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Abstract: Multi-slot information extraction, also known as frame extraction, is a task that iden-

tify several related entities simultaneously. Most researches on this task are concerned

with applying IE patterns (rules) to extract related entities from unstructured docu-

ments. An important obstacle for the success in this task is unknowing where text

portions containing interested information are. This problem is more complicated

when involving languages with sentence boundary ambiguity, e.g. the Thai language.

Applying IE rules to all reasonable text portions can degrade the effect of this obsta-

cle, but it raises another problem that is incorrect (unwanted) extractions. This project

aims to present a method for removing these incorrect extractions. In the method, ex-

tractions are represented as intuitionistic fuzzy sets, and a similarity measure for IFSs

is used to calculate distance between IFS of an unclassified extraction and that of each

already-classified extraction. The concept ofk nearest neighbor is adopted to design

whether the unclassified extraction is correct of not. From the experiment on various

domains, the proposed technique improves extraction precision while satisfactorily

preserving recall.
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Chapter 1

Executive summary

1.1 Motivation

Standard knowledge representation languages for the Semantic Web, such as RDF [46] and

OWL [75], have been recently developed and are now in place. They have been evolved

from traditional markup languages in order to represent themeaning of data, i.e.,metadata,

in a machine-understandable form. With the emergence of such languages,keyword-based

information retrievalin the Syntactic Web era is being replaced with a more powerful search,

namelysemantics-based information retrieval.

To illustrate, suppose that one wants to retrieve Web pages concerning “a chemical reaction

that produces carbon dioxide from ethanol.” Using a keyword-based query, the user’s infor-

mation need is represented as a set of keywords, such as “carbon dioxide” and “ethanol”, and

web pages are recognized as relevant if they contain such specified keywords. Accordingly,

a Web page containing the text portion

“During combustion ethanol reacts with oxygen and produces carbon dioxide” (1.1)

and that containing the text portion

“A standard biochemical pathway is followed, from which yeast digest glucose

and release ethanol and carbon dioxide” (1.2)

are both retrieved. The second one is, however, not in the range of user interest, since it

refers to ethanol as a product, rather than a reactant. By contrast, based on Description

Logic (DL), which is a logical formalism underlying OWL, theabove query is represented

by the concept expression

Q : Reaction⊓∃HASPDT.CarbonDioxide⊓∃HASRCT.Ethanol,

and Statements (1.1) and (1.2) are partially represented, respectively, by the concept expres-

sions

C1 : Reaction⊓∃HASRCT.Ethanol⊓∃HASRCT.Oxygen⊓∃HASPDT.CarbonDioxide,

C2 : Reaction⊓∃HASRCT.Glucose⊓∃HASPDT.Ethanol⊓∃HASPDT.CarbonDioxide.
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REACTANT: ethanol REACTANT: glucose
REACTANT: oxygen PRODUCT: ethanol
PRODUCT: carbon dioxide PRODUCT: carbon dioxide

(a) (b)

Figure 1.1 Examples of multi-slot frames.

UsingC1 as metadata describing the first Web page andC2 as that describing the second

one, subsumption checking in DL can then be employed as a document retrieval mechanism.

SinceQ subsumesC1, but notC2, only the first Web page is retrieved.

Moreover, domain experts can make use of such Semantic Web languages to represent their

background knowledge, enabling deduction of implicit information that can be useful for

semantics-based retrieval. Suppose, for example, that onewants to find Web pages concern-

ing “a chemical reaction that produces carbon dioxide from an alcohol.” A semantics-based

search engine would retrieve a Web page containing Statement (1.1), although it does not

contains the term “alcohol” explicitly, provided that the assertion “ethanol is an alcohol” can

be derived from the background knowledge.

To realize the above vision of information retrieval, a crucial question still remains: how

will document metadata be automatically or semi-automatically created? It is anticipated

that information extraction (IE)technologies will contribute significantly to realizationof

metadata creation. IE is a process of identifying and extracting desired pieces of informa-

tion. Based on output representation (target structure), IE frameworks are divided into two

categories:single-slot extractionandmulti-slot extraction. The former category focuses on

extracting individual pieces of information of a certain specified type, while the latter one

on extracting related pieces of information and connectingthem in a form of multiple-field

relational records.

From the text portions in Statements (1.1) and (1.2), for example, the frames describing

chemical reactions in Fig. 1.1 can be extracted using IE techniques. From these frames, the

concept expressionsC1 andC2 above can be directly constructed. In order to relate reactants

with products participating in the same chemical reaction,multi-slot extraction appears to

be more suitable than single-slot extraction, in particular when input text contains more than

one target chemical reaction description.1

A well-known supervised rule learning algorithm, called WHISK [85], is wildly used for

multi-slot extraction from structured to free text. The algorithm uses a covering learning

algorithm to generate regular expression patterns. However, Pattern-based IE rules do not

have ability to automatically segment input documents so that they can be applied only to

1When a textual document contains multiple chemical reaction descriptions, single-slot IE extracts indi-

vidual reactants and individual products separately, without relating reactants and products involving the same

reaction.
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relevant text portions. When applied to free text, a rule is usually applied to each individual

sentence one by one. Identifying the boundary of a Thai sentence is, however, problematic.

In Thai, there is no explicit end-sentence punctuation [18].

1.2 Problem Statement

In this project, we aim to introduce methods to calculate a relevant score when a typical IE

rule is applicable to a text portion. The extractions with low scores will be eliminated. In

these calculating methods, similarity or distance measures between sentences play an im-

portant role. Although there are several algorithms for determining a degree of similarity in

textual level and a sentence can be considered as a (short) document, it is difficult to adopt

those algorithms for our problem, i.e., sentential level. The main reason is that such algo-

rithms for the textual level are designed to deal with long documents rather than short ones.

Hence, a representation form for capturing hidden semantics of sentences and similarity

measures on the representation form are the main challenge of the research.

Recently, intuitionistic fuzzy set (IFS) [3] has been much explored in both theory and appli-

cation. Differing from representation of a fuzzy set (FS) [107], an IFS considers both the

membership and non-membership of elements belonging or notbelonging to such a set. IFS

is therefore more flexible to handle the uncertainty than FS.Measuring similarity and dis-

tance between IFSs is one of most research areas to which manyresearchers have paid their

focus. Many IFS-based frameworks for solving various problems yield satisfactory results.

For example, [Khatibi and G. 2009] conducted experiments for bacterial classification using

three similarity measures: one for fuzzy sets, and two for IFSs. The results evidenced that

the both measures for IFSs outperformed the other one for fuzzy sets. In [39], as another

example, an IFS-based classification framework was proposed and the framework accuracy

outperformed some traditional classification methods. By the success of research in IFS,

especially in similarity measurement, it is anticipated that IFS technologies will contribute

to this project.

1.3 Results

An IFS-based filtering technique is proposed for removal of those false extractions. The

experimental results on documents related with various domains such as medical, news,

and chemical, show that the technique improves extraction precision while satisfactorily

preserving recall. When comparing to other classification models, our proposed filtering

method produce relatively better results.
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Chapter 2

Background

In general, IE is aimed at extracting relevant information from a huge amount of data, which

could be textual documents, images, or even signals. In thisdissertation, IE refers to infor-

mation extraction from text. Diverse types of input and output are considered in IE systems.

They are characterized in Section 2.1. Section 2.2 describes processes usually involved in

a generic framework for event extraction from unstructuredtext. Section 2.3 characterizes

the Thai language and reviews current works concerning natural language processing (NLP)

and information extraction in Thai.

Intuitionistic fuzzy sets and their similarity measures that are used in the proposed frame-

work (Chapter 3) are explained in Section 2.4.

2.1 Input and Output Types for Information Extraction

Input documents for an IE system can be classified into two text genres, i.e., structured

text and unstructured text (or free text). Structured documents consist of information en-

tries that are organized in a rigid format, such as bibliographies, telephone dictionaries, and

automatically-created Web pages. Unstructured-text documents are written in natural lan-

guages, such as news stories and scientific reports. Fig. 2.1and Fig. 2.2 provide examples

of structured text and unstructured text, respectively.

There are various forms of IE output, depending upon target IE tasks. As proposed by two

primary programs, i.e., Message Understanding Conference(MUC)1 and Automatic Content

Extraction (ACE), IE tasks can be decomposed into several subtasks. MUC-6 [29], for

example, separates an IE task into name entity recognition,coreference resolution, template

element recognition, relation extraction task, and scenario template task.

1MUCs were initiated and funded by DARPA (Defense Advanced Research Projects Agency) to encourage

the development of new and better methods of information extraction. Running from 1987 through 1997,

these competition-based conferences provided challengesfor IE researchers in different domains such as naval

operations messages (MUCK-I and MUCK-II), terrorism (MUC-3 and MUC-4), and business (MUC-5, MUC-

6, and MUC-7), and also in different output formats.
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Figure 2.1 An example of structured text.

The ACE program, a follow-up to the MUC program, aiming to develop core technologies

for extracting information from multimedia sources in different languages [22], classifies IE

subtasks as follows:

• Entity detection and tracking (EDT) is aimed to identify all mentions of entities,

whether a name or a pronoun, and to group them based on objectsto which they

refer. For instance, given a sentence “Nicola Hanania, a researcher at the asthma

clinical research center at Baylor College of Medicine, says he is very interested in

the technology,” it is expected that an EDT system identifies the mention “he” with

the mention “Nicola Hanania.” The current EDT task in the ACE program identifies

seven types of entities, i.e., Person, Organization, Location, Facility, Weapon, Vehicle,

and Geo-Political Entity. Each type is moreover divided into subtypes, for instance,

Organization subtypes are Government, Commercial, Educational, Non-profit, etc.

• Relation detection and characterization (RDC)involves predicting whether a re-

lation exists between a pair of entities and assigning to it one of predefined types.
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Figure 2.2 An example of unstructured text.

TYPE: Create
OBJECT: The Eiffel Tower

TIME : 1889
PLACE: Paris

Figure 2.3 An example of an event template.

There are five general types of relations, i.e., Role, At, Part, Near, and Social. Each

type is also divided into more specific subtypes; for instance, Social subtypes include

Parent, Sibling, Spouse, etc. If the LOCATEDAT relation is of interest, for example,

then the information to be extracted from the sentence “Established on April 1, 1976

at California, Apple Inc. is an American multinational corporation that designs and

markets consumer electronics, computer software, and personal computers” is L O-

CATEDAT(Apple Inc., California).

• Event detection and characterization (EDC)discovers and characterizes types of

events in which EDT entities participate. General event types include Destroy, Create,

Transfer, Move, and Interact. Fig. 2.3 exemplifies an outputtemplate of the Create

type generated from the sentence “In 1889, the Eiffel Tower was built as the centre-

piece of a giant fair in Paris.” The template consists of four slots, namely “TYPE,”

“OBJECT,” “T IME ,” and “PLACE,” and their slot fillers are “Create,” “The Eiffel

Tower,” “ 1889,” and “Paris,” respectively.

• Temporal expression recognition and normalization (TERN)detects temporal ex-

pressions in text and normalizes them into ISO formats. Thistask is straightforward

when absolute temporal expressions (e.g,October 22, 1981) are found. However,

temporal expressions appearing in a natural language may bevague; they include in-

dexical expressions (e.g.,yesterday, next week, Monday) and relative expressions (e.g.,

three minutes after the President arriving). Apart from detection and normalization,

TERN systems should have ability to associate absolute meanings with those vague

expressions.

This dissertation focuses mainly on EDC, which will be detailed in the next section.
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Figure 2.4 An overview of a basic event-extraction framework.

