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EXTRACTION OF NAMED ENTITIES FROM
TURKISH DOCUMENT COLLECTIONS

ABSTRACT

This thesis aims to develop a model improving Hidden Markov Model (HMM) and
Conditional Random Field (CRF), which are two common sequence classifier
techniques, for Named Entity Recognition (NER) task on Turkish documents. So, we
first examined for the best values of parameters used as input in these models. In
HMM, we represented each token with multi features. Next, we used CRF model to
determine most effective parameters values that are used as input in this model such
as window size, output encoding format and features extracted from tokens. After
detailed examination of both HMM and CRF models, we applied a linear-chain CRF

model, for NER in Turkish documents.

Besides, we proposed 41 different features in four categories: rule based, lexical,
dictionary lookup and morphological based features. First, we performed a set of
experiments using this feature set on publically available NER datasets. We achieved
the best performance with a linear-chain CRF model using [-3, +3] as a window size,
BIO encoding as an output encoding format and extended feature set. In terms of
F1-measure, we obtained the 91.83 percent, 91.2 and 88.62 for person names, location

names and organization names respectively.

Furthermore, this thesis also presents METU-NER corpus, which is based on
annotation METU corpus for NER. We evaluated our a linear-chain CRF model with
the same parameters used in the previous dataset. In terms of F1-measure, we achieved
73.26 percent, 70.12, 63.83, 61.54 and 69.14 for person, location, organization,

temporal names and overall, respectively.

Keywords: Named Entity Recognition, Turkish NER corpus, Sequence Classifier

Models, Information Extraction



TURKCE DOKUMAN KOLEKSiYONLARINDAN
VARLIK ISIMLERININ CIKARIMI

0z

Bu tez, Tiirkge dokiimanlarda Varlik ismi Tanima (VIT) gérevi icin iki yaygin dizi
siiflandiric1 teknik olan Sakli Markov Model (SMM) ve Kosullu Rasgele Alan
(KRA)’1 iyilestiren bir model gelistirmeyi hedefler. Bu nedenle, ilk olarak bu
modellerde girdi olarak kullanilan parametrelerin en iyi degerlerini inceledik.
SMM’de her bir belirtkeyi ¢oklu 6zelliklerle temsil ettik. Daha sonra, KRA modelini,
pencere boyutu, ¢ikti kodlama formati ve belirtkelerden ¢ikarilan 6zellikler gibi bu
modelde girdi olarak kullanilan parametrelerin en etkili degerlerini belirlemek i¢in
kullandik. Hem SMM ve hem de KRA modellerinin detayli incelemesinden sonra,

Tiirkge dokiimanlarda VIT igin lineer zincirli bir CRF modeli uyguladik.

Ayrica, dort kategoride 41 farkli 6zellik 6nerdik: kural tabanli, sozciiksel, sozliik
aramasi ve morfoloji temelli 6zellikler. Ik olarak, bu &zellik kiimesini kullanarak
kamuya acik VIT veri setleri iizerinde bir dizi deney gerceklestirdik. Pencere boyutu
olarak [-3,+3], ¢ikt1 kodlama format1 olarak BIO kodlamasi ve genisletilmis 6zellik
kiimesini kullanarak lineer zincirli CRF modeli ile en iyi performansi elde ettik. F1
Olciitii olarak, sirastyla kisi isimleri, yer isimler ve kurum isimleri i¢in 91.83, 91.2 ve

88.62 elde ettik.

Ayrica bu tez, VIT igin etiketlenmis ODTU derlemine dayanan ODTU-VIT
derlemini de sunmaktadir. Lineer zincirli KRA modelini Onceki veri setinde kullanilan

ayni parametrelerle degerlendirdik. F1 6l¢iitii agisindan kisi, yer, kurum, zamansal

isimler ve genel olarak sirastyla yiizde 73.26, 70.12, 63.83, 61.54 ve 69.14 elde ettik.

