0 0.8334063 

¯rb@T 0 0 0.08463391 

¯RF 0.6755616 0.07947784 0.2781724 

¯Rû 0.1510747 0 0 
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Word WeightInClassA WeightInClassC WeightInClassE 

¯t‰ 0 0 0.1007164 

¯ú 0 0.8286497 0 

¸¯Ä 0 0 0.0968913 

¸§k 0 0 0.3028446 

¸¬wQ 0 0 0.1553509 

¸¬Y 0.07199453 0 0.07199453 

¸¬yÆc 0 0 0.08763819 

¸μx@L 0 0 0.1661159 

¸μÿÇT 0 0 0.1634158 

¸μÿd 0.06201226 0.2790552 1.36427 

¸μÿDÆc 0 0 0.09035218 

¸¹# 0 0.1007164 0 

¸¹_bT 0 0 0.1007164 

¸¹F 0.1165131 0 0.07767543 

¸¹Fn 0 0 0.08553306 

¸² 0 0 0.5398765 

¸²ñC 0 0 0.2014329 

¸Â 0 0 0.1530376 

¸Ãμ£ÇT 0.1333469 0 0 

¸Ãμ£D 0 0 0.07899394 

¸Ã-ÂQq$ 0 0 0.1007164 

¸ÃdRg 0 0 0.403867 

¸ÃdRS 0 0.08305793 0 

¸ÆK 0 0 0.1841444 

¸Æl#T 0 0 0.08652703 

¸ÃgÂß 0 0 0.09035218 

¸ÃgÂß# 0 0 0.09417732 

¸ÃglGl 0 0 0.0765188 

¸Ãgß# 0 0 0.2415814 

¸Ãgß#bT 0 0 0.08381305 

¸Ãgß#T 0 0 0.07998791 

¸ÃgŸ 0 0 0.08553306 

¸ÃÌq$ 0 0 0.1007164 

¸ÃkÂýÂcW 0 0 0.08889792 
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Word WeightInClassA WeightInClassC WeightInClassE 

¸ÃkÂýn#T 0 0 0.0968913 

¸ÃmlKT 0 0.07616276 0.1523255 

¸ÃmR¬c 0 0 0.2354433 

¸ÃmRT 0 0 0.08652703 

¸ÃNqúQs 0 0 0.1007164 

¸Ãq$„ 0 0 0.0968913 

¸ÃqRB 0 0 0.1599758 

¸ÃqRb# 0 0.08553306 0 

¸ÃqRb#T 0 0 0.08381305 

¸ÃSC§c 0 0 0.2764788 

¸ÃSCL 0.1237152 0 1.268081 

¸ÃSCl# 0.1094081 0 0.1458774 

¸ÃSfLG 0.06847373 0 0.787448 

¸ÃSfLUc 0.1257196 0 0 

¸ÃSgŸ 0 0 0.09035218 

¸ÃSkFl 0 0 0.1007164 

¸ÃSkTl 0 0 0.1570673 

¸ÃSkTl#T 0 0 0.1333469 

¸ÃSqM-#T 0 0 0.0968913 

¸ÃstÄD‰c 0 0 0.0968913 

¸ÃU_ 0 0.1269509 0 

¸Ã-Üc 0 0 0.08553306 

¸ÃúDr 0 0 0.09035218 

¸ÃúY 0 0.1807044 0 

¸ÃZÃ 0 0 0.1752764 

¸bL-# 0 0 0.2771222 

¸bL_ 0.1515907 0 1.728134 

¸-bQ 0 0 0.5777749 

¸-Bq$ 0 0 0.1841444 

¸-bQbT 0 0 0.1883546 

¸CL 0.1270634 0 1.111805 

¸Cl# 0 0.06802081 0.7142186 

¸Cl#bT 0 0 0.08305793 

¸drg 0.06371669 0.1274334 0.8601753 
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Word WeightInClassA WeightInClassC WeightInClassE 

