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ABSTRACT

The number of Amharic documents on the Web is increasing as many
newspaper publishers started providing their services electronically. The
unavailability of tools for extracting and exploiting the valuable information
from Amharic text, which is effective enough to satisfy the users has been a
major problem and manually extracting information from a large amount of
unstructured text is a very tiresome and time consuming job, this was the

main reason which motivate the researcher to engage in this research work.

The overall objective of the research was to develop information extraction
system for the Amharic vacancy announcement text. The system was developed
by using Python and visual basic programming language and rule-based
technique was applied to address the problem of automatically deciding the
correct candidate texts based on its surrounding context words. 116 Amharic
vacancy announcement texts which contain 10,766 words were collected from

the “Ethiopian reporter” newspaper published in Amharic twice in week.

For this study, nine candidate texts are selected from Amharic vacancy
announcement text, these are organization, position, qualification, experience,
salary, number of people required, work agreement, deadline and phone
number. The experiments have been carried out on each component of a
system separately to evaluate its performance on each components, this helps

us to identify drawbacks and give some clue for future works.

The experimental result shows, an overall F - measure of 71.7% achieved. In order
to make the system to be applicable in this domain which is Amharic vacancy
announcement, further study is required like incorporating additional rules,
improving the speed of the system by modifying the algorithm, a well designed

user interface and integrating other NLP facilities.
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CHAPTER ONE
INTRODUCTION

1.1. GENERAL BACKGROUND

Rapid developments in Information and Communication Technology are
making available huge amount of data and information. Much of these data is
in electronics forms (like more than billion documents in the World Wide Web).
Usually these data are unstructured or semi-structured and can generally be
considered as a text database. Likewise, the recent decades witnessed a rapid
proliferation of Amharic textual information available in digital form in a
myriad of repositories on the Internet and intranets. As a result of this growth,
a huge amount of valuable information, which can be used in education,
business, health and other many areas are hidden under unstructured
representation of the textual data and is thus hard to search in. This resulted
in a growing need for effective and efficient techniques for analyzing free-text
data and discovering valuable and relevant knowledge from it in the form of
structured information, and led to the emergence of Information Extraction

technologies.

Information Extraction (IE) is one of the NLP applications that aim to
automatically extract structured factual from unstructured text. Riloff [2]
discusses, the task of automatic extraction of information from texts involves
identify a predefined set of concepts and deciding whether a text is relevant for

a certain domain, and if so extracting a set of facts from that text.

IE has three different components regardless of the language and domain on
which it is developed for. The components are linguistic preprocessing, learning
and application, and post processing. Linguistic preprocessing uses different
tools to make the natural language texts ready for extraction. The learning and
the application component learns a model and extract the required information

from the preprocessed text.



In the last component the semantic post processing assign the extracted
information into their predefined attribute category and manages the

normalization and duplication problem with the extracted data [3].

In principle, designing IE has two approaches: (1) the learning approach, and
(2) the Knowledge Engineering approach. For systems or modules using
learning techniques an annotated corpus of domain relevant texts is necessary.
This approach calls for someone who has enough knowledge about the domain
and the tasks of the system to annotate the texts appropriately. The annotated
texts are the input of the system or module, which runs a training algorithm on
them. Thus, the system obtains knowledge from the annotated texts and can

use it to gain desired information from new texts of the same domain.

The Knowledge Engineering (KE) approach needs a system developer, who is
familiar with both the requirements of the application domain and the function
fof the designed IE system. The developer is concerned with the definition of
rules used to extract the relevant information. Therefore, a corpus of domain-

relevant texts will be available for this task [9].

IE is quite different from IR. An IR system finds relevant texts that is based on
a query and presents them to the user. An IE application analyzes texts and
presents only the specific information from it that the user is interested in.

IE systems are more difficult and knowledge-intensive to build, and are to
varying degrees tied to particular domains and scenarios. It is also more
computationally intensive than IR. In applications where there are large text
volumes IE is potentially much more efficient than IR because of the possibility

of dramatically reducing the amount of time people spend reading texts [4].

During the last ten years, IE has become an increasingly researched field. As
[2] stated, “unfortunately, during this time most of the known IE systems have
been invented for texts written in the English language. In comparison to the
success registered for English IE systems for most of other languages are still

lacking essential components”.



Depending on the number of native speakers, prosperity of countries, and the
need for natural language processing capabilities, as well as due to the
complexity of certain languages, IE systems are uniquely designed for

individual languages.

1.2. STATEMENT OF THE PROBLEM

With the popular use of the World Wide Web as global information system a
number of newspapers are already flourishing online. Likewise, in Ethiopia
most of Amharic newspaper publishers are providing their publications online.
Among the well known newspapers in Ethiopia, the “Ethiopia Reporter” is the
one. It appears twice a week with contents such as news, politics, science and
technology, sport, business, vacancy and social. The newspaper presents
different vacancies of organizations in structured, unstructured and semi-
structured forms. Cowie and Wilks [3] noted, manually extracting information
from such an often unstructured or semi-structured text is a very tiresome and
time consuming job. Thus, getting the right information for decision making

from existing abundant unstructured text is a big challenge.

In addition, the unavailability of tools for extracting and exploiting the valuable
information which is effective enough to satisfy the users for Amharic language
has also been a major problem. It is hoped that the availability of an IE tool can

ease this information searching process.

IE unlike the other research domains is language and domain dependent [38].
The IE system developed for English and in this specific domain may not work
for Amharic language even if its domain is similar. There are different, language
specific, issues which may not be handled by the system developed for English.
This is due to the reason that IE system has to be trained about the different

nature of the language and the domain for which they are developed for.



To the best knowledge of the researcher, the work of Tsedalu [21] has only been
one research conducted on Amharic IE system. The work is also limited in
extracting numeric and nominal data from the Amharic news text. News texts
that are about a single issue are only considered and extraction of relationship
between entities is out of the scope of this research work. In addition, even if
the language is similar with this research its domain is different. This system
may not fully handle the concerns that are viewed in information extraction
from AVAT. Thus, this and other reasons initiate the researcher to engage in

research to design IE for AVAT.
This study has attempted to answer the following research questions:
1. What approaches should be followed in designing an Amharic IE system
that identifies useful information from vacancy announcement?
2. What algorithms are suitable for automatic Amharic IE?

3. What model ought to suppose to design Amharic IE?

1.3. OBJECTIVE OF THE STUDY

1.3.1 GENERAL OBJECTIVE

The general objective of this study is to design information extraction system

for AVAT.

1.3.2. SPECIFIC OBJECTIVES
The specific objectives of the research are:

% To review word categorization and character representation in Amharic
language.

% To build up an architecture for IE for AVAT.

% To develop suitable approaches and algorithms for IE

% To develop a prototype system that demonstrates the potentials of the

Ambharic IE system.



% To evaluate the performance and usability of the prototype developed

for Amharic information extraction

1.4. METHODOLOGY

1.4.1. STUDY DESIGN

The design of this research is experimental. In this study different activities
were involved. Identifying the problem in the area of AVAT was the starting
point of the study. To address the problem IE system is designed and
implemented. It is obvious that, testing is mandatory for any type of system
once it designed, to check its applicability and to evaluate its performance. In
the same way, the system which is designed in this study is tested and

evaluated based on the test dataset.

1.4.2. LITERATURE REVIEW

In order to have a better understanding of in IE and design a system for
Amharic language, different local and global researches were thoroughly
reviewed. Literature such as journals, articles, proceeding, papers and books

were reviewed for achieving the objective of this research.

1.4.3. DATA SOURCES AND DATA PREPARATION FOR THE EXPERIMENT

The researcher collected different AVAT that were required for training and
testing the system from the “Ethiopian Reporter” newspaper published in
Ambharic twice in week. For the purpose of this study, 116 AVATs that contain
in general 10,766 words were selected purposefully with different range of
vacancy announcements. There dissimilarity is based on the organization of
who is posted the vacancies and the type of vacancies. The newspaper was

chosen as a data source since it has large collection of AVAT in its database.

After the raw AVAT were collected, different data preprocessing tasks were
undertaken (such as tokenization, normalization, transliteration) and, gazetteer

was prepared.



UNDERSTANDING OF DOMAIN LANGUAGE

The different facts about Amharic language like the word categorization,
character and number representation and other language specific issues that
are important for the research work have been analyzed and presented. It helps

to understand the nature of the language with regard to information extraction.

1.4.4. DESIGN AND IMPLEMENTATION OF AVATIES

The designing phase contains the document preprocessing, learning and
extraction, and post processing as the three main components. In order to
develop a prototype system, different appropriate tools have been selected and

used.

The different data preprocess IE components, such as Tokenizer, Normalizer,
Transliterator, etc, which are mostly language specific algorithms are developed
using python programming language. This programming language was
employed for developing candidate text selector and tagger and candidate text
extractor. The main reason that the python programming language is used is

for the familiarity of the language with the researcher.

The POS which is developed by Gebrekidan [36] is used as one of the features
in IE component. Also, Microsoft SQL server 2008 was used to store extracted
candidates and Visual Basic programming language was used for the
development of user interface, which helps a user to interact with the system

and access data from database.

1.5. APPLICATION OF RESULTS AND BENEFICIARIES

Nowadays most people use online newspapers as a source of information for
vacancy announcements. Thus, those who use newspapers and websites for
job search are the main beneficiaries of this study. It will help them save their
time in searching detailed information about the jobs that are posted in

unstructured format. It also helps them access facts or details easily.



The system will also have great significance for publishers of newspapers as it
will help to provide vacancy news in attractive and structured fashion. It can
also keep them from committing errors while in changing unstructured AVAT
in to structure and also will have a tremendous effect in enhancement of their

day to day activities.

Beside to this, the extracted structured information from unstructured text can
be used as an input for other applications such as question and answering

application system and etc.

At the end, it is hoped that, this study will serve as tipping point for other

researchers to focus much on this research issue.

1.6. SCOPE AND LIMITATIONS OF THE STUDY

The task of designing information extraction system requires a very intensive
knowledge in natural language processing. The main limitation while
processing the study is the wunavailability of enough corpus and word
categories for natural language processing for the domain. This would set a

constraint on amount of rule generation.

A full-fledged information extraction system will require a number of NLP tools
such as Sentence Parser, Part of Speech tagger (POS), Named Entity Recognizer
(NER), Co-reference Resolution and others. Even though some of the NLP
systems for Amharic language have been done by other researchers, they are

not publicly available.

Having these limitations in mind, the researcher tried to design a rule-based IE
system only for a specific domain, which is AVAT, and this study was confined
only to extract organization, job title, required qualification, work experience,
salary, number of people required, job agreement and deadline data from
AVAT. Information extraction of other information type from the AVAT is out of

the scope of the study.



1.7. ORGANIZATION OF THE STUDY

The thesis is organized into six chapters. The first chapter of the thesis
contains background, statement of the problem, objectives, and methodology of
the research. Chapter 2 discusses the different issues in IE and the related
subject areas as literature review. Also this Chapter lays the foundation in
understanding what an IE system comprises of, what approaches are used,
and the different components which are required by the IE system. The last
part of the chapter, discusses related works on IE systems in different

languages and on different domains.

In chapter 3, a discussion is made about Amharic language with regard to IE.
Many language specific issues such as the writing system and language
structure are presented. Chapter four is devoted to discussing the architectural
and design issues of the system, the main components of our system, their
functional operation and the specific sub-component of each component are
briefly discussed. In this chapter it also discusses the main implementation
issues of our IE system, the algorithms and techniques used to develop the
system successfully. Result and performance evaluation of the system is
presented in chapter five. Finally, conclusion and recommendations for further

study is forwarded.



CHAPTER TWO
LITERATURE REVIEW

2.1. INTRODUCTION

Now a day, an increasing amount of information is available in the form of
electronic documents. This makes it nearly impossible to manually search,
filter and choose which information one should use for his/her own purpose
[20].

Different scholars tried to develop different information management systems
so that the drawing of summarized and relevant information from an ocean of
information can be facilitated and the right information for decision making
can be acquired. Among the different solution to the problems are Information
Retrieval (IR), Information Extraction (IE), Question Answering, Text

Summarization and Text Categorization [21].

In this section we will describe the requirements and components of IE systems
as well as present various approaches for building such systems. Then, we will

present important methodologies and systems for IE systems.

The related NLP fields are also reviewed and presented in order to see their
similarity and difference with IE. Evaluation standards for the performance of
IE system which are used for the evaluation purpose are also presented in this

chapter.

2.2. INFORMATION EXTRACTION (IE)

IE has become an important notion to address the problem of information
overload by locating the target phrases from document and transforms them in

to structured representation.



As it is defined by Eikvil [15] “it is the task of locating specific pieces of data
from a natural language document, a particularly useful sub-area of natural
language processing (NLP). In IE, the data to be extracted from a natural
language text is given by a template may be either one of a set of specified

values or strings taken directly from the document”

Mooney and Califf [16] also defines IE as “IE is a form of shallow text
processing that locates a specified set of relevant items in a natural language
document, transforming unstructured text into a structured database”.
Systems for this task require significant domain-specific knowledge. So
generally, IE is the process of extracting relevant and factual data from

unstructured or free text.

IE usually uses NLP tools, lexical resources and semantic constraints for better
efficiency [21]. The General Architecture for Text Engineering (GATE) which is
the widely known open source software system for computations related to
natural language defines IE as a system which analyses unstructured text in
order to extract information about pre-specified types of events, entities or

relationships.

According to Wilks and Brewster [8], the requirement of templates and
bundling domain and corpus specific information with the IE techniques are

two major challenges on IE.

