ADDIS ABABA UNIVERSITY
SCHOOL OF GRADUATE STUDIES
COLLEGE OF NATURAL SCIENCES
DEPARTMENT OF COMPUTER SCIENCE

Event Modeling from Amharic News Articles

Bekele Abera Hordofa

A Thesis Submitted to the Department of Computer Science in Partial Fulfillment

for the Degree of Master of Science in Computer Science

Addis Ababa, Ethiopia

February 2018



ADDIS ABABA UNIVERSITY
SCHOOL OF GRADUATE STUDIES

COLLEGE OF NATURAL SCIENCES
DEPARTMENT OF COMPUTER SCIENCE

Event Modeling from Amharic News Articles

Bekele Abera Hordofa

Advisor: Fekade Getahun (PhD)

This is to certify that the thesis prepared by Bekele Abera, titled: Event Modeling from Amharic
News Article and submitted in partial fulfillment of the requirements for the Degree of Master of
Science in Computer Science complies with the regulations of the University and meets the

accepted standards with respect to originality and quality.
Signed by the Examining Committee:
Name Signature Date

Advisor: Fekade Getahun (PhD)

Examiner: Solomon Gizaw (PhD)

Examiner: Yaregal Assabie (PhD)




Abstract

With the increase of online information overload available to us, everyday tasks such as extracting,
searching, understanding and relating relevant data have become intractable. A large percentage
of these information are discussing past, current, and future real world events. Events are dynamic
data structures that play a key role in understanding phenomena happing in real world, which are
basically driven by the four ‘W’s’ (what, who, when, and where). This natural progression of
questions is a classic example of what one might ask about an event. This results in natural way to
explain complicated relations between people, places, actions and objects. Event centered
modeling captures the dynamic aspects of an event along with semantic representation of event
facts.

In this research work, we have proposed and developed event extraction and representation model
from Amharic news article. Event modeling involves key event identification, event elements
extraction, and event semantic elements representation. Event triggers tells the action taking place
in news article. To identify the mention of event in news article we used manually collected event
trigger words and phrases from various news domains. For event elements extraction, we used
named entity recognizer and other local features like potential trigger, event extent, path from the
extent to head word of the trigger. Machine learning Maximum entropy classifier is trained using
event related news article collected from Fana Broadcast Corporate news archive. For event
representation, we designed ontology based event representation model that provides deeper

semantic through event information representation.

A prototype showing an event extraction and representation is developed using different
programming environment. Evaluation of trigger identification and event elements extraction is
carried out by comparing manually tagged news article with the automatically extracted event
information by the system. The evaluation result shows that the trigger identifier module obtain
precision (67.1%) of event correctly which contributes to the better event elements extraction. The
event elements extractor component shows greater obtaining precision (69.1%) while event
classification module classify about (72%) of event correctly. The representative ability of our
event representation model is evaluated with respect to requirements and event dimensions we

covered in this work.
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Chapter One

Introduction
1.1 Background

Nowadays, thousands of Amharic news articles written and published every day over the web. A
large percentage of these articles are discussing current, past and future real world events. The
notion of event has been widely used in many research fields like natural language processing,
information retrieval and information extraction [1]. There is no generally accepted definition of
an event, it is something unusual, fresh, something that people have not heard before and crucially,
is of interest to readers like car accident, meeting, natural disaster, etc. According to Miller et al.
[2], a general definition of event is something that happens or occur at a given place and time. In
topic detection and trucking, an event is defined as something that happens at a given place and

time, along with all the necessary preconditions and unavoidable consequences [3].

Event extraction is high level information extraction task which tries to formulate an event as who
did what to whom, when and where [1, 4]. Most news and microblogs in the world give priority to
events in their country, unless a very important event happens in another part of the world, because
people want to learn what is happening around them. Events are described using trigger words and
event elements. The task of event extraction is to automatically identify events in free media and
to derive detailed information about them, ideally identifying who did what to whom, when and

where.

Event elements define what happened during the seminal event, who was involved (people,
organization) during the course of event, when and where the seminal event happened. The rule of
4W originally states that event story should be considered as complete if it answers the checklist
of 4W [1]. The 4W are considered to be rich enough for user to understand the whole event story.
Event extraction is responsible for finding the most informative terms which describe the event
that occurred, and it is crucial way in event management, intelligence gathering, and decision
making [6, 7]. Various techniques are proposed for event extraction, according to the type of event,
detection task, and detection methods. According to the detection task and target application,
classified into retrospective event detection and new event detection techniques. Depending on the
available information on the event of interest, event detection can be classified into specified

(planned) and unspecified (planned) techniques [5].



Manually extracting event information from a large amount of unstructured document is a very
tedious and time consuming task [8, 9]. For this purpose, event extraction models have been
proposed to help the extraction of event information from news articles [1, 9]. Extracting and

representing event information is essential way to build event knowledge base [10].
1.2 Motivation

With the increase of online information overload available to us, everyday tasks such as extracting,
searching, understanding and relating relevant data have become intractable. Event extraction and
representation from a variety of media (news, social media) is highly demanding in government,
news publishers, and other service provider organizations. One of the recognized causes for this
issue is the semantic gap existing between our conceptualizations of the world, usually expressed
using language or other high level abstractions, and our experience of the world. People observe
and understand the world through event because it is a suitable unit in accordance with aspect of

human perception.

In order to extract event facts from a specific event scenario described in news article, the textual
events belonging to the event scenario are mapped to the events of the model describing the news
article. Most general purpose event extraction is designed or developed keeping English language

characteristics in mind. It is logical to ask question such as:

> Does general purpose event extraction model developed for other languages like English
work for Amharic language?
> Does existing event representation or event representation model developed for English

and other languages work for Amharic langauge?

To answer these questions further investigation or research is highly required. Therefore due to
information explosion over internet there is a need for a model that can extract event facts and
semantically represent the extracted facts from unstructured Amharic news articles on the web.
Several practical applications that can be arise from a good solution to event modeling. Currently,
this task is performed manually by media analysts, and online digital news editor, who have the
task of collecting, interpreting, and presenting news from multiple news sources. In addition, a
system that could organize events automatically would be usefull for news applications where

decision making process is based on new events and the evolution of existing events.



1.3 Statement of the Problem

In todays real world, a number of planned and unplanned events can happen or occur every day.
These events are presented or published in the form of news over news broadcast services or on
social media networks, that is unstructured and heterogeneous events over dynamic web. At the
same time, the number of internet users, web news articles that are writen in Amharic language
online news broadcast, micblog service providers, etc., are leading to information explosion over
the web. News service providers are pushing articles to the users. As a result, users have to read
the whole content of news article to understand the concept of event story. Thus tools that can

extract event facts to satisfy users demand are becoming critical.

Automatically identifying news article associated with seminal events is a challenging problem
due to the heterogeneous and unstructured nature of news article. Seminal event is something new
wich is interesting to public. In existing system seminal events are described in free text or
unstructured text like mundane events or any other ordinary news articles. Seminal event are more
accessible and understandable, if event information are extracted and semantically represented,

stored in event knowledge base.

Event scenario is described using event elements. Event elements provide multi-dimensional
semantic understanding of event description. Event extraction is langauge depedent, that is event
extraction system developed for English or any other language cannot work for Amharic language
of the same domain. A number of event extarction model has been developed in a variety of
language such as English[6], Chinise [1, 11], Turkish[3] and others. To our knowledge there is no
event extraction model developed for Amharic langauge. Thus, in this work we propose event

extraction model for Amharic language.
1.4 Objectives

General Objective

The main objective of this thesis work is to design event extraction and representation model from

Ambharic news articles.



Specific Objectives

In order to achieve the above general objective, the following specific objectives are identified:

> Review related literature in the area of event modeling,

Study specific characteristics of Amharic language,

Adopt or select best tools, techniques and approaches for event modeling,
Identify components of event modeling,

Prepare Amharic event triggering lexicon and training dataset,

Design event extraction and representation model,

YV V V V V V

Develop a prototype that shows the viability of the proposed system,
» Evaluate the performance of the proposed system.

1.5 Methodology

In order to achieve the objectives of the thesis, the following methods and procedures will be used.
Literature Review

Detail literature review and assessment will be conducted on works which are related to event
modeling (key event identification, event semantic elements extraction and event knowledge
representation and other related areas), from the review of this work, best approaches will be used

for overall thesis work.
Data Collection and Preparation

Event modeling requires large data source for event extraction process. Data sources will be
collected from different sources for the development of the system. Different NLP tools will be

used to process row data collected from different domains.
Design and Implementation

In the design phase of the proposed work, the overall system architecture and best algorithms will
be designed or adopted. Different tools will be used to construct ontology and selected a

programming language will be used to develop the prototype.
Evaluation the performance

Proper evaluation method will be used and the proposed solution will be evaluated using standard

information extraction measures and selected data sets.

4



1.6 Scope and Limitations

Event extraction is a very complex and rigorous task which needs the understanding of the natural
language and the specific domain in need. In this the research work primarily focus on event
extraction and representation model from Amharic news article. The scope of this work includes
extracting seminal real world events mentioned in Amharic news article through key event

identification, event semantic elements (4W) extraction and event representation.

This study does not consider deep semantic relationship among events and sub-event extraction,
only key event and its elements is considered. In addition to this news article containing
multilingual (machine translation), image news article (OCR) and other media (video and audio)

is not the concern of this study.
1.7 Application of Results

Event modeling has wide area of application in real world environment. Up on successful
implementation of this research work several practical applications can arise from good solution
to event extraction and representation model. The following application areas are among the basic

one.

» Event monitoring in the news domain: Application that monitors the news sphere to detect
interesting and emerging events, then store all news article telling about events in event
knowledge base.

» Event prediction and decision making: predicting a specific events like disruptive or violent
events and early decision making. Gathering information about violent events is an
important task for better understanding conflicts and for developing environmental
monitoring systems for automatic detection of precursors for threats in the fields of conflict
and health.

> Integrating and querying event knowledge base into application like information retrieval,
question answering, etc. can improve problem of understanding user query, because

usually users uses a search query using event elements.

1.8 Organization of the Research Work

The rest of this research work is organized as follows. In Chapter Two, we present review of

Ambharic language and natural language processing, and discuss approaches used for event

5



extraction and knowledge representation. Chapter Three introduces related works to event
modeling from news article and related areas. Chapter Four focuses on the design of event
extraction and representation model. In chapter Five we provide implementation and evaluation

results of the proposed wo3e4rk. Finally, we present conclusion and future work in Chapter Six.



Chapter Two

Literature Review
2.1 Introduction
This chapter presentsa review of literatures to provide brief understanding of what has been
done so far and what to be done in this thesis work. Basically the review presented in this chapter
deals on characteristics of Amharic language, natural language processing, information extraction,
ontology modeling technologies, event modeling approaches, task of event extraction and

knowledge representation are discussed.

2.2 Amharic Language
2.2.1 Amharic Writing System

Ambharic is one of the Semitic language spoken in many parts of Ethiopia and it is an official
working language for Federal Democratic Republic of Ethiopia [13]. It is also a working language
of several regional states like Amhara, South Nation and Nationalities and etc. thus it have
nationwide coverage. Amharic is written using a writing system called fidel, adapted from the one
used by Ge'ez language. This unsystematic borrowing from Geez has resulted in redundant
characters in the Amharic fidel. These create different symbol which have the same pronunciation.
Although these different fidels give each word different meaning in Geez, while in Amharic
language they have been used interchangeably. These fidels v, , -1 and i all pronounced as (hd),
a and w refers (sd), A and o refers (a) and, & and o refers (tsd). Amharic took the whole Geez
alphabet (fidel) and uses it in the Amharic writing system [14]. Amharic language writing system
contains 34 base characters each of which occurs in a basic form and six other forms known as
orders [13]. The seven orders represent syllable combinations consisting of a consonant following
vowel. The vowels are fused to the consonant form in the form of diacritic markings. The diacritic
markings are strokes attached to the base characters to change their order. In Amharic writing
system there is no capital-lower case distinction. The 34 basic characters and their orders give 238
distinct symbols. In addition to the 238 symbols, there are other symbols with a special feature

usually representing labialization, for example %, 91, :: and etc.

Amharic has its own way of writing having numerals and punctuations [14]. In Amharic language,

different punctuation marks are used for different purposes. Most text processing works with



sentence and word based unit therefore larger blocks of text such as paragraphs or whole article is
split into single sentences and sentences. It starts with a sequence of characters to identify the
elementary parts of natural language such as words, punctuation marks and separators. In the old
writing system, a colon (:) has been used to separate two words. Nowadays the two dots are
replaced with whitespace. An end of a statement is marked with four dots (::) while netal serez (%)

IS used to separate lists or ideas just like the comma in English.

In Amharic, numbers can be represented using either the symbols of Arabic number system or
the symbols of the Ethiopic number system or using words and symbols of the Arabic number
system. Amharic numeration system contains one-to-ten, twenty-to-ninety, hundred and a
thousand symbols [13]. The remaining numerals are derived from these basic symbols. Amharic

character, numerals and punctuation marks are presented in Appendix I.

2.2.2 Amharic Morphology

Ambharic is one of the most morphologically complex language. It exhibits a root-pattern
morphological phenomenon [15]. Root is a set of consonants which has a basic lexical meaning.
According to Baye Yimam [16], Amharic words are categorized under five categories based on
the use of morphology and position of the word in sentence. Amharic word categories are noun,
verb, adjective, adverb and preposition. Nouns are words used to name or identify any class of
things, people, places or ideas or a particular of these. Verbs are the most important part of speech
because it shows the action or state, word that tells the listener or reader what is happening in the
sentence and have more to do with mental processes and perceptions. Adjective is a word that
comes before a noun and add some kind of qualification to the noun. Adverb is a word that qualifies
the verb by adding extra idea from time, place and situations point of view. Preposition is a word
which can be placed before a noun and perform adverbial operations related to place, time, cause
and etc.

Amharic uses different affixes to create derivational and inflectional morpheme [15]. Derivation
is achieved by affixation (prefix, infix, and suffix) or compounding. Inflection is achieved by either
changing vowels or repeating consonants; and then adding the necessary affixes or suffixes.
Ambharic nouns can be derived from adjectives (noun £ is derived from adjective £<1), verbal

roots (noun 71¢ is derived by infixing vowels between consonants to verbal root 7-91-c), stems,



stem-like verbs (noun 1¢°2- is derived from stem like verb 19°) and nouns themselves (noun &2t
is derived from noun &®:). On other hand, Amharic nouns are inflected for number, definiteness,
cases (objective, possessive) and gender. For example plural form of noun +o9¢®+ is obtained by
adding suffix -# to singular noun +1ic.

Ambharic verb derivations and inflections are even more complex than those of nouns and
adjectives [15]. As a result of this, thousands of verbs (in surface forms) are generated from a
single verbal root. Several verbs in surface forms are derived from a single verbal roots,
verbal stems and compound words. For example verb anc is derived from verbal root a-0-c, verb
+anes is derived from verbal stem -+0<4- and etc. Amharic verbs are also marked for any
combinations of person, gender, number, case and tense/aspect. For example, from the verbal
root @-n& (to take), we can derive verbal stems such as ®af (he took), @A+ (she broke),
oagh- (1 broke), Ad@aghge (I didn’t take), AA@ALTI® (she didn’t take), AA@ALI® (he didn’t take),
AA@AL79° (he didn’t take me), etc.

Ambharic adjectives can be derived from verbal roots, nouns, stems, and compound words [15].
For example adjective word <&C is derived from verbal root by infixing vowels between
consonants t-#-C, adjective +é-¢1is derived from noun -+¢-¢- by suffixing bound morpheme, £heq
is derived from stem ghg® by suffixing bound morpheme, etc. In addition to this Amharic
adjectives are marked for any combination of number, definiteness, gender and case [15]. For
example ma0-F is derived by adding —4+ to singular adjective ma-N. Few primary adjectives (which

are not derived) exist in the language [15].

2.2.3 Amharic Phrases

Phrases are syntactic structures that consist of one or more words but lack the subject-predicate
organization of a clause [17]. Phrases are composed of either only head word or other words or
phrases with the head combination. The other words or phrases that are combined with the head in
phrase construction can be specifiers, modifiers and complements. According to Baye Yimam [16,
17], Amharic phrases are categorized into five categories, namely noun phrase (NP), verb phrase
(VP), adjectival phrase (AdjP), adverbial phrase (AdvP) and prepositional phrase (PP).

Amharic noun phrases (NP) is a phrase that has a noun as its head [16, 17]. Noun phrase
construction, the head of the phrase is always found at the end of the phrase. Noun phrase can be

9



made from a single noun or combination of noun with either other word classes including noun
word class. The simplest NP consists of a single noun or pronoun such as (him), (her), (them), etc.
A complex NP can consists of a noun head and other constituents (like complements, specifiers,
adverbial and adjectival modifiers) that modify the head from different aspects [16]. The grammar
rule for NP can be formulated as NP > Spec AdvP Adj NP and can further be rewritten as NP
—~>NP N. There are many combinations for the Amharic NP constituents. Examples of noun phrase
are: ¢t (ring), a1t AP0t (diamond ring), taP eAATTH PANT (big diamond ring), etc.