¸drg# 0 0 0.08553306 

¸drGlT 0 0 0.1007164 

¸dRs 0 0 0.2829392 

¸dRs# 0.1153332 0 0 

¸dRSÆc 0 0 0.09207219 

¸Èl 0 0 0.1007164 

¸fLg 0 0 0.07455994 

¸fLg# 0 0 0.1579879 

¸fLg#T 0 0.09207219 0 

¸flGÆc 0 0 0.1752764 

¸fo 0 0 0.08553306 

¸gÆc 0 0 0.1257196 

¸gb# 0 0 0.3706146 

¸gb#T 0 0 0.141266 

¸gDB 0 0.1007164 0 

¸glgl#Æc 0 0 0.0968913 

¸gmT 0.5796385 0 0 

¸gß#bT 0 0 0.07293871 

¸gŸ 0.06274142 0 0.6901555 

¸gŸbT 0 0 0.08235879 

¸-Í 0.09417732 0 0 

¸ÌÌ 0 0 0.1297905 

¸ÌÌÑ 0 0 0.1710661 

¸kÂw 0 0.07809479 0 

¸kÂwn 0 0 0.08889792 

¸kÂwn# 0 0 0.07899394 

¸kÂwn#T 0 0 0.2163176 

¸kbR 0 0.09207219 0 

¸kÍfL 0.08553306 0 0 

¸klKL 0 0 0.09417732 

¸l!† 0 0 0.09207219 

¸l!y 0 0 0.5778365 

¸l@ 0 0 0.2190955 

¸L× 0.07177255 0 2.440267 
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Word WeightInClassA WeightInClassC WeightInClassE 

¸l¥ 0 0 0.08763819 

¸mlk¬c 0 0 0.2813987 

¸mrT 0 0 0.1599758 

¸mrt$ 0 0 0.1007164 

¸mrt$T 0 0 0.1007164 

¸ñ„ 0.1530376 0 0.1530376 

¸ngr 0 0.1007164 0 

¸nqúqS 0 0 0.08109907 

¸Nqúqs# 0 0 0.07853365 

¸ñr 0 0 0.2829392 

¸ñRÆc 0 0 0.09207219 

¸ñRbT 0 0 0.1692678 

¸ö-„ 0 0.08763819 0 

¸Òl 0 0 0.3959699 

¸ÒLbT 0 0 0.1599758 

¸ö-R 0 0 0.1355283 

¸-q$ 0 0 0.08763819 

¸q_l# 0 0 0.09417732 

¸q_l#T 0 0.06928055 0.4503236 

¸qNS 0 0 0.1777958 

¸-qÑT 0 0 0.1453369 

¸qRB 0 0 0.5857109 

¸rÄ 0 0 0.1132329 

¸rÇ 0 0 0.3199516 

¸S 0 0 0.0968913 

¸s- 0 0 0.3599727 

¸S-!R 0 0.0968913 0 

¸s-# 0 0 0.2318218 

¸s-#T 0 0 0.08052713 

¸s_ 0 0.06911357 0.4146814 

¸s„ 0 0 0.2255064 

¸s¥„ 0 0 0.3243963 

¸s‰ 0 0 0.3046511 

¸sÈc 0 0 0.08052713 
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Word WeightInClassA WeightInClassC WeightInClassE 

¸ST 0 0.09035218 0 

¸St$ 0 0.2906739 0 

¸-U 0 0 0.2888874 

¸útû 0 0 0.1545479 

¸útûbT 0 0 0.0968913 

¸ÙÙz# 0 0 0.1007164 

¸wÈ 0 0 0.3199516 

¸wSd 0 0 0.3107017 

¸wsn 0 0 0.09035218 

¸ýL 0.0707348 0 0.3183066 

¸ýl# 0.07767543 0.07767543 0.1165131 

¸-Yq 0 0 0.07899394 

¸-yq$ 0 0 0.2415814 

¸-Yq$T 0 0 0.09417732 

¸Yz 0 0 0.08889792 

¸Yz# 0 0 0.1510747 

¸z„ 0 0 0.1883546 

“§ð 0.08652703 0.08652703 0.5191622 

„§ 0 0.1007164 0 

„B 0 0 0.1570673 

„êNÄ 0 1.035951 0 

„s!Ã 0.09035218 0.3614087 0 

„Z 0 0.1777958 0.8445302 

‹LT 0 0 0.7228174 

+¥¶ 0 0.1561896 1.171422 

+F=Í 0 0.5078034 0.3385356 

+ñ 0.08763819 0 0 

+NQ§t$ 0.1007164 0 0 

+nT 1.101732 0 0.2937951 

=Í 0.1777958 0 0.08889792 

=Ø 0 0 0.09035218 

=r¬ 0 0.1794314 1.686655 

=Rî 0 0.1937826 0 

=RQ 0 0 0.3943719 
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Word WeightInClassA WeightInClassC WeightInClassE 