2.2 A Basic Architecture for Event Extraction

In this section, common components used in most event extraction systems based on learning

approaches are explained. A general architecture of such systems in shown in Fig. 2.4, where

a rectangular box represents a process, a cylindrical shaperepresents an external resource,

a box with rounded corners represents an extraction model, and an arrow specifies process

order or an artifact used or produced by a process. Like trainable frameworks for other pur-

poses, event-extraction systems consist two phases: a training phase and a test phase. Dur-

ing the former phase, training documents are firstly preprocessed by several useful linguistic

components, such as tokenization, part-of-speech tagging, and syntactic analysis. Learning

methods are then selected and applied in order to construct extraction models. During the lat-

ter phase, after preprocessing test documents, the extraction models are then deployed and,

in some case, postprocessing modules are used for extraction refinement. Some processes

in the architecture are supported by external knowledge sources, for example, dictionaries,

and domain-specific ontologies. Basic components of the architecture are further discussed

below.

2.2.1 Preprocessing

Several types of preprocessing are usually applied and appropriate preprocessing techniques

are chosen depending on text analysis algorithms that are intended to be used. Preprocessing

components typically extract or label additional information about words or text to reveal
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syntactic and semantic information. They include:

• Sentence segmentationis aimed at dividing a word stream into grammatical sen-

tences. This preprocessing task plays an important role in systems that only consider

relations among entities within the same sentence, e.g., [101; 28]. For many European

languages, some punctuation marks, particularly the full stop character, explicitly in-

dicate sentence boundaries. Nevertheless, due to the use ofsuch punctuation marks

for other purposes (e.g., abbreviation, decimal representation), it is often not trivial to

make sentence segmentation. Techniques for sentence boundary disambiguation usu-

ally use syntactic and semantic information of tokens around a punctuation mark as

features for predicting whether the mark indicates a sentence boundary [43; 73; 81].

• Tokenization is a process that breaks a textual document into small units depending

on information levels of interest, such as characters and words. In most text process-

ing systems, documents are broken into word tokens, since a word is a fundamental

unit that carries meaning [96; 15] and, moreover, several natural language processing

algorithms work at the level of word tokens. For languages inwhich words are con-

secutively written without delimiters, such as Chinese, Japanese, Korean, and Thai,

word tokenization (or word segmentation) is a nontrivial task. Word segmentation

methods are categorized into dictionary-based methods [105; 102], machine-learning-

based methods [74; 32; 103; 94; 27], and hybrid methods [77; 96; 92; 67].

When using dictionaries, only words appearing in the dictionaries are identified and,

consequently, resulting performance depends greatly uponthe quality of dictionaries

in use. If the coverage of the dictionaries are not sufficiently high, a great number

of out-of-vocabulary (OOV) words may be obtained, leading to low segmentation ac-

curacy [95]. In a machine-learning-based approach, a textual document is first de-

composed into smaller units such as characters, syllables,andn-grams, and a learned

model is then applied to predict whether two contiguous units belong to the same word.

A hybrid approach attempts to get the best of the two previousones. For instance, [96]

proposed a dictionary-based statistical system for Myanmar word segmentation. The

system begins with separating documents into syllables using linguistic rules. For

each text portion divided by punctuation marks and spaces, all possible combinations

of merged words are then generated by dictionary-based matching. The combination

containing the minimum number of words is taken as the word-segmentation result

of the portion. When there are two or more combinations containing the same mini-

mum number of words, one of them is selected based on scores derived using mutual

information.

• Part-of-speech (POS) taggingis a task of assigning an appropriate POS tag to each

word based on the context in which it appears. In order to reduce human effort, many

8



researchers develop both semi-automatic and automatic POStaggers using corpus-

based machine-learning approaches. When a POS tagger is trained and evaluated on

the same domain, high satisfactory accuracy can be obtained[36].

However, POS-tagging accuracy normally significantly decreases when training and

test domains are different. An evidence can be seen in [16], where three Hidden

Markov Model (HMM) taggers were learnt from different sources, consisting of a

general English corpus, i.e., Penn Treebank-2 [55], and twomedical corpara, i.e.,

GENIA and MED. It was shown that, when evaluated on each medical corpus, the

accuracy of the tagger trained on Penn Treebank-2 was substantially lower than that

of the tagger generated from part of the evaluated corpus itself. Similar empirical

evidences were also reported in [8; 47; 60].

• Syntactic parsing, from a linguistic point of view, is a method for analyzing a sen-

tence to determine its grammatical structure [2]. Parsing can be classified by several

criteria such as syntactic representation and complexity.

Syntactic parsing can be characterized based on the forms oftarget output into two

types: constituency and dependency. In the first type, a sentence is decomposed into

constituents or phrases, and a phrase structure tree representing relationships between

words and phrases is created. By contrast, in the second type, the goal of parsing

a sentence is to create a dependency graph consisting of lexical nodes linked by bi-

nary relations called dependencies. More comparative discussion between these two

approaches can be found in [82]. Based on parsing complexity, parsing can be di-

vided into two types: full parsing and shallow parsing. Fullparsing aims to provide

a thorough sentence structure, while shallow parsing (or chunking) aims to identify

sentence constituents (e.g., noun groups, verb groups, etc.) without specifying their

internal structure.

For IE tasks, syntactic parsing often provides useful features for classifier learning

and consequently improves the extraction performance [25;41; 78; 65; 66; 63]. Many

experiments have been conducted to compare accuracy of IE systems with different

types of parsing. Such experiments are, for instance, [91; 35; 41; 78; 63]. However,

what type of parsing is most appropriate for IE is still a controversial issue.

• Name entity recognition (NER)seeks to detect and classify atomic elements in tex-

tual documents into predefined classes such as the person names, organizations, lo-

cations, quantities, monetary values, percentages, etc. As pointed out in [89], NER

and single-slot extraction look similar at first glance. However, as clarified in [50],

although single-slot extraction may use the results of NER,it usually makes use of

further contextual information to distinguish, for example, the speaker of a seminar

from other people mentioned in a seminar announcement.

There are two main approaches to construct NER systems, i.e., handcrafted-rule ap-
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proach and statistical learning approach. The former approach normally requires

knowledge engineers to build grammatical and semantic rules. This approach usu-

ally consumes a lot of manual work to establish well-performing rules through sev-

eral steps such as rule construction, rule refinement, and rule selection, etc. On the

other hand, the latter one requires a large corpus to (semi-)automatically generate NER

rules. When a sufficiently large corpus is not available, thehandcrafted-rule approach

is often employed, e.g., [24; 38; 80].

Results from many experiments investigating the impact of different features on ex-

tracting information, such as [100; 30; 11], show that semantic features, e.g., named

entities, hypernyms, and WordNet synsets, satisfactorilyimprove the extraction accu-

racy. Named entity annotation is usually included as a preprocessing step in most IE

systems, especially in domain-specific applications.

2.2.2 Event Extraction

There are two basic approaches to event extraction: single-slot extraction and multi-slot

extraction.

Single-Slot Extraction

Single-slot extraction assumes that each information entry contains at most one event of in-

terest and extracts fillers for different slots in an event frame independently. The assumption

guarantees that, for each information entry, if individualslots are correctly extracted, then

an answer template constructed by combining them also correctly describes a target event.

As an example, [26] defines an event template, which consistsof four slots, i.e.,speaker,

start-time, end-time, andlocation, in order to store information extracted from a set of sem-

inar announcements. A rule set for each template slot is separately learnt from a training

corpus and then applied to a test corpus. A comprehensive review of single-slot extraction

and empirical comparisons can be found in several articles,such as [12; 50; 69; 83].

Multi-Slot Extraction

Multi-slot extraction is aimed not only at identifying slotfillers but also at connecting slot

fillers taking part in the same event. It is applicable even when an information entry contains

several target events. Two extraction strategies are commonly used for multi-slot extraction:

(i) binary relation extraction with relation merging, and (ii) direct multi-slot extraction.

In the first strategy, event frames are typically constructed by extracting pairs of related

slot fillers, i.e.,binary relations, and then merging those participating in the same event

10



into a more complete frame. Machine-learning paradigms, i.e., supervised learning, semi-

supervised learning, and unsupervised learning, can be employed for binary relation ex-

traction. Binary relation extraction based on supervised learning can be categorized into a

pattern-based approach, a feature-based approach, and a kernel-based approach. Table 2.1

briefly describes key characteristics along with example frameworks of each binary relation

extraction approach.

For merging extracted relations participating in the same event, various techniques ranging

from simple methods to complex methods are proposed. A relatively simple method can be

found in [14; 58], where a set of extracted binary relations is represented as an undirected

graph, with slot fillers being vertices and their relations being edges, and each maximal

clique in the graph is transformed into an event template. Asan alternative to a simple

method, statistics-based approaches are employed in [56; 64], where classification models

are constructed to predict whether two extracted relationsrefer to the same event.

Direct multi-slot extraction attempts to extract all slot fillers of an event simultaneously.

For example, from the sentence “John and Jane are CEOs at Inc. Corp. and Biz. Corp. re-

spectively,” two frames representing ternary relations (John, CEO, Inc. Corp.) and (Jane,

CEO, Biz. Corp.) should be produced. Classification-based methods are often used for di-

rect multi-slot extraction. In [58], for example, all possible candidates are generated from

the above example statement; they are (John, CEO, Inc. Corp.), (John, CEO, Biz. Corp.),

(Jane, CEO, Inc. Corp.), (Jane, CEO, Biz. Corp.), (John, CEO,⊥), (Jane, CEO,⊥), (John,

⊥, Inc. Corp.), (John,⊥, Biz. Corp.), (Jane,⊥, Inc. Corp.), (Jane,⊥, Biz. Corp.), (⊥, CEO,

Inc. Corp.), and (⊥, CEO, Biz. Corp.), where⊥ denotes a missing argument. A classification

model is then applied to predict whether each of them is a target event. Using this approach,

however, a huge amount of candidates are often generated andit is often difficult to manage

incomplete but correct instances, e.g., missing-slot extractions such as (Jane, CEO,⊥), in a

classifier learning process.
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Table 2.1 Characteristics of binary relation extraction approaches.
Approach Key characteristics Example frameworks

Pattern-based Based on assumption that pairs of terms sharing similar linguistic contexts are con-

nected by similar semantic relations, patterns for capturing relation are mainly con-

structed in terms of syntactic and semantic constraints. Patterns are normally ex-

pressed in forms of regular expressions over triggering words and POS tags.

[5; 17; 33]

Feature-based Each instance is represented as a feature vector in ann-dimensional space, wheren

is the number of features used to represent instances. A learning algorithm is used

to induce a classifier from feature vectors representing training instances. Feature

selection plays an important role in order to reduce complexity of learning in a high

dimensional space.

[9; 23]

Kernel-based A kernel function, a symmetric and positive-semidefinite function, is used for estimat-

ing instance similarity. A test instance that is similar to training instances in a certain

classC with respect to the kernel function in use is labeled withC.

[79; 108; 111]

Semi-supervised This paradigm is usually used for learninga classifier when a small amount of la-

beled data is available in a training corpus. Popular techniques for combining labeled

and unlabeled data for training a classifier are, for example, bootstrapping and label

propagation.

[7; 13; 51; 110]

Unsupervised Most unsupervised systems are based on co-occurrence analysis by assuming that two

entities are related if they frequently appear together in the same document. Unsuper-

vised relation extraction systems usually aim at detectingthe existence of a relation,

rather than determining its type.