Ambharic verb phrases (VP) is constructed with a verb as a head, which is found at the end of the
phrase, and other constituents such as complements, modifiers and specifiers [16, 17]. But not all
the verbs take the same category of complement. Example of verb phrase, 2£ (went), ‘+7°vuCt O+
%2 (went to school), Nevh.q @L +9°UCt (1 2L (he went to school by car), etc. both by car (Nevh.9)
and to school (@£ +9°uC-t (.T) are prepositional phrases (PPs) modifying went (2£) from manner
and place points of view, respectively. Therefore, structure rule for this example VP is VP>PP
PP V.

The construction of Amharic adjectival phrases (AdjP) is similar to that of a NP and a VP. Amharic
Adjectival phrase (AdjP) is constructed with an adjective as a head word and other constituents
such as complements, modifiers and specifiers [16, 17]. The head word is placed at the end. The
structural rule governing this phrase is: AdjP ->Spec Adv Adj. Examples of adjectival phrases

are: 0 (clever), amg® 201 (very clever), A28 @7€av- (0 (very clever like his brother), etc.

Ambharic prepositional phrase (PP) is made up of a preposition head and other constituents such as
nouns, noun phrases, prepositional phrases, etc [16, 17]. Unlike other phrase constructions,
prepositions cannot be taken as a phrase, instead they should be combined with other constituents
and the constituents may come either previous to or subsequent to the preposition. If the
complements are nouns or NPs, the position of prepositions is in front of the complements whereas
if the complements are PPs, the position will shift to the end of the phrase. Prepositional phrases
is formed by the structural rule: PP - PP PP and each of the PPs on the right hand side can further
be analyzed as: PP ->PN. Examples of prepositional phrases are: A7 &% (like a child), ho7i

am7 (close to the river), etc.
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Ambharic adverbial phrases (AdvP) are made up of one adverb as head word and one or more other
lexical categories including adverbs themselves as modifiers [16, 17]. The head of the AdvP is
placed at the end. Unlike other phrases, AdvPs do not take complements. Most of the time, the
modifiers of AdvPs are PPs that come always before adverbs. Adverbial phrases are formed by the
rule: AdvP->Adv or AdvP->Adv Adv, etc. Examples of adverbial phrases are: h¢4 (severely),
h¢4" +oems (crashed severely), Omg® hé5 (very severely), etc.

2.2.4 Amharic Sentence Construction

A sentence is a group of words that conform with the grammatical arrangement of the language
and capable of conveying meaningful message to the reader. A sentence in Amharic can be a
statement which is used to declare, explain, or discuss an issue [14, 16]. The combination of
phrases create another phrase that can express a full idea on something is a sentence. The word
order in Amharic clauses is generally subject object verb (SOV) arrangement. 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 [16]. Simple sentence only contain a single verb while complex
sentence is constructed by combining more than one noun phrases and verb phrases. A simple
Ambharic sentence consists of an NP, which is the subject, followed by a verb phrase that comprises
the predicate. Complex sentences in Amharic are those sentences that are composed of complex
phrases such as NP, VP, or AdjP. The pattern of combination could take the form of a complex

NP and a simple VP, a simple NP and a complex VP, or both complex NP and VP.

Baye Yimam [16], classifies Amharic sentences into four: declarative sentences, interrogative
sentences, negative sentences and imperative sentences. Declarative sentences are used to
convey ideas and feelings that the speaker has about things, happenings, events, feelings, etc.
Its main objective is description of some issue. The news articles use the declarative sentence for
expressing different information on different issues. Interrogative sentence is used to ask a
question. A sentence that questions about the subject, the complement, or the action the verb
specifies. In order to construct interrogative sentences, Amharic sentences usually involve

such interrogative pronouns as ‘who’, ‘what’, ‘where’, ‘how many’, and ‘when’. These
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interrogatives can then be combined with prepositions to produce some more interrogative

prepositional phrases like ‘from whom’, ‘why’, etc.

2.3 Natural Language Processing and NLP Tools

Natural language processing (NLP) can be defined as the automatic or semi-automatic
processing of human language. NLP deals with analyzing, understanding and generating the
languages that humans use naturally in order to interface with computers in both written and
spoken contexts using natural human languages instead of computer languages [19].
Understanding language means, among other things, knowing what concepts a word or phrase
stands for and knowing how to link those concepts together in a meaningful way. One of the
challenges inherent in natural language processing is teaching computers to understand the way
humans learn and use language. NLP tools play a significant role in various research areas. The
task of event identification and event semantic elements extraction requires various NLP tools like

POST, NER, morphological analyzer etc.

Part of speech tagging is one of the fundamental processing step for any language in NLP and
language automation, i.e., the capability of a computer to automatically tag part of speech from
a given sentence [18]. The basic processing step in tagging consists of assigning POS tags to every
token in the text with a corresponding POS tag like noun, verb, adjective, adverb, preposition, etc.,
based on its definition, as well as its context. The input to a tagging algorithm is a string of words
and a tag set. The output is a single best tag for each word. Words are the fundamental building
block in every area of language processing; it requires extensive knowledge about words that are
heavily based on the lexical knowledge. In contrast to other data processing systems, language

processing applications use knowledge of the language.

Part-of-speech tagging is often considered as the first phase of a more complex natural language
processing application [18]. Knowing the lexical category of a word provides a way to define events
and objects that are found in a given text. Most common POS tags are [18]: Noun (N), Verb (V),
Adjective (AJ), Auxiliary verbs (AUX), Numerals (NU), Adverb (AV), Punctuation (PU), etc.
Among these verbs, nouns and adjectives that describe events as they take place are considered

typical features in event detection.

Named Entity Recognition (NER) is a process of identifying and categorizing all named entities
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in a document into predefined classes like person, organization, location, time, and numeral
expressions [14, 21]. NER is developed as a subtask of information extraction, because people
realized that information units like names including person, location and organization names, and
numeric expressions including time, date, money and percent expressions are the key points for
information extraction. Extraction of named entities from text is simple for humans. People firstly
use orthographic rules in order to find named entities by looking at the first letter of a word. In

English, if a word starts with a capital letter, then it is a candidate for a named entity.

For named entity recognition, there are two approaches from the point of view of computer: rule
based approach and machine learning approach [21]. In rule-based approach, the entities are
analyzed by experienced linguistics and handcrafted rules are created. In order to extract entities
mainly three phases are used: Linguistic preprocessing, named entity identification and named
entity classification. Machine learning approach is performed mainly in two stages: feature
extraction and feature selection. In the feature extraction stage, previously generated training corpus
is used. Named entity recognition is a crucial to event modeling, because the results would direct
impact to the final extracted 4-tuples: person, date, location and event related keywords [22, 23].

The recognized named entities from news articles are then used to build event repository.

Morphological analyzer is an important analysis step in a number of areas such as natural language
processing, information retrieval, topic modeling and text classification [15]. Morphological
analyzer is commonly used as a preprocessing method to reduce morphological variants to a single
feature. It is language dependent and should be tailored for each language, since languages
have a varying degree of differences in their morphological properties [20]. Morphological
analysis mainly aims at stripping off prefixes and suffixes, while leaving the root forms unchanged.
For morphology poor languages such as English morphological analyzer is not a big issue, while
for most other natural languages altering the roots (infixes), splitting compounds, handling

derivate processes, etc., are needed in order to perform a complete morphological analysis.

For morphologically complex languages like Amharic, the process involves dealing with prefixes,
infixes and derivatives in addition to the suffixes. Morphological analyzer is widely used in
information extraction, with the assumption that morphological variants represent similar meaning.
To properly classify the concepts, it is also necessary to make them grammatically uniform, it is

undesirable to differ between different forms of the same word.
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2.4 Information Extraction

Information extraction is concerned with extraction of relevant information from text and stores
them in a database for easy use and management of the data [19]. Information extraction has three
major components regardless of the language and domain on which it is developed for, which are
linguistic preprocessing, the learning and application stage. |IE addresses the problem of information
overload by locating the target phrases from document and transforms them in to semi-structured
or structured representation. Automatic information extraction system is classified into rule-based,

machine learning and hybrid [19, 22].

Rule-based methods are the earliest ones used in information extraction that use database of
predefined and hand-crafted rules that specify knowledge typically in form of regular expressions
[22]. It performs better for small or restricted application domains and short development time for
a set of generally applicable and observable rules. But the problem with this approach is that manual
creation of rules is expensive, and almost impossible to enlist all the rules that are required for
identification and classification purposes. Since rule writing requires enormous human effort,
therefore an easier approach which looks for patterns and relationships in the text to make a model
using statistical models and machine learning algorithms. A great advantage of machine learning
approach is its ability to be portable and maintainable with ease as compared with the rule-based
approach but still it requires a huge corpus in order to build a high performing extraction system
[23].

Most of the information extraction systems use the supervised learning approach or guided by
external resource like ontology [24, 25]. The statistical approach uses annotated training corpus
which is divided into two parts i.e. the training corpus and test corpus. The training corpus is used
to train 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 [26]. These IE approach uses
different features such as token string, capitalization, and token type (word, number, etc.). In
addition, others use linguistic features such as part-of-speech, semantic information from gazetteer
lists, and the outputs of other information systems (most frequently general purpose named entity

recognizers). A few systems also exploit genre-specific information such as document structure. In
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general, the more features the system used, the better performance it could achieve.

2.5 Ontology Modeling Technologies
2.5.1 Ontology

Ontology is a special kind of information representation, in which relevant concepts and relations
of entity are considered. Wang et al. [12, 27], define ontology as a shared, formal and explicit
understanding of some domain, which is often conceived as a set of entities, relations, functions,
axioms and instances. Thus, ontologies are a means to explicitly specify conceptual models with
logic based semantics. Nowadays ontology attracts many attentions in computer science, largely
because of envision of semantic web, where real semantic of the web lies on ontology [28].
A. Scherp et al. [29] find different type and classify ontology into three layered architecture of
ontology libraries such as foundational ontologies, core ontologies, and domain ontologies.

Foundational ontology is generic ontology, upper level ontology. It considers large scope and is
highly reusable in different modeling scenarios. Examples of foundational ontologies are the ABC
ontology [30], CIDOC-CRM [31], and etc. Core ontologies can be based on foundational
ontologies and provide a refinement to foundational ontologies by adding detailed concepts
and relations in their specific field. Examples of core ontologies are: Event Ontology (EO),
Linking Open Description of Events (LODE), F-Model, Simple Event Modeling (SEM), and etc.
Domain ontologies find representation of knowledge that is specific for a particular domain.
Domain-specific ontologies can be used as external sources of background knowledge in
combination with core ontologies. Examples of domain ontologies are: the foundational model of
anatomy as a domain specific medical ontology describing the anatomy of the human body, the

Gene Ontology*, Music Ontology? , Soccer Ontology?, and etc.

2.5.2 Ontology Development Tools

The development of ontology demands the use of various tools. Ontology development tools help

to acquire, organize, and visualize the domain knowledge before and during the building of a

L http://www.geneontology.org/

2 hitp://www.musicontology.com/

3 http://dbpedia.org/ontology/SoccerPlayer
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formal ontology [32]. Classes are the focus of most ontology and describe concepts in the domain.
Slots describe properties of classes and instances. Developing ontology may include: selection of
domain and scope, consider reuse, find out important terms, defining classes and class hierarchy,
defining properties of classes and constraints, and create instances of classes.

A range of open source and commercial tools are available which assist for the development of
various ontologies. These tools can be applied to several stages of the ontology life cycle including

the creation, implementation, and maintenance of ontologies.
Protégé

Protégé* is an ontology and knowledge base editor produced by Stanford University [28]. It
enables the construction of domain ontologies, customized data entry forms to enter data
through graphical user interface. Protégé allows the definition of classes, class hierarchies,
variables, variable value restrictions, and the relationships between classes and the properties
of these relationships. Protégeé is used by different users, because it provides better flexibility for
meta-modeling, enables the construction of domain ontologies; customize data entry forms to enter
data.

According to [28], Protégé is most widely used and domain independent ontology development
tool. The strength of Protégé is that, it supports the same tool builders, knowledge engineers and
domain specialists [32]. This is the main difference with existing tools, which are typically targeted
at the knowledge engineer and lack flexibility for meta-modeling. This latter feature makes it easier
to adapt Protégé to new requirements and/or changes in the model structure.

Semantic Web Ontology Overview and Perusal (Swoop)

SWOOP is a Web based OWL ontology editor and browser that contains OWL validation and offers
various OWL presentation syntax views [32]. It has reasoning support and provides a multiple
ontology environment that can be compared, edited and merged. Different ontologies can be

compared against their description logic based definitions, associated properties and instances.

SWOOP’s interface has hyperlinked capabilities so that navigation can be simple and easy.

SWOORP does not follow a methodology for ontology construction. This is possible either by purely

4 http://protege.standord.edu/
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linking to the external entity, or importing the entire external ontology. It is not possible to do partial
imports of OWL. There are several ways to achieve this, such as a brute-force syntactic scheme to
copy/paste relevant parts (axioms) of the external ontology, or a more elegant solution that involves
partitioning the external ontology while preserving its semantics and then reusing (importing) only

the specific partition as desired.
Apollo

Apollo® is open source ontology editor developed by KIM (Open University) [32]. It supports
standalone semantic web architecture with extendable plug-ins. Apollo’s ontology storage is in
file format and it do not support backup management. It support import from Apollo Meta
languages and export to OCML and CLOS, but it is not interoperable with other ontology tools.
Apollo does not support inference services, both built in and other attached inference engines.
Usability is less compared to other ontology development tools, it don’t have GUI, zooms,

collaborative working with others, but it has ontology libraries.

The modeling is based around the basic primitives, such as classes, instances, functions, relations
etc. Internal model is built as a frame system according to the internal model of the OKBC
protocol. The knowledge base consists of ontology that is hierarchically organized. Ontology can
inherit other ontologies and then use classes of inherited ontology’s as its own. Every ontology
inherits at least one ontology, a default ontology, which contains all primitive classes: Boolean,

integer, float, string, list etc. Class contains slots of two types: non template and template slots.
WebOnto

WebOnto®, is a tool providing web-based visualization, browsing and editing support for
developing and maintaining ontologies and knowledge models specified in OCML [33].
WebODE is a scalable and integrated workbench for ontology engineering based on the ontology
development methodology. It supports building ontology at the knowledge level, and translates it
into different ontology languages. WebODE is based on a client-server architecture which provides

high extensibility and usability by allowing the addition of new services and the use of existing

5 http://apollo.open.ac.uk/index.html

6 http://webonto.open.ac.uk/
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services, while Protégé-2000 and OntoEdit are based on plug-in architecture, ontologies are stored

in an SQL database to attain high performance in the case of a large ontology.

It has export and import services from and into XML, and its translation services into and from
various ontology specification languages such as RDF(S), OIL, DAML+OIL, X-CARIN, Jess and
F-Logic. In the ontology development phase, WebOnto has ontology editing service, WAB:
WebODE axiom builder service, inference engine service, interoperability service and ontology
documentation service. The ontology editor provides users with form based and graphical user
interfaces, WAB provides an easy graphical interface for defining axioms. It enables users to
define an axiom by using templates given by the tool with simple mouse operations. Axioms are
translated into Prolog. The inference engine is based on Prolog and OKBC protocol’ to make it

implementation-independent.
OntoEdit

OntoEdit is software licensed ontology editor developed by Ontoprise [27]. It is an ontology editor
that has been developed keeping five main objectives in mind [34]: ease of use, methodology
guided development of ontologies, ontology development with help of inferencing, development
of ontology axioms and extensibility through plug-in structure. Like most of other tools, OntoEdit
employs the client/server architecture where ontologies are managed in a server and multiple
clients access and modify. It is interoperable with other ontology tools like OntoAnnotate,

OntoBroker, Semantic and Miner.

OntoEdit provides ontology storage in DBMS format, it support import from XML(S), OWL,
Excel, RDF(S), Oracle, MSSQL, and MySQL and export to OWL, RDF(S), SPARQL, F-logic,
and Excel. OntoEdit has built-in inference services. Another unique feature of this phase is that
collaborative evaluation is also supported by introducing the name space so that the inference
engine can process each of test sets given by multiple users. OntoEdit employs F-Logic as its
inference engine. It is used to process axioms in the refinement and evaluation phases. Especially,

it plays an important role in the evaluation phase.

7 http://www.ai.sri.com/~okbc

18


http://www.ai.sri.com/~okbc

2.5.3 Ontology Languages

Ontology languages allow users to write explicit, formal conceptualizations of domains models.
The main requirements of ontology languages are [35]: a well-defined syntax, a well-defined
semantics, efficient reasoning support, sufficient expressive power and convenience of expression.
Several ontology languages have been developed during the last few years [36]. Some of them are
based on XML syntax, such as Ontology Exchange Language (XOL), SHOE, Ontology
Markup Language (OML), and Web Ontology Working Group of W3C8 (WWW Consortium)
identified a number of characteristic use-cases for ontologies on the Web like XMLS, RDF, RDF
Schema, OWL, etc.

XML and XML Schema

XML is the universal format for structured documents and data on the Web, proposed by the W3C
[27]. The main contribution of XML is that, it provides a common and communicable syntax for
web documents. XML itself is not an ontology language, but XML-Schemas is, which define the
structure, constraints and the semantics of XML documents to specify ontology. XML is a meta-
language used to define other languages. It describes a class of data objects called XML documents
and partially describes the behavior of computer programs which process them [27]. XML defines
neither the tags nor grammar, which makes it completely extensible [27]. It only requires that
document must be well-formed in a tree structure, so it could be parsed by standard XML tools. In
addition, the document can be structured to be valid. A valid document is one that conforms to its

XML Schema, which defines grammar and tag set for specific XML formatting.