=RÜ 0 0 0.09035218 

=ý 0.3943719 0 0.2190955 

>- 0 0 0.1007164 

>¸Ã 0 0 0.0968913 

>¥Gl@ 0.09207219 0 0 

>¬ 0.4384178 0.1686222 2.697955 

>Ã+ 0 0 1.244885 

>ÃŒ 0 0 0.1297905 

>B„ 0 0 0.0968913 

>é 0 0 0.2825319 

>ê 0 0.08652703 0 

>f‰ 0 0.1355283 0 

>Í 0.1178005 0 0.3141346 

>ï 0.1007164 0 0.1007164 

>Ín# 0 0 0.1314573 

>L¥T 0 0.4152896 0.2491738 

>m 0 0 0.1510747 

>MB‰ 0 0 1.368529 

>mLS 0.08889792 0 0.1777958 

>Nk#RT 0 0 0.08652703 

>Nl@ 0.1453369 0 0 

±k@íC 0 0 0.1007164 

±k@J 0 0 0.2014329 

±l!× 0.1007164 0 0.1007164 

±l!îC 0 0.1453369 0 

±l!S 6.806531 0.4235173 1.028542 

±l!s! 0 0.2110491 1.02007 

±ltEμ 0 0.08889792 0 

±MP 0 0 0.0968913 

±S¬ 0 0.2014329 0 

»§ 0.1007164 0 0 

»¬ 0 0 0.09417732 

»Ä 0 0 0.07998791 

»Ä!μL 0.1007164 0 0 
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Word WeightInClassA WeightInClassC WeightInClassE 

»Ks!÷ 0 0 0.1007164 

»T¶K 0.2565992 0 0.8125641 

»TR 0.4695544 0.08804144 7.072663 

»U 0 0 0.5778365 

»UêT 0 0 0.1007164 

×ÂS 0 0 0.1007164 

×hNS 0 0 0.1647176 

÷¬ 0 0 0.1453369 

÷μ÷§ 0 0 0.3021493 

÷¶Ã 0 0 0.1381083 

÷äš 0.0968913 0 0 

÷D 0.4473597 0 0 

÷ð 0 0.09417732 0 

÷kB 0.0968913 0 0 

÷kn! 0 0 0.2422282 

÷l@° 0 0 0.4844565 

÷l@J 0 0 0.1333469 

÷LØ 0 0 0.09417732 

÷MïLÒ 0.1178005 0.07853365 0.7460697 

÷N¯ 0 0.1841444 0.09207219 

÷N¬ 0.09035218 0 0.09035218 

÷Nî 0 0 0.5191622 

÷NK¶T 0 0 0.4237979 

÷Ñn!ST 0 0.0968913 0 

÷NST‰K> 0 0 0.5964795 

÷Nt&nR 0 0 0.2517911 

÷Nt&YnR 0 0 0.1007164 

÷NT‰T 0 0 0.1297905 

÷NTéÆND 0 0 1.621981 

÷R±Ê>n# 0 0 1.47034 

÷R¥ 0 0 0.506397 

÷RÊ>n# 0 0 0.1381083 

÷tb@ 0 0 0.48201 

÷TÒ 0 0 0.9064479 
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Word WeightInClassA WeightInClassC WeightInClassE 

£dT 0 0.1435451 0.1435451 

£úB 0 0 0.8417068 

¤k@J 0 0 0.1453369 

¥_ðÃ 0.1661159 0 0 

¥_ÍT 0.07767543 0 0.1553509 

¥¯ 0 0 0.2422282 

¥¯LbT 0 0 0.227459 

¥> 0 0 0.2666938 

¥>§ 0.147976 0 3.181485 

¥>kRkR 0.2027477 0 0 

¥>n# 0 0 0.1510747 

¥>ñC 0 0 0.08889792 

¥>öLöL 0 0 0.09035218 

¥§êE 0.09417732 0 0.09417732 

¥©! 0 0 0.2514392 

¥μÿD 0 0 0.4240172 

¥‰ÆT 0 0 0.0968913 

¥‰b!Ã 0 0 0.1883546 

¥‰è 0 0.4844565 0 

¥-‰q¸Ã 0 0 0.4276653 

¥¾ 0 0 0.6324652 

¥¹G 0 0 0.2517911 

¥Â 0 0.1937826 0.0968913 

¥Ä 0 0.07548862 0.1509772 

¥à§T 0 0 0.227459 

¥Äb¶Ã 0 0.06979998 3.245699 

¥Âc 0 0 0.08889792 

¥Æ²T 0 0 0.7598851 

¥ÆÏ 0 0 0.2595811 

¥-Âk¶Ã 0 0 0.2190955 

¥-ÂkR 0.06945053 0.1041758 0.5903295 

¥ÄqL 0 0 0.4493936 

¥-ÂqqEÃ 0 0 0.1297905 

¥ÄrS 0 0 0.1589557 
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Word WeightInClassA WeightInClassC WeightInClassE 