2.3. BUILDING INFORMATION EXTRACTION SYSTEMS

At this point, we shall turn our attention to what is actually involved in
building IE systems. Before discussing in detail the basic parts of an IE system,
we point out that there are two basic approaches to the design of IE systems,
which we label as the Knowledge Engineering Approach and the Automatic

Training Approach.
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I. KNOWLEDGE ENGINEERING APPROACH

The Knowledge Engineering Approach is characterized by the development of
the grammars used by a component of the IE system by a “knowledge
engineer,” i.e. a person who is familiar with the IE system, and the formalism
for expressing rules for that system, who then, either on his own, or in
consultation with an expert in the domain of application, writes rules for the IE

system component that mark or extract the sought after information.

Typically the knowledge engineer will have access to a moderate-size corpus of
domain-relevant texts (a moderate-size corpus is all that a person could
reasonably be expected to personally examine), and his or her own intuitions
[1]. It is obviously the case that the skill of the knowledge engineer plays a
large factor in the level of performance that will be achieved by the overall
system. In addition to requiring skill and detailed knowledge of a particular IE
system, the knowledge engineering approach usually requires a lot of labor as

well [1].

Building a high performance system is usually an iterative process whereby a
set of rules is written, the system is run over a training corpus of texts, and the
output is examined to see where the rules under and over generate. The
knowledge engineer then makes appropriate modifications to the rules, and
iterates the process [1]. Thus, the performance of the IE system depends on the

skill of the knowledge engineer.

II. AUTOMATIC TRAINING APPROACH

The Automatic Training Approach is quite different. Following this approach, it
is not necessary to have someone on hand with detailed knowledge of how the

IE system works, or how to write rules for it.

It is necessary only to have someone who knows enough about the domain and
the task to take a corpus of texts, and annotate the texts appropriately for the

information being extracted.

11



Typically, the annotations would focus on one particular aspect of the system’s
processing. For example, a name recognizer would be trained by annotating a

corpus of texts with the domain-relevant proper names.

A co-reference component would be trained with a corpus indicating the co-
reference equivalence classes for each text. Once a suitable training corpus has
been annotated, a training algorithm is run, and resulting in information that a
system can employ in analyzing novel texts. Another approach to obtaining
training data is to interact with the user during the processing of a text. The
user is allowed to indicate whether the system’s hypotheses about the text [4,
9]. The above mentioned approaches for IE can be applied on the free text or

semi structured or structured text which is used as an input for IE system [16].

Free text: is unstructured collection of text. It can’t be easily managed as it
doesn’t have the structure or any predefined format in order to manage it by
using computers. The natural language components are applied in order to

manage extraction from the free text [21].

Semi Structured Text: is a data which is not in the form of tuples like
structured text and is different from free texts which rather exist in between

the two. The information in the form of HTML tags is semi structured text [21].

Structured Text: is textual information which exists in a database or file
following a predefined and strict format. Such information can easily be

extracted by using the format description as it has a known format [21].

IE approaches supported on supervised machine learning technique are
divided in to the following three categories [21]

I Rule learning

II Linear separators

IIT Statistical learning
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I Rule Learning

This approach is based on a symbolic inductive learning process. The
extraction patterns represent the training examples in terms of attributes and

relations between textual elements.

Some IE systems use propositional learning (i.e. zero order logic), for instance,
Auto Slog-TS and CRYSTAL, while others perform a relational learning (i.e. first
order logic), for instance WHISK and SRV. This approach has been used to

learn from structured, semi-structured and free-text documents [21].
II Linear Separators

In this approach the classifiers are learned as sparse networks of linear
functions (i.e. linear separators of positive and negative examples). It has been
commonly used to extract information from semi-structured documents. It has
been applied in problems such as extraction of data from job ads, and

detection of an e-mail address change [21].

In general, the IE systems based on this approach present an architecture
supported on the hypothesis that looking at the words combinations around
the interesting information is enough to learn the required extraction patterns.
[21].

III Statistical Learning

This approach is focused on learning Hidden Markov Models (HMMs) as useful

knowledge to extract relevant fragments from documents [21].

These IE systems also differ from each other in the features that they use.
Some use only basic features such as token string, capitalization, and token

type (word, number, etc.).
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In addition, others use linguistic features such as part-of-speech, semantic
information from gazetteer lists, and the outputs of other IE systems (most

frequently general purpose named entity recognizers).

A few systems also exploit genre-specific information such as document
structure. In general, the more features the system used, the better
performance it could achieve. One of the most successful machine learning
methods for IE is Support Vector Machine (SVM), which is a general supervised
machine learning algorithm. It has achieved state-of-the-art performance on

many classification tasks, including named entity recognition.

2.4. ARCHITECTURE OF INFORMATION EXTRACTION SYSTEM

Different scholars use different steps for designing extracting information
system for different language and different domain. The research work in [1]
mainly categorizes IE in to six different tasks.

e Part-of-Speech (POS) Tagging

e Named Entity Recognition (NER)

e Syntax Analysis

e Co-references and Discourse Analysis

e Extraction Patterns

¢ Bootstrapping

I. Part-of-speech tagging (POS)

It is the act of assigning each word in sentences of tag that describes how that
word is used in the sentences. That means POS tagging assigns whether a

given word is used as a noun, adjective, verb, etc.
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As Pal and Molina [23] acknowledges, one of the most well-known
disambiguation problem is POS tagging, because many words are ambiguous:
they may be assigned more than one POS tag (for example, the English word

round may be a noun, an adjective, a preposition or an adverb, or a verb).

POS tagger finds the possible tags or lexical category for each word provided
that the word is in a lexicon and guess possible tags for unknown words. It
also chooses possible tag for each word that is ambiguous in its part-of-speech.
If certain word is assigned more than one tag, this means that the word can

have different meanings or function in different context.

According to Antonio [29], there are two approaches to automatic POS tagging:
rule-based approaches use linguistic knowledge to formulate simple rules that
assign a part of speech to an ambiguous word using context information;
statistical approaches of which hidden Markov models trained using the
expectation-maximization algorithm are the standard model) use the statistics
collected from ambiguously or unambiguously tagged texts to estimate the
likelihood of each possible interpretation of a sentence or text portion so that

the most likely disambiguation is chosen.

II. Named Entity Recognition (NER)

Named entities are one of the most often extracted types of tokens during
extracting information from documents. Named entity recognition is
classification of every word in a document as being a person-name,
organization, location, date, time, monetary value, percentage, or “none of the
above”. Some approaches use a simple lookup in predefined lists of geographic
locations, company names, person names and name of animals and other
things from the gazetteers, while some others utilize trainable Hidden Markov

Models to identify named entities and their type.

For example the NER takes the following AVAT recognize the named entities

and numbers which will be used as attributes for the predefined database slot
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The words which are names and numbers that represent different thing will be
extracted like 740 AAh, b2 &0 7°C ANOS7 “110C |, 104, ch? Qdov- @,
A, 6, 2.2, Qo 1Ot ~éhomdC RLOACNT which are the named entity

attributed in the text which represent different things.

III. Syntax analysis

In contrast to POS tagging, syntax analysis, also called syntax parsing, looks
beyond the scope of single words. During syntax analysis we attempt to identify
syntactical parts of a sentence (verb group, noun group and prepositional
phrases) and their functions (subject, direct and indirect object, modifiers and
determiners). Simple sentences, consisting, for instance, of a main clause only,
can be parsed using a finite state grammar. Simple finite state grammars are
often not sufficient to parse more complex sentences, consisting of one or more
subordinate clauses in addition to the main clause, or containing syntax
structures, such as prepositional phrases, adverbial phrases, conjunction,

personal and relative pronouns and genitives in noun phrases.

Using finite state grammars in such cases may result in errors. Instead, those
cases are handled by statistically founded methods which have to be trained

with training text corpora.
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The important decision to be made for syntax analysis is basically the same as

for named entity recognition and POS tagging.

We have to decide what kind of parsing is to be employed: more robust shallow

techniques, or deep complex syntax analysis [24]

IV. Co-references and Discourse Analysis

It is a process of finding multiple references to the same object in a text. It
refers to the task of identifying noun phrases that refer to the same extra
linguistic entity in a text. This is especially important since the same thing

about a single entity is expressed in different sentences using pronouns [1].

V. Extraction Patterns

The resulting output of IE consists of single data items filled into the slots of
data tuple templates. The data tuples populate the result database, one tuple
for each relevant document of the input text corpus. The data items are pieces
of information which have to be located in the text. Extraction patterns are

used for this task.

An extraction pattern is a text pattern which matches a certain token and its

surrounding context. [1].

VI. Bootstrapping

As Johannes [1] notes that, newer systems use various bootstrapping
algorithms to improve the results of the pattern matching, or do unsupervised
named entity recognition. Some systems require a test corpus to evaluate the
results of the pattern matching and bootstrapping process.

During the bootstrapping the following steps are iterated:

1. Apply all seed patterns on the whole text corpus.
2. Split the text corpus into two categories, so that one category contains all
relevant texts in which one or more seed patterns scored and the other

category contains all the other texts.
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3. Score all the patterns gained from the text corpus based on their density
of distribution in relevant documents in comparison to their density of
distribution in all texts.

4. Use the highest scoring patterns to generate concept classes by merging

those pairs which appear in the correlated text.

In other hand, as Tsedalu [17] citied the work of Yannick and Versley, IE tasks
are categorized in to five different and independent components.

As IE activity can be a very complex task decomposing it into different task is
advantageous. The main advantage of decomposition is, it helps to choose the
techniques and algorithms that suit each task, and to debug an IE program
easily.

The considered tasks in the survey are:
» Segmentation,

» Classification,

» Association,

» Normalization and

» Co-Reference Resolution.

I. Segmentation

The Segmentation task divides the text into atomic elements, called segments
or tokens. Even though this task is simplified for Western languages due to the
existence of white spaces separating words, there are some cases in which
simple white space separation may not be enough. Usually, segmentation for
these cases is performed using rules that show how to handle each case. The
major problems related to this task can be found in oriental languages. For

example, the Chinese doesn’t have white spaces between words.

For this reason, solving the problems described above is not enough in this

language. In these cases, it is typically necessary to use external resources.
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II. Classifications

The Classification task determines the type of each segment obtained in the
segmentation task. In other words, it determines the classified output data
structure where the inputs are segments. The result of this task is the
classification of a set of segments as entities, which are elements of a given
class potentially relevant for the extraction domain. The rule-based techniques
used in the classification task are usually based on linguistic resources, such
as lexicons and grammars. One of the most popular approaches to undertake
classification is machine learning. Machine learning techniques used in this

task are usually supervised, which means that an annotated corpus is needed.

III. Associations

The association task seeks to identify how the different entities found in the
classification task are related. The systems that perform extraction of
relationships are less common than the ones that perform the classification
task. This happens due to the difficulty in achieving good results in this task.
Many techniques in the association task are based on rules. The simplest
approach uses patterns to extract a limited set of relationships. A more generic

rule-based approach for association is based on syntactic analysis.

Often, the relationships that we want to extract are grammatical relationships.
For example, a verb may indicate a relationship between two entities. The

association task can also use machine learning techniques.

IV. Normalization and co-reference Resolution

Normalization and Co-reference resolution are the less generic tasks of the IE
process since they use heuristics and rules that are specific to the data
domain. The normalization task is required because some information types do

not conform to a standard format.

19



This task is typically achieved through the use of conversion rules that produce
a standard format previously chosen. Co-reference arises whenever the same

real world entity is referred in different ways in a text fragment.
This problem may arise due to the use of

I. Different names describing the same entity (e.g., the entity Bill Gates" can be

found in the text as William Gates"),

II. Classification expressions (e.g., a few years ago, Bill Gates" was referred as

the world's richest man"),

III. Pronouns (e.g., in the sequence of sentences Bill Gates is the world's richest

man. He was a founder of Microsoft", the pronoun He" refers to Bill Gates").

Rule-based approaches for co-reference usually take into account semantic

information about entities.

A machine leaning approach for co reference resolution is based on clustering

algorithms for grouping similar entities.

2.5. PREPROCESSING OF INPUT TEXTS

”»

As described by Riloff [2] most of the text consists of unstructured, “raw
natural language texts. The relevant or necessary information can be
distinguished by applying some linguistic properties of texts. In this phase the

following linguistic components those are useful for IE will be described.

Tokenization: as it is defined by Siefkes and Siniakov [6], it is the process of
splitting the text into sentences and tokens. It Start with a sequence of
characters to identify the elementary parts of natural language such as words,
punctuation marks and separators. As a sentence is one of the most important
components in the natural language text for representation of interrelated

information and for expressing a complete thought or event.
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The resulting sequence of meaningful tokens is a base for further linguistic and

any text processing task [6].

POS: Tokenization is similar to segmentation presented in POS: part of speech
tagging, or simply tagging is the task of labeling (or tagging) each word in a
sentence with its appropriate part-of —speech.

It is a technique for deciding whether each word is noun, verb, adjective,
adverb, etc [2]. POS tagger has been applied to assign a single best POS to
every word in corpus.

ANN \NN\ -+A7-F\AD\ %2\VV Abebe went yesterday

In the above example, words in the sentence are tagged with appropriate lexical

categories of noun, verb and verb respectively.

(Chunk) Parsing: While full sentence parsing is preferred by knowledge based
systems, some statistical approaches rely on chunk parsing, shallow syntactic
analysis of the sentence fragments performed on phrasal level. It is justified by
the fact that the extracted information is often completely included in a noun,
verb or prepositional phrase that builds the most relevant context for its

recognition [2].

Co- reference resolution and named entity recognition are also included as a

preprocessing component for IE [21].

2.6. LEARNING AND APPLICATION OF THE EXTRACTION MODEL

Learning phase is the back bone for designing IE system in any domain and
language but it is not yet successfully as expected because of the morphology

(the internal structure of the language) and the domain dependencies of IE.
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Modern IE systems use a learning component to reduce the dependence on
specific domains and to decrease the amount of resources provided by human.
The three categories of approaches for IE use the learning methods are:
Statistical approaches learn relevant classification features, probabilities, and
state sequences, rule-based approaches learn a set of extraction rules and
knowledge-based approaches acquire structures to augment and interpret their

knowledge for extraction [6]

Most of the IE systems use the supervised learning approach to train the

extraction model used about the domain specific information.