[1; 10; 21; 76; 52; 97; 99; 104]

1
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Another widely used method for multi-slot extraction ispattern-based matching. Extraction

patterns are often represented in terms of regular expressions or rules. Manual creation of

extraction patterns is an expensive task. Several researchefforts focus on automatically (or

at least semi-automatically) creating extraction rules. Major systems for learning multi-slot

extraction patterns are WI [49], CRYSTAL [84], LIEP [37], and WHISK [85]2. Table 2.2

characterizes those pattern-based learning systems in terms of their input text styles.

Table 2.2 Characteristics of some systems for learning multi-slot extraction patterns.

System
Text style

Structure Unstructure

WI X –

CRYSTAL X X

LIEP X X

WHISK X X

2.2.3 Post-Processing

Extracted results of IE systems often contain some incorrect extractions, i.e., false positives,

leading to low extraction accuracy, especially, precision. To increase the precision, a post-

processing phase, normally concerning with filtering thosefalse positives, is implemented in

several IE systems. Existing filtering techniques are basedon syntactic information, domain-

specific knowledge, and statistical learning.

An example of syntax-based filtering can be found in [57], where genetic (gene-gene) re-

lations and etiologic (gene-disease) relations are extracted using an NLP-based IE system,

namely SemGen. After applying their IE system to a corpus of Medline citations on dia-

betes, a distance-based filtering procedure is employed to remove extracted relations that are

likely to be incorrect. A relation is filtered out if the number of tokens in the text portion

enclosed by the slot fillers of the relation is greater than a predefined threshold.

For filtering driven by domain-specific knowledge, filter conditions, e.g., keywords and

rules, are created by domain experts. As an example, [71] proposed an NLP-based sys-

tem for extracting chemical-enzyme interactions from chemical abstracts, and applied a set

of hand-crafted rules for filtering extracted relations.

From a statistical-learning viewpoint, a filtering task canbe reduced to a binary classifica-

tion problem. A classification can be constructed to predictwhether extractions are correct.

In [45], biological events, each of which consists of three slots, i.e., one interaction type,

one effecter, and one reactant, were extracted from unstructured texts using a pattern-based

strategy. In order to determine whether an extracted event is correct, a maximum entropy

2WHISK is a successor of CRYSTAL.
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classifier is employed to assign a class to each of its slot fillers,3 using features such as

POS tags, semantic annotations of neighboring words, and distance between consecutive

slot fillers. When the class assigned to a slot filler is inconsistent with its extracted type, a

frame containing the slot filler is discarded.

2.2.4 External Knowledge

There are various external knowledge sources ranging from general purpose resources ap-

plicable in many domains to narrow-scope resources relyingon a particular domain. One of

the most famous unrestricted domain resources is an Englishlexical database called Word-

Net [61]. WordNet groups English words into sets of synonyms, called synsets, and connects

syssets using various semantic relations, e.g., Antonymy,Hyponymy, and Meronymy. [87]

proposed a framework for learning IE patterns using information of a synset taxonomy (e.g.,

path lengths between synsets, depths of synsets, etc.) to measure semantic similarity of pat-

terns. From a set of all possible IE patterns, their framework begins with manually selecting

a few patterns that are highly relevant to an application domain and adding them to a group

of accepted patterns. A remaining pattern is chosen as a newly accepted pattern when it is

semantically similar to existing accepted patterns.

Among knowledge resources that are applicable to IE systems, a special attention is recently

paid to the role of ontologies. An ontology is the specification of the key concepts in a given

domain and the relations that exist among these concepts. Inthe simplest case, an ontology

can be represented as a concept hierarchy, i.e., onlyis-a relation is decribed. For more

complex ontologies, other relations are defined and domain-specific axioms are formulated.

Ontologies can be adopted in several components of IE systems, such as annotation, pattern

generalization, and slot-attribute specification.

2.3 Thai Information Extraction

2.3.1 Thai Writing System

In the Thai writing system, words are consecutively writtenwithout delimiters. Spaces are

only occasionally presented between phrases or words within sentences—there is no stan-

dard rule of how to use spaces in the Thai language. The grammar of the Thai language is

considerably simpler than the grammar of most Western languages, and for many foreigners

learning Thai, this simplicity compensates for the additional difficulty of learning a variety

of voice tones. It is a “Subject + Verb + Object” language withno definite or indefinite

article, no verb conjugation, no noun declension, and no object pronouns. Words are not

3Candidate classes considered in [45] are interaction type,effecter, and reactant.
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modified or conjugated for tense, number, gender, or subject-verb agreement. Tenses, levels

of politeness, and verb-to-noun conversion are accomplished the simple addition of vari-

ous modifying words (called “particles”) to the basic subject-verb-object format. Table 2.3

compares Thai to English.

Table 2.3 Comparing Thai to English.
Features English Thai

Word boundary indicated by spaces Yes No
An explicit mark (e.g. a full stop) at

Yes No
the end of a sentence
Capitalized letters Yes No
Writing left to right Yes Yes
Conjugation of verbs Yes No
Subject-verb agreement Yes No
Use of articles (definite/indefinite) Yes No
Pronominal form of social position No Yes
Noun classifier No Yes

2.3.2 Thai Natural Language Processing

The section presents a review of researches on Thai languageprocessing.

• Word segmentation:

The Thai language belongs to the class of non-segmenting languages. Since 1986,

many researchers have been attempting to develop word-segmentation systems for

Thai. Their proposed techniques can be categorized into dictionary-based methods,

machine-learning-based methods, and hybrid methods.

In [34], eight word-segmentation methods, four of which arebased on dictionaries

and the other on machine learning, were evaluated on the ORCHID corpus [86]. The

four dictionary-based methods were distinguished by matching strategies4 and dictio-

naries in use, i.e., longest matching with a general dictionary, longest matching with

a general dictionary augmented with domain-specific words,maximal matching with

a general dictionary, and maximal matching with a general dictionary and domain-

specific words. They yielded the F-measure values of 87.55%,91.75%, 87.86%, and

91.98%, respectively. For the machine-learning approach,four well-known classi-

fiers, i.e., Naı̈ve Bayes, Decision Tree, Support Vector Machine, and Conditional Ran-

dom Field, are evaluated and the F-measure values of 64.90%,77.50%, 90.74%, and

95.38%, respectively, were reported.

4Two matching strategies used in [34] are longest matching and maximal matching. The first strategy

attempts to find the longest possible segmentation, while the second one attempts to maximize the number of

segmentations that match known words given in a predefined dictionary.
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In [4], six word-segmentation methods are evaluated on the legal documents: a dictionary-

based methods; three machine-learning-based methods, using 3-state and 6-state Hid-

den Markov Models (HMMs), and a decision tree; and two hybridmethods, i.e., a

3-state HMM augmented with a dictionary and a decision tree,and a 6-state HMM

with a dictionary and a decision tree. The F-measures of 25.77%, 59.37%, 39.18%,

42.15%, 50.59%, and 64.59%, respectively, were reported.

Although the results of several word-segmentation methodsshow satisfactory perfor-

mance, different methods may not be compared directly due tonon-unifying test sets

and different evaluation methodologies in use. Benchmark for Enhancing the Stan-

dard of Thai language processing (BEST)—a series of contests on Thai language

processing—was settled in 2009. The scope of this series covers several important

NLP modules, such as Thai word segmentation, Thai named-entity recognition, com-

pound word and phrase recognition, clause and sentence segmentation, Tree-bank con-

struction, and text summarization. However, its current focus is word segmentation.

In BEST-2010, many participants achieved the F-measure of more than 90%, while

the winner yielded 94.24%.

Currently available tools for Thai word segmentation include CUWS5[72], CTTEX6,

SWATH7[59], and ThaiWordSeg.8

• POS-tagging:

Like POS tagging in many other languages, Thai POS taggers are usually trained using

supervised machine-learning algorithms, e.g., [68], and accordingly their tagging ac-

curacy depends on the quality of training POS corpora. Currently, only one Thai POS

corpus, i.e., ORCHID, is publicly available. ORCHID is a relatively small corpus

compared with POS corpora such as the Brown corpus and Penn Chinese Treebank.

The source documents in ORCHID are technical papers in the proceedings of the Na-

tional Electronics and Computer Technology Center (NECTEC) annual conferences.

As a preliminary study, we conducted an experiment comparing the performance of a

POS tagger learned from ORCHID when tested on ORCHID itself and when tested on

a collection of thesis abstracts in the chemistry domain. A conditional random field

(CRF) model constructed using the CRF++ toolkit9 was employed in the experiment.

When applied to documents in ORCHID, tagging accuracy of theobtained model was

approximately 91%. When applied to those in the chemistry domain, the accuracy

dropped to 68%. A similar evidence was shown in [88], where the average POS tag-

ging accuracy of 60% was reported when a trigram POS tagging model learned from

5Available at http://oracle.cp.eng.chula.ac.th/me/cuws.
6Available at http://www.mm.co.th/pub/firefox-thai.
7Available at http://www.cs.cmu.edu/ paisarn/software.html.
8Available at http://thaiwordseg.sourceforge.net.
9Available at http://crfpp.sourceforge.net.
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ORCHID was tested in the Thai import and export domain. In [88], in order to use

POS information for Thai IE, POS tagging results produced bythe learned model were

manually corrected.

Domain adaptation methods have been applied to text processing in several languages

when a training set and a test set are obtained from differentdomains (or from differ-

ent probability distributions) [19; 6; 48]. For example, for English POS tagging, [48],

proposed a domain adaptation framework using prior knowledge involving POS tags

analyzed from both a training domain and a test domain, e.g.,a business and finan-

cial domain and a biomedical domain. However, application of domain adaptation to

construction of Thai POS taggers has not been reported in theliterature.

• Other linguistic analysis:

Other NLP components, such as parsing and sentence segmentation, normally require

POS information. Only a few works have been reported on deep linguistic analy-

sis. [98] proposed a machine-learning-based parser for dependency parsing. Given

an input sentence, their parser first estimates the probability for a term to be the root

node of a parse tree. An SVM model is then used to derive dependency relations,

and a beam search algorithm is employed to find the best dependency structure. For

sentence-boundary detection, [62] used a part-of-speech trigram model to locate sen-

tence boundaries by classifying white spaces appearing in aparagraph into 2 types:

sentence-break spaces and non-sentence-break spaces. Themodel was trained and

evaluated on subsets of the ORCHID corpus and around 80% break detection and 9%

false-break rates were achieved.

2.3.3 Information Extraction System for Thai Text

[88] proposed strategies for Thai-text IE using corpus-based syntactic surface analysis based

on predefined context-free grammar rules. The extraction precision of their developed sys-

tem is still relatively low. As pointed out in [88] itself, one main cause of errors comes from

the ambiguity of the sentence structure, due to which a parser is unable to determine sen-

tence boundaries, resulting in parse-tree construction failure, in particular, when constituents

such as subject or verb do not appear in a sentence as expectedin the grammar rules. Only

hand-crafted triggering-term patterns were considered in[88]; extraction-pattern learning

was not discussed.

[70] introduced a method for automated IE in a housing advertisement corpus by using rule-

based syllable segmentation for text preprocessing and applying Hidden Markov Models,

with the Viterbi algorithm, to extract individual target fields independently. Target fields

along with their prefixes and suffixes are tagged in the level of syllables, which are far

less meaningful than words and semantic classes. Moreover,individual-field extraction,
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Table 2.4 Some similarity measures between IFSs.
Author Expression

Dengfeng[20] SM1(A,B) = 1− 1
p√h

p
√

∑h
i=1 |ϕA(i)−ϕB(i)|p

whereϕk(i) = (µk(xi)+1−νk(xi))/2,k= {A,B}, andp= 1,2,3, . . .