¥ÃýQ 0 0 0.0968913 

¥b-¶Ã 0 0 0.2163176 

¥bdR 0 0 0.08889792 

¥br¬¬T 0 0 0.07947784 

¥br¬Ò 0 0 0.4085396 

¥BÜT 0 0 0.0968913 

¥d‰© 0 0 0.1661159 

¥d‰jT 0 0 0.3159758 

¥dÃ 0 0 0.5987314 

¥db¶Ã 0 0 0.0968913 

¥dG 0 0 0.08652703 

¥dg# 0 0 0.1497189 

¥DlB 0 0 0.1634158 

¥DrG 0 0.461563 4.208366 

¥Drg# 0.06802081 0.06802081 0.2720833 

¥DrqEÃ 0 0 0.2014329 

¥Drs# 0.07947784 0 0.07947784 

¥DrUc 0.07485946 0 0 

¥dS 0 0 0.09035218 

¥È¬c 0 0 0.08763819 

¥È¶Ã 0 0 1.08957 

¥È‰T 0 0 0.3322317 

¥êL 0.06945053 0 0.7292306 

¥êl# 0 0 0.08553306 

¥gÂßT 0 0.08889792 0 

¥gì 0.1199819 0 0.5599153 

¥gLgL 0 0 0.08763819 

¥gÖLbT 0 0 0.1883546 

¥Gß¬c 0 0 0.3713482 

¥GßT 0 0 0.8882797 

¥Gßt$ 0 0 0.702886 

¥GST 0 0.08889792 0 

¥Hb„ 0.1468976 0 2.570707 

¥Hb‰êE 0.1285889 0.06429446 0.9001226 
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¥Hb‰T 0.1666279 0.06665118 3.39921 

¥Hb‰t$ 0 0 0.3505528 

¥hbrsB 0 0 0.4493935 

¥Í- 0 0 0.2491738 

¥ì 0 0 0.0968913 

¥ÌÌ 0.1414696 0 0.6719805 

¥k¥cT 0 0 0.1007164 

¥k¥Ò 0 0 0.09207219 

¥kÂw 0 0 0.7419378 

¥kÂw¾ 0 0 0.08763819 

¥kÂwÂc 0 0 0.1355283 

¥kÂwn# 0 0 0.1561896 

¥KbR 0 0.2258804 0.09035218 

¥kÍfÃ 0 0 0.4493936 

¥kÍfL 0 0 0.1589557 

¥L 0 0 0.09417732 

¥L¥T 0.06758865 0.06758865 1.858688 

¥lÄ 0.1453369 0 0 

¥LbS 0 0 0.1841444 

¥lû 0.07899394 0 0 

¥m§lš 0.6823771 0 0.4170082 

¥Ml-# 0.1007164 0 0 

¥mN=T 0 0 0.4143248 

¥mNÅ 0 0 0.6229345 

¥mÒcT 0 0 0.07767543 

¥MrÒ 0.1523255 0.2665697 1.10436 

¥MrT 0 0 2.311203 

¥Mrt$ 0 0.09417732 0 

¥n@Jm 0 0 0.2301805 

¥n@JmNt$ 0 0 0.4603609 

¥N¯ 0 0 0.09417732 

¥N¾ 0.07727393 0.07727393 0 

¥nS 0 0 0.2342844 

¥Nš 0 0 0.09417732 
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¥NúT 0 0 0.1355283 