XML Schema enables common, well-defined and easy processable syntax, but nothing about
semantics of data it describes. That means some standard must be needed on top of XML that
describe semantics of data. The first step in that direction is Resource Description Framework
(RDF), a general model in metadata layer and Resource Description Framework Schema (RDFS),

language at schema layer.

RDF and RDF Schema

8 https://www.w3.0rg/
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RDF is a framework for metadata description developed by W3C [28]. The RDF data model
defines a simple model for describing interrelationships among resources in terms of named
properties and values. Resources are described in terms of properties and property values using
RDF statements. RDF statements are represented as triples, consisting of a subject, predicate and
object (S, P, O) [37]. RDF is written in XML and uses URIs (Unique Resource Identifiers) to

identify resources.

RDF Schema, along with RDF provides basic capabilities for describing vocabularies that
describe resources through other important features [28]. RDF schema has its own built-in classes
and meta-classes by which users can define any class and relation. rdfs:Resource and its two
subclasses: rdfs:Class and rdfs:Property are the key meta-classes. Every ordinary class defined in
RDF Schema is an instance of rdfs:Class. In the same way, every property and relation defined in
RDF Schema is an instance of rdfs:Property. The major role of RDF schema is to constrain the
instance to which a tag is attached. On the other hand, the major roles of RDF schema include
giving tags with definition and their taxonomy to RDF, though it also specifies constraints of the
possible values of the triplet. XML is usable without XML schema, RDF is useless without RDF

schema.
Web Ontology Language

The Web Ontology Language is a semantic markup language for publishing and sharing ontologies
on the World Wide Web [35, 37]. There are three species of OWL: OWL Full, OWL DL and OWL
Lite. OWL Full uses all the OWL languages primitives, it is fully upward compatible with RDF,
both syntactically and semantically. Any legal RDF document is also a legal OWL Full document.
OWL DL is a sublanguage of OWL Full which restricts the way in which the constructors from
OWL and RDF can be used. It permits efficient reasoning support, but it loose full compatibility
with RDF. OWL Lite excludes enumerated classes, disjointness statements and arbitrary

cardinality among others. It is easier to grasp for users and easier to implement for tool builders.

OWL is the proposed standard for Web ontologies [37]. It allows us to describe the semantics of
knowledge in a machine-accessible way. OWL builds upon RDF and RDF Schema. In OWL RDF
syntax, instances and most RDFS modeling primitives are used. Formal semantics and reasoning
support is provided through the mapping of OWL on logics. Predicate logic and description logics

have been used for this purpose.
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Simple HTML Ontology Extensions

SHOE?® is an HTML-based knowledge representation language. SHOE is a superset of HTML
which adds the tags necessary to embed arbitrary semantic data into web pages [36]. SHOE tags
are divided into two categories [38]. First, tags are for constructing ontologies. SHOE ontologies
are sets of rules which define what kind of assertions SHOE documents can make and what these
assertions mean. Secondly, there are tags for annotating SHOE documents to subscribe to one or
more ontologies, declare data entities, and make assertions about those entities under the rules
prescribed by the ontologies. Because SHOE exists in a distributed environment with little central
control, SHOE treats assertions as claims being made by specific instances instead of facts together
and intern as generally-recognized truth. SHOE's syntax is a properly-compliant application
extension of HTML, almost identical to XML syntax. However, while SHOE's chief application
is the annotation of web documents, designed for more general distributed knowledge and
distributed agent issues.

HTML function is for displaying data for humans to read. The knowledge on a web page is in a
human-readable language (usually English), laid out with tables, graphics and frames in ways that
we as humans comprehend visually. SHOE was designed with the needs of the web in mind [37].
It has limited semantics to make it possible to handle large amounts of data. However, simple
database semantics are not enough for web data; SHOE provides true knowledge base semantics.
It has a variety of mechanisms that try to deal with the fact that the data out there is distributed and

under no one's total control.
Knowledge Interchange Format

KIFisa language designed for use in the interchange of knowledge among disparate computer
systems [36, 37]. KIF was created to serve as syntax for first-order logic that is easy for computers

to process. It is based semantically on predicate logic and syntactically on LISP. It allows

9 http://www.cs.umd.edu/projects/plus/SHOE/spec.html
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representing arbitrary sentences in the first order predicate logic. This language was defined within
the Ontolingua project that provides languages, a cooperative ontology builder that allows
exporting ontologies to various formalisms. When KIF is used, one usually implements
representation formalism in KIF and uses this implementation for representation of particular
ontology or knowledge. These ontologies can then be exported to other formalisms, such as Prolog.
Even when KIF was primarily intended as Interlingua, it is currently used for encoding knowledge

directly. Other formats may be exported from KIF definition automatically.

KIF is also not intended to be an internal representation for knowledge within computer programs
or within closely related sets of programs. Typically, when a program reads a knowledge base in
KIF, it converts the data into its own internal form (specialized pointer structures, arrays, etc.). All
computation is done using these internal forms. When the program needs to communicate with
another program, it maps its internal data structures into KIF. One inconvenience of this language
is its computational complexity is too high [37]. Its expressivity is based on a version of first order
predicate calculus, with extensions to support non monotonic reasoning and definitions. KIF has
declarative semantics; this means that it is possible to understand the meaning of expressions in
the language without the intermediation of any interpreter.

2.6 Event Modeling Approaches

A number of event modeling approaches have been proposed by different researchers. In general
the approaches can be categorized as probabilistic, atomic, structural, generic, ontology based event
model, etc.

2.6.1 Probabilistic Event Model

News event probabilistic model is proposed for Retrospective news Event Detection (RED) task in
Topic Detection and Tracking (TDT) [39, 40]. Retrospective news event detection is defined as
the discovery of previously unidentified events in historical news corpus [40]. It focuses on
the utilization of both the contents and time information of news articles. In the model,
news articles are represented by four kinds of information: who (persons), when (time), where
(locations) and what (keywords), because news reports are always aroused by news events, a news
event is modeled by mixture of three unigram models for persons, locations and keywords and one
Gaussian Mixture Model (GMM) model for timestamps [40].
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Historical events are a good supplement for linked data as it involves persons, places and other
entities and it combine different entity types and add a historical component [40]. Concepts,
semantic relations, facts and descriptions are used as a resource for several research areas
like NLP, IR, IE and ontology building.

Overall, Wikipedia is a good source of event, because it is global resource containing important
event triggers and participating entities in the world, contributors add new article and entities. A
major challenge facing event detection from Wikipedia article is to separate the mundane and
polluted information from interesting real world events. In practice, highly scalable and efficient
approaches are required for handling and processing a large amount of data (especially for real
time event detection). Using Wikipedia for retrospective event detection provide a good coverage

for event extraction.

2.6.2 Generic Event Model

Generic event modeling was initially designed for event-centric multimedia data management
components. Westermann and Jain, [42] proposed a generic event model E for event-centric
multimedia data management applications. The author opted agile two step approach using object
oriented design. E provides rich event descriptors using attribute values of arbitrary complexity,
simple tags, and reference to concepts, media and other sensor data. The model offers genericity
and extensibility to others eChronicle applications and it is also able to capture temporal aspect,
spatial aspect, information aspect, experiential aspect, structural aspect and causal aspect of

events.

The semantics of a constituent are denoted by its type, which is given by a Uniform Resource
Identifier (URI) [43]. E leaves the definition of suitable types to applications, focusing on the
modeling of events, however, E does not cover such type definitions and defers that to an event
schema language. The type of each constituent is further augmented by the schema which is part

of, again identified by a URI.

Minale A. and et al. [44] proposed a generic Multimedia Representation Space Model (MRSM),
designed for multimedia data and multimedia-based event representation, in order to allow event

detection and identification based on multimedia collective knowledge. MRSM provides a means
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of extracting, representing, and linking events from unstructured and heterogeneous multimedia

data without any prior knowledge about event-related clues.

2.6.3 Ontology based Event Modeling

Various ontology based event models have been proposed for representing real world events. The
following are examples of ontology based event model: Event Ontology (EO°) [28], Linking Open
Descriptions of Events (LODE?!!) [45], F-Model (F*?) [46], Simple Event Model (SEM®) [48],
EventsML-G2'*, NOEM [4] and others. Some more general models for semantic data organization
also include event models like CIDOC-CRM® and the ABC*®ontology [30, 47]. These event
models differ significantly since they were created for diverse purposes and show different
design choices.

News Ontology Event Model

The goal of designing NOEM is to provide a basic vocabulary for semantic annotation of event
5W1Hs in news stories [4]. The model captures temporal, spatial, information, experiential,
structural and causal aspect of events. The model is able to cover information of events in three
levels: event information, event relation and event media. The main concepts, properties of NOEM
and how they are used to represent event semantic elements, is shown in Figure 2.1 [4]. Happening
is the superclass of all types of eventuality. It has four subclasses: Event denotes dynamic event,

Situation denotes static status, Action denotes an activity and Constellation denotes an event set.

10 http://motools.sf.net/event/event.html

11 http://linkedevents.org/ontology/

12 http://isweb.uni-koblenz.de/eventmodel/

13 http://semanticweb.cs.vu.nl/2009/11/sem/

14 hitp://www.iptc.org/EventsML/

15 http://cidoc.ics.forth.gr/official release cidoc.html

16 hitp://metadata.net/harmoy/ABC/ABC.owl
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Properties hasCause and hasEffect of Happening represent cause-effect connections between

events.

Event is a concept denotes dynamic happening [4]. An event always has a type which can be used

to specify what. Situation describes static status preceding or following an event. A property

precedes and follows can be used to represent how. Constellation is a set of happenings with some

relations among them, e.g., cause-effect and core-peripheral. It describes a complete happening

caused by a key event and developed by sub-events. Agent is a concept to represent who and whom.

It is the superclass of Group and Person. Time apparently represents when. Place represents where.

Document is the media aspect of an event. It has an URI (Universal Resource Identifier) refers to

a news article. Topic is a concept in document level. It is related to category of a news story, for

example, Sports, Law, Politics, and so on.
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This model uses ACE-Event-Type. The task of ACE is limited to detection of eight specific event

types which are: Life, Movement, Transaction, Business, Conflict, Contact, Personnel, and Justice.

Each type has one to 13 subtypes so that each event is assigned to one main event type and one

subtype of it. The limitation to these event types is the main obstacle why ACE Event Type cannot
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be used in our setting directly, because we can identify more event types. Information such as news
types, resource locators, or indexes corresponding to specific document that support the given
event are modeled. CNML (Chinese News Markup Language) is imported to represent a news

article’s topic so that it can connect an event to its category in document level.

Simple Event Model

Simple Event Model is created to model events in various domains, without making assumptions
about the domain-specific vocabularies used [48]. SEM is designed with a minimum of semantic
commitment to guarantee maximal interoperability. Adopt principle of using external
vocabularies. In SEM there is no cardinality restriction, as shown in Figure 2.2, SEM’s classes are
divided in three groups: core classes, types, and constraints. There are four core classes:
sem:Event (what happens), sem:Actor (who or what participated), sem:Place (where), sem:Time
(when). SEM’s properties are divided in three kinds: sem:eventProperty, sem:type properties
and a few miscellaneous properties like sem:accordingTo and sem:hasTimeStamps subproperties.
The sem:eventProperty relates sem:Events to other individuals. A sem:type relates individuals
of the sem:Coreclass to individuals of sem:Type.

SEM s characterized as a domain independent, class based event model of average size
(innumber of classes and properties), that contains only a few constraints [48]. SEM gathers
the elements that give a light-weight description of events, but without importing strong semantic

definitions that easily lead to inconsistency.
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Event Ontology

Event ontology is developed in the Centre for Digital Music in Queen Mary University of London
[28]. It defines one main event concept. An event may have location, time, active agents, factors
and products as depicted in Figure 2.3. Event Ontology follows a very simple design and consists
of three classes Event, Factor and Product. It contains seventeen properties that relate events to
property. This ontology is useful in a wide range of context, due to its simplicity and usability from
talks in a conference, to description of a concert. EO defines a minimal event, and relies on
vocabularies defined externally to refine the knowledge expressed. Roles, types, views and
temporary are not defined in EO. Place, Time and Agent are defined via range restrictions on EO’s
properties. The explicit linking to vocabularies brings EO its richness, but also constrains the
possible values for these properties. EO is domain independent, property-based model with few

classes and constraints.

7 http://semanticweb.cs.vu.nl/2009/11/sem/
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Figure 2.3: Event Ontology Model*8

Linking Open Descriptions of Events

LODE aims at a minimal modeling of events and developed to represent historic and news events
[45, 48]. It contains one class (Event) and six properties (lode: atTime, lode: circa, lode: inSpace,
lode: atPlace, lode: involved, and lode: involvedAgent). Both class and properties are formally
mapped to other event models like the CIDOC-CRM, EO and DUL by the use of owl:sameAs and
rdfs:subPropertyOf. LODE is domain independent, property based model with few classes, some

restrictions and a higher level of formalization.

A related problem is the question of event identification. An event is identified with a single textual
description. They don’t attempt to map multiple textual descriptions to the same event identifier.
The reason for this is that it is not clear when two textual descriptions to be of the same event. If
we consider (as many contemporary philosophers of history do) events to be linguistic phenomena
rather than objectively existing in the past, then there is no basis for arguing that two textual

descriptions of an event refer to the same thing.

18 http://motools.sourceforge.net/event/event.html
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F-Model

F-Model is formal representation of events that allows for capturing and representing human
experience. This model is based on the foundational ontology DOLCE+DnS Ultralite (DUL) and
provides comprehensive support to represent time and space, objects and persons, as well as
causal and correlative relationships between events [46]. It provides additional properties, classes,
part hood relation, casual relations and correlation between events. It has ability to represent

multiple interpretations for the same event.

DUL defines the class DUL:Event next to the disjoint upper classes DUL:Object, DUL:Abstract,
and DUL:Quality [46]. The Event class defines from the formal definition in DOLCE as an entity
that exists in time. The class object stands for entities that exist in space, and abstract things like
social and cognitive entities. A Quality is a characteristic of an object or an event. It has a value
that is represented as a point or area in some Abstract. Abstract refer to the generic abstracts already
defined in DUL such as the regions DUL:Timelnterval, DUL:SpatioTempor alRegion, and
DUL.:SpaceRegion. F-Model is domain independent, class-based model with complex scope, some

restrictions and a higher level of formalization.

2.6.4 Comparison among different Event Modeling Approaches

Event models can be typed on basis of four main designs: domain specificity, classes or property
centered, size and level of formalization. Table 2.1 shows the comparison among different ontology

based event model.
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Table 2.1: Comparison among different ontology based event model

Event Domain Focus Scope Level of | Purpose
model formalization
EO Independent | Property- Minimal | Higher Music events
based
NOEM Independent | Property- Minimal | Higher News Events
based
LODE Independent | Property- Minimal | Higher Historic and
based news events
SEM Independent | Class-based Minimal | Average
F-Model Independent | Class-based Complex | Higher Capturing
human
experiences
CIDOC- Dependent Class-based Complex | Lower Museums,
CRM Libraries, and
Archives
artifacts

2.7 Tasks of Event Modeling

The task of event modeling requires, identification of event trigger, recognition of event

arguments, finding event properties and annotation of extracted event as a metadata and storage
[49, 50, 51]. Ahn [52] and Sharma et al [53] break down the task of extracting events into a series

of classification sub-tasks. The first is anchor identification that is finding event anchors (the basis

for event mentions). The second task is argument identification that is determining which entity

mentions, and values of each event mention, attribute assignment that is determining the values of

the modality, polarity, genericity, and tense attributes for each event mention. The third task is

event reference, determining which event mentions refer to the same event. Each subtask is

handled by a machine-learned classifier and highly interdependent.
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2.7.1 Event Detection Techniques

Event detection is responsible for finding the most informative terms which describe the event
mention [7, 54]. According to Aratefeh and Khreich [5], taxonomy of event detection is classified
according to the type of event, detection task and detection methods is presented. Depending on the
available information on the event of interest, event detection can be classified into specified
(planned) and unspecified (unplanned) techniques [5]. Unspecified events of interest are typically
driven by emerging events, breaking news, and general topics that attract the attention of users.
Unspecified events are typically detected by exploiting the temporal patterns or signal of streams.
Specified event detection includes known or planned social events. These events could be partially
or fully specified with the related content or metadata information such as location, time, agendas,
and participants.

According to the detection task and target application, classified into Retrospective Event Detection
(RED) and New Event Detection (NED) techniques [55]. Retrospective detection entails the
discovery of previously unidentified events in a chronologically-ordered accumulation of stories.
The other is online new event detection system has two online modes of operation [55, 56]:
immediate and delayed. In immediate mode, a strict real-time application is assumed, and the
system indicates whether the current document contains or does not contain discussion of a new
event before looking at the next document. In delayed mode, classification decisions deferred for a
pre-specified time interval. For example, the system could collect news throughout the day and

provide the user with new events at the end of the day.

Furthermore, depending on the detection method, the presented techniques are also categorized into
supervised and unsupervised (combination of both) techniques. In addition, the main event
detection methods, the feature representations, which are divided into general and domain-specific

features.

2.7.2 Event Extraction

Event extraction is a concept that is crucial in event management, intelligence gathering, and
decision making [6, 10]. One of the main objectives of event modeling is the ability to
automatically detect news articles that contain precise information about events. To improve such

unusual event identification, present tense verbs, popular event nouns and adjectives that describe
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events as they take place are considered typical features [6]. A bag of words model uses a
dictionary of trigger words to detect and characterize events which are manually labeled by
experts from several management departments: traffic control, crisis, emergency departments,
and others [57, 58].