Mitchell[H. 2003] SM2(A,B) = 1
2

(

ρµ(A,B)+ρ f (A,B)
)

whereρµ(A,B) = Sp
d(µA(xi),µB(xi)) and

ρ f (A,B) = Sp
d(1−νA(xi),1−νB(xi))

Ye[106] SM3(A,B) = 1
h ∑h

i=1
µA(xi)µB(xi)+νA(xi)νB(xi)√

µ2
A(xi)+ν2

A(xi)
√

µ2
B(xi)+ν2

B(xi)

such as that in [70], has a serious limitation for a significant number of applications, in

particular, when an information entry contains fillers of more than frame, e.g., it cannot

relate a particular person with his address when an information entry contains several person

names and addresses.

2.4 Intuitionistic fuzzy sets and their similarity measures

In this section, some basic concepts for IFSs and their similarity measures are presented. For

the convenience of explanation, the following notations are used hereinafter:X = {x1,x2, . . . ,xh}
is a discrete universe of discourse andIFS(X) is the class of all IFSs ofX. Atanassov [3]

defined an intuitionistic fuzzy setA in IFS(X) as follows:

A= {〈x,µA(x),νA(x)〉|x∈ X} (2.1)

which is characterized by a membership functionµA(x) and a non-membership function

νA(x). The two functions are defined as:

µA : X → [0,1], (2.2)

νA : X → [0,1], (2.3)

such that

0≤ µA(x)+νA(x)≤ 1,∀x∈ X. (2.4)

In the IFS theory, the hesitancy degree ofx belonging to A is also defined by:

πA(x) = 1−µA(x)−νA(x). (2.5)

This degree expresses uncertainty whetherx belongs toA or not.

A similarity measureS for IFS(X) is a real functionS : IFS(X)× IFS(X)→ [0,1], which

satisfies the following properties:
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P1: 0≤ S(A,B)≤ 1,

P2: S(A,B) = S(B,A),∀A,B∈ IFS(X),

P3: S(A,B) = 1 iff A= B,

P4: If A⊆ B⊆C, thenS(A,C)≤ S(A,B) and

S(A,C)≤ S(B,C), for all A,B, andC∈ IFS(X).

Let A= {〈xi ,µA(xi),νA(xi)〉|xi ∈ X} andB= {〈xi ,µB(xi),νB(xi)〉|xi ∈ X} be in IFS(X), Ta-

ble 2.4 highlights some similarity measures between IFSs. SM1 and SM2 are distance-based

measures, while SM3 is cosine-based measures.
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Chapter 3

Framework

3.1 Information Extraction from Thai Texts

This section briefly explains the idea of domain-specific information extraction for Thai

unstructured texts using extraction rules.

3.1.1 Preprocessing

By detecting paragraph breaks, a text document is decomposed into paragraphs, referred to

asinformation entries, then word segmentation is applied to all information entries as part of

a preprocessing step. A domain-specific ontology, along with a lexicon for concepts in the

ontology, is then employed to partially annotate word-segmented phrases with tags denoting

the semantic classes of occurring words with respect to the lexicon.

In the medical domain, as an example, suppose we focus on two types of symptom descrip-

tions: one is concerned with abnormal characteristics of some observable entities and the

other with human-body locations at which primitive symptoms appear. Fig. 3.1 illustrates a

portion of word-segmented and partially annotated information entry describing acute bron-

chitis, obtained from the text-preprocessing phase, where‘ |’ indicates a word boundary, ‘∼’

signifies a space, and the tags “sec,” “col,” “sym,” “org,” and “ptime” denote the seman-

tic classes “Secretion,” “Color,” “Symptom,” “Organ,” and“Time period,” respectively, in

our medical-symptom domain ontology. The portion containsthree target symptom phrases,

which are underlined in the figure. Fig. 3.2 provides a literal English translation of this text

portion; the translations of the three target phrases are also underlined. Fig. 3.3 shows the

frame required to be extracted from the second underlined symptom phrase in Fig. 3.1. It

contains three slots, i.e., SYM , LOC, and PER, which stand for “symptom,” “location,” and

“period,” respectively.
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เป็น|โรค|ที่|พบ|บ่อย|หลัง|จาก|เป็น|ไข้หวัด|∼|ผู้ป่วย|ส่วนใหญ่|มัก|จะ|ม|ี[secเสมหะ]|เป็น|[col สีเขียว]|∼|

ม|ี[symอาการเจ็บ]|ที่|บริเวณ|[orgหน้าอก]|อยู|่เป็น|เวลา|นาน|∼|[ptime6-12 วัน]|∼|มี|[symอาการไอ]|จน|

เกิด|[symอาการเจ็บ]|ที่|[orgชายโครง]|อยู|่นาน|∼|[ptime3-4 วัน]|∼|ผู้ป่วย|อาจ|ม|ีสุขภาพ|ทั่วไป|แข็งแรง|. . .

Figure 3.1 A portion of a partially annotated word-segmented information entry

It is a disease that often begins after flu. A patient may have[col green] [secmucus], and may

have a[sym pain] in his [org chest], which lasts[ptime 6-12 days], and a[sym cough] that leads to a

[sym pain] in his [org lower rib cage] lasting[ptime 3-4 days]. A patient may have regular health. . .

Figure 3.2 A literal English translation of the partially annotated Thai text in Fig. 3.1

3.1.2 IE Rules and Rule Application

A well-known supervised rule learning algorithm, called WHISK [85], is used as the core

algorithm for constructing extraction rules. Figure 3.4 gives a typical example of an IE rule.

Its pattern part contains (i) three triggering class tags, i.e., sym, org, and ptime, (ii) four

internal wildcards, and (iii) one triggering word (betweenthe last two wildcards). The three

triggering class tags also serve asslot markers—the terms into which they are instantiated

are taken as fillers of their respective slots in the resulting extracted frame. When instantiated

into the target phrase in Fig. 3.3, this rule yields the extracted frame shown in the same figure.

WHISK rules are usually applied to individual sentences. Inthe Thai writing system, how-

ever, the end point of a sentence is usually not specified. To apply IE rules to free text

with unknown boundaries of sentences and potential target text portions, rule application

using sliding windows (RAW) is employed. Roughly speaking,by RAW, a particular rule is

applied to eachl -word portion of an information entry one-by-one sequentially, where the

window size,l , is predefined depending on the rule. As shown in Fig. 3.5, when the rule

in Fig. 3.4 is applied to the information entry in Fig. 3.1 using a 10-word sliding window, it

makes extractions from the[21,30]-portion, the[33,42]-portion, and the[34,43]-portion of

the entry. Figure 3.6 shows the resulting extracted frames.Only the extractions made from

the first and third portions are correct. When the rule is applied to the second portion, the

slot filler taken through the first slot marker of the rule, i.e., “sym,” does not belong to the

symptom phrase containing the filler taken through the second slot marker of it, i.e., “org,”

whence an incorrect extraction occurs.
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Target phrase:|มี|[symอาการเจ็บ]|ที่|บริเวณ|[orgหน้าอก]|อยู่|เป็น|เวลา|นาน|∼|[ptime6-12 วัน]|
English translation: have a[sympain] in his [orgchest], which lasts[ptime6-12 days]

Extracted frame: {SYM [symอาการเจ็บ]}{LOC [orgหน้าอก]}{PER [ptime6-12 วัน]}
English translation: {SYM [sympain]}{LOC [orgchest] }{PER [ptime6-12 days]}

Figure 3.3 A target phrase and an extracted frame

Pattern: *(sym)*(org)*นาน*(ptime)

Output template: {SYM $1}{LOC $2}{PER $3}

Figure 3.4 An IE rule example

Table 3.1: Instantiation of the internal wildcards of the rule in Fig.3.4 into the information

entry in Fig.3.1.

Extraction Text
Internal

wildcard

portion 1st 2nd 3rd

e1 [21,30] [22,23] [25,27] [29,29]

e2 [33,42] [34,37] [39,39] [40,40]

e3 [34,43] [37,37] [39,39] [40,40]

3.2 IFS-based Extraction Filtering

As we have seen, RAW probably produces false extractions. Hence, to improve the ex-

traction accuracy, a method for removing unwanted extractions is necessary. This section

describes our proposed method, to determine whether an extraction is correct or not. In the

method, a classifier model for each IE ruler is constructed using the supervised learning

approach. The ruler is applied to a training corpus, then we obtain the set of all extractions,

denoted byEr . An IFS characterizing each extraction,ei in Er is represented. If we have an

extracted frame,et by r to be justified, an IFS corresponding to the frame is made. Like the

concept ofk nearest neighbor (k-NN), et is classified into the same group (either correct or

incorrect) that is the most common amongk nearest neighbors of its IFS representation.

3.2.1 Motivation for the filtering development

Using RAW, the ruler may be instantiated across a target-phrase boundary (e.g. the second

frame in Fig. 3.6), which produces an incorrect extraction.Instantiations of the wildcards

being between the first and the last slot makers ofr, called the internal wildcards, provide a

clue to detect such an undesirable extraction. Then, we havean assumption that the charac-
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[21, 30]-portion

. . . |[col สีเขียว]|∼|มี|[symอาการเจ็บ]|ที่|บริเวณ|[orgหน้าอก]|อยู่|เป็น|เวลา|นาน|∼|[ptime6-12 วัน]|. . .
18 19 20 21 22 23 24 25 26 27 28 29 30

. . . |ม|ี[symอาการไอ]|จน|เกิด|[symอาการเจ็บ]|ที่|[orgชายโครง]|อยู่|นาน|∼|[ptime3-4 วัน]|∼|ผู้ป่วย|. . .
32 33 34 35 36 37 38 39 40 41 42 43 44

[33, 42]-portion

[34, 43]-portion

Figure 3.5: Text portions from which extractions are made when the rule in Fig. 3.4 is applied

to the information entry in Fig. 3.1 using a 10-word sliding window

Portion Extracted frame Correctness

[21, 30] {SYM [symอาการเจ็บ]}{LOC [org หน้าอก]}{PER [ptime 6-12วัน]} Correct

[33, 42] {SYM [symอาการไอ]}{LOC [org ชายโครง]}{PER [ptime 3-4วัน]} Incorrect

[34, 43] {SYM [symอาการเจ็บ]}{LOC [org ชายโครง]}{PER [ptime 3-4วัน]} Correct

Figure 3.6 Frames extracted from the text portions in Fig. 3.5 by the rule in Fig. 3.4

teristics of the internal-wildcard instantiations producing the correct extractions from ruler

should be more similar than those producing the incorrect ones.

Sentence similarity measures usually derive from symbolic, syntactic and structural informa-

tion. Unlike European languages, there is limitation of linguistic tools for the Thai language.

However, without facilitation of syntactic features, several works related with sentence sim-

ilarity present acceptable results [40; 109; 42; 54].

In this work, we observe two main characteristics of the textportion into which an internal

wildcard is instantiated: structural and symbolic information. The former type includes the

length of tokens and the number of spaces. The later type includes words and class tags. The

details of the two feature types will be explained more the next section. The precise steps of

the proposed method are detailed as follows:

3.2.2 Preprocessing

Vector-based representation

(a1) The ruler is applied into all information entries in the training corpus, then semantic

frames are obtained. The set of all extractions with respectto r is referred to asEr .