Anahtar kelimeler: Varlik ismi Tanima, Tiirkce VIT derlemi, Dizi Siniflandirict
Modeller, Bilgi Cikarimi
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CHAPTER ONE
INTRODUCTION

Textual Information Extraction (IE) is an important Natural Language Processing
(NLP) task, which requires considerable attention due to the need to automatically
extract semantic information from textual documents, such as Web news articles, and
user generated content such as blogs, among others, that keep increasing in size daily.
Current NLP techniques do not yet fully understand natural language articles.
However, they may be useful for simpler tasks. Such as, one of them IE that is a
language technology focusing on extracting structure from text contains some
applications like text mining. The primary use of IE is to identify features that can be
used by various applications such as search engines, machine translation, language
processing, question answering, semantic tagging and automatic summarization. In IE,
some of the text processing steps could be considered such as identifying and
classifying noun phrases, titles or even bolded text. In each of these cases, a part of the
text has been recognized as having some special property. The most important one is
identifying and classifying noun phrases that is also called extracting the named

entities.

The ability to extract the named entities from a natural language text is an important
well-defined subtask in IE and is named as Named Entity Recognition (NER). We can
roughly call the named entities as proper nouns or atomic elements in text. A named
entity is often not simply a singular word, but is chunks of text that is used to refer
something of interest in a particular application. The NER aims to identify and classify
the named entities such as personal, geographic, institutional or other names (date,
time, percentage and monetary expressions etc.) and none-of-the-above from natural
language text. These words’ type can be predefined or varied according to the problem
worked on. NER is gaining importance with the rapid of increase, the Internet usage
and generated content on micro blogs, social media sites, etc. With the recent advent
of research topics like opinion mining, sentiment analysis, emotion extraction, social
network analysis, event detection, topic extraction, other named entity types like

product, emotion, brand and event names gained interest. For an ecommerce



application, for example, the recognition of product names and model numbers in web
pages and reviews would be essential. In a pharmaceutical application, the recognition
of drug names, dosages, and medical conditions may be important. In another words,
NER research aims to convert informal text types like user-generated content to well-
studied formal text types.

NER task has been introduced by the Defense Advanced Research Projects Agency
(DARPA), and evaluated as understanding task in Message Understanding Conference
(MUC). MUC was focusing on IE tasks where structured information of company
activities and defense related activities are extracted from structured or unstructured
text, such as newspaper articles. In IE task, people aim to recognize information unit
like person, organization and location names. Identifying references to these entities
in text was recognized as one of the important sub-tasks of IE. Several programs such
MUC series, Conference on Natural Language Learning (CoNLL) and Automatic
Content Extraction (ACE) programs had given rise to research on IE tasks and its
subtask NER for vary languages such as English, Chinese, Japanese, and Arabic. The
term “Named Entity” was coined for the Sixth MUC (MUC-6) (Grishman &
Sundheim, 1996). In the MUC-6 and MUC-7 conference held in 1995 and 1998, NER
systems achieved a significant success rate which is close to human performance as
above 95% on the F1 measure. The early NER systems were designed for restricted
domain and a particular language as English. These early systems were heuristic and
were developed by extracting some features such as handcrafted rules. In modern
systems, in addition to these features, dictionaries, machine learning based approaches
have been continuing to work, and even deep learning methods are introduced. MUC
and CoNLL conferences define three basic categories of named entities; these are 1-
ENAMEX (person, location and organization names), 2- TIMEX (date and time
entities) and 3- NUMEX (numerical expressions like money and percentages). In NER
researches, the system’s success is affected from language, text genre or data domain,

and entity type factors.



1.1 Aim of Thesis

The objectives of this thesis are to provide an improvement on state-of-the-art NER
on Turkish documents using a sequence classifier model on publically available
dataset as well as it presents a new annotated dataset for NER studies in Turkish. We
will discuss Hidden Markov Model (HMM) and Conditional Random Fields (CRFs)
as sequence classifier models. The thesis also investigates to determine what the values
of input parameters such as window size, output encoding format and features, which
give the better results in a linear-chain CRF model and whether to design the HMM

by representing each token with multiple features.

For Turkish, there are resource-constrained environment tools such as non-
availability corpus, annotated corpus, name dictionaries, morphological analyzers,
Part-of-Speech (POS) taggers etc., which are applied to the NER research as well. This
thesis also aims to determine the extended feature set using less morphological analysis
tools. Also, in order to make objective comparisons of different proposals, annotated
datasets should ideally be publicly available. By presenting the new annotated dataset,

we also contribute to the studies conducted in Turkish NER researches.