The statistical approach uses annotated training corpus which is divided in to
two parts i.e. the training corpus and test corpus. The training corpus is used
to training the model about the different annotation in the text and the test
corpus is used to test the extraction model how much efficient it becomes after

training [6].
2.7. POST PROCESSING OF OUTPUT

Once after the relevant information has been found by applying the extraction
model on the given text the identified text fragments are assigned to the
corresponding attributes of the target structure. They can be normalized

according to the expected format.

Some identified facts may appear in text more than once and there might be
violation of primary key and other properties of the database and all these

things are handled at the post processing phase of IE [6].
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2.8. RELATED NLP FIELDS TO INFORMATION EXTRACTION

2.8.1. INFORMATION RETRIEVAL (IR)

The meaning of the term IR can be very broad. Just getting a credit card out of
your wallet so that you can type in the card number is a form of information

retrieval. However, as an academic field of study IR might be defined as:

It is finding material (usually documents) of an unstructured nature (usually
text) that satisfies an information need from within large collections (usually
stored on computers) [22]. It is generally known that the number of resulting
pages returned by the information retrieval system could be very large and not
all information contained in a single page is interesting, which requires further

refinement by the user.

As Eikvil [15] noted that, now the world has changed, and hundreds of millions
of people engage in IR every day when they use a web search engine or search
their email. IR is fast becoming the dominant form of information access,
overtaking traditional data base style searching (the sort that is going on when
a clerk says to you: “I'msorry, I can only look up your order if you can give me
your Order ID”). IR can also cover other kinds of data and information

problems beyond that specified in the core definition above.

2.8.2. TEXT SUMMARIZATION

It is the way of expressing a long text shortly by extracting the main points that
are contain in original text or it is the process of creating abstract of one or
more texts. It can also define as a text that is produced from one or more texts,
that contain a significant portion of the information in the original text(s), and

that is no longer than half of the original text(s) [21].

According to Martins [14] the summary of text can be created from a single or

multiple documents by applying different methodologies.
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Although text summarization can reduce the size of text by filter out the most
pertinent sentence from bulky text, the user involvement is mandatory to read

the summary and filter out specific information she/he needs.

2.8.3. QUESTION ANSWERING SYSTEMS

IR has been researched mainly to help users in getting relevant documents
from large collection of free-text documents. The way IR tackles the problem of
document retrieval is based on the closeness of the document and the query
submitted to the IR system. Strzalkowski and Harabagiu [27] notes, IR will not
try to present answers to users explicitly. This was the critics of IR so that the

need of IE came about.

The IE technique involves NLP tools for precisely indicating a correct text.
There should be deep analysis of queries to understand the user’s intention as
well as deep analysis of the document to extract correct answers (sentences or
passages). In the case of IR, a simple technique is sufficient to extract content-
rich words from the query and applying stemming to make more uniformity of

document retrieval that will be applied during indexing too.

Leidner and Burch [28] also acknowledge that Natural language question
answering is profoundly different from IR or IE. IR systems locate relevant
documents that relate to a query, but do not specify exactly where the answers
for the users request are or where the specific information the user required is
located. Even if the question and answering system extract answers from a
document based on the input question from the wuser it still returns
unstructured and small specific information from the document. The
information that the Natural language question answering system returns can’t

be managed by the computer as it is more specific information to the question.
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Therefore the question answering system is very helpful in extracting a specific
answer for a specific question which reduces the time of the users greatly but it
is limited in extracting all the information the user wants as it is much bound

to the question formation in the language.

Most of question answering system encompasses the following things as the
major components: Question Analysis, Document retrieval and Answer Extraction [20].
But the one local work that conducted by Imam [13], Amharic question answering system
has mainly five components those are document pre-processing, question processing,
document retrieval, sentence paragraph re-ranking, and answers selection modules. As
the author noted that, considering document processing as a one components of the
system could improves the performance of the system because Amharic is too specific in

having different character representation with the same reading and writing style.

2.8.4. TEXT CATEGORIZATION

With the rapid growth of online data and information, text categorization has
become one of the key techniques for processing and organizing text

documents.

As it is defined by Sebastian [19] “is the task of automatically sorting a set of
documents into categories from a predefined set”. This task has several
applications, including automated indexing of scientific articles according to
predefined thesauri of technical terms, filling patents into patent directories,
selective dissemination of information to information consumers, automated
population of hierarchical catalogues of Web resources, identification of

document genre, and authorship attribution.

The task of text categorization falls at the crossroads of IR and machine
learning, has witnessed a booming interest in the last ten years from

researchers and developers alike. [19]
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2.9. INFORMATION EXTRACTION (IE) AND INFORMATION RETRIEVAL (IR)

IE is different from the more mature technology of IE. Rather than to extract
information the objective of information retrieval is to select a relevant subset
of document from a larger Collection based on a user query the user must the

browse the returned documents to get the desired information.

The contrast between the aim of IE and IR system can be stated as follows: IR
retrieve relevant document from collections, while IE extracts relevant
information from documents. Hence, the two techniques are complimentary,
and used in combination they can be provide powerful tool for text processing
[20].

Cunningham [22] is also tried to differentiate IR and IE as follows:
* An IR system finds relevant texts and presents them to the user;

 An IE application analyses texts and presents only the specific information
from them that the user is interested in. For example, a user of an IR system
wanting information on trade group formations in agricultural commodities
markets would enter a list of relevant words and receive in return a set of
documents (e.g. newspaper articles) which contain likely matches. The user
would then read the documents and extract the requisite information
themselves. They might then enter the information in a spreadsheet and
produce a chart for a report or presentation. In contrast, an IE system would
automatically populate the spreadsheet directly with the names of relevant

companies and their groupings.

2.10. EVALUATION OF INFORMATION EXTRACTION

IE systems may take quite diverging approaches in solving the problems at

hand. A fair comparison of the results is often not directly possible.

We need a comparison method in order to decide which approach works better

under given circumstance. That will enable us to compare IE results.
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Additionally the performance of single components of IE needs to be evaluated.
Johannes noted that [1] most often the used evaluation method is statistical
evaluation. The results are compared against the correct solution to the
problem. However, we have to keep in mind that sometimes there is not only
one correct solution. In some cases even human experts disagree on which

information exactly to extract.

If we assume that a correct solution is available, it consists of a data tuple for
each relevant text in the test corpus, containing the correct extraction set of
information. An extraction result for a text is correct when the correct data
tuple matches exactly the template the IE system a result is incorrect when the
IE system extracts information that does not match, or that is irrelevant to the

correct solution.

An exact match of one data tuple is called a true positive (TP). A text document
considered irrelevant in both the correct solution and the IE system output is
called a true negative (TN). If the IE system discards a text document which is
not discarded in the correct solution, we call it a false negative (FN). If the
correct solution rejects a document but the IE system extracts a data tuple

from it, it is a false positive (FP).

! Correct Results

Figure 2.1 TP, TN, FP and FN as a set

As fig 2.1 depicts, the result is correct when both sets, the evaluated results

and the correct results, are the same and FP = FN = 0. we need to compute
more expressive values in order to get useful evaluation attributes from these

statistical values.
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o TP

TP+ FP

results the IE system generates are correct. The recall P given in equation
TP

- TP+FN , describes how many of the correct results the IE system is able

o . aT . . . .
The precision /! . given in equation = describes how many of the

P

to find. Obviously precision and recall range in the interval

0 <mp<1.

Precision and recall each describe one quality of the IE

system's performance.

Systems have to maximize both. Accordingly, full evaluation of the system is

only expressed by both values.

In other words, if the precision is very high and the recall rather low, the result
may be worse than an average value for both precision and recall. If we want to
compare systems directly, we need one single value representing the quality of

the IE system performance.

2.11. RELATED WORKS

Many Scholars tried to develop IE system using different approaches on
different domains and languages. Among these, we are going to review some of

the works those are more relevant to this research.

INFORMATION EXTRACTION FOR E-JOB MARKETPLACE

The work in [20] presents IE for E-Job Marketplace. The main motive of this
work was applying IE technique to locate and extract specific and important
data about from the available job postings on the Internet.

The slots (attribute) for job that they used are: Job Title, Industry, Level of
education, Work Experience (in years), and Language Skill.

In order to extract relevant information from a text they construct a rule. As
they noted, the important element for IE is a set of extraction rules, which
identifies relevant information to be extracted. Every domain has different set

of rules; which can be constructed manually or generated automatically.
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This system adopted knowledge engineering approach as a baseline. Based on
their examination of 25 job postings, they manually crafted 14 extraction rules
for 5 slots and the system can perform well, the experimental result showed

88.8% of precision and 37.5% of recall.

According to the authors merging job information from Websites that use free
or semi-structured document is very useful for developing intelligent e-job
marketplace that supports high precision IR, job recommendation and job

summarization.

INFORMATION EXTRACTION FROM AMHARIC TEXT

In 2010 Tsedalu [17] proposed model for Amharic Text IE based on which he
designed an IE system which is called ATIE (Amharic Text Information
Extraction) system. Users who want to use the available unstructured
information for different purposes have to read all the relevant texts that are
related to their need and have to manually extract the information they want
from the abundant unstructured text which takes very long time and which in
turn highly minimizes the users efficiency in decision making. The IE system
developed for English or any other language and for some specific domain
cannot work for other languages of the same domain, this and other problems
are initiated the researcher to do a research on IE for Amharic text. Document
Preprocessing, text Categorization Component, Learning and Extraction
Component, and Post Processing are the four components of the model and it
is developed using the open source machine learning algorithms in Weka and

java programming language.

He conducted an experiment specifically on economy news category obtained
from Ethiopian News agency. He considered Infrastructure and Investment as
subcategories for text categorization and he used six predefined attributes are
for IE. His experimental result shows that classifier algorithms can be used

and perform as that of the other algorithms for IE.
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Among the three different classifier algorithms that he wused for
experimentation the first algorithm performs better than other on both text

categorization and IE.

The token category feature plays a crucial role in increasing the performance of
the classifier when compared to that of Part of speech. Since his Part of speech
performance is 80% only but he claimed that, using another POS which
perform better in predicting the POS tag might increase the performance of the

prediction.

Finally he showed that the confusion matrix in each of the four scenarios for IE
is small. This work is limited only in extracting numeric and name data from
the Amharic news text and extraction of relationship between entities is out of
the scope of this research work. News texts that are about a single issue are
only considered. Generally this system cannot fully handle the concerns that

are viewed in data extraction from AVAT.

INFORMATION EXTRACTION FROM ENGLISH TEXT

Most of the research works in the area of IE are conducted in different domain
on the English language. Among these the research that done by Rosendfeld et
al. [22] is the one, that presents a hybrid approach to IE. The authors present a
hybrid knowledge based and statistical machine learning approach to extract
entities and relations at the sentence level. They present a hybrid entities and
relation extraction system, which combines the power of knowledge based and
statistical machine learning approach. In this approach, the rules for
extraction are written manually, while the probabilities of the extracted texts
being part of the database slot are trained from an annotated corpus. This
approach allows the knowledge engineer to write very simple and naive rules,

while retaining their power thus greatly reducing the required labor.
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In addition the size of the training data is considerably smaller than the size of
the training data needed for pure machine learning system (for achieving
comparable accuracy results). The Authors use DIAL, which is based on a
general purpose rule language for developing knowledge for extraction and
statistical HMM for machine learning approach which is used to train the

system.

Effectiveness of their approach is tested by using three different corpora MUC-
7, ACE -2 and an industry corpus. On the MUC-7 corpus their hybrid
approach called TEG outperforms pure HMM model and DIAL rule based
system for named entity recognition. On the ACE -2 corpus they tested the
relationship and in this case as well the hybrid approach they present performs

better than HMM and Markovian SCFG.

They conclude that a small hand crafted rules when combined with machine

learning method will increase the performance of machine learning.

INFORMATION EXTRACTION FROM CHINESE TEXT

A work in [25] presents an IE from Chinese free text. The authors present an
approach which combines Automatic learning algorithm of pattern rule and
employment of heuristic information for Chinese free text. The authors present
the different tasks they use to extract information from Chinese free text.

Input Document Preprocessing: this phase contains different subtasks to
make the Chinese free text ready for the next phase. At first the input
document is broken down into sentences. Then the sentences are segmented
into words by looking up the dictionary because Chinese sentence is composed
of characters without any natural delimiters such as space between words.
After the sentence segmentation the named entity recognition is done to
identify the place, person, and organization names.

Syntactic Analysis: uncategorized words during preprocessing are assigned in

to the likely category based on the HMM model probability approach.
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VP and NP Recognition: verb and noun signify the important meaning of
sentence at most part. This process module uses syntactic patterns to identify
small syntactic units through rule primarily, such as basic noun groups (NG
e.g. position group, organization group...), which are nouns with their left
modifiers, and verb chains or verb groups (VG), which consist of a head

Verb preceded by modals or adverbials.

Pronominal Anaphora Resolutions: It is very difficult to understand the
extracted contents in some instances that pronouns are contained without
their antecedents. So, it is important to resolve pronominal anaphora.
Pronominal anaphora resolution is to track references to a frame topic across
sentences.

For each finding, the probability is estimated that it co-refers to each
previously mentioned finding based on semantic features and dictionary cues.
Their pronominal anaphora resolution work uses rule and statistical methods.
Use of Heuristic Information: Also extraction pattern can play an important
role in IE system, some instances test are not accorded with existing pattern.
In order to solve this problem, more complicated pattern is needed to face to
complex situations. This will bring out more difficult to system and make
conflict in future. They employ heuristic information to reduce this complexity.
The heuristic information is used to exploit the context structure of the source.
It will be simplify the structure of the text so that the pattern rules can be used
to extract the information. Then the extraction rules are used to extract the
text fragment and fill the template slot after the above different processing is
done on the Chinese free text.