Event triggers are recognized using conditional probability method [59]. A sample POS tagged
document contains the text fragments and explain occurrence of the type of event to be extracted
and the POS tagged text from which event is to be extracted. Bayes theorem is applied to find the
probability of occurrence of the words of input text in the sample documents as specified in

equation 2.1.

P(V1,V2,..,Vn|V) P(V
P(VIVL,V2, ..., Vn) = 25 (Vl’vz,‘_f_'yn)( e, 2.1)

where V is the word found in input text and V1, V2, ... Vn are words found in sample documents.
Words with high probability are selected as event triggers. As defined in ACE [60] guidelines and
Sangeetha et al [59], if the combinations of two words are of POS verb and noun, noun is chosen
as the trigger. If the combinations of three words are of POS verb, any POS, and adjective
respectively, the word with POS adjective is chosen as the trigger. If the combinations of two
words are of POS verb and particle, both the words with POS verb and particle are chosen as the
trigger. A single word is generated as an event trigger if the entire event is specified in a single
sentence. Multiple words are generated as event trigger if the entire event spans more than one

sentence or specified in a single sentence using conjunctions.

Method of extracting event trigger word based on trigger word table [57, 60]. It follows two
processes: construct trigger word set; calculate weight value. First, do sentence segmentation and
mark POS by using segmentation tool, then filter out part of words and phrases in the word
collection formed by the segmentation. This action can narrow the scope of candidate trigger word

set, and then describe the set in the format of equation 2.2
W = { (W1, scorel),(w2,score2),..., (WK, SCOTEK)} .. vourereerintenteiiteiteieeeeeeeeeeeeaanns (2.2)

where w stands for candidate trigger word, score stands for the word’s weight value. Weight is
computed using TF and Inverse Document Frequency (IDF). TF(term frequency) refers to the
number of occurrences of the given word in the document. For word wi, its term frequency can be

calculated by using equation 2.3.
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where ni is the number of wi that appears in document, N is the total number of all candidate
trigger word in the document. IDF is a measure of a word’s general importance; it can be

determined using equation 2.4.
IDF(wi) = 1+ log,(trigger word's weight value) ...............cccceviveiivienininanann. (2.4)

Then threshold is set, and filter some candidate word whose weight value is less than threshold.
Normalized term frequency-inverse document frequency (tf-idf) is the product of TF and IDF
computed using equation 2.5.

Score(Wi) = TF(WiQ) * IDF (WI) ..o e (2.5)

Event recognition is defined to be the task of associating incoming stories with events known to the
system [39, 55]. In the recognition task, a target event is given, and each successive story must be
classified as to whether or not it discusses the target event [39]. The objective of event recognition
is to correctly classify all of the subsequent stories. Thus each target event is defined by a list of
stories that discuss it. New event recognition [3]: aims to recognize the first story for a new event
that had not been discussed before. Each news article is processed in sequence, and a decision is
made whether or not a new event is discussed in the story, before processing any subsequent stories.
A decision is made after each story is processed. The first story to discuss an event should be flagged

YES. If the story doesn’t discuss any new events, then it should be flagged NO.

2.7.3 Knowledge Representation

Knowledge representation is an old field in Artificial intelligence and has provided numerous
models from frames to recent variants of description logics, RDFS and OWL [35]. Obijects,
properties, categories and relations between objects, situations, events, states and time, causes and
effects are the things that artificial intelligence needs to represents. Knowledge representation
techniques are divided in to two major categories that are declarative representation and procedural
representation [26]. The declarative representation techniques are used to represents objects, facts,
relations, whereas the procedural representation are used to represent the action performed by the

objects. The propositional logic, predicate logic, semantic network are the declarative knowledge
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representation techniques and script, conceptual dependency are procedural knowledge

representation techniques.

DBpedia, YAGO [62], Freebase and Google knowledge graph are well-known examples of
knowledgebase constructed using information extraction techniques. Information extraction
techniques can extend existing knowledgebase; in turn knowledgebase can also improve

information extraction.

A semantic network is widely used knowledge representation technique [26]. Semantic network is
a knowledge representation technique in which the relationship between class and objects are
represented by the connection or link between objects or class of objects. Thus the notion of
semantic extends the current service by standardizing its semantics, adding richer and more
meaningful interaction among users and machines. Another form of knowledgebase construction
is ontology population from unstructured documents. W.Wang and D. Zhao, [4] populate ontology
by using a predefined template; they automatically generate an OWL file for extracted event facts
and import them into the ontology to build an event knowledge base. Event based media repository

is discussed in [63].

Word vectors encode semantic meaning and capture many different degrees of similarity [64].
Word2vec is a tool developed by Mikolov.et al. [64, 65]. Word2vec captures domain similarity
while other more dependency-based approaches capture functional similarity. Word2vec provides
an efficient implementation of continuous bag-of-words and skip-gram architectures for
computing vector representations of words [66, 67]. These representations can be subsequently
used in many natural language processing applications and other research areas like word

embedding, mapping to semantic representation or syntactical space.

2.8 Summary

Most of the time events are associated with news broadcast on Web, social media, television,
radio and others. Event modeling needs understanding of various disciplines such as natural
language processing, knowledge representation, ontology engineering, and etc. NLP tools plays
significant roles in event modeling because event extraction requires different NLP tools like
POS tagger, named entity recognition, morphological analyzer, etc. are necessary for successful

implementation of new event detection and recognition.

34



Event detection can be done offline mode for retrospective events or online mode, immediate or
delayed new event detection. Task of event modeling involves: key event identification; semantic
event element extraction and knowledgebase representation. Event extraction requires
identification of event trigger, recognition of event arguments, finding out event properties and

definition of extracted for knowledge base construction.

There are different approaches of event modeling like probabilistic, atomic, structural and
generic which don’t require the notion of ontology. Other ontology based event modeling
approaches such as NOEM, EO, LODE, F-Model, SEM etc. can be used for event modeling.
These ontology based event modeling approaches differ in domain specificity, size, purpose and

level of formalization.
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Chapter Three

Related Work
3.1 Introduction

A number of research works have been conducted on event extraction from various sources for
different target applications. In this chapter we present the review of papers that are particularly
related to our work. Our review presents the approach, data sets used, results obtained, weaknesses,
strengths, lesson learned and subjects that make our research different from those works is
identified.

3.2 Event Extraction from Wikipedia
Fabian, et al. [62] proposed YAGO, a large event ontology constructed from Wikipedia and

WordNet. Event facts are automatically extracted from Wikipedia and unified with WordNet,
using combination of rule based and heuristic methods. The authors have downloaded the English
version of Wikipedia in January 2007, which comprised 1.6 million articles and each Wikipedia
article is a single Web page and usually describes a single topic. They used version 2.1, WordNet
contains 81426 synsets for 117097 unique nouns. WordNet distinguishes between words as
literally appearing in texts and the actual senses of the words. In addition, it provides relations
between synsets such as hypernymy, hyponymy i.e., the relation between a sub-concept and a
super-concept. Wordnet also includes other types of words like verbs and adjectives, but they
considered only nouns for their work, even though verbs and adjectives have capability to show

the mention of events.

YAGO is based on a logically clean model, which is decidable, extensible, and compatible with
RDFS, and available in different export formats, including plain text, XML, RDFS and SQL
database formats [62]. YAGO is tailored to Wikipedia and WordNet, but it comes with a multitude
of interconnected relations, and opens the door to numerous new challenges. All YAGO’s facts
are tagged with a confidence value between 0 and 1, and facts with their empirical confidence
estimation of 0.90 to 0.98 are selected. Their evaluation result shows, YAGO has near-human
accuracy around 95%. The resulting knowledge base is a major step beyond WordNet: in quality
by adding knowledge about individuals like persons, organizations, products, etc. with their
semantic relationships and in quantity by increasing the number of facts. The overall number of
ontological facts is about 5 million. This number is completed by the respective witness facts and
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approximately 40 million context facts. The size or number of entities in YAGO is: 14 relations,
149162 classes and 907462 individuals.

Another works done by James, et al. [41] uses Wikipedia as a target source of event. Wikipedia
contains historical events of different granularity in lists for centuries, years, months and on a daily
basis. The focus of [41], is to extract historical events from Wikipedia articles that are available
for about 2,500 years for different languages. According to [41] events can be identified either by
being of the DBpedia®® ontology type event or containing a date attribute (Date, StartDate, etc.).
Accordingly events have a date at the beginning, followed by a short text describing the event with
links to other Wikipedia articles. Their event extraction is based on semantic parsing from
Wikipedia text and converted them into the LODE event model. They have extracted historical
events in different languages like German (36063), English (32943), Spanish (18436), Romanian
(9745), Italian (6918), Portuguese (6461), Catalan (6442), Turkish (3084) and Indonesian (1720)
with a temporal coverage from 300 BC to 2013. Totally, these results in 121812 events with

325693 links to other Wikipedia articles, which means an average of about 2.7 links per event.

For the individual languages their algorithm achieved the following extraction quotients: German
(98,97%), Spanish (94,12%), Turkish (91,87%), Portuguese (91,74%), English (86,20%), Catalan
(85,69%), Indonesian (80,19%), Italian (75,81%) and Romanian (74,73%). Historical events are a
good supplement for linked data as it involves persons, places and other entities available in
DBpedia and give background information for certain phenomena. They have parsed and
processed historical events on a yearly basis for different language versions and make them
available by a Web API, SPARQL endpoint, Linked Data Interface and in a timeline application.
They have applied retrospective event detection; which is used to extract event from large
chronological accumulation of articles. This approach is not suitable for online event extraction,
because it require immediate (real time) event detection. In addition to this, they have considered
existence of datetime as a parameter for event detection, but all resources containing datetime is

not considered as event.

19 DBpedia is a crowd-sourced community effort to extract structured information from Wikipedia and
make this information available on the Web.
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3.3 Event Extraction from News Article

Wang et al. [1] proposed a framework that extracts event semantic elements (5W1H) from Chinese
news for event ontology population. Their approach divide event extraction task into three steps:
identify key events of news stories, extract 5W1H semantic information from the key events, and
represent the extracted semantic information of events to build event knowledge base. They have
designed News Ontology Event Model (NOEM) to represent 5W1H semantic elements of an event
and relations among events. The extracted semantic event elements are first represented as RDF
(Resource Description Framework) triples?®, and then automatically imported into NOEM as
instances. As a dataset they used news stories and manually annotate them with title type, topic
sentences and key event 5W elements. As a result they construct three datasets: ACEQ5, it contains
182 XinHua newswire articles which come from ACE2005 Chinese training corpus, BJRB, which
contains 543 news stories selected from March 1-10, 2009 Beijing Daily, and XAWB, which

contains 808 news stories selected from June 1-10, 2009 Xi’an Evening News.

Term frequency-inverse document frequency (tf-idf) and PageRank based methods were used to
extract topic words from a news story and identify whether the news headline is informative or not
[1]. Their evaluation result shows that the tf-idf based method has a better classification accuracy
than the PageRank based method. They used combination different features to weight sentences
and choose the top score one as topic sentence. Their experimental result shows that title and title
classification are both important to find a topic sentence, the first sentence is more important than
the title, and the title is above other features. For the 5W tuple evaluation, they used string
similarity measure to compute the similarity between the extracted Time, Location, Subject,
Predictive, Object elements of the 5W-tuple <T, L, S, P, O> and manually annotated results. Their
primitive evaluation results show when and where are better than who and whom. It makes sense
because time and location are comparatively easier to identify. The who and whom are closely
related to what, so the accumulated errors lead to a lower precision. The result also shows that

their algorithm tends to be affected by the document length.

Jakub et al [68) proposed a NEXUS (News cluster Event eXtraction Using language Structures),
which uses Ontology of Politically Motivated Violent Events (PMVE). Before the NEXUS event

20 RDF triples are used to group any two pieces of data and the link that connects them on the web.
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extraction process can proceed, news articles are gathered by media monitoring software
(EMM system), which delivers news clusters for each topic. Further, NEXUS selects security
related events via application of keyword based heuristics. The extracted information about violent
events and related entities such as people and organizations is mapped to domain ontology PMVE.
The PMVE domain ontology consists of the concepts, the relationships and the properties that
formally describe the PMVE as they are reported in the online news articles. The purpose of the
ontology mapping process is to assign each violent event to its relevant concept in the ontology
and obtain the instances for the knowledge base. Gathering information about violent events is an

important task for better understanding conflicts and for developing early warning systems.

Initially, they have used 84 concepts covering events, places, people, groups and organizations in
the ontology, 59 properties describe these concepts and 30 relationships connect them with each
other. Evaluation is carried out on 26333 English language news articles grouped into 826 clusters
from the period 24-28 October 2006. They implemented in nexus an ad-hoc text classification
algorithm for detection of security-related news clusters based on frequency of patterns matched,
number of articles and keywords present. The algorithm classified as security-related 47 events;
for 39 of them the classification was correct. Regarding the identification of places, geo-location
algorithm is precise at the level of country (95%), but due to some temporary technical problems
relatively low accuracy (28%) at the level of city, town and village can be observed. Automatic
event extraction from free text is an extremely relevant application for many areas such as risk
assessment and early warning. The evaluation revealed that there is still space for improvement,

especially in case of date detection and security-related events classification.

3.4 Event Extraction from Social Media

Axel et al. [69] proposed event recommender system for Twitter users. It identifies twitter activity
co-located with previous events, and uses it to drive geographic recommendations via item-based
collaborative filtering. They collect Twitter data from the twitter public streaming API, and stored
on a hadoop file system, which is filtered down from high activity areas of their interest such as
New York and Chicago. Lists of events are extracted from a web crawl of Eventbrite, a popular
event organization website which contains a database of previous and upcoming events. These
events are cross-referenced with geotagged twitter traffic to identify users who have attended these

events. From the tweets that the user created or received or retweeted they mine the user’s opinion
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about the event using sentiment analysis. The intensity of user sentiment about an event is

translated into a rating about the event.

Event recommendation presents a unique challenge because we cannot measure user interaction
with the event until it has already occurred. In order to recommend events to users, they used item-
based collaborative filtering to recommend upcoming events similar to ones previously attended
by the user. Similarity between two different events is calculated based on event description, user
participation and social media interaction during and about the event. This event recommendation
can be applied to any other social media network user activity that has ties with geo-location and
time of the activity. Their works explore only techniques to detect and recommend real world
events for users based on their Twitter activity. However event semantic elements extraction and
definition is uncovered. Higher result could be achieved during similarity measure, if the four
dimension or elements of events extracted and considered individually, because with in fraction of

second similar event at different time or location may happen.

Hila et al. [70] present a query-oriented solution for retrieving social media documents for planned
events across different social media sites. Automatically identifying social media content
associated with known events is a challenging problem due to the heterogeneous and noisy nature
of the data. They mine event aggregation platforms to extract event features, which are often noisy
or missing and they used these features to develop query formulation strategies for retrieving
content associated with an event on different social media sites. User contributed Web data
contains rich and diverse information about a variety of events in the physical world, such as
shows, festivals, conferences and more. This information ranges from known event features (e.g.,
title, time, location) posted on event aggregation platforms (e.g., Last.fm events, EventBrite,
Facebook events) to discussions and reactions related to events shared on different social media
sites. Their approach for associating social media documents with planned events consists of two
steps, precision-oriented queries for an event using its known context features and recall oriented
queries, to retrieve additional documents for the event. Planned event dataset collected from
records posted between May 13, 2011 and June 11, 2011 on four different event aggregation
platforms: Last.fm events, Eventbrite, LinkedIn events, and Facebook events. They collected a
total of 393 events, with 90 events from Last.fm, 94 events from Eventbrite, 130 events from
LinkedIn, and 25 events from Facebook. For training they used a separate set of 329 event records,

collected (in a similar fashion) between April 26 and May 11, 2011.
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Overall, their evaluation showed that, query generation approaches can effectively retrieve
relevant social media documents for planned events on multiple social media sites. The bulk of
information from events is contributed by individuals through social media channels: on photo and
video-sharing sites (e.g., Flickr, YouTube), as well as on social networking sites (e.g., Facebook,
Twitter). This event-related information can appear in many forms, including status updates in
anticipation of an event, photos and videos captured before, during and after the event, and
messages containing post event reflections. Importantly, for known and upcoming events (e.g.,
concerts, conferences) revealing, structured information (e.g., title, description, time, and location)
is often explicitly available on user-contributed event aggregation platforms (e.g., Last.fm events,
Eventbrite, Facebook events). Generally, their techniques reveal important information from and
about planned events as they are reflected through two hundreds of millions of users on social

media sites.

3.5 Summary

The task of event extraction differs according to the type of event, detection task, detection and
methods. Design and usage of source (Wikipedia, news article, social media or other) has its own
impact on the event extraction process. A major challenges in event detection from these source is
to separate the mundane and polluted information from interesting real world events. Event
detection from such sources need to handle the noise data like spelling and grammar errors, length
of text messages(maximum of 40 characters in twitter), improper sentence structure, frequent use
of informal, irregular, abbreviated and mixed languages are common challenges, as a result some
works uses media specific NLP tools. In practice, highly scalable and efficient approaches are
required for handling and processing the increasingly large amount of data, especially for real time

event detection.