1.2 Thesis Organization

This thesis is organized in 7 chapters. In Chapter 2, we present an overview of NER
and NER approaches with a literature survey on the subject. The sequence classifier
models are one of the methods to solve NER problems. In Chapter 3, we give details
about Hidden Markov Models (HMMs) and CRFs models, which are probabilistic
approaches, have been experimented in this study. In Chapter 4, we explain the
presented dataset, the annotation and segmentation of the data, the morphological
analysis process, and the extraction of features in detail. Chapter 5 contains the details
of methods that are used in this thesis and how we applied these methods on the
datasets. The details of experimentations and the results are given in Chapter 6. Finally,

a conclusion is made about the study in Chapter 7.



CHAPTER TWO
THE DEFINITIONS, APPROACHES AND RELATED WORKS IN NER

2.1 Information Extraction

IE is the task of extracting knowledge (particular types of entities, relations or
events) from natural language dataset in various media types such as text, audio, video.
The main goal of IE is finding valuable parts automatically. After IE process, the
unstructured information embedded in texts converted structured data. This process is
very important to solve most problems in hot research area such as question answering
and summarization systems, information retrieval, machine translation, multimedia
annotation, semantic Web search and bioinformatics. For example, in question
answering systems, the key to a question processor is to identify the asking points (wh-
questions such as who, when, where, what, etc.). These asking expressions correspond
to a named entity. For biology text, there may be the predefined names like protein

and DNA names that need to be extracted from raw documents.

IE is a language technology that focuses on extracting structure from text. IE is used
in a number of applications, and particularly for text data mining. For search
applications, the primary use of information extraction is to identify features that can
be used by the search engine to improve ranking. Some people have speculated that
information extraction techniques could eventually transform text search into a
database problem by extracting all of the important information from text and storing
it in structured form, but these techniques have a very long way from achieving that
goal. The NER can serve various purposes, such as compact summaries of input texts

or index terms in information retrieval systems, among others.

2.2 Named Entity Recognition

NER is one of the main tasks on IE. NER contains of two tasks, which the first one

is the identification of some words like proper nouns in a natural language and in

structured or in unstructured text. The second one is the classification of these names



into a set of predefined categories of interest such as person names, organizations,

locations, and date and time expressions. These identified and extracted names are

called “Named Entity (NE)”. NER can also viewed as a classification task that assigns

each NE (or entity mention) to its correct class, concept or entity. All of these NEs

classes are known as “Named Entity Hierarchy”.

NER approaches are usually adapted according to the following factors (Dogan
Kiiciik, Arict & Kiigiik, 2017; Mosallam, Abi-Haidar & Ganascia, 2014):

Entity types are also known as entity categories or concepts. The simplest NER
techniques are used to extract coarse-defined NEs such as people, location, and
organization. It is also common to extract fine-grained entities such as

financial, bioinformatics or medicine etc.

Languages are important factor that needs to be considered. English is one of
the well-studied languages on NER domain. Turkish studies are relatively rare
compared to other languages. So Turkish NER works are more challenging due
to the lack of annotated data and knowledge bases. Dogan Kii¢iik, Aric1 &
Kiigiik (2017) described that there are only two studies that describe publicly
available annotated corpora: an annotated tweet corpus (Dilek Kii¢iik, Jacquet
& Steinberger, 2014), an annotated news corpus (D Kiigiik, Kii¢iik & Arici,
2016). In order to make objective comparisons of different proposals,

annotated datasets should ideally be in public available.

When designing a NER algorithm, domains such as business, medicine or
information technology, and text genre such as journalistic, scientific or
informal types have to be considered. Adapting NER techniques from one field
to another has bad effects on accuracy as shown in Poibeau & Kosseim (2001).
Various NER studies focus on news agencies due to their abundance and public

availability.



2.3 NER Approaches

A lot of works in the NER researches have already been carried out using various
approaches from handcrafted rule based systems to learning systems using different
Machine Learning (ML) algorithms (Grishman, 2003). The method to be studied is
selected according to the language, text genre or data domain and entity type factors.
Some approaches are more successful to extract person names whereas some are good

to extract location names so all the approaches are not good to detect all NE types.