Their approach is tested on 50 articles they get from 1 China import official
alteration to extract information that will fill the following four slots person
name, organization, old position and new position. They test the system by
applying two methods; method 1 is based on pattern matching without
heuristic information and method 2 is based on pattern matching with

heuristic information. And the result of the experiment was the following
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Slot & result Method 1 Method 2

Person name Recall 64.1%
precision 89.2%
Organization Recall 62.3%
Precision 92.1%
Old position Recall 64.5%
Precision 86.3%
New position Recall 68.3%
precision 84.5%

The authors conclude that the use

pattern learning will increase the efficiency of IE specially the Recall.

78.8%

87.2%

76.5%

89.3%

77.4%

84.6%

83.3%

81.3%

of heuristic information in addition to
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CHAPTER THREE
THE AMHARIC WRITING SYSTEM

3.1. INTRODUCTION

Ambharic was the national language of Ethiopia until 1983 E.C. Currently it is
the official working language of the Federal Democratic Republic of Ethiopia
and thus has official status nationwide and the official or working language of
several of the states/regions within the federal system, including Amhara and
the multi-ethnic Southern Nations, Nationalities and Peoples region. It was also
for a long period the principal literal language and medium of instruction in
primary and secondary schools in the country, while higher education is
carried out in English [30]. Currently, different Mass Medias like radio,
television broadcasts and the press are also using it for disseminating
information to the public.

[Outside Ethiopia, Amharic is the language of millions of emigrants (notably in
Egypt, US, Israel, and Sweden), and is spoken in Eritrea. It is written using a

writing system called fidel, adapted from the one used by Ge'ez language [35].

Geez has been a language of literature in Ethiopia up to recent time and is now

used for the liturgy of the Ethiopian Orthodox Church. Written Geez can be

th
traced back to at least the 4 century A.D. The first versions of the Geez script
included only consonants while the characters in the later versions represent

consonant-vowel (CV) phoneme pairs [30].

As a result of its wide application, currently, large Amharic documents are
compiled in electronic forms. Due to this, the amount of electronic Amharic
information is increases from time to time, thus, it is mandatory to perform a

task of NLP and utilize the knowledge that confined in natural languages.
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For the purpose of this research since Amharic texts are considered, it is
important to investigate the characteristics and morphology of the language.
Hence, under this section, the grammatical structure of the Amharic language

those are believed to be pertinent to the current research will be reviewed.

3.2. AMHARIC CHARACTER REPRESENTATION AND WRITING SYSTEM

Amharic has borrowed most of its characters from Geez and thus the Amharic
writing uses characters created by a consonant-vowel fusion. Sven vowels are
used in Amharic each of which comes in seven different forms (orders)

reflecting the seven vowel sounds (A AU A° A A@ A h). That is each of the 33

Ambharic characters has seven forms representing a consonant and a vowel at
the same time which makes the Amharic script syllabic. The first order is the

basic form and there are 33 basic forms giving 231 characters [31].

As examples, the symbolic representations of the seven forms of the Amharic

characters (i(be) and 1(ge) as shown in Table 3.1.

Cons 1st 2ndor 3rClor 4th 5th 6th 7th
onant | order | ger der order | order |order |order
0 (- 0. q 0. 1 n the seven forms of 0
0 NA |NMAa |[NA |[NA |[NA | Ba Consonant-vowel
representation
B4 bu bi Ba be B bo Represented sound
1 ) 2% B 2 P o the seven forms of 7
. s VAU | Th | Th Vh@ |1 Vh consonant-vowel
representation
Ga gu Gi Ga Ge G g0 Represented sound

Table 3.1 Seven forms of Amharic Characters Consonant
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3.3. AMHARIC PUNCTUATION MARKS AND NUMERALS

I. Punctuation

In Ambharic, there are different punctuation marks used for different purposes.

Among this, we discussed some of the punctuations those which are important

to this research.

e “vAtiT0:” (two dots) is used to separate two words, this punctuation was

commonly used in the old scripture but these days the two dots are

replaced with whitespace.

o “ActrrN="(four dots) is always take the place of the end of the sentence

e imAGZM(for :) is used to separate lists or ideas; it acts as just like a

comma in English. Connection

II. Numerals

The numbers in Amharic can be represented in three way; Arabic number

system, the symbols of the Ethiopic number system, and using words and

symbols of the Arabic number system.

Arabic Ethiopic Alphanumeric | Arabic Ethiopic | Alphanumeric

1 5 h¥29 20 a 79

2 3 U\t 30 a A

3 r »Ot 40 o ACO

4 0 hét 50 q AP [ UPA
P Aeot 60 & A /LA

6 7z neat 70 & AN

7 7 aat 80 i ((ChbA's

8 N age 7k 90 7 HMG

9 g Hn' 100 4 av-f

10 I anc 1000 £ ./ 0v

Table 3.2 Number Representations in Amharic
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In Amharic, fractions and ordinals also have their own way of representation.
Table 3.2 shows fraction and ordinal representations in Amharic. As numbers
are one of the information that is extracted in this research work its
representation in letters in Amharic text is important and it is presented in the

following table.

Fraction Amharic representation Ordinals Representation
Y Q970 1st A1

1/3 o ond AT

Ya 0l 3rd Pots

2/3 GATAL ) PO 4th PYARE

%a Otvk-Aets

1/10 Atet

2.X U0 10th YA

Table 3.3 Amharic Fraction and Ordinal Representation (Adopted from Tsedalu [6])

In Amharic dates can be written by using symbols in Arabic number system
like 19/07/2005 or using Ethiopic numeral representation and alpha-numeric

representations like ¢h-t+19/2005.

3.4. CHARACTERISTICS OF THE AMHARIC WRITING SYSTEM

As it was discussed in many literatures, the Amharic writing system has many
features, which may cause some problem from the perspective of computation

[2, 3].The next section deals some of them.

I. Consonants with the same sound: At the time of borrowing its script from
Geez, Amharic did not select consonants which are only important to its
writing system. As a result, in Amharic writing system, there has been found
different symbols with the same pronunciation and meaning (i.e., in Geez those
symbols are different in meaning as well as in spelling, which is not the case

for Amharic) and they have been used interchangeably [2, 3].
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As Getachew [31] noted, for the case of Amharic there is no defined rule that
differentiates their proper usage. In Amharic, these consonants with the same
sound falls into two categories: (1) the first and the fourth order alphabets of
the same base form having the same sound and (2) different alphabets with the
same sound. For the first case, for instance, it is not clear whether one should
write "727191" (‘religion) and"veit" since both "' and "0" have the same

sound. Those alphabets that exhibit such characteristics are listed in table 3.4.

1st order 4th order
v(ha) 7(h&)
h(ha) A(ha)
1(ha) >(ha)

A(a) h(4)

0(a) %(4)

Table 3.4 different forms of the base alphabet with the same sound

Similarly, table 3.5 shows lists of different alphabets that have the same
meaning and sound. Here, not only the base forms listed have the same sound
but also all the corresponding orders (6orders) of them have the same sound
too. For example, writing "0912" and "wi2" to mean "the sky" does not make
difference in meaning even though "d" and "w" are used interchangeably. The
same holds true for "427"" (eye) and " 027" although "A" and "0" are two different

alphabets with the same sound.

Alphabet Other alphabet with the same sound
v(ha) 7

((sd) w

k(&) 0

A(tsd) e

Table 3.5 Different alphabets having the same sound
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Moreover, a complex case comes when the same word appears to be in many
forms (more than two forms) by using interchangeably these alphabets having
the same sound. We can take "MMZ0AG", "1M427A0", "1M40A%" and " T4~7A%" as a
good example, which refers to the name of a person (Gebresilase). As all the
above discussion indicates, there arises some confusion and inconsistencies in
Amharic alphabet and as a result these redundant consonants add their

contribution to make the vocabulary to be large.

Also it is obvious that, spelling variations of a word would unnecessarily
increase the number of words representing a document which could reduce the
efficiency and accuracy of the system. During the pre-processing stage of
Amharic documents for this research, the different forms of a character that

have the same sound are changed to one common form.

II. Different forms of writing compound Nouns: In Amharic writing system,
there also exist different ways of writing compound words without affecting
their meaning (Bender and Ferguson, 1964) as cited by Bizuneh [33]. That
means, at one time the compound noun can be written as two separate
words and at another time as single word. For instance, it makes no
difference in meaning at all while writing the compound word @t(+" as one
word "Ot (1" which is to mean that "Kitchen". Additional examples of such

Nouns are mentioned in table 4.5.

Compound Noun

two separate words

as

Compound Noun as

single word

Its meaning in

English

0Lt 0Lt Dining room

NCLANh NCLNNN Blanket

N+t N+t Cooking pot (metallic)
(LFoPen (L FoPen Temple

Table 3.6 some examples of writing compound nouns in different ways

(adapted from Bizuneh [5])
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III. Different ways of writing the same word: This is a problem that exists
when the language has some words having different forms of writing
system. When we write English language word by Amharic characters, the
same word may have different spelling due to the reason of Pronunciation
[31].That means different peoples may pronounce the same foreign
language word in various ways, therefore, this makes spelling variation in
Ambharic writing system. The cause of the difference in the Ambharic
spellings of these foreign language words seems to be the difference in the
pronunciations of these words.

In many Ambharic vacancies announcement texts some of the words are
adapted from English languages, at this time, the writers write those words

in different spellings, due to the reason of what we discussed in above.

For example, the word “1-tPc g (Meteorology) is found to have 14 different
Ambharic spellings in the source data. Table 4.6 shows  examples of

spelling variation in the writing of foreign words in Amharic.

Foreign Word Equivalent Words in Amharic usage

T 408 TP AR L CN S, F TP S, TP C NP
TN APCAE VP CNE T CP AR VTP N TS PR
TYFCNE  TVFCP R TV EP COPE TV EP COE,
Telecommunication | EA6MLELNAT AR LN AT BANTL MO

Meteorology

Million TLAL IO T TLALTY

Table 3.7 some examples of word variation due to translation

IV. Different forms of writing Abbreviation: In Amharic, it is also found that
there is no consistency while spelling abbreviations. For instance, the
phrase "%ovt9°ult" can be abbreviated as "4.9°", "%9°" and "%/9°". Similarly,
the use of hyphen is also not consistent. The same word "%a»t+9°vit" can
also be written as "gev+-9°ult". Hence there should be a mechanism to

handle these problems while representing Amharic documents.
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3.5. THE MORPHOLOGY OF AMHARIC

As oxford dictionary define Morphology in this context “it indicates how the
words of a given language are formed”. Every natural language has its own
morphological structure and defines rules for the different components of the
language.

As we know Amharic is one of the morphologically rich languages. According to
Bender [32], like other Semitic languages such as Arabic, Amharic exhibits a
root-pattern morphological phenomenon. A root is a set of consonants (called
radicals) which has a basic lexical’ meaning.

A pattern consists of a set of vowels which are inserted (intercalated) among
the consonants of a root to form a stem. The pattern is combined with a
particular prefix or suffix to create a single grammatical form.

For example, the Amharic root sbr means ’break’, when we intercalate the
pattern "a "a and attach the suffix "a we get s"abb”ar"a ’he broke’ which is the
first form of a verb (3rd person masculine singular in past tense as in other
Semitic languages) [32].In addition to this non-concatinative morphological
feature, Amharic uses different affixes to create inflectional and derivational
word forms.

As it is discussed in [35] some adverbs can be derived from adjectives. Nouns
are derived from other basic nouns, adjectives, stems, roots, and the infinitive
form of a verb by affixation and intercalation. For example, from the noun II'g"
’child’” another noun 1I"gn"at ’childhood’; from the adjective d"ag ’generous’ the
noun d"agn”at ’generosity’; from the stem sInlf, the noun slnlfna ’laziness’;
from infinitive verb m~"asIb"ar to break’ the noun m~aslb"ariya ’an instrument
used for breaking’ can be derived. Case, number, definiteness, and gender
marker affixes inflect nouns. Adjectives are derived from nouns, stems or
verbal roots by adding a prefix or a suffix.

For example, itis possible to derive dlngayama ’stony’ from the noun dIngay
’stone’; zIngu ’forgetful’ from the stem zIng; s"an”af ’lazy’ from the root snf by

suffixation and intercalation.
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3.6. GRAMMATICAL STRUCTURE OF AMHARIC

3.6.1 WORD CATEGORIZATION IN AMHARIC

The words in Amharic are categorized under five basic categories by Yimam

[33] that uses the morphology and position of the word in Amharic sentence as

criteria. These five categories are a9°(noun), <n0(verb), <¢éd (adjective),

t+a-anan(Adverb) and o0 PLL (preposition).

I.

II.

Noun: a word will be categorized as a noun, if it can be pluralized by adding
the suffix af and used as nominating something like person and animal. It
is used as a subject in a sentence.

Pronouns, which were considered as independent category in the previous
works by the linguistics professionals is categorized under nouns after
considering the unique nature of the language as the earlier linguists just
adopt the English language structure for Amharic language.

The following are some of the pronouns in Amharic 2v, £, A, AOP, Az, A7t
A7TF...;quantitative specifiers, which includes A7&, A797&, i, P&+, AMP...;

and possession specifiers such as ?ak, A7t, PAdt.

Verb: any word which can be placed at the end of a sentence and which
can accept suffixes as /v/,/v/,/T/, etc. which is used to indicate
masculine, feminine, and plurality is classified as a verb.

For example in “A00 470 184”7 “124” is a verb since it appears at the end of

the sentence.