Some works try to mine user’s opinion using planned event of social media and use this
information to recommend the upcoming event. User interaction before, during and after
occurrence of event is an important indication for the happening of event, most works use only
event trigger word to detect an event, but all article containing event trigger is not indicate the
mention of event, while others consider only planned events published over event aggregation
platforms. Here our concern is news article published over the web considering both planned and

unplanned events. To address the challenge of automatically identifying unknown events,
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considering the high rate of news broadcast, news shared over social streams and the dynamic
nature of Web data, we proposed event extraction, and representation model from Amharic news

article.

Moreover event modeling is language dependent; one should take language features and encoding
techniques into consideration. Development of such language specific event modeling requires
efficient NLP tools (Part of speech tagger, morphological analyzer, and named entity recognizer).
Ambharic is one of morphologically rich language, has its own character, numbering, way of writing
and encoding. Thus language specific issues like normalization (character, and temporal), use of
NLP tools should be considered. Beside these, extracting key event and semantic event elements
from news article is not enough, because way of representation is also an issue. Here our concern
IS to use ontology and optimize the representative ability of event facts through semantically rich
event representation model that can be used as a knowledge base for other event level semantic
applications. Thus, the above mentioned related works can’t address these issues for Amharic

language and to our knowledge this work is the first attempt for Amharic language.
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Chapter Four
Event Modeling from Amharic News Article

4.1 Introduction

In this chapter, we discuss the proposed event modeling from Amharic news article. First, we
discuss event task definition and assumptions, then the proposed architecture of event modeling
from Amharic news article and each components of the architecture along with techniques of

implementation are presented in detail.

4.2 Event Task Definition and Assumption

Events are dynamic data structures that play key role in understanding real world eventuality,
which are basically driven by the four “W’s’ (what, who, when, and where) that is what happened,
when and where did it happen, and who was involved. This natural progression of questions is a
classic example of what one might ask about an event. Without any one of these questions, the
news article telling about event would fall level and quickly become less attractive. For example,
what is a news article about earth quake without a mention of location and time? Figure 4.1 shows
the basic dimension of event in our assumption. Each of the four W’s is necessary to tell full
information about event. Thus we adapt the 4W concept in journalism?! to represent semantic

elements of events.

What happened?

Who was involved? When the event takes place?

Where the event takes place?

Figure 4.1: The Four Dimensions of Event

21 http://iptc.org/standards/newsml-g2/
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Events provide a natural way to explain complicated relations between people, places, actions and
objects. Event centered modeling captures the dynamic aspects of an event along with related
events and participating entities. The four dimensions of event presented in Figure 4.1 have ability

to represent event semantic elements.

In order to capture and represent event facts, we defined the following terms and tasks

mathematically. Event terms and tasks are defined according to assumptions made in this work.

Definition 1: [Event E]. We define an event E as a real world phenomenon that occurred at
specific time T, involving participant P, and tied to a location L that published or posted to one of
the public media available on the Web (News broadcast, social media). It is represented in four

main attributes.
Where,
T: temporal information describes the time when an event occurs (instant or interval).

P: entities participated or intended audience (at real time or after), to describe who was

involved/attended,

L: spatial information (location or place) to describe the place where it took place,

K: textual description of the event, describe what is published,
Event Trigger: event trigger is word or phrase that most clearly express the mention of an event.
Event Extent: An event extent is a sentence within which a taggable event is described.
Entity: Person, Organization or Location contained or mentioned in the content of an article
Article: An instance of a news report
Event Repository: A database of identified events

Event Modeling: is the process of event identification, event elements extraction and event

semantic elements representation.

When designing an event model that is supposed to meet the expectations in this work, several

aspects need to be considered. In general the design should be simple and expressive model that
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could be easy to understand both in terms of processes and topology. The following basic tasks

are considered during the design of the proposed model.

» Preprocessing free Amharic news article and automatically identify news article containing
the mention of events, in such away it is possible to address events from Amharic news
article.

» Extracting event elements that provide rich means to capture elementary aspects like
temporal, spatial, informational and participants of an event description.

> Representing the extracted event facts and their pairwise semantic relations, which together

form an interconnected network of events.

4.3 The Architecture of Event Modeling from Amharic News Article
The proposed event modeling architecture consists of five major components: preprocessing, event
trigger identification, event semantic elements extraction, classification and event representation.
Figure 4.2 shows the architecture of event modeling from Amharic news article. Detail description
and implementation algorithms for each component is discussed in following sections.
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Figure 4.2: The Architecture of Event Modeling from Amharic News Article

4.4 Preprocessing

The main task of preprocessing module is to make the news article ready/soft for event extraction

processes. As shown in Figure 4.2, preprocessing is the initial task for event extraction process. It

accepts unstructured raw natural language texts as input for processing. In preprocessing language

specific subcomponents like tokenization, normalization, and different linguistic components like

part of speech tagger and morphological analysis and named entity recognizer are performed. The

result of the preprocessing module is segmented news article into sentences and tokens, normalized

(character and temporal expression), that is processed news article which is ready for trigger

identification and other components. Each subcomponent is discussed in the next subsections in

detail.
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4.4.1 Tokenization

Naturally, before any real text processing is to be done, text needs to be segmented into linguistic

units such as words and sentences. The incoming news article is plain text, we need to find where

do sentence start and end, where are the words, whitespace, and punctuation marks. Since most

written languages have punctuation marks which occur at sentence boundaries. As a sentence is

one of the most important components in the natural language text for representation of interrelated

information and for expressing event in news article. Algorithm 4.1 is used to tokenize news article

into sentence level.

Algorithm 4.1: Sentence Level News Article Tokenizer Algorithm

Input: News Article (A)

Output: Tokenized news article into list of sentence
Begin

For every term in A

Find punctuation marks :: or ! or ?
If punctuation marks found

Split sentence
End if
End for

End

In practice, sentence and word tokenization cannot be performed successfully independent from

one another. Since words and sentences identified at this stage are the fundamental units passed to

further processing stages such as normalizer, part-of-speech tagger, trigger identification and event

elements extraction components. Algorithm 4.2 tokenize news article into list of words by finding

Ambharic word separator.
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Algorithm 4.2: Word Level News Article Tokenizer Algorithm

Input: News Article (A)
Output: Tokenized news article into list of words
Begin
For every term in A

Find punctuation marks white space

If punctuation marks found
Split word

End if

End for

End

4.4.2 Normalization

Normalization refers to the process of mapping the recognized expression to their specific standard
format or measures. The normalization task is required because some information types do
not conform to a standard format. This task is typically achieved through the use of conversion
rules that produce a standard format. Amharic language specific normalization like character and

temporal expression normalizations are discussed in this section.

Character Normalization

Character normalization component is responsible to normalize Amharic characters having same
pronunciation and meaning into single character. Algorithm 4.3 iterates over news article to find
redundant characters and replace with norm character. During normalization, the algorithm

consider the seven orders redundant characters with corresponding norm orders.
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Algorithm 4.3: Amharic Character Normalizer Algorithm

Input: Tokenized News Article (A)
Output: character normalized news article
Begin
For every character(C) in A
ifC=4or C==4%o0or C== 1
replace C withvu
apply for the orders of C, considering the order ofU
if C == w
replace C with O
apply for the orders of C, considering the order of (
if C ==
replace C with h
apply for the orders of C, considering the order of kA
if C ==
replace C with 2
apply for the orders of C, considering the order of A
End for

End

Temporal Normalization

To resolve the ambiguity of temporal expressions, we have implemeted a rule based temporal
expression normalizer. Most temporal expressions in news articles are incomplete and only
implcitly anchored, often with respect to the dateline of the news article, wich refer to as the
article’s temporal anchor. The values of relatively simple temporal expressions like today(Hé),

yesterday (+47t), or tomorrow (77) are computed with respect to this temporal anchor. As
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indicated in Table 4.3, the rules for today simply assigns the reference, while the attachement for
tomorrow and yesterday add a day and substract a day from the reference, respectively. Complex
temporal expressions like a day after yesterday (nts7 Qo) are resolved one expression
followed by other, resolve yesterday(-+57F) first then apply the changes that the word after(0a-t)
makes on the date obtained. In Table 4.1 a sample temporal reference and for normalization rule
are defined. These rules are captured only considering most frequent temporal expression in news

article.

Table 4.1: Temporal Reference and Rules for Temporal Expression Normalizer

Temporal Reference Rules

Today(Hé) day()/month()/year()
Yesterday(+q7t) day()-1/month()/year()
Tomorrow(1) day()+1/month()/year()
Next month(¢mg @c) day()/month()+1/year()
num + year later (h num agvt 01714) day()/month()/year() + num
A day after yesterday (n+e7t O0g) (day()+2/month()/year()

In some cases the references are estimated using the news article’s date. Others refer to a date
named before in the text that is being resolved. By default, the news article’s date is used as a base
referent temporal expression if it exits, if not, the system date is used.

4.5 Part of Speech Tagging

Part-of-speech tagger is one of basic text processing task. After news article is tokenized the next
task is tagging the part of speech of determined phrases or tokens. The POS tagger receives
tokenized news article as input and assigns POS tags to the words of that sentence that is output
the lexical category of tokens such as nouns, verbs, adjectives, etc. For this we used a medium
sized POS tagged corpus for Amharic consists of 1,065 news articles (approximately 210,000

tokens) collected from Walta Information Center [15].

We used part of speech for filtering candidate triggers in event trigger identification. Usually
events are triggered by verbs and nouns. From the tagged data we can easily identify candidate

triggers.
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4.6 Morphological Analysis

Morphological analysis is the process of mapping various syntactic forms of a word into its
canonical base form. The purpose of this process is to reduce the variation among event triggers,
which reduce the sparseness for lexical representation of the text. Morphological analysis is a
standard technique which is commonly used to create the bags-of-words features in many
information extraction systems. Morphological analysis is applied to list of candidate event trigger
extracted from news article and trigger list. To handle morphological variety of tokens we used
manually constructed morphological analysis. It accepts words and reduces to its root word. The
following are sample example that shows how morphological analyzer reduce various surface
forms (derivation and inflection) of words into its root form. Morphological analyzer reduces

various surface forms (04 £H0A@Q7: DH0AT 1047 . . ) into root form +k.

Surface form | Morphological Analyzer | Reduced root form
hLo hLD

ALOPT hLD-PF

hLIDY hLD-7 aLp
ALD7 ALRD-7

hALOP T h-hL0-PF

Tk Tk

PHNAMD7 P-T0h-0.77 Tk
'k -tk

10hk7 10h-"7

hac hac

hacF hac-—+ LG
hag nACA [n4]

ehad P-nhad

4.7 Trigger ldentification

Event is made up of event trigger and event elements, thus event extraction process start form

preprocessing and followed by event mention (trigger) identification. The output of preprocessing
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component is used as input for event trigger identification. Event trigger identification is process
of identifying keyword/action words or phrases that can tell the mention of events. Event triggers
are used to identify the mention of event in news article. For example, the following statement
describes a traffic accident (+¢-4h h.2) event.

“NAL.0 ANN18 TIHSL Hé mPT PLLA &G P1e-dh ALD Lot AP T VeOTT AP Te NCh-PTF79° ARNAA:”

The description of event scenario depends on the level of abstraction. The above event description
can be alternatively described as “0A%a AN 18 TIHEL He mPt 0244 N& S ¢He-dh ALY PadT APT
veot7 emd.” (highly specific), to “h&+5 +é-dh AL L4047 (abstract).

According to rules of journalism and structure of news??, a single article tells about one thing and
most essential information about news article is found in news headline or at the first paragraph.
In some cases a single news article might describe more than one event, but only one is a key
event. Key event can be extracted by analyzing information content of news article using event

trigger list and other local features.

Event trigger is a word or phrase starting an event, which is an important feature for recognizing
the mention of event. From the above example “tééh 482" (traffic accident)” is an event trigger.
To identify event trigger we used a set of features of candidate trigger like part-of-speech of tagger,
exact-match (if the trigger exactly match) and root-match (if the root of trigger match. Event trigger
selection is done through filtering features with performance measures in mind and remove
irrelevant features that might introduce greater computational cost. Such words are found through
extensive analyze of textual features in order to select the best contributors to the task of event
identification. For this task we have collected different event trigger words or phrase from the
training corpus containing news article of different domains on the ground truth positive instances

and sample list of identified event trigger words are presented in Appendix I1.

22 http://drkblake.com/six-rules-for-writing-a-straight-news-lead/
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Table 4.2: Sample event extent and event trigger

# | Event Extent Event Trigger

1 | NAtevy ntoq +art Pt 0840 L71HS Shat A& PUNt | aa Ao (Fire Accident)
VI5T Vet TING HI2::

2 | 278 OChT PAA® @NG PCO PT (830N FaPHIN:: +avt10 (Registered)

3 | Attt VA MLOAG PATCRS AtAENA 4oLl TOHATT | +avm (Elected)
Uq Tavdm::

As shown in Table 4.2, event triggers play a key role in event identification. Every word in news
article can’t be candidate event trigger, event trigger identification algorithm filter and use only
possible word classes. Possible word classes are: verbs and nouns that describe events as they take
place are considered typical features. We use part of speech tagger, morphological analysis and
trigger list to select most informative triggers that can tell the occurrence of event.

Algorithm 4.4: Event Trigger Identification Algorithm

Input: Preprocessed news Article (A)
Output: event trigger
Begin
POST//Part-of-Speech Tagger
MA//Morphological Analysis
For every term in A

If POS(term) in A == VB or NN

Reduce term into its root form using MA

Compare root word of candidate trigger with root of
trigger list
If trigger term match
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Compute candidate trigger position
Compute TF (term)
Compare the values
The candidate trigger containing with highest
value is recognized as key event trigger
End if
End if
End for

End

As indicated in Algorithm 4.4, we use trigger list and other local features indicated in algorithm to
identify event triggers form news article. The true triggers head words are either verbs or nouns.
Therefore, the algorithm considers only those words whose part of speech tags belong to these
word classes as candidate triggers. After candidate triggers are identified the next task is
identifying key event by computing the term of frequency value and position of each candidate
trigger. Most of the time event extent located at beginning of news article, thus candidate located
at first position is more important than the second candidate, and same way can be applied to other

candidates depending on their position. Figure 4.3 shows event trigger identification workflow

with example.
Preprocessed Morphological Trigger Trigger list
News Article Analyzer Identifier (Root form)
Y
285'@- Phdsh P-Ash [AGsh] Find similar ~———
VAN a0 g PT UG [UNEH] trigger and h&o
0k H (AN p-av4- P avg) compute Ll
ANO aonge: Tk [Mh] local features ke
Bz Hé [H&) . . . °C
hac
N—

Figure 4.3: Event Trigger Identification Workflow with example

Morphological variability between candidate triggers extracted from news article and trigger list

is handled using morphological analysis. Candidate trigger that have similar root word to the
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trigger list root is labeled as event trigger. Specifically, when applied to candidate token ct and
trigger list T1, S(ct, TI), checks whether ct is similar to any of the triggers in the trigger list. This is
done using string similarity measure between a given ct and the trigger in trigger list Tl. For
example, if a candidate trigger A2.2#+ is extracted from news article, first candidate trigger A2 29
is reduced to its root form using morphological analyzer resulting root word 42.2. Then after string

similarity between any of root words in trigger list is computed.

Other local features like term of frequency and position of candidate trigger has its own
contribution to trigger identification. Term of frequency is the number of candidate trigger appear
in news article. Candidate trigger with higher term frequency is more valuable than others. Position
attribute is position where a candidate trigger first appears in the news article. A candidate trigger
that occurs at the beginning of the news article is often more valuable than a candidate trigger that

occurs at the end of that article.

4.8 Named Entity Recognition

Like part-of-speech tagger, named entity recognizer is a prerequisite for any information extraction
process. Named entities are one of the most often extracted types of tokens during information
extraction. After segmented tokens are tagged, the next task is recognizing the class of each entity
identified in news article. To recognize different entities involved or mentioned in news article
particularly which have relation with event mentioned, named entity recognizer is required. To
extract event elements from news article we used manually tagged news named entities. The four
event semantic elements are identified by using named entity recognizer. Event elements are
categorized into different class of named entity like people, organization, place, time etc. Table

4.3 shows event elements and entity type along with their description.

Table 4.3: Event Elements, Possible Entity Classes and description

Event Element Entity type | Description

Temporal elements TIME Describe time when (date, year, instant, etc.) the

eventuality takes place

Spatial elements LOC Describe place where an event happens
GPE
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Participant(s) PER Describe person or organization who participated during

elements ORG the course of event

Event extent (title) -- Describe what is mentioned in news article

4.9 Event Elements Extraction

Event elements are arguments that tell entities involved in the course of event. Event elements
extraction component is responsible to extract basic information that is event elements like extent,
participant, temporal and spatial elements. Each element can be described in very different ways,
and the values are captured by processing the news article. Typically, event elements are described
in media using the facets of who, where, and when of news articles. Extracting event elements that

tells the entity discussed in news article is more important in event extraction.

A number of entities can be mentioned in news article, but we only extract valuable elements those
entities and values that occur within the scope of the event. To select event elements we use named
entity recognizer and other local features like potential trigger and path from the extent to head
word of the trigger. As shown in Table 4.2, event elements and their corresponding possible entity

classes are presented. We have proposed different algorithms to extract event elements.

Our event element extarction algorithms first identifies all possible entities in a news article. Once
the entities are identified, the distance of every entities toward the event extent is
calculated. The one with the minimum distance from the event extent is considered the best
candidate for particular event elements. Once we get the event elements candidate of an event,
then we use rule based method to map these candidates to the 4W semantic elements of an event.