2.3.1 Rule Based Approaches

In terms of world knowledge, the simplest and most relevant resource for NER task
is a database of known names. Rule based approaches are relying on manually coded
rules, lists or manually compiled corpora. Rule based approach is called the symbolic
approach, can be classified as linguistic and list lookup approaches. In linguistic
approach, the hand-crafted rules which are created by experts (linguists) in the
specified language, should be satisfied by the particular word to belong to NE class or
not. The rules are used to find patterns, which are based on various grammatical (e.g.
part of speech), syntactic (e.g. word precedence) and orthographic features (e.g.
capitalization) features. In list lookup approach, different lists can be formed
containing NEs belonging to different NEs classes like person names, location names
and organization names etc. The lookup operation or searching is executed on these
lists for identification and classification of NEs. Main disadvantage of this approach

Is that the lists may not have all the NEs of a particular class.

Rule based approaches having better results for restricted domains, are capable of
detecting complex entities that learning models have difficulty with. However, the rule
based NE systems lack the ability of portability and robustness, and even if the data
has a little change, the cost of maintenance of the rules is high. These type of
approaches are often domain and language dependent and do not necessarily adapt

well to new domains and languages and has very low performance. If rule based



system was designed for specific domain and then will be adapted to other domain,

there will be required knowledge sources to be manually revised.

2.3.2 Machine Learning Based Approaches

In ML-based systems, the definition problem is considered as a classification
problem, so a classification statistical model is preferred to solve this problem
(Mansouri, Affendey & Mamat, 2008). In ML based approaches, the system looks for
patterns and relationships in the text to generate a model using statistical models and
machine learning algorithms. There are three types of ML models that are used for

NER: supervised, semi-supervised and unsupervised.

2.3.2.1 Supervised Approaches

In supervised learning, system learns the classification with a given set of labeled
examples, which is represented with the value of different features spaces. The training
data are trained the system the right distinctions. So the supervised algorithms require
a considerable amount of training data. But it is not feasible when considering their
prevalent employment time-consuming. Also, the system cannot achieve a better result
without a large amount of training data. So, the applicability of supervised methods is
limited in the multilingual case. These approaches are also called the probabilistic
approaches. In recent years, several statistical methods based on supervised learning
methods were proposed: HMMs, Decision Trees (DTs), Maximum Entropy Models
(MEMs), Support Vector Machines (SVMs), CRFs etc. A statistical entity recognizer
uses a probabilistic model of the words in and around an entity. One of the major
factors of success for such techniques is the availability of a huge annotated corpus in
the target domain and language. We will give details about the HMMs and CRFs
approaches into Chapter 3.



2.3.2.2 Semi-supervised Approaches

The applicability of supervised methods is limited in the multilingual case because
of the cost of knowledge databases and manually annotated corpora. The semi-
supervised ML is also called bootstrapping and includes little supervision like giving
a set of seed to system for learning process. This bootstrapping procedure is to
iteratively leverage relatively independent sources of information. Using some seed
names for each class, the algorithm learns contextual patterns that are indicative for
those classes. Then iteratively learns new class members and contextual and word-
internal morphological clues. Through this cycle, probability distributions for class

given token, prefix/suffix or context are incrementally refined.

2.3.2.3 Unsupervised Approaches

The aim is to recognize NEs in a given document without prior training (supervised
learning) or manually constructed dictionaries. Also we can divide unsupervised
techniques into two categories: clustering and knowledge based resources. Due to the
vast amount of available knowledge sources, this approach became popular.
Unsupervised NE extraction systems do not need human intervention. The learning
process occurs without any feedback in these approaches. The performance of systems
using unsupervised ML approaches is low compared to supervised ML approaches.
Unlike the rule-based methods, the main advantage of unsupervised learning approach

is that they can be easily port to different domains or languages.

2.3.3 Hybrid Based Approaches

In Hybrid NER system, the approach is to combine rule based and machine learning
based methods, and produce new methods using strongest points from each method.
For example, in a system that is used a hybrid based approach, there can be applied a
combination of some approaches such as HMM or MEM and handcrafted grammatical

rules. In this approach, although the better results can be obtained, the disadvantages



of used approaches continue in the same for example the weakness of handcraft rule

continues when the domain of data changes.