III. Adjective: is a word that comes before a noun and add some kind of

qualification to the noun. But every word that comes before a noun is not
an adjective. For it to be an adjective it should also satisfy the condition

when the word “0M¢°” is added to it, it should be meaningful.
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For example “td# 019” in this example “tA$” is an adjective to check it really
is an adjective adding the word “0Mg°” before the adjective if it is meaningful
it is an adjective if not is isn’t an adjective. In this case it is meaningful and

“ra¢” is an adjective.

IV. Adverb: a word that qualifies the verb by adding extra idea from time, place
and situations point of view. The following are adverbs in Amharic +¢7t, 19,

Hé, i, 9275, héG, A1L15and 19°% .

V. Preposition: a word that doesn’t take any kind of suffix and prefix, that
can’t be used to create other words and which doesn’t have meaning by
itself but can represent different adverbial roles when used with nouns. The

different propositions include hiA:@L:NAA%L. .. 00+

3.7. SENTENCES IN AMHARIC

As discussed in [17] a sentence in Amharic can be a statement which is used to
declare, explain, or discuss an issue. The combination of phrases to create
another phrase that can express a full idea on something is a sentence.

When Amharic sentence is viewed from grammatical structure point of view it
is a combination of noun phrase and verb phrase. The noun phrase comes first
and then the verb phrase. Based on the number of phrases they contain
sentences in Amharic are categorized under two basic categories simple
sentence and complex sentence. Simple sentence only contains a single verb
while complex sentence is constructed by combining more than one noun

phrases and verb phrases.
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CHAPTER FOUR
DESIGN AND IMPLEMENTATION OF AVATIES

4.1. INTRODUCTION

This chapter can be considered as the central part of this study. Based on the
assumptions and approaches discussed in chapter two and the syntactic
property of Amharic reviewed in chapter three, this chapter discusses the
propose IE for Amharic vacancy announcement text Model (Figure 4.1), the
main components of the model along with their subcomponents and the
interaction between the main components.

Afterward, the Amharic text Information extraction prototype system that is
developed based on the proposed model, the resources and algorithms used in
the three main components of the system and how the candidate texts for

extraction are identified from unseen AVAT are also discussed.

4.2. PROPOSED MODEL

The model, which is used to design IE for AVAT is developed by the researcher.
The main reason that required for designing new model is: first the
unavailability of any effective IE model for Amharic language and specially for
this domain, even though there is a one model which was designed by
Tsedalu[17], it is not fully applicable as intended for this domain, because the
researcher has designed the model by making compatible only for his targets,
that mean his intention was only extracting the nominal and numerical data
from infrastructural news type. likewise, other models, those are developed for
other language most of them are used machine learning approach, they
employed different natural language processing tools such Sentence Parser,
Part of Speech tagger (POS), Named Entity Recognizer (NER), Co-reference
Resolution and others. Even though some of the NLP systems for Amharic
language have been conducted by some researchers, as we have said in section

1.6, they are not fully available and might not easily applicable.
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Due to this and other reasons the researcher decided to develop a new model
for this study rather than simply adopt the one which is already designed for

other language and domain.

Johannes [1] acknowledged that, every IE system has three basic components
which are the linguistic preprocessing, learning and extraction and post
processing regardless of the approach, language and domain on which the IE
system is developed for. In addition to these three components other
subcomponents are also included in each of the main components.

The model which is designed in this study is also has the three major
components and these three main components also contain different
subcomponents which are language specific and general subcomponents that

are required in IE.
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Data preprocessing

Tokenization

Word Normalization

[ Character Normalization ]

Stopword removing

ARV WIANTIAW

| J
p . Post prepossess
Number Normalization
) g > [ Data formatting ]
'd ~\
Transliteration
| J

- Formatted

Extracted Data

Learning and extraction

[ Part of speech tagging ]

[ Candidate text selection ]1—

[ Candidate text ]

Fig 4.1 AVATIES model

In the following subsections the three components of the model will be

discussed.
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DATA PREPROCESSING

Preprocessing is an important part of all text processing. In the preprocessing
stage file formats, character sets, and variant forms can be converted, so that
all text, regardless of its source, is in the same format. In later stages all
further processing can then be consistently applied to all of the data.
Preprocessing must ensure that the source text be presented to NLP in a form
usable for it. For example, NLP programs usually need their input to be
tokenized, i.e. text elements usually word forms or sentences are identified and

placed on separate lines of the input.

In the data preprocessing stage a language specific issue such as tokenization,
normalization, stop word removal and transliteration are addressed in this

study.

I. Tokenization

It is generally known that; tokenization is an important step in NLP particularly
for information extraction system. As we know there is no single right way to do

tokenization. The right algorithm depends on the application.

In this study, words are taken as tokens. All punctuation marks (except “/”),
control characters, and special characters are removed from a text before the
data is transferred for further process. / (VHac) the Amharic slash has its own
role during text normalization, due to this; it would not be removed during this

process.

The tokenizer, which is adopted for the purpose of this study is used the
following punctuations more prominently, such as = (Aé 11701) the Amharic full
stop and ® (imA a4H) the Amharic comma for tokenization process, because they

are the most commonly used punctuation marks in the AVAT.

The: (A<t '1170) the Amharic full stop is used for identifying the sentence
demarcation and (imA AZH) the Amharic comma is used to separate different

text segments which mostly are related.
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When these punctuations are found in a text a single space would be added
between the word and punctuations by the system. The tokenizer then
tokenizes all the text segments which have space between each other as
independent token. The algorithm which we used in this study for tokenization

is as shown below.

Read raw corpus
While (sentences! =null)
String PUNCT = “$# { [[:!\"%&/?-*()_+,\t\n 2
While (string! =PUNCT) do
Concatenate characters in the string

Break the string

Figure 4.2: Tokenizer Algorithm

II. Character normalization:

It is generally known that, in Amhric writing system different characters with
the same sound are available. These different symbols must be considered as
equivalent because they do not cause changes in meaning in [E system.
Though from the lingustics view this character variation might be have
meaning, they need to be normalized when developing IE system for Amharic
language, because spelling variations of a word would unnecessarily increase
the number of words representing a document, which could reduce the

efficiency and accuracy of the system.

The letters such as v, 1, ¥, M, A, » and A, 0 and A, ¥ and A, 8 and &, are the
characters with the same meaning and pronunciation but different symbol. this

character variation also exists in most of AVAT.

These characters should be normalized to a single characters like w to 0 and 1,
and  to U and 0 to & as well as their orders (w, v, “i, etc. to 4, &, A, etc.)

consequently.
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In addition to this, we further investigated and found that some other orders of
the letters should also be normalized. For example v, -1, 4, 7, », and  should be
normalized to v. Using these characters as they existed in the document will be
considered as different from one another in the training and testing of IE

system.

Read raw corpus
Read list of similar charactors
String = each token in raw corpus
Char = each charactor in list of similar charactors
For String
For char
If string == char
Normalize string
Else continue
End if
End for

End for

Figure 4.3 Charactor Normalizer Algorithm

Characters with the same sound Normalized to
ARG

hidvichichichithich VB AL BV
EIEN R TR E S T E Y

WP IO I TOYT Ty I e L H OH (o
0:6~11.:9:%:0:2 A& IR 1%1%1%12
[UHHS T He S Hid KiAIATAThIRTA

Table 4.1 Amharic Characters which have different symbols but similar

sound




III. Word normalization

In Amharic language the one foreign could write in different Amharic writing
system due to the reason of pronunciation. That means different peoples may
pronounce one foreign language word in various way, therefore, this makes
spelling variation in Amharic writing system.

In AVAT also some foreign language those adapted from English languages
word is identified specially on job position and organization name of the
vacancy announcement, as a result of this, the tendency for word variation in

AVAT is became high.

For example, the word “%tcag (Meteorology) is found to have 14 different
Ambharic spellings in the source data. Table 4.1 shows examples of spelling

variation in the writing of foreign words in Amharic.

In designing any IE system such word should be normalized to the one word
which can represent all synonyms words adequately. Some of the common

words those found in AVAT are listed in table 4.2 with their normalized word.

Moreover, in Amharic writing system different words or phrases can be write
using different abbreviation which can represent the word in shortest forms.
For example o204f (Lt can be reprerseented by oo/(+ and 7A&rk ¢+@0T P90 “TWNC
can be reprerseented by 7.+.29.97WN0C or 7/¢t/?1/“W0C or YA/¢t /21 / W0C etc. So
such abbreviations those found in our data set must be normalized or
converted in to formal Amharic writing way, because they have an impact on
extraction of candidate texts, since our proposed system approach is a rule-

based, which used context information of the candidate texts.
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Read raw corpus
Read list of similar words
String = each token in raw corpus
simword = each word in list of similar words
For String
For simword
If string == simword
Normalize string
Else continue
End if
End for
End for

Figure 4.4 word Normalizer Algorithem

Equivalent Words in Amharic | Normalized to
usage

T8, TP R T C NS E

T EPCAE UL COSTUEPCAE

P AR I CPAT TP (B TVHCE,

TSP TR, T C PN TP IS

EPCNE,

BOLTLRINAT AL LAY AR AT | ALl LR AT
TALTE TLOSTE TLALT TLALT

BT BN OO

'¢.C {14,C

A/A A0 ANN
A/TNC, h.7N0C, A7 A7 7N0C
+/04 /0 0 +IPuCt Ok
7.0+.29.900C, 7/ /29 /T0C, 7447k 1@ 20 TTU0C
7.0 /991, Y.04.09. 0070, YA 0.0 700C
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/0 PV
/A28 f1d- AONEE

Ot/ 008 PTIUCT 8LE
RN TS TAL Toed
La@-/ PAD- PAT
e-tavlp [T etavip Otavl bt
.k, 0/® adh &7C
(L/KT&TC (L20C hT&THC

L/ AN 77T (L2PC ANOIF 7T
./ a°Y748.0 A.20C 77740

Table4.2. Amharic words those are normalized

IV. Number normalization

In amharic vacanncy announcment text there are diffrent entites which are
represented by number, among these salary is the one.

There is no any standard for writing numbers in Amharic; someone may write
by using only Arabic numerals, others may write by mixing both Ethiopic
numerals with Arabic numerals. For example in most of the AVAT the salary
8000 birr is written as “8 Av 000 or 8,000.00 or a%*rr Awv birr. This

representation in the AVAT causes problem during information extraction.

The number Normalizer changes all above listed of number representation in to
their equivalent number representation. For example “8 d.v 000” or “8,000.00”

or “09*rt A.v” birr will be normalized in to 8000
V. Transliteration

The dataset used in this research is published using the Ethiopic script with a
variety of fonts. For the purpose of POS tagger that employed in this study, our
dataset is changed in to Latin equivalent characters by using transliteration

which is called GeezSERA 1.0 (published by Gasser[40]).
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GeezSERA 1.0 is a system for ASCII representation of Ethiopic characters. This
system support for romanizing Geez and geezifing romanized forms of African
Semitic (Ethiopian Semitic) languages. Currently supported languages:

Ambharic, Tigrinya, Silte.

By default, romanization makes use of a modified version of the SERA
conventions for romanizing Geez. Differences from standard SERA are as
follows:

!

I. Words beginning with & have '... instead of I... This is consistent with the
representation of other characters and is a better reflection of the phonetics
of Tigrinya.

II. Words beginning with other characters in the A series begin with ' as well:
ACt&ha -> 'ortodoks

III. The vowel in the characters A 0 U h 1 is "a" rather than "e", and the default
form for geezifying combination like "a", "ha", etc. is the first (Geez) form:
ALLAP® -> 'aydelem v1C, 71C -> hager hager -> v1C

IV. * is replaced with ” in "s, "h, and °S. This prevents ambiguity when the

consonsant " is followed by s, h, or S, as it can be in Tigrinya: ...o0..., etc.

While there is no single agreed-on standard for converting Ge’ez script to Latin
text, the GeezSERA 1.0 (Michael Gasser), which represents Ge’ez characters
using ASCII characters is common in computational work on Ge’ez script and

is used in this paper.

VI. Construction of general purpose stopword list

Like any other any other language Amharic writing system also contain
different stopwords include prepositions, conjunctions, and articles. Even
though these words are important in writing a document, they haven’t

advantage in designing NLP system.
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Using these words in a dataset as it is have an impact on the performance the
system, which mean, they would degrade its running speed and take much
memory space while running. Due to this, removing stopwords from a dataset

is necessary so as to reduce file size and processing time.

In this research, inorder to generate most common frequent stopwords from
vacany announcment, a Python program was written to generate a Amhaic

stopword list consisting of pronouns, prepositions, conjunctions and articles.

While in establishing a general stopword list, first we generate all the word
forms appearing in a dataset are sorted according to their frequency of
occurrence and the top most frequently occurring words are extracted, and
then this list was examined manually to identify important word, for example
the word “A%°&” ranked at the 2nd position on the list and “?0¢” ranked at the
3rd position on the list but, these terms have their own role in extracting

candidates from AVATS.

Finally, some non information-bearing words were included manually by the
researcher even if they did not appear in the first top most frequent words. For
example, various personal or possessive pronouns such as "&CEIF7",

prepositions "07A" and conjunctions "0t 14" were added.

VII. Sentence splitting

The Sentence Splitter module exports a simple sentence splitter for English.
Given a string, assumed to be English text, it returns a list of strings, where
each element is an English sentence. By default, it treats all occurrences of '.',
'?" and 'I' as sentence delimiters, but does its best to determine when an
occurrence of '.' does not have this role (e.g. in abbreviations, URLs, numbers,
etc.). Although this splitter is effective for English writing system, it is
immposible to adapt straightforward to Amharic languages due to the

punctuation marks difference from English writing system.
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As aresult of this, the researcher developed a new algorithem for the puropse

©,.9
H

this reasearch and the (he~t 110) used as sentence delimiters. It is important
to emphasize that, this is a simple program is written only by considering only
one punctuation mark,which is “#” (¢t 170 it didn’t take in to consideration
the other punctuation marks used as asentance delimiter in other document
like “?” and “!”, because, they are not recognized in AVAT as sentence

delimiter.