Event Extent Extraction

Event extent is a short textual description of an event. Event extent extraction corresponds to
selecting sentence that best expresses the idea or mention of event. The extent extraction tries to
pick the sentence which reflects the main content of the news article. Event extents are extracted
using the result of measurement of the representativeness of the sentence. To determine the ranking
of the sentences of a news article, a relative significance score is determined and the top ranked is
chosen as event extent. Several features are used for ranking the sentences in the news article. We

used a combination of various features of the sentence like position of the sentence in the news
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article, length of the sentence, TF*IDF score of the sentence, number of named entities and
presence of trigger words in the sentence. Algorithm 4.5 uses these features to rank candidate

sentences.

The relative positioning of sentence, within a news article provides useful measurement of
significance of the sentence. The existence of trigger words and number of named entities
occurrence in news article furnishes a useful measurement of sentence significance. Each sentence
is checked for the existence of trigger words. The existence of trigger words signals the mention
of event and it adds to sentence score. Usually event elements (4W) are mentioned as named
entities, as a result sentence containing greater number named entity get higher score. Also the
long sentence holds more information than short sentences and scored higher. TF*IDF measures

how frequently the words in a sentence occur relative to their occurrence in the entire news article.

Once each sentence is scored based on these features, the sentences are then ranked according to
their weighting value. The highest score is assigned to the event extent. The score of a sentence

can be calculated as a sum of various features of a sentence.

Algorithm 4.5: Event Extent Extraction Algorithm

Input: Preprocessed news article (A)
Output: Event extent

Begin

NER//Named Entity Recognizer
Trigger List

For every sentence in A

Compute sentence position
Compute sentence length
Compute number of NEs
Compute TF*IDF of sentence
Find presence trigger words

Compare weight sum

57



sentence with highest value is considered as
event extent
End for

End

Temporal Element Extraction

Temporal element extraction is responsible to extract date related expression from recognized
named entities and select most relevant feature that relate to the occurrence of event. The temporal
element is one of the key elements of an event which answers when event take place; its description
can be a single day or it can be a time period with a starting and ending time. In order to determine

the temporal references we use named entity recognizer and temporal normalizer.

Most importantly, there are two temporal coordinates of interest in event presentation, real world
time and media time. The real world time refers to the absolute, unambiguous time when an event
takes place in the physical world, while media time refers time when event published over media,
that could be immediate, or after period of time. The relationship between real world time and the
media time can vary widely across different news article. This is handled through capturing real
time when event happened and media time separately, because the user may need of retrieving

other media related to that event.

Algorithm 4.6: Temporal Element Extraction Algorithm

Input: preprocessed news article (A)

Output: event temporal element//time when event takes place
Begin

Named-Entity-Recognizer (NER)

Normalizer (Norm)

For every term in A

If NER(term) == TIME and RE matches //Time expression
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Compute distance from event trigger
extract Event time
extract Media time
Select temporal element within or closer event extent
End if
End for

End

As described in Table 4.2, the class of temporal element is TIME. Algorithm 4.6, iterates over all
sentences in news articles and collects the identified temporal elements. A number of date
references can be extracted from a news article, but temporal elements are directly or the one
closest to event extent is extracted. Some events don’t contain any date references or not reliable,
in such cases we decided to rely on the dates when the article was published. We could assume
that an event is only being reported after it happens so in principle we can use the date of the article
as the date of the event.

Spatial Element Extraction

Like temporal element, space or location is a key media variable to interpret events. As earlier
discussed in Section 4.2 time and locations are the most important attributes for people to recall
real world events. Similar to time, the description of location can also take many forms absolute,
relative or approximate. Spatial element is absolute location where an event occurs. It answer
question where an event takes place. Location can be a city, area or a whole country. Knowing
location where event takes place is important task of event extraction process. In order to determine
event location, we use named entity recognizer. As presented in Table 4.2 entities are categorized
in specific classes, entity with class of location (LOC) and Geopolitical Entity (GPE) can be

candidate for spatial reference.
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Algorithm 4.7: Spatial Element Extraction Algorithm

Input: preprocessed news article (A)
Output: event Spatial element//place where event takes place
Begin
Named-Entity-Recognizer (NER)
For every term in A
If NER(term) == LOC or GPE
Compute distance from event trigger
extract location
Select spatial element with in or closer to event extent
End if
End for

End

Spatial elements are extracted using Algorithm 4.7. The algorithm iterates over news article and
search entity with class of LOC and GPE. Like temporal entity, a number of entities with these

classes can be found, but element within event extent or closer gets higher probability.
Event Participant(s) Extraction

Event participants are entities that are involved during the course of an event. The specific types
of participants that can be involved during the course of event are captured in this section. We
capture participants, those entities which are mentioned within event extent and others. Most of
the time event participant has close relation to event extent that is sentence from where event

trigger is extracted.

People invest time, attention, and emotion while engaging in various activities in the real world
event, for either purposes of awareness or participation. News services and social media platforms
offer tremendous opportunities for people to become engaged in such real world events through

information sharing and communicating about these events. These social media channels have
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emerged as some of the most important platforms for people to report, share, and communicate

with others about various types of real world events.

Most of the time users ask about whom it is discussing, one could ask, who participated in course
of event? These questions are directly connected to the event itself (event capture and
participation), on the other hand there is user engagement (interaction and influence) through
communication or viewing. Algorithm 4.8 show how to select event participants form preprocessed
news article. Most common candidate of participant elements are person (PER), organization

(ORG) or other classes of named entity recognizer.

Algorithm 4.8: Event Participant(s) Extraction Algorithm

Input: preprocessed news article (A)
Output: event participant element//entities involved
Begin
Named-Entity-Recognizer (NER)
For every term in A
If NER(term) == PER or ORG
Compute distance from event trigger
extract participant
Select participant element with in or closer to event extent
End if
End for

End

To elaborate the above event elements extraction process in example, let as consider Amharic news

article as an example.

“NAG.A AN 18 TIHSL He mPT 2L.40 NG HE PHé-éh A0 P00t AP T VLT AP Te NCATF79° ARNAA::
ALOMY PLLOAM (LT P51 £CN nOL +ANChS ALP?: NAMPAL NOLOT AT AANCePT AL Tt
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TLLOIC TINRA:: CEmPO@ N0 HANChS hER7EE @L (A APHAH 10C: ... A%0 ANQ T a2 26 ¢
2008 (H&.(L.)"

From this article the event trigger identification and event elements extraction module extract the

following information:

Trigger tédh ALY

Extent (A0 AN 18 TTHSL HE mPt L0 NG Hé-dh h8D
Paat APTF VROFT APTE NCHATII° AdNAA:

Participant(s) oot aPF

Location AG.0 ANN0, 18 TIHSL

Time Hé (POl 26 F 2008)

Media time a)(L+ 26 T 2008

Publisher ho&. (L.

4.10 Classification

There are two types of event extraction approach, rule based and machine learning approach. Rule
based require manually or automatically generated patterns or rules with pattern matching
algorithm and it is suitable for domain dependent application. Rule writing requires enormous
human effort and difficult to extract the rules automatically. Because of this reason we choose
machine learning approach. Beside this, machine learning approach solve the problem of domain
independence and consider event extraction as a classification problem, which focuses on the
feature selection and classifier design. Thus, event extraction is typically classifier-based, and
often uses training data set. The goal of classifier is to distinguish between event and non-event
data, filter event related data sources from nonevent using deterministic feature values of input

news article and training corpus.

In order to differentiate between triggers that represent events (positive instances) and those that
do not (negative instances), or to choose the correct class label for every event candidate that
represents an event. Machine learning algorithm integrated in our architecture makes use of
various linguistic features. A feature corresponds to a specific property associated with an instance,
and makes the connection between the instances that are observed and the categories that are to be

predicted.
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For this task, we used supervised machine learning algorithm. Supervised machine learning
algorithm predicts the class of candidate event using features extracted from news article. In
supervised machine learning, the labeling task can be defined as: given a set of n observations x,
X2, ..., Xn With their corresponding target class value y1, y», ..., Yn, the goal is to predict the value of
y for an unseen instance x. More formally, it can be defined as function f(x): x>y, where each
instance X is represented as a vector of feature values, i.e., x = [f1, f2, ..., fn], with m being the total
number of features used in the representation. Depending on the number of distinct target values
of y, one distinguishes between binary (with two target values) and multi-class classifications.

The class of candidate event is determined by the features of the event trigger and event elements.
Therefore, event trigger and event elements (extent, temporal, spatial, and participating entities)
are features to determine the class of candidate news article. The existence or associations of event
trigger and event elements have their own contribution to determine the class of event. The
machine learning algorithm is trained with these features, that tell the algorithm what is correct

against incorrect extraction(supervision) through prepared training data.

To identify the class of candidate event into event and non-event, we use supervised machine
learning algorithm called Maximum Entropy Classifier. Maximum Entropy is successfully applied
in many natural language processing tasks, such as information extraction and syntactic analysis
[69]. It is on the basis of maximum entropy classifier, it is used to model the known conditions
and ignores unknown conditions. The classifier find probability distribution which satisfy all the
known facts and it is not influenced by unknown facts[69]. Therefore useful features for the final
classification can be freely increased without worring about their negative infuence. This merits

force us to use the maximum entropy classifier.

Many features are considered when predicting whether a candidate belongs to a candidate class or
not. Assume that X is an event vector containing features, and the label Y is true only if an event
belongs to the candidate class. P(Y | X) denotes the probability of predicting a candidate event to

be a candidate class, which is estimated based on the maximum entropy.

4.11 Event Representation

The main responsibility of this component is to map the extracted event facts to the designed event
representation model. Traditionally events are represented in unstructured text, which is by the

article in which they are expressed. As discussed in Section 2.5, a number of event representation
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models are proposed by different researchers that can be used in various domains and different
target applications. In this work, we choice ontology based event representation model, because
ontology based event representation model provide semantic representation of event elements,
implement deep concepts, properties and individuals, and relation in a formulated way.

As discussed in Section 2.6.3, the level of event representation has its own impact on human
understanding or interpretation of events. In our work event structure is deeply covered for
understanding the actual event information. Event representation is quite specific and includes not
only actions, but also participants, time, and place.

Event definitions are described using different event elements. Only few of these elements are
common for event definition like When (time) and Where (location). Minale A. et al. [42],
considered three elements temporal, spatial and semantic to define and identify multimedia events.
We adopt definition of the three event elements. In our work, we consider a four event elements
the What (meaning) of the event, When (temporal), Where (spatial), and Who (participant). Event

participant(s) are entities that are involved during the course of an event.

Ontology based event representation provide the basis for event representation that is semantically
structured representation of events. Here we use ontology as a main mechanism to represent event
information and construct event repository. On the basis of existing event model, we have designed
event representation model for this work. The designed event representation model is capable to
represent event semantic elements (4W) through defining concepts, properties and relations. We
used Protégé to construct event representation model. Event centered modeling captures the
dynamic aspects of an event. The visualization of proposed event representation model is presented

in Figure 4.3, showing basic concepts and relations.

| ® Thing }

mme | [@ree | o (omeds ] (@ ]

[ NewsArticle ] [ Organization ] [ Person ]

Figure 4.4: Visualization of Event Representation Ontology
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4.11.1 Related Events Detection

There are multiple ways for an event to interact with other events, but it is impossible to list all
relation between events. Event relation detection is challenging task due to the complexity of
natural language. For this work we only consider generic relations like temporal, spatial, and
informational aspects that can appear between events. Related event detection refers the task of
identifying similar events. We can determine similar events using any of event trigger or properties
like time, location, participant and triggers. Two events are related to each other, if they share same
event trigger or event elements. If two events are triggered by same trigger and contain same event

elements, then we assume that one of them is duplicate of the other.

Events are closely related to the notion of time and temporal relation may exist between two events.
Since time commonality can be criteria to identify related events. Events take place in time, hence
temporal relation between events are crucial to consider. Using a specific time we can identify
very diverse events. Temporal relation between two events is analyzed by comparing time of
occurrence. Location is related to place of occurrence of an event. Location is an important feature
for identifying geographically related events, especially in combination with time. Spatial element
is captured place where an event happened or occurred. It can identify events that touch various
topics, which are relevant for a particular region.

Most of the described conditions offer a straightforward way for comparing event relations.
Moreover, using combination of different properties, we can capture additional event relation such
as spatial-temporal co-occurrence, temporal sequencing of events and etc. Using temporal
elements of extracted event and event repository we can detect periodic event. By comparing the
‘what’ and 'who’ of the events we can identify events that share similar participating entities or
topics discussed in the events. Using such criteria we can identify similar events. Events structure
necessarily contains the time period of the activity and its spatial characteristics. In addition to
temporal and spatial characteristics, entities like people or objects that participate in an event are
described.

The designed event representation model have ability to represent event through implementing
concepts, properties and relationships presented in Section 5.4. Whenever new event is detected,
similarity analysis is used to measure how much events are related to existing events. While

performing similarity computation between events different event elements are considered.
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Different measures use different sources of information to compute similarity scores. In our case
we use previously extracted and stored event repository along with newly extracted event
information. Event elements have significantly varying impact on the identification of similar
events. We used the cosine similarity for textual features, Simextent(E1, E2), Simiocation(E1, E2),
Simime(EL, E2), and Simparicipant(E1, E2). Each event contains four elements <pi, I, ti ,ki>,
participants, location, time and keywords respectively. Pi can be defined as list of <pi1, pi2, ..., pin)
and same for other elements. Then the vectors of this event is considered for similarity measure
with events Ej <pj, I, tj, kj> in event repository.

4.11.2 Mapping

Mapping is process of building event repository. It consists of adding new instances of concepts
and relations into designed event repository. Event repository is a database of all recognized
events. This process usually starts after the conceptual model of ontology is built. The mapper uses
Word2vec predefined template to map the extracted event information into designed event
ontology and finally store into event repository. The core idea of our event model is to take the
extracted event facts from news article and provide a simple means of establishing a mapping

between NLP and domain representation that is the concepts and relations.

Once event elements are extracted, then we used rule based methods to map these information into
designed event representation model. The rules and mapping process is presented in Section 5.4.
During the mapping process the extracted event elements are considered as instances of concepts
in predefined conceptual event representation model. As a result, we can automatically generate

an owl (owl/xml) file for extracted event facts, finally import them into event repository.

The resulting, event repository can then be used within any ontology enabled tool for further
querying, reasoning, visualization, or other processing. All relevant event information are
explicitly represented and stored, so that we can use event repository for higher level event

semantic applications.
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Chapter Five

Implementation and Experimental Results

5.1 Introduction

In previous Chapter, the design and implementation algorithms have been discussed. In this
Chapter, the tools used for implementation that is tools for data preprocessing, event facts
extraction, prototype development and ontology construction have been presented. In addition to

this the evaluation and discussion of the proposed solution are also discussed.

5.2 Development Tools

Early form preprocessing task to representation we used different tools and programming
environments. For text processing we use Python?® and Natural Language Processing Toolkit
(NLTK?*) to preprocess news article, identify event trigger, and extract event elements from news
article. NLTK is library for text processing and machine learning based on natural language
processing. Python provides an excellent environment for performing basic text processing and
feature extraction. Combination of Python and NLTK can easily add language aware data products

to our larger analytical workflows and system.

In addition to preprocessing and feature extraction task NLTK has built in classification
algorithms. We used NLTK machine learning classification algorithm called Maximum Entropy
classifier. NLTK’s Maximum Entropy classifier has object called nltk.classify.maxent.
MaxentClassifier. The Maximum Entropy classifier in NLTK uses datasets to train the classifier
and contain a train method which took input list as a feature, calculate the parameters for the

probability distribution and finally return label.

For vector representation we used free python package called Gensim that contain an
implementation of word2vec. The word2vec takes a text corpus as input and produces the word
vectors as output. It first constructs a vocabulary from the training text data and then learns vector
representation of words. The algorithms in gensim, such as Latent Semantic Analysis, Latent
Dirichlet Allocation or Random Projections, discover semantic structure of documents, by

23 https://www.python.org/

24 www.nltk.org
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examining word statistical co-occurrence patterns within a corpus of training documents. These
algorithms are unsupervised, it only require a corpus of plain text documents. The resulting word
vector file can be used as features in many natural language processing, machine learning and

semantic representation applications.

To train word2vec model we used around 7000 words collected from various news articles in the
FBC news datasets. 220 event triggering words collected from different source is also used as
training data. For all unique event related words, the word representation vectors are collected
from trained word2vec model. Each word is represented by an N-dimensional vector.

from gensim. models import Word2Vec

model = Word2Vec.load_word2vec_format(event, binary=True)
Other python package scikit-learn that contain t-SNE which is used for 2D or 3D visualization of
vector. Using dimensionality reduction, a 2D map can be computed where semantically similar
words are close to each other. Dissimilar high-dimensional vectors are distant in the two or three

dimensional vector space. Here is sample code to include TSNE package.

from sklearn.manifold import TSNE

tsne = TSNE(n_components=2)

tsne.fit_transform(event)
Using dimensionality reduction, a 2D map can be computed where semantically similar words are
close to each other. Once the statistical patterns are found, any plain text news article can be briefly
expressed in the new, semantic representation, and queried for topical similarity against other news

articles.