¥núúT 0 0.1453369 0 

¥ö 0 0 0.3555917 

¥øR 0.0968913 0 0 

¥öyT 0 0 0.1710661 

¥qÇ 0 0 0.07581967 

¥QrÆc 0 0 0.09207219 

¥QrB 0 0 1.681175 

¥Qrb# 0 0 0.2514392 

¥R 0 0 1.029485 

¥r¸Ã 0 0 0.1007164 

¥RÃ 0 0.08553306 0.08553306 

¥Rc&lÖ 0 0 0.1007164 

¥rðÃ 0 0 0.4983475 

¥RK 0.09035218 0 0.09035218 

¥rö 0 0 0.0968913 

¥rT 0.1007164 0 0 

¥rû 0 0.1007164 0 

¥rUg_ 0 0 0.1871486 

¥rUgÅ 0 0 0.2993657 

¥rUUT 0 0 0.1752764 

¥ry 0 0 0.1007164 

¥S¬wqEÃ 0 0.1474291 0 

¥s¶Ã 0 0 0.09035218 

¥s‰=T 0 0 0.07616276 

¥s‰=t$ 0 0 0.08553306 

¥s‰T 0 0 0.2163176 

¥sÆsB 0 0 0.1963341 

¥sÆsb# 0 0.09207219 0 

¥SÃZ 0 0 0.2222448 

¥sB 0 0 0.09207219 

¥SdrG 0 0 0.1007164 

¥sf[¸Ã 0 0 0.1692678 

¥Sfo¸Ã 0 0.08381305 0.2933457 
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¥SgÆT 0 0 0.2245784 

¥SgÆt$ 0 0 0.1883546 

¥SgR 0 0 0.09417732 

¥SÍðÃ 0 0 0.3293563 

¥SÍÍT 0 0.06652454 0.8315567 

¥SÍT 0 0 0.1225619 

¥Sk@© 0 0 0.09417732 

¥sL- 0 0 0.08305793 

¥sL-¾ 0 0 0.3790984 

¥SmÈT 0 0 0.08763819 

¥smlS 0 0.08381305 0 

¥SmRm¶Ã 0 0 0.1007164 

¥SmRmR 0.1883546 0 0.09417732 

¥SmsL 0 0 0.1381083 

¥S-NqqEÃ 0 0 0.1245869 

¥SqrT 0.235601 0 0.3141346 

¥Sr© 0 0 0.3111427 

¥SrkB 0 0 0.09417732 

¥ššÃ 0 0 0.9436077 

¥ššL 0 0 1.551808 

¥St§lðÃ 0 0 0.3067337 

¥StμkL 0 0 0.08889792 

¥StÄdR 0 0.09207219 0.1841444 

¥stÆb¶Ã 0 0 0.2907028 

¥StÂg© 0 0 0.1007164 

¥StÂgD 0 0 0.3999395 

¥StêwQ 0 0.07199453 0.539959 

¥StR 0.3067337 0 0.2190955 

¥Swg© 0.08763819 0 0.08763819 

¥SwgD 0 0 0.4924478 

¥t÷R 0 0 0.09417732 

¥TrF 0.08889792 0 0 

¥Ts#‰ 0 0.0968913 0 

¥ú 0.221964 0 1.257796 
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¥úÃ 0 0 0.08235879 

¥údG 0 0 1.514028 

¥údg!Ã 0 0 0.1225619 

¥Ü-L 0.08763819 0 0 

¥úlF 0 0.0968913 0 

¥ÜlL 0 0.07134365 0.3210464 

¥útF 0 0.07581967 0.2653688 

¥útû 0 0 0.1007164 

¥ÙÙZ 0 0 0.1171422 

¥ÙÙz# 0 0 0.1510747 

¥úy¬c 0 0 0.0968913 

¥úyT 0 0 0.08652703 

¥úyt$ 0 0 0.1931848 

¥wQ 0 0.07054028 0.07054028 

¥XD 0 0 3.332736 

¥XDÂT 0 0 0.6572865 

¥Xk§êE 0 0 1.74284 

¥Xk§T 0 0 0.7419004 

¥Xk§t$ 0 0 0.2354433 

¥XkL 0 0.1937915 1.776422 

¥Xkl# 0 0.2630908 3.006752 

¥XqæC 0 0 0.0968913 

¥XrG 0.09207219 0 0 

¥Y= 0 0 0.09035218 

¥YbL_ 0 0 0.1676261 

¥ýÈT 0.0751688 0 0.0751688 

¥Yké 0 0.0968913 0 

¥yT 0 0 0.1730541 

¥zU© 0 0 1.056841 

¥zUjT 0 0.1122892 0.2994378 

¥zUjt$ 0 0 0.08553306 

-§ 0.1510747 0 0 

§à 0 0 0.2014329 
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