Read raw of corpus

Char last = “=”

While (corpus !=null)

While (string != last)
Concatenate string

Break the string

Fig. 4.5 Sentences splitter Algorithm

LEARNING AND EXTRACTION COMPONENT

This component is the fundamental part of our proposed model, which mainly
deals with candidate texts. It uses the output of document preprocessing
component as an input. The extraction and learning component also comprises

different subcomponents that are used to make the data ready for extraction.

I. Part of speech tagger:

At this stage the tagger is going to assign a POS tag to each token. POS taggers
have been applied to assign a single best POS to every word in a dataset. There
are different part of speech tags of set in Amharic writing system, but for the
purpose of this study we used 12 such as noun, noun phrase, verb, verb
phrase, adjective, adverb, prepositions, punctuation, numeric, conjunction,

verbal noun and noun consonant.
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Since there is no POS tagged corpus available for AVAT the dataset was
selected; preprocessed and 20 % from total words are manually tagged to train

the POS tagger.

II. Candidate text selection:

Once the POS tagging process completed the next thing is identifying the
possible candidate texts that would be extracted from the AVAT. The name of
the organization, job position, Qualification, and agreement and the numbers
which can represents salary, experience, number of people needed, phone and
deadlines are considered as the candidate text, since the main motive of this

research work is extracting such information from AVAT.

In order to identify and select the name of organization and job position in a
AVAT text, Gazetteer is incorporated with the prototype system. The Gazetteer,
which comprises list of different organization and job position names under
consideration. The other candidates such as Qualification Salary, Agreement,
Year of Experience, and Number of people needed, Deadline, and Phone are

selected by analyzing their feature words.

New algorithm is developed, which used to extract the features of each
candidate. The followings features are going to found: The current candidate
word, previous/following of candidate word, the word before/after the previous
/following word, POS of the above listed words, and the token category of the

candidate token.

Finally after the candidate texts are identified from the dataset, they are tagged
accordingly to their attributes. Here are the tags; those are used to tag the

candidates:

<ORG> for organization name

<POS> for job position name

<QUL> for expected qualification in that position
<EXPER> for year of experience

<SAL> for salary
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<AGREEMENT> for job Agreement
<NEED> for number of people needed
<DEAD> for deadline

<PHONE> for telephone

Read raw of corpus
Read gazetteer which contain list of organization name
Read gazetteer which contain list of position name
vacancy = each vacancy in raw of corpus
sting = tokens in vacancy
org = each organization name in gazetteer
pos = each position name in gazetteer
For vacancy

For string

If org == string

Tag the organization name by <ORG> at the beginning and
</ORG> at the end of the organization name

End if
End for
For string
If pos == string

Tag the position name by <POS> at the beginning and </POS>
at the end of the position name

End if
End for
If string == “17” and string + 1 == “<ADJ>"

Tag at end of the next word by <NEED>
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If string == “P¢7C” and string +1 == “<NP>” and string + 2 == “v37"”
If string == “PP7C” and string +1 == “<NP>” and “Ae”
Tag at end of the next word the by <AGREE>

If string ==“€o7@7” and string+1 == “<VN>” or string == “€7°1” and
string+1 == “<VN>

Tag at end of the next word the by <SAL>

If string == “Ao7»7” and string +1 == “<NUMP>” and string +2 ==
“hi.f” and “<PRONP>” and “f116”

Tag the word befor “Ao»7” by <EXPER>
Tag the word after “Ao»+” by </ EXPER>

Elseif string ==“4o77” and string +1 == “<NUMP>" and string +2 ==
“Pac”and string +3 == “<NP>” and “A9°£”

Tag the word befor ”Ao?»1” by <EXPER>
Tag the word after "Ao»+” by </ EXPER>

Elseif string ==“A#»7” and string +1 == “<NUMP>" and string +2 ==
“Pacs”and string +3 == “<NP>”

Tag the word befor “Ao?»7” by <EXPER>
Tag the word after "Ao»+” by </ EXPER>
End if

If string == “+h7:76” and string +1 “<ADJ>” and “fic"and string +2
== “<NP>” and “#97”

Tag the word befor ” 7h74.6” by <DEAD>
Tag the word after ” #57” by </ DEAD>

Elseif string == “rh77€” and string +1 “<ADJ>” and string+2==
“¢q"7'”

Tag the word befor ” 7h74.6” by <DEAD>
Tag the word after ” #57” by </ DEAD>
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Elseif string “fie”and string +1 == “<NP>” and “#97”
Tag the word befor ” 7h7+7.6” by <DEAD>
Tag the word after ” #57” by </ DEAD>
End if
If string ==“0&h” and string+1 == “<N>” and “#¢7(”
Tag at end of the next word the by <PHONE>
Elseif string == string ==“fih” and string+1 == “<N>” or “ovzg”
Tag at end of the next word the by <PHONE>

Elseif string == “dldm” and string +1 ==“o2£8” and string+2 ==
“<N>” and string +4 ==<NUMCR>

Tag at end of the next word the by <PHONE>

End if string == “P79°Uci”and string + 1==<NP> or “14.47” and
string + 1 == <ADJ> and

If string == “€<&”and string +1== <ADJ> or “7n=4” and
string +1== <ADJ>

Tag the word after “€£2” by <QUL> or
Tag the word after “Fa<#” by <QUL>
Elseif string == “Ptoo2#7” and “<PUNC>”
Tag at end word “Ptoec#7” by </ QUL>
Elseif string == “47” and “<PUNC>”
Elseif string == “474-77” and “<PUNC>"
Tag at end word “4 7477 by </ QUL>
Elseif string == “fct4h7” and “<PUNC>”

Tag at end word “nctht” by </ QUL>

End if
End for

Fig. 4.6 Candidate text identifier and tagger Algorithm
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III. Candidate text extraction:

Once the intended candidates are identified and tagged in candidate text
selection phase, extraction of those candidate texts are done consecutively to
their category. The other data those not selected by the system as a candidate
text from AVAT would be discarded. A rule-based algorithm is developed, which
aided to extract such a tagged candidate texts from a dataset. Here is an

algorithm:

Read raw of corpus
Vacancy = each Vacancy in raw of corpus
String = each tokens in vacancy
For string
If string is tagged by <ORG>
Hold the position
While( string != </ORG>)
Print the string
Increament string
End while
End if
If string is tagged by <POS>
Hold the position
While( string != </POS>)
Print the string
Increament string
End while
End if
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If string is tagged by <EXPER>
Hold the position
While( string != </ EXPER>)
Print the string
Increament string
End while
End if
If string is tagged by <QUL>
Hold the position
While( string != </ QUL>)
Print the string
Increament string
End while
End if
If string is tagged by <DEAD>
Hold the position
While( string != </ DEAD>)
Print the string
Increament string
End while
End if
If string is tagged by <SAL>
Print the token
Elseif string is tagged by <NEED>
Print the token
Elseif string is tagged by <AGREE>
Print the token
Elseif string is tagged by <PHONE>
Print the token
End if

Fig. 4.7 Candidate text extractor Algorithm
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POST PROCESSING

This is the last component of the proposed model. After the relevant
information has been founded by applying the extractor algorithm on the given
dataset the extracted candidate text fragments are assigned to the
corresponding attributes of the target structure and store them in the database
according to the predefined format of the database slots. In this research work
the nine attributes that are extracted are stored in the table as follows. Thus
the main function of the post processing component is to arrange the format
and store the extracted data in a database, so that, it will be flexible for data
mining or any other application which want to use the data.

The extracted candidate texts are also normalized according to the expected
format, since, some identified facts may appear in text more than once and

there might be violation the properties of the database.

THE PROTOTYPE SYSTEM

As we have supposed in above, once the candidate texts are extracted and
stored in a database it is easily applicable for different applications. For the
purpose of this research the prototype system which called AVATIES (Amharic
Vacancy Announcement Text Information Extraction System) is developed to
facilitate a user search in regarding Amharic language vacancy announcement.
For the development of the prototype AVATIES Microsoft visual basic
programming and Microsoft SQL server 2008 are employed. Visual basic
programming was also employed while in developing algorithm which used for

accessing data from database. The following figure 4.8 shows AVATIES.
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CHAPTER FIVE
RESULT AND EVALUATION

5.1. INTRODUCTION

Natural language systems are designed and developed to perform specific tasks
as required and expected by users or other systems. A machine translation
system is expected to give a correct translation for a given input. An
information retrieval system (search engine) is expected to retrieve correctly
ranked relevant documents and part of speech tagger is expected to assign a
correct tag to a given instance of a word. Similarly, Information Extraction

system is also expected to extract the right information from a text.

In general, for a given input, the NLP system is expected to give a correct
output. What constitutes correct output and how we can measure it is,
however, not an easy task and so is an active area of research in natural
language processing. For example, given that two human translators do not
translate the same Amharic text into the same English text, how can a
translation produced by a machine be measured for correctness? The answer is
not trivial. Similarly, how can we measure the correctness of information
extraction system, which is naturally an easier problem than machine
translation? Apart from output correctness, there are other issues to raise
about NLP systems: how easy are they to use by non-experts, how well do they
plug into other components, can they be ported and maintained by someone
who did not participate in the system development? Therefore, raising one or
more questions of accuracy, user-friendliness, efficiency, modularity,

portability and robustness is important depending on the purpose.

Evaluation is the process of measuring one or more of the above qualities of an
algorithm or a system. It has an important role in natural language processing

for both system developers and technology users.
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With evaluation, system developers are much better equipped with the
knowledge of what components to improve in the system in order to achieve the
desired goals. It helps researchers communicate their results and compare
them with previous research work. For users, evaluation provides them with
the necessary information they need to easily compare alternative systems and
choose the one that meets their requirements.

In this section, we will discuss the kind of evaluation methods used in

reporting and analyzing information extraction results.

5.2. EVALUATION METRICS

In this thesis, we will do mainly an intrinsic, black-box and automatic
evaluation. We evaluate the different information extraction algorithms as
isolated systems (intrinsic). Within the isolated system, we are going to do
black-box evaluation as we will only compare the outputs of the system for

given inputs with the gold standard.

The most commonly used evaluation metrics in information extraction are
accuracy, error rate, precision, recall and f-measure.

Accuracy is the ratio of the number of correct outputs to the total number of
outputs for given inputs. Error rate is the ratio of errors to the total number of

outputs.

Mathematically,

Accuracy = number of correct outputs/ number of total input-output pairs

Error rate = number of incorrect outputs/number of total input-output pairs

Precision and recall are concepts first widely used in evaluation of information
retrieval systems.

In IR, precision is defined as the number of relevant documents retrieved by a
search engine divided by the total number of documents retrieved by that
search, and recall is defined as the number of relevant documents retrieved by
a search divided by the total number of existing relevant documents including

those which should have been retrieved.
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Precision and recall can be used in evaluating information extraction as well. In
this case, precision is the number of items correctly labeled as belonging to the
class of interest (true positives) divided by the total number of items labeled
correctly or incorrectly as belonging to that class (true positives + false
positives). Recall, by contrast, is the number of items correctly labeled items
(true positives) divided by the total number of items that actually belong to the
class which includes items not correctly identified as belonging to that class
(false negatives).

Mathematically,

e (6.1)
TP
e (6.2)

Precision and recall are inversely related. When one is increased, the other
decreases. For example, in information extraction, if we are focusing on
organization slot and all organization are extracted correctly, and then we get a
100% recall, whereas the precision decreases significantly as there are many
organization are not extracted correctly.

Usually, precision and recall are combined to give one value called the f

measure. The f-measure is the weighted harmonic mean of precision and recall.

Mathematically,

Equation 6.3 is the harmonic mean of precision and recall, where both

measures are given equal importance.
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5.3. THE DATASETS

It is mentioned that in section 1.4.2, in order to design a robust IE system, a
variety of training data is required to ensure existence of intended candidate

entities in each vacancies.

The dataset used for this work was AVAT acquired from the “Ethiopian
reporter” newspaper published in Amharic twice in week. For the purpose of
this study, 116 AVATs that contain in general 10,766 words were selected
purposely with different range of vacancy announcements. There dissimilarity

is based on the organization of who is posted the vacancies and the type of

vacancies.
Training data | Test data
Number of vacancies 82 34
Number of word (tokens) 8,046 2,720
Number of organization data 82 34
Number of job position data 82 34
Number of qualification 82 34
Number of salary data 78 32
Number of people needed data | 62 26
Number of experience data 76 29
Number of deadline data 82 34
Number of phone data 69 28

Table 5.1 the Statistics for dataset used
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5.4. EXPERIMENTAL RESULT AND EVALUATION EACH COMPONENT OF
OUR SYSTEM

5.4.1. EXPERIMENTAL RESULT AND EVALUATION OF NORMALIZATION

The performance of our system has been evaluated before and after document
normalization. The experimental result showed that document normalization
has a significant effect on the performance of the system. Consider figures 5.1

and 5.2 to see the impact of document normalization:
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Figure 5.1 Before Normalization
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Figure 5.2 After Normalization.

The above two figures; Figure 5.1 and 5.2 showed a sample result of candidate
texts for AVAT. As the first result illustrated that, for a single AVAT, the system
considered only four data as a candidate text for that vacancy announcement,
but in the second result, the candidate texts are augmented in to seven for the
same vacancy announcement, this is due to normalization. Thus, before

provided any type AVAT to AVATIES, it should be normalized.

5.4.2. EXPERIMENTAL RESULT AND EVALUATION OF STOPWORD
REMOVAL

As discussed in section 4.3, using stopwords in dataset as it is has an impact

on the performance of the system.