2.4 Related Works

State-of-the-art NER systems have been studied for several languages. The method
has been preferred in NER studies vary according to the characteristics of dataset
language. In languages such as English, there are very few possible word forms with
a given root word. But, in morphologically rich languages, which have very complex
morphological structure such as Turkic languages (Turkish, Azerbaijani, Gagauz and
Oghuz etc.), Finnish, Czech, Korean, Hungarian and many others, there are thousands
of words from a given root. A sequence of inflectional and derivational morphemes
can be added to a word in Turkish and produce different surface forms. So millions of
different surface forms can be derived from a nominal or verbal stem (Hankamer,
1989). After adding morphemes to a word, generated long length words can convey
the equivalent meaning of a phrase. In addition, a Turkish word can contain different
variants of meaning in the dictionary. These surface forms, which are generated from
the same stem, cause data sparseness problems in model training especially ML based
approaches. So, in morphologically rich languages, the success rate of NER systems
can remain still behind the reported accuracies for other languages such as English.
The reported results in similar studies in languages such as English are around %95.
The morphological information is used in studies to overcome data sparseness
problem. However, the usage of morphological information for the NER task is still

an open research issue in these languages.

The NER task is significant research topic for languages other than Turkish such
as English, Spanish, Chinese and Japanese. The NER researches on these languages
surveyed in these studies Cunningham (2005), Grishman (2003), Nadeau & Sekine
(2007), Turmo, Ageno & Catala (2006).

Turkish uses a Latin alphabet consisting of 29 letters, of which 21 are consonants

and eight are vowels. It is a member of the Oghuz group of the Turkic languages,



which belongs to the Altaic branch of Ural-Altaic language family. Turkish is a highly

agglutinative language with free-word order (Oflazer, 1994) and it has very productive

inflectional and derivational processes and so it is a complex language as

morphologically. In agglutinative languages the meaning of the word can be changed

when it takes each affix. The NER studies on Turkish texts are relatively rare compared

to other languages such as English, Chinese and Spanish. When compared to studies

in languages such as English, stemming and tokenization methods are not performed

well for Turkish. When a stemming method is applied, it may cause to lose important

information. We intensively analyzed NER studies in literature in terms of dataset

used, annotation phase, methods or approach, features, scope end performance result.

Table 2.1. gives a summary of them where details are given in Appendix 3.

Table 2.1 Comparison of Turkish NER systems

Author Dataset NE Type Approach Eval. F-Measure
Cucerzan &
. PERSON EM-style
Yarowsky | 5207 words in text LOCATION| bootstrapping MucC 53.04
(1999)
Tir, 91.56
Hakkani-Tir| - Milliyet newspaper | -\ \\ex HMM | MUC | (PER:92.63;LOC:95.33;
& Oflazer articles ORG:89.77)
(2003) o
Bayraktar &
Temizel Ec?\:%T_)L/JCSBF;uZSand PERSON Locak')aggggnmar MUC 81.97
(2008) P
Kiicik & | METUCorpus(l) | ENAMEX, (1) 78.7;
Yazici child stories (1) NUMEX, Rule based | MUC (1) 69.3;
(2009) historical texts (111) TIMEX (111)55.3
Adali
' 500 (1)/1000 (11)/ (09,
sonmez & | o0 (1)) financial | Financial | Rulebased+ 1y, (1) 98:
Gokturk documents dictionary based (111) 99
(2009)
() PER:0.78; LOC:0.84;
Dalkilig 10 documents in ORG:0.73
Geligli & | Politics ('I)I economy | enaAMEX | Rulebased | muc (P PERO:%SGE?B;(;C:O'S’O;
Diri (2010) (n o
health (111) (1) PER:0.79;
LOC:0.90; ORG:0.85
. . METUCorpus (1)
Dilekc Kieiik| 50 ncialnews(1l) | ENAMEX, . (1) 85.95; (I1) 74.23: (I11)
& Yazici - - NUMEX, Hybrid MuC .
(2010) child stories (111) TIMEX 85.06; (IV) 66.96
historical texts (1V)
150 e-mails in (1) PER:0.94 LOC:0.68
; CRF ORG:0.83 (Il) PER:0.97
gz!‘agglgl‘ Eca‘.jem'c I(:) ENAMEX | (CRFby |MUC| LOC:0.79 ORG:0.84 (Ill)
iri (2011) usiness (1), Sarawagi) PER:0.92 LOC:0.70
personal (111) ORG:0.90
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Table 2.1 continues