Protégé Beta version is used for ontology construction that is for the task of event representation.
Our event representation model contain formally defined concepts, and properties that can
represent event semantic elements. After event information is extracted, we can easily map the
extracted event information into predefined event representation model. Python has dicttoxml
package that map the extracted event facts form of python dictionary into xml format. In order to
load the constructed owl ontology and integrated with other python module, we used owlready
python ontology oriented programming package. Here is python and owlready code to load
ontology on python editor.
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onto_path.append(*C:\Python34\event")
onto = get_ontology("http://www.event.com/ontologies/event.owl™)

onto.load()

5.3 Data Collection and Preparation

To our knowledge, there are no suitable open Amharic news article dataset for open event
extraction and evaluation. Thus, we collect Amharic news articles from Fana Broadcasting
Corporate (Fanabc?®) news archive starting from March 2014 to February 2017 using web crawler.
Fanabc is a private news and information service located in Addis Ababa, Ethiopia. It provides
international and Ethiopia related news in Amharic and other local languages on a daily basis. We
choose Fanabc archive?® because it is balanced news archive of different categories which focus

on local and global issues.

To collect news article we used HTTrack which download the whole contents of the website. It
contains a large number of articles and links to other webpages that were irrelevant to our purposes,
thus we collect only the specific news articles that are useful for our purposes. The downloaded
articles are originally formatted as individual html files within a page template for Fanabc website.
We first stripped the entire html from the pages, including removing any template information
such as the surrounding header, sidebar, and footer from the page. The resulting file represented
only the article’s content in plaintext. We first sampled around 17,000 news articles from the
Fanabc, and discarded other news articles (e.g. non-Ambharic, programs, advert, containing only
an URL) to obtain a sample of 1225 event related news articles. Next, we manually identified event
triggering (anchor) words that tells the mention of events, then trigger words are reviewed by
expert. We identified total of 220 event trigger words and phrases. These event trigger words are

used for event identification.

The task of data collection is followed by data preparation that is cleaning news article using
techniques stated in Section 4.4.1. The preprocessing task includes tokenization, split up of each
article into individual sentences and tokens. To do this, we used the SentenceTokenizer and

WordTokenizer that comes with the NLTK package for sentence and word tokenizer respectively.

25 ywww.fanabc.com

26 hitp://www.fanabc.com/index.php/fbc-archive.html
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The other task of preprocessing is normalization (character and temporal expression) as that is the
format required of most statistical preprocessing. The task of character and temporal normalization

is also implemented using python and NLTK packages.

5.4 Ontology Construction for Event Representation

In this section we demonstrate ontology development for event representation. Ontology
development contains detail axioms which describe relation between classes, attributes and
individuals are the main ontology development tasks. For this work we used Protégeé 4.1 beta
versions ontology editor. As discussed in Section 2.5 Protégé is most popular ontology editing and
development tool. It provides GUI to create class, add object and data properties, and have
visualization feature. In order to connect with other python modules we used owlready python
ontology oriented programming package. It loads owl ontology as object, manipulate ontology
classes, properties and instance, add python methods to ontology classes, and save to owl/xml

format. To design event representation model we follow the basic ontology construction tasks.
A. Classes and Class Hierarchy Identification

Event representation ontology contains one super/top layer class called Thing. The middle layer
includes: Event, Place, Time, Entity, Media, etc.in the bottom layer Person, Organization,
NewsArticle, etc. middle layer classes inherits the super class (Thing). Figure 4.3, shows basic
classes and class hierarchy of the event representation ontology. Table 5.1 shows the description

of classes.
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Table 5.1: Event representation ontology classes and description

# | Term Name | Type Description

1 | Event Class Is concept denotes dynamic eventuality. An event always has
an event trigger which can be used to specify what. Property
hasld used to uniquely identify event.

2 | Place Class Describes spatial elements of an event. Properties absLoc or
relLoc can be used to represent where.

3 | Time Class Describes temporal elements of an event. Properties
eventTime and mediaTime can be used to represent when.

4 | Entity Class Is the superclass of all types of entities. It represent entities
participated in event having several subclasses like person,
organization, etc.

5 | Person Class Is sub class of entity class, a concept to represent who and
whom.

6 | Organization | Class Is a concept to represent who and whom.

7 | Media Class Describes media aspect of an event

8 | NewsArticle | Class News Avrticle is the media aspect of an event. Is subclass of
Media. It has properties related to news article.

B. Object Property of Event Representation Ontology

Only classes can’t answer many questions so we also need to define link inside or between these

classes (such as properties) we use property which show relationship between individual to

individual. We define object properties according to relationship between classes (as shown in

Figure 4.3). Here are some of object properties, involvedIn, inPlace, atTime, and etc. for example

object property involvedin indicate relation between Entity and Event class, showing: entity

involvedIn the course of event. Its domain is Entity and range is Event. If one attribute has many

domain then, its domain is the intersection of its entire domain. The same pattern can be applied

to other object properties. The sample description of event representation ontology object property

is presented in Table 5.2.
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Table 5.2: Sample Object Properties

elated

# | Term Name | Type Description

1 | involvedin Object Property | Describe a (physical or social) object involved in an
event, showing entity involvedIn the course of event, its
domain is Entity and range is Event.

2 | happenedin | Object Property | Describe place where an event happened, showing
Event happenedAt Place, Event is domain and Place is
range.

3 | happenedAt | Object Property | Describe an abstract instant or interval of time when an
event happened, showing Event happenedAt Time.

4 | mentionedIn | Object Property | Describe a media or news article in which event is
published, showing Event mentionedin Media (news
article).

5 | IsTempRelat | Object Property | Holds temporally related events

ed
6 | IsSpaRelated | Object Property | Holds spatially related events
7 | IsSpaTempR | Object Property | Holds spatial-temporally related events

C. Data Properties of Event Representation Ontology

In this step we identify data properties of event ontology which show the relationship between

individual to data literal. Here are some examples of event ontology data property: hasEventld,

hasEventTrigger, hasEventExtent, hasPlaceName, hasTimeValue, hasPerName, hasOrgName,

etc. Table 5.3 shows sample data properties and corresponding domain and range.
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Table 5.3: Sample Data Properties

Data Property Domain Range
hasEventld Event Literal String (uri)
hasEventTrigger Event Literal String
hasEventExtent Event Literal String
hasPlaName Place Literal String
hasTimValue Time DateTime
hasPerName Entity Literal String

D. Instances of Event Representation Ontology

Defining the instance (individual), first we have to load active ontology and select the right class,
and then create its instances for the class. To identify right class for instance, we defined rule that
assign the extracted event elements to specific class. Mapping task is driven by the rule keeping
the defined relation (object and functional data properties) instance assignment. For this task we

used owlready python package. Rules are defined to facilitate its mapping.

> Each class Ci is mapped into an abstract set that represents the set of all possible instances
of the class.

» Each class Ci with individuals is mapped into an enumerated set containing these
individuals.

> Each object property, relating two classes Ci and Cj, is modeled as a constant. This constant
is defined as a relation between the abstract sets Ci and C;. The domain and the range of

this relation are conform to the direction of the corresponding arrow.

As an ontology can be seen as defining the different data types of a domain, we suggest to translate
it as a context component containing the following elements: it consists in deriving a specific
types from domain ontologies to enrich the event repository. Here is sample owlready code to

implement the rules.

onto = get_ontology("http://www.event.com/ontologies/event.owl™)
onto.load()
Eventld = “http://www.event.com/ontologies/event.owl#EV-00125"
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evid = Event(Eventld)
evid.has_extent.append(NewsArticle(get_event_extent()))
evid.has_trigger.append(NewsArticle(Event_trigger_detector()))
evid.happened_at_place.append(Place(Spatial_element_extraction()))
evid.happened_at_time.append(Time(Temporal_element_extraction()))
evid.has_participant.append(Entity(Participant_elements_extraction()))
evid.published_on.append(Media(Event_source()))

#Creating relation between functional property

evid.mentioned _in = NewsArticle(Event_source())
evid.has_place_name = Place(Spatial_element_extraction())
evid.has_time_value = Time(Temporal_element_extraction())
evid.has_participants = Entity(Participant_elements_extraction())
evid.mentioned_in =NewsArticle(Event_source())

onto.save()

E. Reasoning Event Representation Ontology

To build correct and consistent ontology reasoning is most important part. Owlready HerniT
reasoner is used to check consistency of event representation ontology and find the logic
contradictions implicit in the definitions. The test of knowledge consistency includes detecting its

reflexive, transmission and redundancy of knowledge.

The designed event representation model is shown in Figure 4.3, for the sake of clarity, only main
concepts and properties are included. The general concepts of event model such as Place, Time,
Event, Entity, and Media are used to represent an event and its 4W elements. Modeling media
information is used as evidence to refer the detail information of events. Thus, by these we can
connect the representation of the real world events in our model to the media assets that were taken
during these events. We define concepts of Media and NewArticle to capture the characteristics of
the news articles such as URI, newsSource and publishedDate corresponding to specific news

article.

5.5 System Prototype
A prototype is developed to show the usability of the proposed work. The user interface

allows the user to enter raw Amharic news article as shown in Figure 5.1. Once news article is
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entered or uploaded the preprocessing module perform the task of tokenization and normalize news

article expression into standard format.

# Event Extraction from Amharic Mews Article — | x

Event Extraction from Amharic News Article

Enter Amharic Mews Article:

Nh&H ANA N+ATRE NAd 18 TYHLF +1iAe NTLM&0- KNNM He Pt 3 A%%
N30 ANNM NELA NE+HE Predh AED NNF NPT 9ok::

RESOWY PEAAM- ASYYE femt RCN NNE +ANCHZ AT NhM#EAR NASHT
fefeT TANCNZPT AR R8T TUEAMASR H14R4A:: PmeA@ NNE +RNCHE
NEYT ME 18 TYHLE RENNE APHAEH NC:: ANNLTY NAEID- FRROET ADF
APF Aok N20 NAE APFIR A4 AT NNE PARENA ART ECANFPA: :

Event Information | Mapping Impu:nrt|

Event Information:

Event Extent: NASN ANN N+HATEE DAL 18 TIHEP +1A= NOMAE- KRN, /62017 mP+ 3 AT N30 KhNM,
NELA NE+T Phédn RED ANF NPT 9o+

Event Trigger: Fd-dfl RED

Temporal Element: {'4/6/2017}

Spatial Element: Nad.

Participants: { fhF APF]

Source: []

Figure 5.1: Prototype for Event Extraction from Amharic News Article

Following preprocessing module different operations like event information extraction, mapping
the extracted facts into structured format and finally import the structured event facts into designed
event representation model is done. As shown in figure 5.1, the system extract and display event

information on user interface.

For event information extracted in Figure 5.1, the system map the extracted information to XML
file format as shown in Figure 5.2. XML file is parsed by dicttoxml python package and imported

into designed event representation model as instance.
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Mapping Event Information into XML format:

=Tuml version="1.0" 7=
<Event=
<Event_ld type="str"=EV-0011-6-2017 < /Event_ld=
«inPlace type="str">Ndd-</inPlace>
=Participants type="list"=
<item type="str">M N APF</item=
= /Participants=
=atTime type="list"=
<item type="str"=11/6,/2017=/item=
< fatTime>
=Source type="str"=h&. M. /Source=
<EventExtent type="str"=NA&N ANN 18 TIHLF 11/6/2017 MPF PELN NEHET Phéd il RED PANT
APTF UE®FY APre NCNFFI9° AehA A< /EventExtent
=Event_Trigger type="str">%tc-d A hE7</Event Trigger=
= /Event=

Figure 5.2: Result of mapping event information into XML format

5.6 Evaluation and Discussion

Our evaluation covers evaluating the performance of the implemented model through analysis of
main components like key event identification, event element extraction, classification and
representation. A manual tagging of news article has been made by seven annotators with the
purpose of comparing it with automatically extracted by the system. Manual tagging is done by
randomly selected four Computer Science postgraduate students and other three Information
Science students. The task of manual tagging includes trigger identification, extent identification
and event elements extraction. Manual tagging is carefully done by distributing up to 14 news
article for a single annotator. For this reason, it is necessary to assure that the manual information

is trustworthy and it does not alter the results of the evaluation.

To compute the performance measure of our system, we used most widely used information
extraction measures like recall, precision and F-measure. Precision is the fraction of mentions
predicted by the system that is correct, in that the mention is a valid mention of a real world event
and linking to its participating event elements is correct. Thus the higher precision implies the

better system performance. Precision is computed by using the following formula.

number of correctly extracted

Precision =
No.of correctly extracted + No.of wrongly extratced + No.of missed

Recall is the fraction of mentions in the golden set of mentions that the system successfully

extracted. Recall is computed by using the following formula.
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number of correctly extracted
Recall =

number of correctly extracted + number of missed

F-measure is the combination of precision and recall, it takes the interpretation of both. It is

computed using the following formula.

2 * (Precision * Recall)

F—M =
easure (Precision + Recall)

5.6.1 Trigger Identification

To identify the mention of event in news article, we used guideline of ACE [60] and manually
collected 220 event trigger words and phrases from various news domains. We evaluate the
performance of trigger identification algorithm using manually tagged dataset. The evaluation is
made with the parameters that compare the manually tagged and the one identified by the system.
As previously discussed manual tagging include trigger identification, extent identification and
event elements extraction. The basic idea her is, if the identified trigger contain the human tagged
trigger, we mark the identification as correct, otherwise as wrong. We used precision as metric to

evaluate the performance of our algorithm.

Evaluation result shows, the trigger identification obtain precision (67.1%). The experimental
result also shows event triggers are more important to detect the mention of event and identification
of event extent. Event identification use different features for event trigger identification, as a
result trigger found at the beginning of news article is more important than trigger located at other
position. The result also shows that our algorithm tends to be affected by the length of news article

and number of candidate trigger identified in news article.

5.6.2 Event Elements Extraction

For event elements extraction evaluation, string similarity measure is used to compute the
similarity between the extracted event information and the manually tagged result. We used 85
manually tagged news article by Addis Ababa University postgraduate students. Table 5.4 depicts

evaluation result of event element extraction.

The result shows that, event element extraction obtain precision values for event extent extraction
(68.2%), temporal element (77.6%), spatial element (70.6%) and participant (60.0%). Most often
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news writer use common temporal expressions that is why we obtain higher precision value than
other elements. In addition to this the experimental result shows that, the performance of event
element extraction is directly influenced by the performance of named entity recognizer.
Enhancing the named entity recognizer will improve the performance of event element extraction.
The aggregate performance of our event element extractor obtain precision (69.1), recall (79.4%)
and F-Measure (73.9%).

Table 5.4: Comparison of extracted event element with manually annotated articles

Event Elements No. of Similar | No. of | No. of | Precision | Recall | FM
Elements Dissimilar Empty | (%) (%) (%)
Elements

Event extent 58 5 22 68.2 80.6 | 73.9

Temporal Elements 66 5 14 77.6 91.7 | 84.1

Spatial Elements 60 12 13 70.6 83.3 | 76.4

Participant Elements 51 8 26 60.0 729 | 65.8
Average 235 30 75 69.1 79.4 | 73.9

5.6.3 Classification

We carried out evaluation of the classifier using dataset consisting of 1225 event related news
article collected from Fanabc news archive. We reshuffled the collected news article, then we used
the top 980 news articles as training data and the remaining 245 news articles are used to test the
performance of the classifier. After training the Maximum Entropy classifier (MaxentClassifier)
using training data, then we evaluate the performance of the trained classification algorithm using
unseen test data. The classifier is evaluated using classifier built in function nltk.classify.

accuracy() that calculate the accuracy of a classifier model with test data.

The accuracy measure is the percentage of inputs in the test data that the classifier correctly
classified. The result shows, our machine learning classifier module correctly classifies (72.0%)
of the events. The performance of classifier depends on the performance of feature extraction.
Thus, with lower NLP tools our classier obtain good result. The result also shows that event trigger

is more important than other elements, because it signals the mention of event.
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To show importance of event elements in event identification, we consider different parameter
values for weight parameters a, B, y and 6, temporal (o), spatial (B), extent (y) and participant (3)
elements when performing event definition and identification. Table 5.5 shows the FM results of

by varying event elements weighting values.

Table 5.5: Importance of event elements in defining and extracting events by varying weighting

values
Event a (0.5) a(0.33) a(0.33) a(0.3) a(0.25)
elements 3(0.5) B(0.33) B(0.33) 3(0.3) 3(0.25)
weights v (0) v(0.33) v(0) v(0.2) v (0.25)
3 (0) 5(0) 6(0.33) 6(0.2) 6(0.25)
FM 0.6063 0.6872 0.6853 0.7179 0.7231

Considering temporal and spatial elements only (neglecting extent and participant elements i.e. a
=B = 0.5 and y= 6 = 0), we obtain lower value 0.6063. When neglecting extent or participant
element, we obtain a better result than neglecting both elements. From the result we can understand
that all four event elements seem to be equally important in identifying meaningful events, since

the best result is obtained with a very close weight values for a, B, y and 9.

5.6.4 Event Representation

Janez Brank et al. [73] classified ontology evaluation methods into four categories: comparing the
ontology to a golden standard, using the ontology in an application and evaluating the results,
comparisons with a source of data about the domain to be covered by the ontology, and evaluation
by humans who try to assess how well the ontology meets a set of predefined criteria, standards,
requirements, etc. We evaluate the representative ability of our event representation model using

the third method that is comparing with source data about domain to be covered.