Datasets Before stopwords are removed | After stopwords are removed
Time Time
2:42 min 1:36 min

Table 5.2. Effects of stopword removing on the running speed of the system
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As Table 5.2 shows that running speed of the system is increased by 1.06
minute than before stopwords were removed. Still the running time indicated
that it could improve, if all unnecessary words are removed. Nevertheless, in
this research, it is impossible to say all stopwords were included, when

stopword list is constructed.

5.4.3. EXPERIMENTAL RESULT AND EVALUATION OF TRANSLITERATION

It is discussed in section 4.3, the main reason why we used transliterated
dataset is POS tagger that we used in this study is works only for Latin
characters. Once the dataset is tagged, it should be re-transliterate or back to
gee’z type, before it is going to another processing step. So in order to do this,
another algorithm is required. For the purpose this research, two types of

transliterater was tasted.

Latin document | Correctly re-transliterate | Incorrectly re-transliterate
words words

Number of word 205 1958

Table 5.3 experimental result of transliterater that developed by the researcher.

Latin document | Correctly re-transliterate | Incorrectly re-transliterate
words words

Number of word | 2138 67

Table 5.4 experimental result of transliterater that developed by Gaser

The experimental result shows that the second one could score 97.3% accuracy
and the second transliterater shows 9.3% accuracy, due to this, the second one

is chosen for this research.
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5.4.4. EXPERIMENTAL RESULT AND EVALUATION OF PART OF SPEECH
TAGGER

Now a days, there are different types of NLP tools are available, though, not all
tools are fully relevant for Amharic language. Among this POS tagger is a one
tool which is commonly used in designing most of natural language proceeding

system [36].

For the purpose of this study two statistical POS taggers were tested, the first
one is Brill POS tagger for Amharic language, which was developed by
Gebrekidan [36]. Bigram POS tagger is another tagger that we have tasted in
this study, which is developed by Abebe [37].

Correctly tagged Incorrectly tagged
Number of words 1565 640

Table 5.5 Experimental result of Bigram POS tagger

Correctly tagged Incorrectly tagged
Number of words 1962 243

Table 5.6 Experimental result of Brill POS tagger

From the above table what we can understand is Brill POS tagger has 89.5% of
accuracy and Bigram POS tagger has an accuracy of 71.4 %. Hence, the

researcher selected and used Brill POS tagger for tagging the dataset.

The researcher had tried to tag the correct part of speech tags for each word
manually for those that are incorrectly tagged while in part of speech tagging

process using Brill POS tagger.
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5.4.5. EXPERIMENTAL RESULT AND EVALUATION OF PROTOTYPE
SYSTEM FOR CANDIDATE TEXT EXTRACTION

Evaluation of candidate text extraction may seem relatively straightforward:
first preprocessed a datasets then tagged with POS; the candidate text
extraction is run on this dataset; we count correct, missing, and spurious
candidates (as we did for part of speach tagging) and then compute recall,
precision, and F measure. Understandably, the scores will depends on the

dataset and the set of candidate text types.

5.4.5.1. EXPERIMENTAL RESULT AND EVALUATION OF ORGANIZATION
AND POSITION EXTRACTION

It is obvious that, placing organization name and position name is obligatory
for any type of vacancy announcement. Extracting these candidate texts with

other candidate texts from AVAT was the main objective of this study.

Two algorithms have been tasted to handle and extract organization and
position candidate texts from AVAT. The first algorithms is based on feature
words or context information, which means extracting candidates based on the
neighborhood features words those can express the name organization and
position. Gazetteer based identification and extraction was another algorithms
that the researcher had tested. We evaluate the performance of our system for
identification and extraction by using two known evaluation mechanisms in
NLP, they are Recall and precision. In this case, Recall is the proportion of
candidate texts which are extracted correctly over the total number of extracted
candidates for each slot in the test dataset. Likely, precision is the proportion
of candidate texts which are identified and extracted correctly over the number

of identified and extracted for each slot in the test dataset.
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Recall Precision F-measure
Organization 47.8 64.4 54.8
Position 36.9 56.2 43.19

Table 5.7 Experimental result of context information based Algorithm for

Organization and Position extraction

Recall Precision F-measure
Organization 100 100 100
Position 100 100 100

Table 5.8 Experimental result of gazetteer based Algorithm for

Organization and Position extraction

The experimental result showed that integrating gazetteer with organization
and position extractor algorithm could have an ability to improve the

performance of the system.

The main reason why feature based organization and position identification
and extraction algorithm was not good as gazetteer based algorithm is that: in
different AVAT both organization and position presented in several ways, which
means their presentation likeness from one AVAT to another is very rare.
Therefore, it is not possible to handle and discover all those various ways of
representation based on feature words or context information. As a result of
this, the second algorithm was not that much effective in identifying and

extracting organization and position name as gazetteer based algorithm.
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5.4.5.2. EXPERIMENTAL RESULT AND EVALUATION OF OTHER CANDIDATE
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Fig 5.9 Experiment result of the rest candidate text extraction

The candidates such as “Salary”, “Number of needed people”, “Agreement” and
“Phone” are provided the best performance. It might be due to the facts those
used for representing these candidate texts in AVAT usually uses the same
pattern: For example, job agreement is presented in most of the time in the
fowllowing format: <¢$1C v-3> or <PPTC ALrF> expected word are “0koLrt”, “®o9”,
“Onrret”, “Drret”.

The worst performer was “Quliifcation” and “Deadline” slot. The main reason
was over generalization in specific selcetion rule: "¢t9°uct L48" * "¢tavid @LI°
ptravsdt and <PUNC>" or “téA1 Toed” * “49¢ and <PUNC>". This rule is meant to
match “etPuct 4% heucat 0TS ATARN “IEoert  (ANSThA Ok 404 Ptavdd
og etavlet  <PUNC” and  “téAl Foed Qhh@ 7t favgavgf  £94 <PUNC>”
rspectively but it also matches the wrong sentence like “NAh@- 71791 favEavse 4214
LA@” or “&°16 PA@-”. We need to inspect more vacancy announcement documents

in order to refine selection rule and to improve our system performance.
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Generally, the result of experiment shows that, our system can still be
improved. Although this algorithm shows good result on precision, that is
79.56%, a cumulative recall is lower at 66.6% and F-measure was 71.7%. Low
recall is common in most of IE. Using job domain document, RAPIER Calif [10]

had precision 84% and recall 53%.
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CHAPTR SIX
CONCLUSION AND RECOMMENDATION

6.1. CONCLUSIONS

In this study we presented the first rule-based IE system for AVAT. The

following conclusions are drawn from the experiments with regard to the

research questions:

>

The results obtained from experiments shows 79.56% precision and
66.6% recall on 34 AVAT test dataset.

Contextual features (previous, next word, two word previous, and two
words next to current word) along with POS of each word are very useful
for AVATIES to predict candidates in a text.

Absence of contextual word for some candidates in a dataset is the major
problem, since the algorithm extracts candidate texts based on this
feature.

The AVATIES does not give similar accuracy on different datasets. The
accuracy depends on the features found in each candidate. Some
candidates may contain similar feature words, that incorporated within
the rule and other may contains feature words out of these, therefore
their accuracy may differ depending on the test dataset.

The experiments have been carried out on each component of a system
separately, in order to evaluate them individually. Based on the result,
candidate text selector algorithm has shown less accuracy as compared
with other components, this due to lack of adequate rules or feature
words for each candidate text.

Extracting candidates is a challenging task in rule-based algorithm,
because one candidate text may appear in various ways in different
AVAT. In this research various rule was tried to incorporate in candidate
text selector Algorithm, which used to identify candidate text in AVAT.
So, we can confidently say that it is promising to develop an IE system

using the knowledge engineering approach.
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6.2. RECOMMENDATION

The IE system proposed in this research work is not complete it requires
different improvements to make the system more robust and to be used at a

large scale. The following recommendations are forwarded for future work:

» The dataset used in this system is only from one newspaper. Using a
sizable dataset from different newspaper could possibly help to get
diversified rules and improved performance.

» Further research is expected on different IE tools, such as sentence
Parser, POS, NER, and Co-reference Resolution for Amharic language to
develop an effective IE system.

» It would be interesting to implement a statistical algorithm to identify
and extract candidate texts and test to see how it performs for AVAT.

» According to Ekbal and Bandyopadhyay [39] in order to design effective
IE system, NER is an irreplaceable tool. A gazetteer, which contains
different names collected from the AVATs and other sources, is used. For
recognizing names, using automatic named entity recognition in later
stages could minimize the burden of selecting the named entities.

» In order to make the system practicable, a different rule should be
incorporated in to the algorithms and further improvements on the

system are required to augment the running speed of the system.
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Appendix I: Sample test data

het e7¢- av8A TINF@Ee Navhah® nIatehi? APHCTESH Dy O O HHEHSE het Phg. avlF
APNVETT AD8LEC aPPMC LANIAN: 076 aPL(: aPMEP (LC ANHBLC héNC T4AL PTIPUCTHS 07¢- AIPL:

A Toe9? (10+3) N&ehd s (L ANTBLC AS ©4-5 Gavt ¢/72¢- (9°L @R9° 10+2 -Ehzhd BhATA 4 TA"7 AS
0 qavt A0 PAD- 07¢- ATPL PAT AT S 07¢- 0F Ak PO~ av [ (L Lav@H (1NI°I°rt PolaPAnF (-

N9°LC ZeA POT- LA ANFSLC (LC ANAM avl8:- AAh #7C 011-8962016 AgvAb ¥t hae atmebnet
h&t 02¢ a2 F PCOYG DT.OY PHIPUCTS 0d- AIPL: avl BTyt 1evfH TF@Ee @+ oAt A0r: Ot
10 +hFe e0e- P51 PCOTFU- PD{LC 9Tk aPPr7 hGAD-PAT::
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T A0 LAD- 00C- AIPLS hudet 4 Gavt ¢ AIPE 248 VI Lavwt 2,154 ¢47¢- avf (¥ HP+G D7
TeAL Thed 03T ORI NH.E (1AL FIPUCT AG /7¢- APPL PATU- AaPANTT TINLEPFTFuU-T PSPETY
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RALANATT? OCh B77F7 AS AT AHTTE TCEACF? (TIHIET L0 PA: &CE-E iy OFTF OtevAhit het
PPl NFPTF havdAnFTT AL NLTUIE AGPPMC LLAIN=C e 0/7¢- aPL(t avMEP Td.C TLA, Toed

NPT hed 1AL 35 AG NHEL AL av78 €L PAM- h 3 havt 1AL P0g- AJPL PAD- Lav@H (WIPI°rHNHT
1 hAg PtmPOAD-7 avavs 09° 309\ havp\n T PHIPUCT0a-0 WG PNe- AL TINCETU-T PoIRaPANG €F T
hotaopnFFu- OC 099990 LU 103 0¢ oMt ¢7 B¢ Ot 10/A0C/ 076 $5T O-OT Ofe ALC 715 V9
25 @ AL NTLTTO- &CEE PG oo/ (LF (74 Akt NaPTTH avav il 09T aPPEY AGAT@-PAT AAh:
011-5-549245/46 0910-016330

het 026 0F TNFORE ¢ 168791 2/t AN T1490C &CHTT At F6979 2/ /0 / “140C hag:
PhvhSNTT aoPIS 0P T NTTNEPTG NAATPLLI° 76 AL PHATT- PN £C8T AT iy 03T Aterhto- het
6 NI WEAGTFT AR APPMC LLAIAN=L ¢ aPL( PGP (-4,C LaP®H (APl NHtF 2 Td.A1 TFhed
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76 91Ce9° APMen, 500 TUHC AAG e (14 (A E1é-d aPCrFeA U7 Al (9LTTO- 0&CE-k a0 /(LT
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LTO 196400 SHRIC /487 hCT 076 ATPL:4 [ het/ Gavt (TINFOEL ¢ AL fwe- HT: ]
/W18 [ 0BT U-bFNRI T Lav®U: NPT P (F:AGNA AN AL de. 0116 51 33 61