Tatar & . . 91.08 .
Cicekli TurklE ENAMEX, |Automatic rule MUC (PER:94.33 LOC:90.03
TIMEX learning ORG:87.68 DATE:96.50
(2011) TIME 92:05)
Yeniterzi Milliyet newspaper ENAMEX CRF CoNLL | (PER:89 22'904R6-83 50
(2011) articles (CRF++) .LO'C:92.15). '
. - METUCorpus (1)
Dilek Kiciik| g0 nciainews(1ly | ENAMEX, . (1) 90.13; (I1) 76.80: (I11)
& Yazici : : NUMEX, Hybrid OTHER i
(2012) child stories (111) TIMEX 92.47; (1V) 80.66
historical texts (IV)
94.59
MUC | (PER:94.81 ORG:91.09
Seker & - CRF :
Eryigit M""y::ti”;‘g’:paper ENAMEX | (CRF++, "Ogl'g;fs)
(2012) [-3.+3], 1082) CoNLL (PER:92.94.0RG:88.77
LOC:92.93)
Kazkilinc & | 75 documents for Sgijgg;\;{g CRE muc | SUB:72.00 VERB:68.4
Adali (2013)| different categories : LOC:69.5 TIME:55.00
N, TIME
Celikkaya, | Milliyet newspaper CRF
Torunoglu &| articles (1), Forum : (1) 91.64; (11) 19.28; (111)
Eryigit | (I1), Speech-to-Text | CAMEX (CEE;]J;'[ CONLL 1™ 750 84; (V) 5.62
(2013) (1), Twitter (1V) :
y Baveci (1) 87.99 (PER:90.30;
avuz, ayesian LOC:87.06; ORG:88.03;
ENAMEX,TI . : '
Kiigiik & ' Learning (1) DATE:83.13;
Yazict METUCorpus MEX*;'UME and rule based | © TR [TIME:80.28; MON:84.73;
(2013) (hybrid) (11) PERC:92.01) (11) 90.05;
91.44
Demir & Milliyet newspaper su ng/:;ed 91.85
Ozgur articles and ENAMEX (neu'?aINetwor CoNLL |(PER:94.69;0RG:85.78:L
i 0C:92.40
(2014) | different source news ks,BIEWO) )
Milliyet newspaper
I.Erlgirt]u‘;‘ articles, Tweet ENNL'JAl\l/\l/l EE)z(, CRF++ CONLL 63.77
1 : Tweet dataset1
(2015) dataset?, T\Z/veet TIMEX (10B2) (on Tweet dataset1)
dataset
- ACC,AMOUN
Emekligil, ’ CRF
Arslan & | . Bank Customer {T.CLIENT.CU| -y n) | e1 | conwL 72.77
Agin (2016) Transaction Orders |RR,EXPL,IBA [-3,+3])
g N,ORG ’
(1)92.34
(PER:91.47 ORG:94.34
LOC:89.88 DATE:89.25
TIME:91.89 MON:100
Seker & | Milliyet newspaper | ENAMEX, CRF PE::‘;CéiSézl)
Eryigit articles (1), Forum NUMEX, (CRF++, | CoNLL (PER'6(7 2)2 ORG-77.17
(2017) (1), Twitter (111) TIMEX  |[-3,+3], I0B2) LOC:53.87 DATE:70.31
TIME:80.0 MON:27.45
PERC:50.0)
(111) 67.96
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The first study to be considered is the one by Cucerzan & Yarowsky (1999) aimed
to using minimal information about the source language and building a maximally
language-independent system for NER. They presented a language-independent
Expectation Maximization (EM)-style bootstrapping algorithm based on iterative
learning and tested on Turkish texts in addition to other texts in Romanian, English,
Greek, and Hindi. In this system, training is applied on a small training data and learns
from word internal and contextual information of entities, which are unannotated text
with bootstrapping algorithm. They used some common prefixes and suffixes such as
“Mari-", “-escu”, “-ovic”, “-wski” and “-ivic” for certain types of named entities
which refer to the morphological information. They traced some contextual patterns
such as “Mr.”, “in”, “mayor of”" in left context because it also gives clearly crucial to
NER. They used word separators (such as spaces or punctuation) to tokenize the text.
Therefore, this tokenization method presents the advantage keeping tokens and types.
They considered character based tries, in which each node contains a probability
distribution. In each node, two distributions are considered, one for tokens and one for
types. They used short name lists which has 40-100 example words as seed data for
each entity class. They achieved levels of precision as 60.38%, recall as 47.29% and
F-Measure as 53.04% for NER from Turkish texts.