(a2) Whenr matches with a text portion, we observe tokens,1 into which each internal

wildcard is instantiated. (All wildcards except the first one are called aninternal

wildcard.)

1A token might be a word, a white space, or a semantic tag.
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Table 3.2 An example of the proposed vector-based representation
Extraction v1

i v2
i v3

i
~Vi

f 1
i,1 f 1

i,2 f 1
i,3 f 1

i,4 f 2
i,1 f 2

i,2 f 2
i,3 f 2

i,4 f 3
i,1 f 3

i,2 f 3
i,3 f 3

i,4

e1 2 0 1 0 3 0 2 0 1 1 0 0 [2,0,1,0,3,0,2,0,1,1,0,0]

e2 4 0 0 3 1 0 0 0 1 1 0 0 [4,0,0,3,1,0,0,0,1,1,0,0]

e3 1 0 0 0 1 0 0 0 1 1 0 0 [1,0,0,0,1,0,0,0,1,1,0,0]

After r is applied to the whole training corpus, two sets for each internal wildcard are

constructed: one containing different words only when correct extractions are made;

and the other containing those only when incorrect ones are made. For convenience,

Ws
cor andWs

inc are referred to the former set and the latter set, respectively, of thes-th

internal wildcard.

(a3) Suppose the ruler containsn internal wildcards. A feature vector, namely~Vi , charac-

terizing each extracted frame,ei , in Er is generated. The vector is defined as:

~Vi =~v1
i ‖~v2

i ‖ · · · ‖~vn
i ,

where~vs
i is a 4-dimensional feature vector corresponding to the instantiation of the

s-th internal wildcard in the rule pattern, and ’‖’ refers to vector concatenation. The

feature vector~vs
i is defined as:

~vs
i = [ f s

i,1, f s
i,2, f s

i,3, f s
i,4],

where f s
i,1, f s

i,2, f s
i,3, and f s

i,4 are the length of tokens, the number of spaces, the number

of plain words or semantic tags inWk
cor, and the number of plain words or semantic tags

in Wk
inc observed from the text portion into which the internal wildcard is instantiated.

Example 3.2.1.This example illustrates the vector-based representationprocess. Suppose,

in a training corpus, the rule shown in Fig.3.4 can produce extractions only when it is applied

to the information entry in Fig.3.1. Then solely three extractions (cf. Fig.3.5 and 3.6) are

made. Table 3.1 summarizes instantiation of the internal wildcards of the rule into the

information entry in. To interpret, one can see, for example, that in the [33-42] portion,

the first internal wildcard is instantiated into the [34-37]portion, including 3 plain words

and 1 class tag (“Sym”) and each on the second and third internal wildcards into an 1-token

portion. To avoid the Thai writing in the text body, we use “wi” referring to the i-th token in

the information entry.
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Observing the 1st internal wildcard instantiation from thethree extraction, we know that

W1
cor = {w23},

W1
inc = {w34,w35, “sym”},

W2
cor = {w26,w27},

W2
inc = W3

cor =W3
inc = /0.

It is worthy to emphasis that, for tokens with semantic tags,we collect only their tags. For

example, “sym” in W1
inc is the class tag of w36. Following the (a3) step, we can construct a

vector representation corresponding to each extraction asdepicted in Table 3.2.

IFS-based document representation

Recalling,
~Vi =~v1

i ‖~v2
i ‖ · · · ‖~vn

i ,

a feature vector observed when thei-th frame is extracted. To convert~Vi to an IFS, we

propose one method which its conceptual idea is explained asfollows.

Given the universe of discourse

X = {x1
1,x

1
2,x

1
3,x

1
4 . . . ,x

n
1,x

n
2,x

n
3,x

n
4}.

It is noteworthy that the number of elements inX is equal to the dimension of~Vi, which

is 4n. We definedAi = {〈xs
j ,µi(xs

j),νi(xs
j)〉,} is an IFS for the vectorVi , when j ands are

indexes for feature types and internal wildcards, respectively. In this work,µi(xs
j) presents a

confidential level to say thatf s
i, j in the feature vector of thei-th extraction is relatively high

comparing to those values of the same feature type,j, and the same wildcard,s, in the other

feature vectors. In contrast,νi(xs
j) does a confidential level to say thatf s

i, j in the i-th feature

vector is not relatively high. The next example gives more details.

Example 3.2.2.Let consider the output the feature vectors from Example 3.2.1, i.e.

~V1 = [2,0,1,0,3,0,2,0,1,1,0,0],

~V2 = [4,0,0,3,1,0,0,0,1,1,0,0],

~V3 = [1,0,0,0,1,0,0,0,1,1,0,0].

Since f12,1 > f 1
1,1 > f 1

3,1, the confidential level to say that the first internal wildcard matches

with a longer text portion for the second extraction than those for the rest extractions. Hence,

µ2(x1
1)> µ1(x1

1)> µ3(x1
1) andν2(x1

1)< ν1(x1
1)< ν3(x1

1).

Based on the idea discussed above, the process of transformation will be formally explained.

Every valuef s
i, j in the vector-based representation of thei-th extraction is then converted in

terms of the three degrees ofxs
j as the following steps:
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(b1) f s
i, j is normalized by:

zs
i, j =







f s
i, j−Xk

j

sds
j

, sds
j 6= 0

0 sds
j = 0

, (3.1)

whereX
s
j andsds

j are the mean and the standard deviation, respectively, of the feature

type j for the internal wildcardsover extractions. More precisely,

X
s
j =

∑|Er |
i=1 f s

i, j

|Er |
, (3.2)

and

sds
j =





∑|E|
i=1( f s

i, j −X
s
j)

2

|Er |





1/2

. (3.3)

(b2) Denoted byµi(xs
j), a membership degree ofxs

j with respect to the extractioni and the

wildcards is determined by a weighted sigmoid function:

µi(x
s
j) = rs

j
1

1+e−zs
i, j
, (3.4)

where 0< rs
j ≤ 1 is a weight forx j .

(b3) Denoted byνi(xs
j), a non-membership degree ofxs

j with respect to the extractioni and

the wildcards is determined by a weighted sigmoid function:

νi(x
s
j) = r̄s

j
1

1+ezs
i, j
, (3.5)

where 0< r̄s
j ≤ 1 is a weight forx j .

(b4) Denoted byπi(xs
j), the hesitancy degree of the documenti with respect toxs

j is calcu-

lated by (2.5), i.e.,

πi(x
s
j) = 1−µi(x

s
j)−νi(x

s
j).

Example 3.2.3.This example illustrates how to convert a vector representation to an IFS

representation using the steps (b1)-(b3). Consider three vectors, i.e.,~V1, ~V2, and~V3 as shown

in Example 3.2.2. For convenience, the vectors are represented in terms of the matrix E

shown in Table 3.3. Next, we compute the mean and the standarddeviation for each feature

type of each internal wildcard, then the results are presented as the row matrices M and

SD in the same table. More precisely, each entry of M and SD is obtained by columnwise

computation of E, e.g. the first entry of M is the average of thefirst column of E. By the

step (b1), we have the matrix Z. Suppose that the weights rs
j andr̄s

j are equal to 0.8 and 0.9,

respectively. After applying (b2) and (b3), we have the membership and non-membership

degrees which are represented as the two matrices Dµ and Dν in the table. Finally, we

can convert the feature vectors~V1, ~V2, and ~V3 to IFSs by using Dµ, and Dν. For instance,
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Table 3.3 An example of the proposed IFS-based representation from Example 3.2.3.
Information Value

E







2 0 1 0 3 0 2 0 1 1 0 0

4 0 0 3 1 0 0 0 1 1 0 0

1 0 0 0 1 0 0 0 1 1 0 0







M
[

2.33 0.00 0.33 1.00 1.67 0.00 0.67 0.00 1.00 1.00 0.00 0.00
]

SD
[

1.25 0.00 0.47 1.41 0.94 0.00 0.94 0.00 0.00 0.00 0.00 0.00
]

Z







−0.27 0.00 1.41 −0.71 1.41 0.00 1.41 0.00 0.00 0.00 0.00 0.00

1.34 0.00 −0.71 1.41 −0.71 0.00 −0.71 0.00 0.00 0.00 0.00 0.00

−1.07 0.00 −0.71 −0.71 −0.71 0.00 −0.71 0.00 0.00 0.00 0.00 0.00







Dµ







0.35 0.40 0.64 0.26 0.64 0.40 0.64 0.40 0.40 0.40 0.40 0.40

0.63 0.40 0.26 0.64 0.26 0.40 0.26 0.40 0.40 0.40 0.40 0.40

0.20 0.40 0.26 0.26 0.26 0.40 0.26 0.40 0.40 0.40 0.40 0.40







Dν







0.51 0.45 0.18 0.60 0.18 0.45 0.18 0.45 0.45 0.45 0.45 0.45

0.19 0.45 0.60 0.18 0.60 0.45 0.60 0.45 0.45 0.45 0.45 0.45

0.67 0.45 0.60 0.60 0.60 0.45 0.60 0.45 0.45 0.45 0.45 0.45







gathering the first row of the matrices, we can form an IFS, namely IFS1 corresponding to
~V1:

IFS1 = {〈x1
1,0.35,0.51〉〈x1

2,0.40,0.45〉,
〈x1

3,0.64,0.18〉,〈x1
4,0.26,0.60〉,

〈x2
1,0.64,0.18〉,〈x2

2,0.40,0.45〉,
〈x2

3,0.64,0.18〉,〈x2
4,0.40,0.45〉,

〈x3
1,0.40,0.45〉,〈x3

2,0.40,0.45〉,
〈x3

3,0.40,0.45〉,〈x3
4,0.40,0.45〉}

3.2.3 Extraction classification

Recalling again thatEr is the set of all extractions—no matter whether each of them is correct

or not—when apply the ruler into the training corpus, by the pre-process, we then have IFSs

for those extractions. Let us refer them asIFS1, IFS2, . . . , IFSm, whenm is the number of

extractions inEr .

To determine whether an extractionet made by the ruler is correct or not, it begins with

representinget in terms of an IFS by the same values of parameters, i.e., means, standard

deviations, and weights, used in the training process. The IFS representation ofet here is

referred to asIFSt . Like the the concept ofk-nearest neighbor classification, the extractionet
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is classified by assigning the label which is most frequent among thek IFSs corresponding to

extractions inEr nearest toIFSt , where a distance is measured by an IFS similarity measure.

Hereinafter, the parameterk is called the size of neighborhood.

28



Chapter 4

Experimental Results

4.1 Data Sets, Output Templates, and Training Process

4.1.1 Data set preparation

The proposed framework is evaluated in three different domains of Thai text: medical-

symptom descriptions (MD), soccer match reports (SR), soccer player transferring (PT),

housing advertisements (HA), stock prices (SP), company dividends (CD), andchemical-

reaction descriptions (CR).To prepare a data set for each domain, we begin with collecting

information from web sites related to the domain. For the MD domain, the data set is ob-

tained from pieces of disease information provided in the project aiming at the development

of a framework for constructing a large-scale medical-related knowledge base in Thailand

from various information sources available on the Internet[93]. An information entry in the

SR and PT data sets is a news-story-style unstructured text reporting a soccer match in de-

tails. An information entry in HA is a house-selling announcement collected from on-line

classified advertisement sites. The information entries for the business domains, i.e. SP and

CD, are collected from on-line newspapers and the last domain from Thai dissertation and

thesis on-line database1 provided by Technical Information Access Center (TIAC).