APPendix-Tl. salmnpie seiected est ddla




Appendix Il: Sample selected candidate texts

h&F <N> s <NP> ap@1 <N> 9910 3@¢P <ORG> (LA <ADJ> 17 <ADJ> mPAA <ADJ> POTH <N>
</ORG> hH.v <PRONP> FF <PREP> (I+mPa®- <VP> hevt <N> - <NP> ao2-A1 <N> 14 <ADJ> NAa>-9PF7
<NUMP> A08L:¢ <NUMP> Aavpm(c <NUMP> 22A 24 <V> = <PUNC> P14 <NP> ap8(1- <V> a?msf <POS>
P¢-8 <PREP> h&d <N> HhiZif7 <ADV> </POS> 23 <N> @ <N> ¢+9°0C+ <QUL> <NP> £48 <N> 4, ThaY
<N> </QUL> = <PUNC> 4+ <N> 1 <NEED> ?01¢- <NP> (13- <N> A4.0 <NUMP> A0 <ADJ> Lav®H <VN>
Na9°9°rt <SAL> 8P C <NP> u-23* <N> (1£70rF <AGREEMENT> 201é- <NP> A9°L <N> h2 <NUMP> havit-
<NUMP> (A2 <PREP> ¢79a0AnF <NP> h&:¢-0 <NC> @24~ <N> 4.C <N> avd.CE7 <VN> 29° 49 i <VREL>
haop\n¥F <NUMP> &U <PRON> 990 0¢0 <N> hom(t <VP> ¢7 <N> £9°C <V> Q-+ <VP> <DEAD>
<NUMCR> a0t <NUMCR> +hJ 72 <ADJ> 0é- <NP> ¢6+ <N> </DEAD> <NUMP> (L <N> &7C <N> 114
<NUMCR> 2 <NP> 99avAn+G <NC> avaotipl <VN> 9% F <NP> aoiPr7 <VN> A710 207 <NUMP> =
<PUNC> <ORG> ICU7T <NPC> AA9° <N> 99+ 9 <N> &8t <N> </ORG> NA@* <NUMP> h&t <N> 20
<NP> av@A] <N> A8, <PREP> avpm(C <VN> £4.0 A <V> :: <PUNC> ?01¢- <NP> a2 (1 <POS> h&t5 <ADJ>
P9°CF <NP> 492G <NC> b+t <N> 0Aar<@ <NUMP> </POS> 425 <NUMP> 1.H, <N> @M <VVREL> <ADJ>
FIPUCT <QUL> <NP> L2458 <N> hd@d <VP> 210Gt <N> hAE <N> (A 7%0FSSA <ADJ> PPU7LN0G <NC>
Qvtavt <NP> FhGhes, <N> (1A 7%0TF4PA <ADI> BhT 8, <N> 01974hF4791 <NP> HhGFe8, <N> avans @
<NP> 414 </QUL> <N> = <PUNC> 4 <NUMCR> Aavt+ <NUMP> A0 <NUMP> LA@< <NUMP> Pié- <NP>
A9PLG <NC> PUtavt <NP> ao-@ <N> hutavd <NP> BhGeE, <N> +avdePT <N> (0t <PREP> PhyPTeAC
<NP> AAMS <N> P@AL <VREL> £28 <N> 16 <NUMCR> Lav@H <VN> 3572 <SAL> I+ <N> 1 <NEED> A7&
<NUMP> 20é- <NP> - <N> A%.0 <NUMP> A00 <NC> 4 7C <NP> v-23* <N> 02971+ <AGREEMENT> ¢(1¢-
<NP> A9°L <N> 9Pl <ADJ> (744 <PREP> (LUP? <VP> aod.CET <VN> 297,099 <VREL> AgvAhF-F
<NUMP> &V <PRON> 710130¢¢ <N> h@MO+ <VP> ¢7 <N> A1+ <NUMP> <DEAD> <ADJ> 10 <NUMCR>
+hd3e <ADJ> P0é- <NP> ¢GF <N> </DEAD> <PREP> ¢19°UC+HG <NPC> Piid- <NP> AL <N> 91128 <N>
PTD7S <ADJ> P912.aAN <NUMP> & <N> TG <NC> 5V <CONJ> h9lavinF <NP> 2C <PREP> (1971£8H
<NP> NLCEE <NP> 74 <NUMOR> £ <N> (L <N> €7C <N> 12 <NUMCR> 2A@< <NP> U1 <N> (ig- <N>
have-C <NUMP> (-7 <N> Tjaop it <VN> 999 F e <VREL> ao1P'r7 <VN> AT1AAA7 <NUMP> :: <PUNC> PP 1C
<NP> v-33* <N> PA9° <AGREEMENT> : <PUNC> h&+ <N> 2014- <NP> 1J- <N> 79I F 00 <N> &CE 17
<ORG> 099107 <N> A. 781679 <NUMP> 0A&'rE <N> ¢+@01 <VREL> 2910 <NP> 99UNC <N> </ORG> hi.v
<PRONP> 3T <PREP> A“L.apAn-t+@- <NUMP> hewt <N> - <NP> NFPF <N> A48 <NUMP> avpm(
<VN> £2AIA <V> =20¢- <NC> Pl <NP> av8 (1 <V> a4 P <POS> TNP <N> </POS> <ADJ> ¢+PUCHS
<NPC> 201é- <NP> A9PL <N> 45 <NUMOR> h&d <N> 20d- <NP> 13- <N> A%.0 <NUMP> ANQ <ADJ> 10
<N> 10 <NEED> £ap@H <VN> 800 <SAL> NaviP9° <NPC> Aavp - <NUMP> 2u <PRON> 790,02 <N>
02HM <NPC> h@A(T <VP> ¢7 <N> A0 <NUMP> <DEAD> <VP> 5 <NUMCR> +h ¢ <ADJ> P14 <NP>
PG+ <N> </DEAD> <PREP> <NP> 4G <NUMOR> ?01¢é- <NP> A9°L <N> 9B Fu-7 <VN> (1922H <NP>
PLCEE <NP> PG <ADJ> av04f <N> (L+ <N> NapgPA)t <NP> apav (] <VN> P90+ F <NP> aoiPr7 <VN>
ATIAANT = <PUNC> Lao®H <VREL> 1000 <SAL> <NUMP> A1C <N> (142 <PREP> 1P§ <V> hoLas-(F <VP>
ao(l+ <N> U2P <ADJ> N80, <N> 79PN <VN> P97 <VREL> aoiP7 <VN> 2m0PAFA:: <NUMP> A&
<NC> i <NP> 19°4-h <N> &k <N> Adrk <NUMP> o9 17@- <VP> A717 <NUMP> 8940 <N> AT <N>
& <PREP> g~ <PREP> H® <N> 1 <V> (7LTF @ <VP> $20 <N> L <PREP> -\t <PREP> 200
<NUMCR> 934 <N> 10 <N> It <V> 2754 <V> =zANAm <NUMP> oo/ % <N> 0118956942 <PHONE>
<NUMCR> ?¢7C <NP> v-23* <N> ?A9° <AGREEMENT> 11+ <N> 2A9° <NEED> = <PUNC>




Appendix 111

A. Sample code for data preprrocessing
def charnormal():
doc=open("lasttesting.txt",'r', encoding = 'utf-8'")
y=doc.read()
simchar=open("'similar char.txt",'r', encoding = 'utf-8")
yy = simchar.read().split()
dic={}
for k in range(0,len(yy),2):
dic[str(yy[K])] = str(yy[k+1])

lis=[]

yy_
lis=list(dic.keys())
foriiny:
for j in lis:
if j==i:
y = y.replace(i, dic[j])
#print(y)
returny
charnormal()
def wordnorml():
z = charnormal()
sp = z.split()
simchar=open(*'similarWord.txt",'r', encoding = 'utf-8")
a = simchar.read().split()
dic = {}
for k in range(0,len(a),2):
dic[str(a[k])] = str(a[k+1])
lis=[]
a="
lis=list(dic.keys())
for i in range(0,len(lis)):
for j in range(0,len(sp)):
if sp[j]==lis[i]:
sp[jl=sp[jl.replace(sp[j].dic[lis[i]])
for i in range(0,len(sp)):
a+=sp[i] +"*
#print (a)
return a
def punkremv():
zz = wordnorml()
y =re.sub('[,.1:["()"+:?2N\]!-]',",22)
doc=open("lastpreprocessecd.txt",'w', encoding = 'utf-8")
doc.write(y)



doc.close()
B. Sample code for candidate text selection

org = open(‘org gazeter.txt','r', encoding = 'utf-8')
orggaz = org.readlines()
x = open("position gazeeter.txt",'r', encoding = 'utf-8)
y = x.readlines()
xx = open(*lastdecodendtagged.txt”,'r', encoding = 'utf-8’)
yy = xx.read().split()
ay=[l
XXX =""
for k in range(0,len(yy)):
for i in range(0,len(y)):
y[i]=y[i].rstrip(\n’)
a = y[i].split()
if a[0] == yy[K]:
if a[(len(a)-1)] == yy[(k+(len(a)-1))]:
del yy[k-1]
#del yy[k+(len(a)-1)]
yy.insert(k-1,'<POS>")
yy.insert((k+len(a))+1,'</POS>")
for j in range(0,len(orggaz)):
orggaz[j]=orggaz|[j].rstrip('\n’)
orgl = orggaz[j].split()
for k in range(0,len(yy)):
if org1[0] == yy[K]:
if org1[(len(orgl)-1)] == yy[(k+(len(orgl)-1))]:
del yy[k-1]
yy.insert(k-1,'<ORG>")
yy.insert((k+len(orgl))+1,'</ORG>")
foriinyy:
XXX +=1+""
m = open(‘organization nd position tagging.txt', ‘w', encoding = 'utf-8)
m.write(str(xxx))
m.close()
print(“organization and job position is already tagged™)

print("\n===== ==\n\n")

y = open(‘organization nd position tagging.txt', 'r', encoding = 'utf-8")
yy = y.read()
sp=yy.split(" ‘)
for iin sp:
y = open(‘allcandidates.txt', ‘w', encoding = 'utf-8")
for i in range(len(sp)):
if sp[i] == "u":



del sp[i+3]
sp.insert(i+3,'<NEED>")
if sp[i] == "ePrC™
if sp[i+2] == "uv-22" or sp[i+2] == "ALr1"
del sp[i+5]
sp.insert(i+5,'<AGREEMENT>")
if sp[i] == "Lae@n" or sp[i] =="89°H"
del sp[i+3]
sp.insert(i+3,'<SAL>")
if sp[i] == "hoot""
if sp[i+2] == "hi.e":
if sp[i+4] =="nag":
del sp[i-1]
del sp[i+1]
sp.insert(i-2,'<EXPER>")
sp.insert(i+1,'</EXPER>")
if sp[i] == "+hzJe"
if sp[i+2] == "¢eae":
if sp[i+4] == "5
del sp[i+6]
del sp[i-4]
sp.insert(i+5,'</DEAD>")
sp.insert(i-4,'<DEAD>")
elif sp[i] == "+hJ2L" or sp[i] == "¢Pne":
if sp[i+2] == "¢q+™"
del sp[i+4]
del sp[i-3]
sp.insert(i+3,'</DEAD>")
sp.insert(i-3,'<DEAD>")
if sp[i] == "nah":
if sp[i+2] =="&rC™
del sp[i+5]
sp.insert(i+5,'<PHONE>")
elif sp[i] == "a&h" or sp[i] == 'avs 5"
del sp[i+3]
sp.insert(i+3,'<PHONE>")
if sp[i] == "Aaot+"
if sp[i+2] == "hH.e":
if sp[i+4] =="nag":
del sp[i-3]
del sp[i+2]
sp.insert(i-3,'<EXPER>")
sp.insert(i+2,'</EXPER>")
elif sp[i] == "havt":
if sp[i+2] == "ea¢s":
if sp[i+4] == "a9°L" or sp[i+4] =='aA°&q".



del sp[i-3]
del sp[i+2]
sp.insert(i-3,'<EXPER>")
sp.insert(i+2,'</[EXPER>")
if sp[i] == "hoot""
if sp[i+2] == "eae":
del sp[i-3]
del sp[i+1]
sp.insert(i-3,'<EXPER>")
sp.insert(i+2,'</[EXPER>")
if sp[i]=="¢FI°vCt" or sp[i]=="14A1" :
if sp[i+2] =="8&%" or sp[i+2]==""T " :
y.write(sp[i]+' ")
y.write("<QUL>")
y.write(' ')
elif sp[i]=="¢+avs¢++" and sp[i+3]=="<PUNC>" :
y.write(sp[i])
y.write(" ' + "</QUL>" + ')
elif sp[i] == "416" and sp[i+3]=="<PUNC>":
y.write(sp[i])
y.write(' ' + "</QUL>" +"")
elif sp[i] == "4 Ta97" and sp[i+3]=="<PUNC>":
y.write(sp[i])
y.write(" ' + "</QUL>" + ")
else:
y.write(sp[i] + ')

#print(sp)
y.close()
print("All candidates are taggegs™)




C. Python code for selected and tagged text extraction

outfile =codecs.open('lastttt.txt','w',encoding="utf-8")
y = codecs.open("allcandidates.txt", 'r', encoding = 'utf-8')
yy = y.read()
z=yy.split()
i=0
x=len(z)-1
y="
m="
while i<x:
c=0
if z[i]=="<ORG>":
c=i+l
y+="\n'
while(z[c])!="</ORG>" :
#a.append(z[c])
y +=""*z[c]
c+=1
if c==x:
break
i=c+1
if c==0:
i+=1
else:
continue
v=0
x=len(z)-1
bb="
while v<x:
d=0
if zZ[v]=="<POS>":
d=v+1
bb+="\n'
while(z[d])!="</POS>" :
bb +=""+ z[d]
#b.append(z[d])
d+=1
if d==x:
break
v=d+1
if d==0:
v+=1
else:
continue
vv=0



forjjiny:
yyy += re,SUb('[<PRONVCUMADJEL>]I,",jj) +"

for ii in bb:
mm += re.sub([<PRONVCUMADIJEL4&""a¢>]',",ii) + "
for iiii in bbb:

bbbb += re.sub([<PRONVCUMADJEL>]'," iiii) +"
for dd in dead2:
dead += re.sub([<PRONVCUMADJELA?>],",dd) + "
for qq in qul:
quli += re.sub([<PRONVCUMADJEL>]',",qq) +"
xx=[ ]
1=[ ]
iii=[ ]
k=[]
for w in range(len(z)):
if z[w] == '<SAL>"
Il.append(z[w-1])
for j in range(len(z)):
if z[j] == '<NEED>"
xx.append(z[j-1])
for u in range(len(z)):
if z[u] == '<SAGREEMENT>":
iii.append(z[u-1])
for t in range(len(z)):
if z[t] =="'<PHONE>"
kk.append(z[t-1])
a=yyy.split('\n")
m=mm.split(\n’)
ex=bbbb.split("\n")
deadl=dead.split('\n’)
qulif=quli.split(\n")
for i in range(0,len(a)):
for j in range(0,len(m)):
for exper in range(0,len(ex)):
for n in range(0,len(deadl)):
for qulification in range(0,len(qulif)):
for salary in range(0,len(ll)):
#for ned in range(0,len(xx)):
if i==j==exper==n==qulification==salary:#==ned:
cursor.execute("INSERT INTO Table 4
(ORG,POS,QUL,SAL,EXPER,DEAD)VALUES(?,?,2,2,2,7)",a[i],m[]],
qulif[qulification],ll[salary],ex[exper],dead1[n])
cursor.commit()
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