Our event representation model is evaluated with respect to the requirements, and event
dimensions we considered in this work. The designed event representation model provides a basic
vocabulary for semantic representation of event elements identified in news article. For this classes
and properties are carefully selected to guarantee the model compactness as well as to supply rich
semantics. It captures temporal, spatial, informational, experiential aspect of events and media
information. Entities like people and objects that participate in an event are described. In addition
to this, the designed event model is able to cover information of events in two levels, which are

event information (action, time, place, entity and relation) and event media information. At same
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time our model has more compact design with only few classes and properties, it is suitable for

modeling Amharic news article.
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Chapter Six

Conclusion and Future Works

6.1 Conclusion

Events are central aspect for human to perceive the real world eventuality, because it is a suitable
unit in accordance with aspect of human perception and recognized as important metadata to fill
the semantic gap between our experience of the world represented in media and its
conceptualization. Event scenario is driven by the 4W’s (what, when, where, and who) that is made
up of event trigger and event elements. Traditionally events are published in news article or social
media like mundane events and other ordinary news articles using language or other high level
abstractions. Thus there is demand for automatic event extraction and representation model from

unstructured free text.

In this study, we have proposed an event extraction and representation model from Amharic news
article. Event modeling task start with processing unstructured news article. Different language
specific processing has been done to transform the content of the news article into required and
standard format. The task of event modeling involves five main task, preprocessing, trigger
identification, event semantic elements extraction (4W), classification and event representation.
Event triggers are identified by extensive linguistic analyze of text features and identified trigger
list. To identify the mention of event, we used 220 event triggering words and phrases collected
from various news domain. In order to extract event semantic elements, we use event triggering
words, named entity recognizer and regular expression. A number of entities can be mentioned in
news article, but we extract only entities related to key event that is closer to event trigger or found

in event extent.

Once these tasks are accomplished, we used a machine learning classification algorithm to classify
news articles telling about event into real world event and nonevent. We discover and classify
events by exploring various features of extracted event trigger and event elements. Maximum
Entropy classifier is used for this task. The classifier is trained by 1225 event related news article
collected from Fanabc news archive. The identified events are semantically represented and stored

in event knowledge base which can be used for various event level semantic applications.

For implementation we used different tools and development environments for preprocessing,

event fact extraction, prototype development and representation. Different Python packages like
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NLTK, owlready, etc. are used for text preprocessing, build classifier, develop prototype, ontology
integration. Protégé beta version is used for ontology construction and visualization. We used
owlready, python ontology oriented programming for mapping the extracted event information to

constructed event representation model.

Evaluation of the proposed work is carried out by comparing manually tagged news article with
the developed system. With lower NLP tools, our evaluation of event extraction model shows good
performance. The event trigger identifier module obtain precision (67.1%) of event correctly
which contributes to the better event element extraction and classification. The event elements
extractor component shows greater obtaining precision (69.1%) while event classification module
classify about (72%) of event correctly. In general, the proposed solution have shown a promising

result when compared with highly resourced language event extraction systems.

6.2 Contribution of the Work

The main contributions of this research work are summarized as:

» The event mention identification from Amharic news article,

> Event element extraction, the usage of concept of 4W semantic elements in Amharic news
article,

» Classification of published Amharic news article into events and nonevent,

» Event semantic elements representation model,

» Event modeling form Amharic news article.

6.3 Future Works

Event extraction from free unstructured natural language is a very complex task, which consumes
more time, and can be enhanced by the performance of different NLP tools. Hence, there are a
number of gaps for improvement and modification for event extraction and representation from

Ambharic text. Here are some of the recommendations we propose for future work.

» Incorporating Semantic Role Labeling: incorporating SRL, will bring additional relevant
features that can be used to identify the role of participating entities. In addition to this
additional event dimension like why and how can be extracted by reasoning.

» Enhancing NLP tools: we have used minimal NLP tools. The performance of NLP tools

like POS tagger, named entity recognizer and morphological analysis have significant
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impact on extraction process. Thus using enhanced NLP tools can improve the performance
of the system.

The relations between the events are very important for finding related event information.
Currently we haven’t yet put a lot of effort into identifying different kinds of possible
relations between events. Identifying different types of relations between events like

hierarchical events and events that form a storyline or periodic events.
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Appendix

Appendix I: Amharic Characters, Numerals and Punctuation Marks

Basic Amharic Scripts (&.24) [13]

A.

TlElalan = | oL [RLI~|E & | = | o [on] 8 K|
D=8 <= YT | & f & | & |=©|F |
e ||| St | S| B0t | & [oo| 8|81
w
D
mwﬁ?%ﬂw oCllr [ E |G o | o [~ K|
HlE|e|e =2 E |~ E|E | X | & || N[
BlEld|alx|E f k|| E| B |t | o |&]% B[
e8| l=|& Y|~ |E| B[ | < ||~ |F|
Lzl<|Nlz|=a|2o|S 5|2 0 || =|=~>
£ s |& €83 <l e || | | T R <
B | 2| |€[6& |1 ClE|S | S| A& K| T~ <=
ol |®|(S|€|8 |5 S|+ (S| [ K| 0|2
[«B]
MNVA.mm:W cle|h|jc|R|KR | N ||k < |
5 x|<|€|g T S| |+ |w | & |~NH |2
g l5|<| €83 Sl s | & | BB | & K&
7, n|l<|<|8 |2 cle|(+ ||+ | % | |~ |<|=
< v 2| Q| o U}
hlwmy S.Lnub..,kbtknuvwnm:.ak

Labialized Symbols [13]

B.
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C. Ambharic Numerals [17]
1 2 3 4 5 6 7 8 9 10 20 30 | 40
b g £ g & % Z x b I A a g
50 60 70 | 80 | 90 | 100 | 100
q = e T i 4 (44
D. Ambharic Punctuation Marks [13]
Punctuation Marks | Name Description
Hulet Netib Ambharic word space
Arat Netib Ambharic full stop

Netela Serez

Ambharic comma

Dereb Serez

Ambharic semicolon

@

Temiherte Tikes

Ambharic quotation mark

Temiherte Anekero

Ambharic exclamation mark

Timehrete Teyagie

Ambharic question mark
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Appendix I1: Sample Event Trigger List
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Appendix I11: Sample Code

Packages and Modules

+ import sys, os
* import codecs #used for utf-8 corpus reading /file
*+ from nltk import *
+ from tkinter import *
+ import tkinter as tk
¢+ from math import *
+ import re
+ import 13
+ import textblob
+ from textblob import TextBlob
+ from textblob.classifiers import MaxEntClassifier
+ import numpy
# from nltk.classify import MaxentClassifier
+ import dicttoxml
#import dict2xml
+ from xml.dom.minidom import parseString
+ from owlready import *
+ import logging
+ from gensim import corpora, models, similarities
*+ from collections import defaultdict
+ import tempfile
+ import os.path
+ import datetime
+ import NER
+ import POST
+ import EventTriggerList
+ import EnrpusesF
+ import CharacterConvertor

Normalization

def characterMormalizer():
#y A, F, gnd i dagnd i 7 and & i A gnd ¢

* article = gettext.get(1.8,END)

* norml = re.sub('m [+|%", 'v', article)
. norm2 = re.sub( '~ [+ |% ', " ', norml)
* norm3 = re.sub{ '~ [%|% ', "¢', norm2)

* normd = re.sub{'~ ||, 'Y', norm3)

* norm5 = re.sub{'s [%|% ', "%', normd)

* normé = re.sub{'s |[%|% ', "v', normS)

+ norm? = re.sub{'~ |¥ |[%', "', norm&)
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. norms = re.sub('®', 4", norm?)

. normsl = re.sub( ' ", "&", norms)

. noerms2 = re.sub( ' ', "4 ', normsl)
© norms3 = re.sub('=", '4', norms2)

© norms4 = re.sub('= ', '&', norms3)
o normss = re.suh('f", "h', normsd)
o normsé= re.sub('#", '4", normsS)

# Normalizing the two Ts's
E A& A FEFA
H a8 &2 F FF &

. nermTs = re.sub('s", '5', normse )
© normTsl = re.sub( '~ ', ‘', normTs)
© normTs2 = re.sub{'s ' i', normTs1)
o normTs3 = re.sub{'=", "7', normTs2)
o normTs4 = re.sub{'=", "%', normTs3)
+ nermTss = re.sub{'®", "&', normTs4)
+ normTse = re.sub{'=', '#', normTs5)
# Normalizing the two A's
EFA AL A A A A
#o o 329384 F
© norm& = re.sub('s’, "A' , normTs6)
o normil = re.s h(' =", '%', normA)
o normé2 = re.sub('%’, A ', normAl)
+ norm&3 = re.sub('s", "h', normA2)
+ norm&d = re.sub('®", "%, norma3)
. norm&s = re.sub( 4", "A', normad)
. normi&6= re.sub('7', ":', normAs)
© res.configure(text = "" + strinormas))
= return normAe

Trigger Identification

def Event_trigger detector():
o Triggerlist = EventTriggerList.TrueTrigger()
* newsnormarticle = get ewvent_extent()
#normarticle = newsnormarticle.split()
#for term in range(len(normarticle)}:

o for trigger in range(len(TriggerList)):
#pattern = re.compile(TriggerlList[trigger], re.MULTILINE[re.U)
o matches = re.findall{TriggerList[trigger], newsnormarticle, re.UNICODE|re.MULTILINE)
* if matches:
o Tgger = TriggerList[trigger]
2 return Tgger

Event Elements Extraction

def get_event_extent()

* TriggerList = EventTriggerList.TrueTrigger()

* newsSent = TemporalMormalizer().split({'::")

. for trigger in range(len({TriggerList)):

. matches = re.findall{TriggerList[trigger], newsSent[2], re.UNICODE|re.MULTILINE)
= if matches:

o sentl_trigger = TriggerList[trigger]

* sentl_position = 1

. sentl_length = len{newsSent[2])

. sentl_ne = len(matches)

o return newsSent[2]
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def

def

get event extent position():
artsentence = TemporalNormalizer().split()
cand_trigger = Ewvent_extent_detector
#normarticle = Preprocessor. TemporalNormalizer.split()
for cand in range(len{artSentence)):

if artSentence[cand] == cand_trigger:

position = cand

return position

get extent length():
artSentence = SentenceTokenizer().split()
cand_trigger = Ewvent_extent_detector
#normarticle = Preprocessor. TemporalNormalizer.split()
for cand in range(len(artSentence)):

if artSentence[cand] == cand_trigger:

length = cand

return length

*+ NER = MER.Named entity()
*+ count = @

&
&
&
&

-

def

def

def

def

number number of ne()
artSentence = SentenceTokenizer().split()
for ne in range(len{artSentence))
artSentence(ne)
count = count + 1
return count

Temporal_element_extraction():
temporalElement = TemporalNormalizer()
temporalElements = temporalElement.split()
for term in range(len(temporalElements))
for key, wvalue in NER.items()
datepattern = re.findall(r"\d+/%d+/\d+", temporalElement, re.UNICODE/|re.MULTILINE)
matches = re.findall(key, temporalElement, re.UNICODE|re.MULTILINE)
if datepattern:
return set(datepattern)
elif (key == temporalElements[term] or matches) and value == 'TIME
event_time = key
return event_time

Spatial_element_extraction()
spatialElement = TemporalNormalizer()
spatialElements = TemporalMormalizer().split()

for term in range(len(spatialElements))
for key, walue in MER.items():
matches = re.findall{key, spatialElement, re.UNICODE|re.MULTILINE)
if (key == spatialElements[term] or matches) and (value == 'LOC' or value == 'GPE')
spatial_element = key
return spatial_element

Participant_elements_extraction()
participantElement = TemporalNormalizer()
participantElements = TemporalNormalizer().split()
participant_elements= []
for term in range(len(participantElements))
for key, walue in MER.items():
matches = re.findall{key, participantElement, re.UNICODE|re.MULTILINE)
if (key == participantElements[term] or matches) and (value == 'PER' or value == 'ORG')
participant_elements = key
return set({matches)
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Event Representation

def

def

def

Event_Information():

EventExtent = get_ewvent_extent()

Eventtrigger = Ewvent_trigger detector()
TempElement = Temporal_element_extraction()
SpatialElement = Spatial element_extraction()
PartElement = Participant_elements_extraction()
source = Event_source()

#label = Event Classifier()

event_info = ("nin"’ }
"I} "wn' "Spatial Element: " '{}' "\n' "Participants: " '{}' '\n''Publisher: " "{}'

I'\n* .format{EventExtent, Eventtrigger, TempElement, SpatialElement, PartElement, Source))
if Eventtrigger != None:

res.configure(text = "Event Information:\n" + str{event_info))
return event_info
else:
msg = 'Mention of ewvent is not detected!’
res.configure(text = "" + strimsg))

return msg
Event_specification():
event_specs = Event_Information()
Event_trigger = Event_trigger_detector()
res.configure(text = "Event Specification: “n" + str(event_info))
return event_specs

dicttoxml_generator()

EventExtentl = get_ewvent_extent()

Eventtriggerl = Event_trigger_detector()
TempElementl = Temporal element_extraction()
SpatialElementl = Spatial element_extraction()
PartElementl = Participant_elements_extraction()
Sourcel = Event_source()

zare = datetime.datetime.now()
EventId = 'EV-88'"¥s-%s-%s" ¥ (zare.day, zare.month, zare.year)
eventdict = {
'Event Trigger': Eventtriggerl,
'Participants’: PartElementl,
"source’: Sourcel,
'atTime': TempElementl,
"EventExtent’': EventExtentl,
'inPlace': SpatialElementl,
"Event_Id': EventId
¥
xml = dicttowml.dicttowml(eventdict, custom_root="Event')
dom = parseString(xml)
doml = dom.toprettyxml()
if Eventtriggerl == None:
msg = 'Mention of event is not detected!’
res.configure(text = "" + strimsg))
return msg
else:
res.configure(text = "Mapping Event Information intoc XML format: \n\n" 4 str{doml})
return doml
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Ontology Creation and Mapping

+ onto_path.append("C:\Python34\event™)

* onto = Ontology("http://www.event.com/ontologies/event.owl™)
% t.ow
-

onto = get_ontology("http://www.event.com/ontologies/event.owl™)
onto. load()
class Event(Thing):
o ontology = onto
*+ ANMOTATIONS[Event].add annotation(rdfs.comment,
"An event ontology that describes event and wvarious event informations.™)
class Entity(Thing):
* ontology = onto

*

class Person(Entity):
o ontology = onto

class Organization(Entity):
o ontology = onto

class Time(Thing):
* ontology = onto

class Place(Thing):
o ontology = onto

class Media(Thing):
* ontology = onto

class NewsArticle(Media):
. ontology = onto

class happened_at_time(Property):

o antology = onto
o domain = [Ewent]
o range = [Time]

class happened_at_place(Property):

+ antology = onto
- domain = [Event]
- range = [Place]

class has_participant({Property):

o ontology = onto
o domain = [Ewent]
+ range = [Entity]

class involved_in{Property):

- antology = onto

o domain = [Entity]

o range = [Ewent]

o inverse_property = has_participant # inverse property

class has_trigger({Property):

+ antology = onto
- domain = [Event]
- range = [Newsarticle]
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class has_extent(Property):
ontology = onto
domain = [Ewent]
range = [MNewsArticle]

class published_on(Property):
ontology = onto
domain = [Ewent]
range = [Media]

class has_id(FuncticnalProperty):
ontoclogy = onto
domain = [Ewvent]
range = [str]

class has_Name(FunctionalProperty):
ontology = onto
domain = [Place]
range = [str]

class has_Value(FuncticnalProperty):
ontoclogy = onto
domain = [Time]
range = [str]

class mentioned_in({FunctionalProperty):
ontoclogy = onto
domain = [MewsArticle]
range = [str]

class hasName(FuncticnalProperty):
ontology = onto
domain = [Perscon]
range = [str]

class hasName(FunctionalProperty):
ontology = onto
domain = [Organization]
range = [str]
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#Cregting relation using Property
def import to event ontology():
zare = datetime.datetime.now()
EventId = 'EV-88'"¥s-¥s-%s" ¥ (zare.second, zare.month, zare.year)
evid = Event(EventId)
print(evid)
ctd = get_event_extent()
ctd_ewvent_extent = CharacterConvertor.CConvertor(ctd)

evid.has_extent.append(NewsArticle(ctd event extent))

etd = Event_trigger detector()
ctd_ewvent_trigger = CharacterConvertor.CConvertor(etd)

evid.has_trigger.append{NewsArticle{ctd_event_trigger))

see = Spatial element_extraction()
ctd Spatial element = CharacterConvertor.CConvertor(see)

evid. happened_at_place.append(Place(ctd Spatial_element))

tee = Temporal_element_extraction()
ctd_temp_element = CharacterConvertor.CConvertor(tee)

evid.happened _at_time.append(Time(ctd temp element))

pee = Participant_elements extraction()
ctd_part_element = CharacterConvertor.CConvertor(pee)

evid.has_participant.append{Entity(ctd_part_element))

+ es = Event_source()
0 ctd_event_source = CharacterConvertor.CConvertor(es)
s evid.published on.append(Media(ctd event_source))

#Creating relation between functional property

J evid.mentioned_in = NewsArticle(ctd event_source)
* evid.has_place_name = Place(ctd Spatial_element)
+ evid.has_time_value = Time(ctd_temp_element)

0 evid.has_participants = Entity({ctd_part_element)
0 evid.menticned_in =NewsArticle({ctd_event_source)
0 onto. save()

% return &
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