As results, 173, 294, 448, 130, 191, 245, and 220 informationentries with the average length

of 45.0, 68.6, 64.3, 94.7, 62.1, 72.6, and 275.2 words per entry in the MD, SR, PT, HA, SP,

CD, and CR domains, respectively, are used in our exploratory evaluation.

Next, the collected information entries are preprocessed using a word segmentation program,

called CTTEX developed by the National Electronics and Computer Technology Center,

and are then partially annotated with semantic class tags using predefined ontology lexicons.

Class tags for MD including, for example, “Symptom,” “Organ,” “Hormone,” are taken from

entity types collected as part of the project[93]. A lexiconcontaining soccer player names

and soccer team names, collected as part of a project on developing an alias extraction system

[90], is used for semantic annotation in the domains SR and PT, while a lexicon containing

city names is used for HA. Moreover, regular expression based semi-automatic annotation

1Available athttp://thesis.stks.or.th.
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Table 4.1 Output templates and their meanings

Type Output Template Meaning

MD1 [OBS O][ATTR A][PERT ] An abnormal characteristicA is found at an

observed entityO for a time period ofT.

MD2 [SYM S][L OCP][PERT ] A primitive named symptomSoccurs at a

human-body partP for a time period ofT.

SR [PLY P][A CT A][T IME N] A playerP takes a game actionA in theNth

minute.

PT [CL1C1][CL2C2][FEEF ] A club C1 pay a clubC2 a transfer feeF for

[PLY P] a playerP.

HA [ AREA A][B DR N][RSRM ] A house of area sizeA hasN bedrooms and

M rest rooms.

SP [COM C][PRC S][DIF D] The share price of a companyC closes at an amountS,

with an increase or decrease of an amountD.

CD [COM C][DIV D][TOT T] A company C announces a dividend of an amount D

per share, with a total payout of an amount T.

CR [PDT P][RNM R][RCT T] A substance P is obtained from a chemical reaction R

[CAT C] using a substance T as a reactant and a substance C

as a catalyst.

is applied for tagging quantity information, e.g. “Period of Time,” “Minute,” and “Price.”

4.1.2 Output templates

Seven types of target phrases are considered in our experiments: two of them are from the

MD domain, referred to asType-MD1andType-MD2and one from each of the rest domains,

referred to asType-SR, Type-PT,Type-HA, Type-SP, Type-CD, andType-CR. Table 4.1 gives

the output-template forms for the seven types along with their intended meanings. The slot

PER in the Type-MD1 template as well as the slot TIME in the Type-SR template is optional.

One of the slots LOC and PER, but not both, may be omitted in the Type-MD2 template.

One arbitrary slot in the Type-HA template may be omitted. The first underlined phrase in

Fig. 3.1 (also in Fig. 3.2) is an example of a text portion conforming to Type-MD1, while the

second and third underlined phrases in the same figure are text portions conforming to Type-

MD2. The slot DIF in the SP template and the slot TOT in the CD template are optional. A

target phrase in the CR domain contains at least two of the following components: reaction
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Table 4.2 Data set characteristics for each template type

Type Data set No. of distinct
target phrases

Target-phrase
length

No. of target
phrases per entry

Max. Avg. Min. Max. Avg. Min.

MD1 A-MD1 90 11 3.5 2 7 3.6 1

MD1 B-MD1 136 8 3.3 2 11 2.9 1

MD2 A-MD2 80 15 4.1 2 3 1.4 0

MD2 B-MD2 66 8 3.9 2 5 1.2 0

SR A-SR 93 28 8.0 3 6 2.0 2

SR B-SR 156 21 6.4 3 6 3.9 2

PT A-PT 90 64 26.5.0 11 2 0.5 0

PT B-PT 108 57 29.1 12 2 0.4 0

HA A-HA 87 37 16.1 7 2 1.2 1

HA B-HA 113 34 15.2 7 2 1.3 1

SP A-SP 109 74 18.0 5 6 1.4 0

SP B-SP 122 49 13.0 8 8 2.3 0

CD A-CD 106 73 19.7 5 7 1.2 0

CD B-CD 117 66 18.1 5 7 1.2 0

CR A-CR 122 41 10.6 3 8 1.0 0

CR B-CR 188 22 10.0 3 9 1.9 0

name (RMN), reaction products (PDT), reactants (RCT), and catalysts (CAT). An output

frame in the CR domain may contain more than one slot of the same type.2

4.1.3 Rule learning

For each template, the collected information entries are randomly divided into two data sets,

of the same size. The obtained data sets are referred to as A-MD1 and B-MD1 for MD1,

A-MD2 and B-MD2 for MD2 A-SR and B-SR for SR A-PT and B-PT for PTA-HA and

B-HA for HA A-SP and B-SP for SP A-CD and B-CD for CD A-CR and B-CR for CR

Each of them is once used as a training set and once as a test set. Table 4.2 characterizes

target phrases in the obtained data sets

Using our implementation of WHISK, IE rules are automatically generated. Table 4.3 sum-

marizes information of the rule set for each template about the numbers of generated IE

2For instance, from the text “The main products obtained fromthe oxidation reaction of ethanol are ac-

etaldehyde and carbon dioxide,” the output frame consisting of one reaction-name slot, one reactant slot, and

two product slots should be generated.
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Table 4.3 IE-rule characteristics for each data set
Data set No. of rules

A-MD1 15

B-MD1 17

A-MD2 11

B-MD2 14

A-SR 7

B-SR 8

A-PT 20

B-PT 18

A-HA 9

B-HA 9

A-SP 18

B-SP 18

A-CD 5

B-CD 8

A-CR 54

B-CR 47

rules. Examples of rules learned from these training data sets are shown in Appendix A.

4.2 Parameter setting

The parameters in the proposed method including the weightsrs
j , rs

j , and the size of neigh-

borhoodk are determine as follows:

• The weightsrs
j andrs

j are based on statistical characteristics of feature type by

rs
j = rs

j =
|1−sds

j |
|1+sds

j |
.

• The neighborhood sizek, in this experiment, is varied as 1, 3, and 5.
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Table 4.4 Evaluation results using the base window size (1W)

Method k

Template Type

MD1 MD2 SR PT HA SP CD CR

R P R P R P R P R P R P R P R P

RAW - 76.33 83.60 100.00 39.12 81.50 55.29 81.95 48.07 82.93 40.57 85.42 45.13 85.75 58.49 60.83 68.68

RAW+SM1 1 75.85 97.52 98.93 92.50 79.77 92.62 80.02 85.78 81.46 85.20 83.32 92.30 79.53 89.90 60.10 93.40

3 76.33 97.53 100.00 94.92 80.35 92.67 81.01 90.20 81.46 86.53 84.01 93.00 83.45 93.45 59.57 95.12

5 76.33 95.76 99.47 93.47 80.92 92.11 80.56 91.45 80.98 86.0181.13 95.70 82.40 94.10 59.57 94.35

RAW+SM2 1 75.85 97.52 98.93 92.50 79.77 92.62 79.89 85.78 80.49 84.18 81.56 90.08 81.10 92.15 58.76 91.30

3 76.33 97.53 99.47 95.38 80.35 92.67 80.35 94.50 81.46 86.5384.01 93.60 80.05 92.23 60.10 90.44

5 76.33 95.76 99.47 93.47 79.77 91.39 80.24 91.45 80.98 85.5784.01 93.02 79.78 94.67 57.55 89.74

RAW+SM3 1 75.85 98.13 98.93 93.43 79.77 92.62 80.02 90.35 81.95 85.71 82.33 94.71 80.20 93.02 59.08 93.27

3 76.33 98.14 100.00 95.90 80.35 93.92 81.01 93.40 81.95 87.50 80.17 95.63 83.51 95.12 60.10 95.12

5 76.33 96.34 100.00 94.44 80.92 93.33 80.56 91.28 81.95 86.60 84.20 94.08 84.23 94.08 59.74 94.08

3
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Table 4.5 Evaluation results using the double base window size (2W)

Method k

Template Type

MD1 MD2 SR PT HA SP CD CR

R P R P R P R P R P R P R P R P

RAW - 87.44 61.36 100.00 34.00 95.95 59.71 92.59 34.73 92.68 35.32 93.87 43.15 95.93 51.76 71.18 54.29

RAW+SM1 1 84.54 97.22 96.26 93.75 92.49 91.43 92.30 85.20 90.24 88.10 91.43 90.52 91.23 90.60 67.34 85.40

3 86.47 94.71 98.40 94.85 94.22 94.77 90.45 86.53 92.20 85.5294.87 92.78 93.50 91.08 70.06 83.67

5 86.96 93.75 99.47 90.73 93.64 94.19 91.63 87.24 92.20 84.3893.50 91.18 92.54 92.15 69.45 85.84

RAW+SM2 1 84.54 97.22 96.26 93.75 92.49 91.43 90.45 85.10 90.24 88.52 91.43 90.45 90.15 90.25 67.34 83.55

3 86.47 94.71 98.40 94.85 94.22 94.77 92.01 86.53 92.20 85.5291.43 89.07 93.50 91.18 70.06 84.32

5 86.96 93.75 98.93 90.69 93.64 94.19 91.63 85.57 92.20 85.1492.13 91.26 94.04 89.75 70.75 82.68

RAW+SM3 1 85.51 95.68 98.93 94.87 94.22 97.02 92.01 85.71 91.22 88.63 90.69 93.09 92.54 90.38 68.05 83.01

3 86.96 95.74 100.00 95.41 94.80 96.47 90.45 87.50 91.71 89.10 94.87 94.77 93.50 87.45 70.06 86.32

5 87.44 93.78 100.00 94.92 94.80 95.35 91.02 86.60 92.20 86.70 94.87 94.10 93.50 91.64 71.07 85.28

3
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4.3 Experimental results

The proposed framework is evaluated using the four test datasets for their respective tem-

plate types (cf. Table 4.2). Recall and precision are used asperformance measures, where

the former is the proportion of correct extractions to relevant target phrases and the latter is

the proportion of correct extractions to all obtained extractions. The length of the longest

target phrase observed when a rule yields correct extractions on its training set is taken as

the base window size for the rule, denoted by 1W. During experiments, we also evaluated

with the extension of the size for each rule by doubling (2W),tripling (3W) so on; but, we

noticed that the recall of 3W is equal to that of 2W. Then, onlythe results from 1W and 2W

are reported. Tables 4.4 and 4.5 shows the evaluation results obtained from 1W and 2W,

respectively, where ‘R’ and ‘P’ stand for recall and precision, which are given in percentage.

Compared to the results obtained using RAW alone, filtering by each of the three similar

measures improves precision while satisfactorily preserving the recall value of RAW in every

experiment. In particular, for Type-MD2, Type-PT, Type-HA, and Type-SP where RAW has

low precision, filtering by each of the three similar measures yields significant precision

gains. For example, considering the evaluation results of Type-MD2 in Table 4.4, RAW

produced 100% of recall but only 39.12% of precision; however, when the filtering technique

with SM1 andk = 3 was applied, the precision was increased up to 94.92% and the recall

was preserved.
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Table 4.6 Comparison with rule application to manually identified target phrases

Method

Template Type

MD1 MD2 SR PT HA SP CD CR

R P R P R P R P R P R P R P R P

Known Boundary 88.41 97.86 100.00 100.00 97.69 97.69 92.59 89.08 95.12 86.67 95.10 94.97 96.63 94.16 79.44 87.99

RAW+SM1 85.99 95.23 98.04 93.11 93.45 93.46 91.46 86.32 91.54 86.00 93.27 91.49 92.42 91.28 68.95 84.97

RAW+SM2 85.99 95.23 97.86 93.09 93.45 93.46 91.36 85.73 91.54 86.39 91.66 90.26 92.56 90.39 69.38 83.52

RAW+SM3 86.63 95.07 99.64 95.07 94.61 96.28 91.16 86.60 91.71 88.14 93.48 93.99 93.18 89.82 69.73 84.87

3
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4.3.1 Comparison with Extraction with Known Boundaries

To investigate the performance of our framework in comparison with rule application when

target-phrase boundaries are known,we manually locate alltarget phrases in the test data sets

and apply the rules obtained from WHISK directly to these manually identified text portions.