The first NER study focus to Turkish is Tiir, Hakkani-Tiir & Oflazer (2003) which
presented HMMs based NER system and used the following four models: lexical,
contextual, morphological and name tag. Name tag model is type of named entity. The
other models were used for features. In lexical model, the lexical information is
captured using only word tokens. In contextual model, the surrounding context of the
word tokens is used. Case and name tag information is captured in morphological
model. They aim to extract ENAMEX types from Turkish texts. They used lexical,
morphological and contextual features of the words to generate an HMM based model.
They used dataset consists of nearly 500K words collected from newspaper articles.
They reported the results using MUC evaluation metrics and evaluated using F-
Measure. In their system, training data has ~493K words of newspaper articles and
~38K named entities. In test data, they have 28K tokens and ~2.2K named entities.
Accuracy of their system has reached 91.56% when they have combined all models.
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In a study, they evaluated local grammar based approach on Turkish financial texts
(Bayraktar & Temizel, 2008). They aim to find the significant reporting verbs (RVSs)
in Turkish texts and evaluate local grammar (LG) approach for Turkish texts. LG were
employed for various purposes and one of them is information extraction. LG aims to
recognize the behavior of words used in a specialist context and find the usage in the
sentences and infer patterns in usage. They used Economy Corpus (EC2000) and
METU Turkish Corpus. The EC2000 was taken from Anadolu Agency and contains
~9.1M words. They used to comprise 200 news having 41,322 tokens as a testing
dataset. They wanted to extract named entities including the names of people. They
based their approach on the bootstrap method. For extract person names, they applied
some prerequisites processes (preprocessing the datasets, performing word frequency
analysis, extracting Turkish reporting verbs, testing statistical significance of Turkish
reporting verbs) and the following four steps to extracting person names: concordance
analysis, collocation analysis, pattern generation and extracting person names. F-
Measure value by using the LG approach and capitalization rule (CR) together is better

than only CR feature and they achieved F-Measure results as 81.97%.

In other study, Kiigiik & Yazici (2009) wanted to extract named entities including
the names of people, locations, organizations, time/date, and money/percentage
expressions following the specifications of the MUC series. They worked on METU
Turkish Corpus (Say, Zeyrek, Oflazer & Ozge, 2002), child stories and historical texts.
They presented rule based NER system, which employs a set of lexical resources and
pattern bases. They did not make use of capitalization and punctuation clues. They
used some lexical sources: person names (it has 8,300 names), list of well-known
people, location and organization names, and patterns (succeeding words, preceding
tokens of keywords) which is used for expressing location and organization names,
and temporal and numeric expressions. They annotated 10 news articles from METU
Turkish Corpus with MUC format using own annotation tool. Their F-Measure results
are 78.7% on news articles, 69.3% on child stories and 55.3% on historical texts. The
aforementioned rule based recognizer has also be successfully integrated into
automatic and semi-automatic semantic video annotation systems for Turkish news

videos (Dilek Kii¢iik & Yazici, 2011, 2013). In these systems, named entities are
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automatically extracted from video texts to be used as semantic annotations. In their
other study, they presented a hybrid named entity recognizer as a preliminary version
(Dilek Kii¢iikk & Yazici, 2010). They used METU Turkish Corpus (101,700 words-
11,206 NEs), financial news texts (84,300 words-5,635 NEs, from Anadolu Agency
and only person and organization names are tagged), child stories (19,000 words-1,084
NEs) and historical texts (20,100 words-1,173 NEs). The system learns from annotated
data through rote learning and enriches its knowledge sources accordingly. They used
rote learner as learning approach which use two statistical features: the number of
occurrences of the entity and the number of occurrences which happen to be annotated.
They achieved the better results rather than their previous work on the same corpora,
the F-Measure results are 85.95% on news, 85.06% on child stories, 66.96% on
historical texts and additionally 74.23% on financial news texts which were collected
from news agency. In their main work is based on a hybrid NE recognizer (Dilek
Kiigiik & Yazici, 2012), they achieved as the results that 90.13% on news, 76.80% on
financial news, 92.47% on child stories and 80.66% on historical text when

capitalization feature is turned on.