Table 4.6 compares the evaluation results obtained from such direct rule application to the

average results overk of our framework using 2W. In the MD domain, the performance

obtained from the proposed method is close to that of known-boundary extraction. However,

in the SR, HA, and CR domains, where target phrases are longer, the recalls of our method

are relatively lower than those of the baseline, while the precisions of our method and the

baseline are comparable. It is noteworthy that although thebasic idea behind WIF is to detect

rule application across a target-phrase boundary, wildcard-instantiation-based filtering may

also improve the precision of a rule for known-boundary extraction itself, for example, as

seen in the last row of Table 4.6, RAW+SM3 improves the precision of known-boundary

extraction from 86.67 to to 88.14 for Type-HA.
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Table 4.7 Comparison with other filtering techniques

Method

Template Type

MD1 MD2 SR PT HA SP CD CR

R P R P R P R P R P R P R P R P

RAW+SM1 85.99 95.23 98.04 93.11 93.45 93.46 91.46 86.32 91.54 86.00 93.27 91.49 92.42 91.28 68.95 84.97

RAW+SM2 85.99 95.23 97.86 93.09 93.45 93.46 91.36 85.73 91.54 86.39 91.66 90.26 92.56 90.39 69.38 83.52

RAW+SM3 86.63 95.07 99.64 95.07 94.61 96.28 91.16 86.60 91.71 88.14 93.48 93.99 93.18 89.82 69.73 84.87

RAW+SVM 89.18 92.89 85.03 91.89 92.69 92.18 89.82 82.56 89.91 83.90 91.68 86.01 92.72 89.34 65.09 78.04

RAW+kNN 88.48 93.85 85.50 91.55 90.87 92.04 85.19 79.01 87.13 85.24 90.73 83.31 92.81 89.75 62.82 84.56

RAW+NB 83.24 96.22 86.89 87.10 89.56 95.11 87.50 81.47 87.1385.81 92.03 85.54 91.26 90.45 63.62 80.55

RAW+DT 88.28 94.77 87.36 93.38 90.35 93.84 84.26 76.16 87.1386.42 91.14 83.35 89.40 85.85 63.95 81.853
8



4.3.2 Comparison with Extraction with Other Filtering Techniques

The proposed framework is also compared with the other filtering techniques are used. Four

standard models are used, i.e., Support Vector Machine (SVM) based on the RBF kernel,

k-Nearest Neighbor (kNN), Naive Bayes (NB), and Decision Tree (DT) using C4.5, for pre-

diction of rule application across a target-phrase boundary. The four models are constructed

from the vectors corresponding to the extractions from the training corpus (cf. Table 3.2 in

Sec.3.2.2).

Table 4.7 compares the proposed framework3 with the baseline when SVM, kNN, NB, and

DT classifiers are used and the 2W is made. The results reveal that the IFS-based framework

performs better than the baseline, especially for the HA, SR, and CR templates whose the

target phrase lengths are relatively higher than those of MD1 and MD2. In both medical

templates, it is imprecise to decide which framework outperforms the other owning to the

trade-off between recall and precision. For example, for MD1, the baseline using SVM

produces higher recall, but the proposed framework does higher precision.

3The average performance over thek values is shown and it is similar to that in Table4.6.
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Chapter 5

Application to Semantics-Based Information Retrieval

In traditional keyword-based information retrieval systems, retrieval results are determined

solely by appearance of query keywords in documents or in document indexes. In domain-

specific applications, however, it is often desirable to describe an information need more

precisely by specifying required relations between domainconcepts. A user in the chemistry

domain, for example, may wish to search for a document concerning

“a chemical reaction that produces a compound containing a carbon atom.”

With the background knowledge that “propionaldehyde has some carbon atom as its com-

ponent,” the same user may furthermore expect the retrievalresults to include a document

containing a statement such as

“propionaldehyde is obtained from the oxidation reaction of1-propanol,”

which looks very different syntactically from the search condition specified above. It is

anticipated that IE technology and recent development of machine-processable ontology

languages, such as OWL [75], will contribute significantly to realization of such semantics-

based information retrieval.

This chapter illustrates application of our IE framework tosemantics-based information re-

trieval. Frames extracted from chemical-reaction descriptions are represented as concept

expressions in description logics (DL), which can readily be encoded in OWL, and are used

as metadata for document indexing. To support semantics-based document retrieval, they are

integrated with existing OWL chemical-substance and chemical-reaction ontologies, which

provide domain-specific background knowledge.

5.1 Document Representation and Integration with Background Knowledge

Fig. 5.1 illustrates the concept expression representing the second chemical-reaction state-

ment above. Assuming thatd is a document from whichn extracted frames, sayf1, . . . , fn,

are obtained,d is then represented by a conceptCd defined by the equality axiom

Cd ≡ Doc⊓∃HASINDEX .C1⊓· · ·⊓∃HASINDEX .Cn,
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ChemReaction ⊓ ∃HASRNM.Oxidation ⊓ ∃HASPDT.Propionaldehyde

⊓ ∃HASRCT.1-Propanol

Figure 5.1 A concept expression representing the second chemical statement.

Table 5.1 Ontology characteristics.

Ontology No. of
concepts

No. of leaf
concepts

Ontology depth No. of
roles

No. of
existential
restrictions

No. of
universal

restrictionsMax. Avg. Min.

Chem. Complex 791 694 10 6.30 3 74 354 77
Rex 546 289 14 6.33 1 5 1 0

whereDoc is a primitive concept denoting the set of all documents andC1, . . . ,Cn are concept

expressions representing the framesf1, . . . , fn, respectively.

A document knowledge base is constructed by integrating axioms describing documents

with domain-specific ontologies. Two existing OWL ontologies, Chemical Complex ontol-

ogy1 and Rex ontology,2 were used in our exploratory study. The former ontology describes

both chemical substances (including atoms, molecules, andorganic compounds) and reac-

tions using various restrictions on role fillers, while the latter one focuses mainly on classi-

fication taxonomies of chemical reactions. Table 5.1 gives some characteristics of these two

ontologies and Fig. 5.2 shows some background-knowledge axioms they provide.

1-Propanol ⊑ Alcohol (5.1)

Propionaldehyde ⊑ Aldehyde (5.2)

Aldehyde ≡ OrganicCompound⊓∃HASPART.AldehydeGroup (5.3)

OrganicCompound ⊑ Compound (5.4)

AldehydeGroup ⊑ CarbonAtom⊓∃HASBONDWITH.OxygenAtom (5.5)

⊓ ∃HASBONDWITH .HydrogenAtom

HASPDT ⊑ HASPARTICIPANT (5.6)

OrganicReaction ≡ ChemReaction⊓∃HASPARTICIPANT.OrganicCompound (5.7)

Figure 5.2 Part of background knowledge.

1Available at http://ontology.dumontierlab.com.
2Available at http://onto.eva.mpg.de/obo.
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Cq1: Doc⊓∃HASINDEX.(ChemReaction⊓∃HASRCT.Alcohol)

Cq2: Doc⊓∃HASINDEX.OrganicReaction

Cq3: Doc⊓∃HASINDEX.(ChemReaction ⊓ ∃HASPDT.(Compound⊓∃HASPART.CarbonAtom))

Figure 5.3 Query representation.

5.2 Document Retrieval: Examples

To demonstrate semantics-based information retrieval in the obtained document knowledge

base, assume thatd0 is a document containing the following phrase, i.e.,

“propionaldehyde is obtained from the oxidation reaction of 1-propanol,” (5.8)

and consider the following three queries:

q1: Find documents that discuss a chemical reaction involvingan alcohol as a reactant.

q2: Find documents that discuss an organic reaction.

q3: Find documents that discuss a reaction producing a compound containing a carbon

atom.

Knowing that (i) 1-propanol is a kind of alcohol, (ii) propionaldehyde is an organic com-

pound and a reaction involving an organic compound is calledan organic reaction, and (iii)

propionaldehyde has some carbon atom as its component, one would expect that each ofq1,

q2, andq3 retrievesd0. Such semantics-based retrieval requires domain-specificbackground

knowledge and an inference mechanism, which can be realizedusing subsumption reasoning

in DL.

Using subsumption reasoning, a documentd is retrieved by a queryq if the concept ex-

pression representingd is subsumed by that representingq with respect to background-

knowledge axioms. Suppose that

• the documentd0 mentioned above is represented by the conceptCd0 defined by the

axiom Cd0 ≡ Doc⊓ ∃HASINDEX .C, whereC is the concept expression in Fig. 5.1,

which represents the frame extracted from Statement (5.8),

• the queriesq1, q2, andq3 are represented by the concept expressionsCq1, Cq2, andCq3,

respectively, in Fig. 5.3, and

• the background-knowledge axioms in Fig. 5.2 are employed.
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A DL-based reasoner then infers thatCq1 subsumesCd0 in one inference step using Ax-

iom (5.1), infers thatCq2 subsumesCd0 in four steps using Axioms (5.2), (5.3), (5.6), and

(5.7), and infers thatCq3 subsumesCd0 in four steps using Axioms (5.2), (5.3), (5.4), and

(5.5). Accordingly, each ofq1, q2, andq3 retrievesd0.

It is noteworthy that the concept expression shown in Fig. 5.1, the background knowledge

axioms shown in Fig. 5.2, and the expressions representing queries in Fig. 5.3 can all be

formalized using the lightweight description logicEL [53], for which polynomial-time rea-

soners (e.g., CEL3) are available. However, the Chemical Complex ontology, which is used

as part of our document knowledge base (see Section 5.1), contains some axioms that are

constructed using concept constructors such as cardinality restriction, universal restriction,

and union, which are not provided byEL . All axioms in our document knowledge base can

be formalized in theSH OI N (D) description logic, which is the underlying formalism of

OWL-DL.

3Available at http://lat.inf.tu-dresden.de/systems/cel.
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Chapter 6

Conclusions

Information extraction (IE) from unstructured text normally involves linguistic patterns,

domain-specific lexicons, and conceptual descriptions of an application domain, i.e., domain

ontologies. While an ideal domain ontology is arguably language-independent, linguistic

patterns and lexicons rely heavily on the language in which the source textual information

appears. Due to language-structure differences, some basic language-processing tools avail-

able in one language may be unavailable in another language.When an IE framework is

applied in a different language, the framework often needs modification and supplementary

techniques are often necessary. The primary purpose of thisproject is to provide a frame-

work for event extraction from Thai unstructured text.

From a set of manually collected target phrases, IE rules arecreated using our implemen-

tation of WHISK. To apply the obtained rules to unstructured-text information entries with

unknown target-phrase boundaries, rule application usingsliding windows (RAW) is in-

troduced. The IFS-based filtering technique is proposed forthe removal of false positives

resulting from rule application across target-phrase boundaries. The experimental results

obtained from evaluation on six domains, i.e., medical-symptom descriptions (MD), soccer

match reports (SM), soccer player transfers (PT), house advertising (HA) stock prices (SP),

company dividends (CD), and chemical-reaction descriptions (CR), show that these filtering

methods improve precision and satisfactorily preserve high recall of RAW. The proposed

framework outperforms the baseline method using the four classification models, i.e. SVM,

kNN, naive bayes, and decision trees.

To demonstrate how the proposed IE framework facilitates semantics-based information re-

trieval, extraction results in the domain of chemical-reaction descriptions are represented

as concept expressions in description logics and used as metadata for document indexing.

Using domain-specific ontologies as background knowledge,semantics-based document re-

trieval is demonstrated. Further works include extension of the types of target phrases and

empirical investigation of framework application in different data domains as well as differ-

ent similarity measures.
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Appendix A

Examples of IE Rules

This appendix shows examples of IE rules learned using our implementation of WHISK in

the experiments reported in Chapters 4 and??.

Table A.1 Examples of rules in the medical domain.

Type Pattern Output template

MD1 *(org)*(col) {OBS $1}{ATTR $2}

MD1 *(org)*(szq) {OBS $1}{ATTR $2}

MD1 *(sec)*(col) {OBS $1}{ATTR $2}

MD1 *(ch)*ที่*(org) {OBS $2}{ATTR $1}

MD1 *(ch)*บริเวณ*(org) {OBS $2}{ATTR $1}

MD1 *(ch)*ตาม*(org) {OBS $2}{ATTR $1}

MD1 *(wst)*(vmq)*(numtime) {OBS $1}{ATTR $2}{PER $3}

MD2 *(org)*ตาม*(sym) {SYM $2}{LOC $1}

MD2 *(sym)*(org) {SYM $1}{LOC $2}

MD2 *(sym)*บริเวณ*(org) {SYM $1}{LOC $2}

MD2 *(sym)*ใน*(org) {SYM $1}{LOC $2}

MD2 *(org)*มี*(sym)*(ptime) {SYM $2}{LOC $1}{PER $3}

MD2 *(sym)*(org)*นาน*(ptime) {SYM $1}{LOC $2}{PER $3}

MD2 *(sym)*(org)*เป็น*(ptime) {SYM $1}{LOC $2}{PER $3}

Table A.2 Examples of rules in the soccer match report domain.

Pattern Output template

*(actG)*ของ*(per)*(mint) {ACT $1}{PLY $2}{M INT $3}

*(mint)*(actG)*ของ*(per) {M INT $1}{ACT $2}{PLY $3}

*(mint )*(per)*(actG) {M INT $1}{PLY $2}{ACT $3}

*(mint)*(per)*หลบ*per*(actG) {M INT $1}{PLY $2}{ACT $3}

*(mint)*ทำฟาวล์*(per)*(actG) {M INT $1}{PLY $2}{ACT $3}

*(mint)* ให้*(per)*(actG) {M INT $1}{PLY $2}{ACT $3}

*(per)*(actG)*(mint) {PLY $1}{ACT $2}{M INT $3}
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Table A.3 Examples of rules in the soccer player transfer domain.

Pattern Output template

*(team)*คว้า*(per)*(team)*(prc) {TEAM2 $1}{PLY $2}{TEAM1 $3}{PRICE $4}

*(per)*จาก*(team)*(team)*(prc) {PLY $1}{TEAM1 $2}{TEAM2 $3}{PRICE $4}

*(team)*(prc)*(per)*(team) {TEAM2 $1}{PRICE $2}{PLY $3}{TEAM1 $4}

*(team)*ซื้อ*(per)*(team)*(prc) {TEAM2 $1}{PLY $2}{TEAM1 $3}{PRICE $4}

*(team)*(per)*(team)*(prc) {TEAM2 $1}{PLY $2}{TEAM1 $3}{PRICE $4}

*(team)*จ่าย*(prc)*(team)*(per) {TEAM2 $1}{PRICE $2}{TEAM1 $3}{PLY $4}

*(team)*(per)*(prc)*(team) {TEAM2 $1}{PLY $2}{PRICE $3}{TEAM1 $4}

*(team)*(prc)*ให*้(team)*(per) {TEAM2 $1}{PRICE $2}{TEAM1 $3}{PLY $4}

*(team)*บรรลุ*(team)*(per)*(prc) {TEAM2 $1}{TEAM1 $2}{PLY $3}{PRICE $4}

*(team)*ขาย*(per)*(team)*(prc) {TEAM1 $1}{PLY $2}{TEAM2 $3}{PRICE $4}

*(team)*(per)*ให*้(team)*(prc) {TEAM1 $1}{PLY $2}{TEAM2 $3}{PRICE $4}

*(per)*(team)*(team)*(prc) {PLY $1}{TEAM1 $2}{TEAM2 $3}{PRICE $4}

*(team)*(prc)*ของ*(team)*(per) {TEAM1 $1}{PRICE $2}{TEAM2 $3}{PLY $4}

*(team)*หัน*(per)*(prc)*(team) {TEAM2 $1}{PLY $2}{PRICE $3}{TEAM1 $4}

*(per)*ย้าย*(team)*(prc)*(team) {PLY $1}{TEAM1 $2}{PRICE $3}{TEAM2 $4}

*(team)*ซิว*(per)*(team)*(prc) {TEAM2 $1}{PLY $2}{TEAM1 $3}{PRICE $4}

*(team)*(team)*(prc)*(per) {TEAM1 $1}{TEAM2 $2}{PRICE $3}{PLY $4}

*(per)*เป็นสมาชิก*(team)*(prc) {PLY $1}{TEAM2 $2}{TEAM1 $3}{PRICE $4}

*(team)*ยอมรับ*(per)*(team)*(prc) {TEAM1 $1}{PLY $2}{TEAM2 $3}{PRICE $4}

*(per)*(team)*ทุ่ม*(prc)*(team) {PLY $1}{TEAM2 $2}{PRICE $3}{TEAM1 $4}

Table A.4 Examples of rules in the stock price domain.

Pattern Output template

*(com)*(prc) {COM $1}{PRC $2}

*(com)*ที*่(prc)ราคา {COM $1}{PRC $2}

*(com)*ปรับ* ปิด*(prc) {COM $1}{PRC $2}

*(com)*ปิด*ที*่(prc) {COM $1}{PRC $2}

*(com)*หุ้น* ไป*(prc)*(prc) {COM $1}{DIF $2}{PRC $3}

*(com)*ปิด*(prc)*(prc) {COM $1}{PRC $2}{DIF $3}

*(com)*ปิด*(prc)*(prc) {COM $1}{PRC $2}{DIF $3}

*(com)*(prc)*(prc) {COM $1}{DIF $2}{PRC $3}

*(com)*(prc)*ที*่(prc) {COM $1}{DIF $2}{PRC $3}

*(com)*จะมา*(prc)*(prc) {COM $1}{PRC $2}{DIF $3}

*(com)*ที*่(prc)*(prc) {COM $1}{PRC $2}{DIF $3}
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Table A.5 Examples of rules in of the company dividend domain.

Pattern Output template

*(com)*(prc) {COM $1}{DIV $2}

*(com)*ปันผล*(prc) {COM $1}{DIV $2}

*(com)*หุ้น*(prc) {COM $1}{DIV $2}

*(com)*(prc)*(prc-m) {COM $1}{DIV $2}{PRICE $3}

*(com)*(prc-m)*หุ้น*(prc) {COM $1}{PRICE $2}{DIV $3}

Table A.6 Examples of rules in the chemical reaction domain.

Pattern Output template

*ผลพลอยได้*(rac)* คือ*(sub) {RNM $1}{PDT $2}

*(sub)* เพ่ือ*ตัวเร่งปฏิกิริยา*(rac) {CAT $1}{RNM $2}

*การทำปฏิกิริยา*(sub)* ได้*(sub) {RCT $1}{PDT $2}

*ปฏิกิริยา*(sub)* กับ*(sub) {RCT $1}{RCT $2}

*(sub)* เร่ง*ปฏิกิริยา*(sub)* ได้*(sub) {CAT $1}{RCT $2}{PDT $3}

*(sub)* เร่ง*ปฏิกิริยา*(sub)* เป็น*(sub) {CAT $1}{RCT $2}{PDT $3}

*ตัวเร่งปฏิกิริยา*(sub)*(rac)*ของ*(sub) {CAT $1}{RNM $2}{RCT $3}

*ตัวเร่งปฏิกิริยา*(sub)* บน*(rac)* ของ*(sub) {CAT $1}{RNM $2}{RCT $3}

*การทำปฏิกิริยา*(sub)* กับ*(sub)* ให้เป็น*(sub) {RCT $1}{RCT $2}{PDT $3}

*(rac)*(sub)* ใช้*(sub)* ตัวเร่งปฏิกิริยา {RNM $1}{RCT $2}{CAT $3}

*(rac)* ของ*(sub)* เป็น*(sub) {RNM $1}{RCT $2}{PDT $3}

*(rac)* ของ*(sub)* ได้*(sub) {RNM $1}{RCT $2}{PDT $3}

*(rac)*(sub)* กับ*(sub) {RNM $1}{RCT $2}{RCT $3}

*(rac)* ของ*(sub)*(sub)* ริเร่ิม {RNM $1}{RCT $2}{RCT $3}

*(sub)* จาก*(sub)* กับ*(sub) {PDT $1}{RCT $2}{RCT $3}

*(sub)* เตรียม*(sub)* กับ*(sub) {PDT $1}{RCT $2}{RCT $3}

*(sub)* เตรียม*(rac)* ของ*(sub) {PDT $1}{RNM $2}{RCT $3}

*ปฏิกิริยา*(sub)*(sub)*ให้เป็น*(sub) {RCT $1}{RCT $2}{PDT $3}

*(sub)* ทำปฏิกิริยา*(sub)*กลายเป็น*(sub) {RCT $1}{RCT $2}{PDT $3}

*(sub)* ทำปฏิกิริยา*(rac)* กับ*(sub) {RCT $1}{RNM $2}{RCT $3}

*(rac)*(sub)*ตัวเร่งปฏิกิริยา*(sub) {RNM $1}{RCT $2}{CAT $3}

*(rac)*(sub)*ผลิตภัณฑ*์(sub) {RNM $1}{RCT $2}{PDT $3}

*(rac)*(sub)* กับ*(sub)* ได้*(sub) {RNM $1}{RCT $2}{RCT $3}{PDT $4}

*ตัวเร่งปฏิกิริยา*(sub)*(rac)*(sub)*ไป* เป็น*(sub) {CAT $1}{RNM $2}{RCT $3}{PDT $4}

*(rac)*(sub)* เป็น*(sub)* ตัวเร่งปฏิกิริยา*(sub) {RNM $1}{RCT $2}{PDT $3}{CAT $4}

*ผลิตภัณฑ*์(rac)*(sub)* คือ*(sub)*(sub) {RNM $1}{RCT $2}{PDT $3}{PDT $4}

*(rac)*(sub)* กับ*(sub)* ใช้*(sub)* ตัวเร่งปฏิกิริยา {RNM $1}{RCT $2}{RCT $3}{CAT $4}

*(rac)*(sub)* กับ*(sub)* ใช้*(emz)* ตัวเร่งปฏิกิริยา {RNM $1}{RCT $2}{RCT $3}{CAT $4}

*(rac)* ด้วย*(sub)* เปล่ียน*(sub)* เป็น*(sub) {RNM $1}{RCT $2}{RCT $3}{PDT $4}

*(rac)*(sub)* กับ*(sub)* เป็น*(sub) {RNM $1}{RCT $2}{RCT $3}{PDT $4}
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