Adali, Sonmez & Gokturk (2009) designed an integrated information extraction
architecture for processing business documents in Turkish which is applied on
restricted domains such as financial documents. The architecture has document layout
analysis, ontology based information extraction and morphological analyzer for
Turkish. In document processing stage, they tokenized the input document and stored
them with row and column index in array structure to keep track of documents
boundaries and templates. In NER, they defined some rule such as date format and
used some lexicon tables such as customer names, banks, city names, and branch
names. They applied an incremental lexicon search for tokens on lexicon databases. In
document modeling and layout analysis stages, a document is classified by similarity
of expressions, style and page layout. Document layout analysis begins by grouping
the primitive elements of the input document to higher-level objects, such as
paragraphs and headings. The template matching technique is used to match blocks of
a predefined document block templates and an input document. The proposed

architecture aims to create a minimum-definition event extraction mechanism using
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field concepts and reuse these concepts to create a portable and scalable IE system.
Ontological information and morphological analysis results in the proposed
architecture are used together for domain filtering. In their experimentations, they
achieved as F-Measure 97% for 500, 98% for 1000 and 99% for 2000 financial
documents with ontology based IE and document layout analysis. System extracts
information such as date, time, fax number, currency type, customer name, account

number and money amount related to a specific scenario.

The other study focuses on extract named entities including the names of people,
locations, and organizations in topic independent Turkish documents that contained
three categories that has 10 text files for each category, were political, economy, and
health (Dalkilig, Gelisli & Diri, 2010). For location and organization names, some
clues were used: suffixes, next context and small size databases which are too small
for to be called gazetteers. In addition to extracting organization names, name
abbreviation list was used. The dictionary of person titles and verbs was used
extracting person names. They presented rule based NER system. They make use of
capitalization and punctuation clues. They achieved the better F-Measure result in
economy documents is 88% in person, in economy and health documents 90% in
location, and in health documents 85% in organization. Their NER system was used
in this information retrieval system finding people’s expressions (Ozdemir & Diri,
2011). Personal identification is important for retrieving relevant pages in this system.
This system aims to search “What person X told about the topic Y?” on the internet or

in the database of the system.

In a study, CRFs has been used to extract person, location and organization names
from informal texts (Ozkaya & Diri, 2011). They used CRF package (Sarawagi, 2005)
for sequential labeling. Some features and rules were extracted from each token: word,
length of word, frequency of word, is abbreviation or not, position in sentence, type
(noun, adjective, adverb etc.), case of initial letter, has punctuation or not, exist in title
or content etc. They used abbreviation, title of person, special words gazetteers. The
dataset consists of 150 e-mails collected in equivalent count from academic, business
and personal e-mails. The better results were obtained in business e-mails and F-
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Measure was calculated 97% in person names and 79% in location names. In

organization names, the better F-Measure rate was 90% in personal e-mails.

In another study, they used different features of the input text to identify the named
entities (Tatar & Cicekli, 2011). They described it as automatic rule learning method.
They conducted on the TurkIE dataset consists of a corpus of articles which different
Turkish newspapers. The corpus contains 54,518 tokens, 3,524 sentences and 545
topics. They followed the MUC-7 NE task definition as a guideline for annotation and
manually tagged 355 articles on terrorism using IE-tagging tool. 5,672 NEs were
tagged in five types: person, location, organization, date and time. They used the
following categories of features: lexical, morphological, contextual and orthographic.
In lexical features, they build two level gazetteer hierarchy using gazetteer
information. They followed the standard tokenization method using white-space
characters and punctuation marks without apostrophe. They used morphological
analyzer and disambiguator in morphological feature. Contextual information was
captured from the surrounding text in contextual features. They selected four primitive
features as orthographic features: capitalization, length class, length of the token and
token type class. They used two type of sequence patterns presenting the rules:
similarity (SIM) and optional (OPT). Each pattern has composed of features value. In
SIM sequence, each feature value exactly matches one token and for features existed
in OPT sequence meets the token’s constraints or not. Automatic rule learning is one
of the critical functions in the system. They take two examples in the rule
representation and return a generalized rule in the generalized function. They
calculated the confidence factor of a rule for the success rate and define the confidence
factor threshold. They applied 10-fold cross validation on the dataset and their method
achieved an average F-score of 91.08%. In their experiments, the biggest lost occurs

when morphological features were not used.

In a study, Yeniterzi (2011) analyzed the effect of morphological features like root,
Part-of-Speech (POS) tag, proper noun and case in a NER system for Turkish. They
applied to the first CRF based method and used training set of the newspaper articles
data (Tiir et al., 2003). They split the dataset into two clusters, with 90% of the train
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data for training and left the remaining for testing. They aimed to extract three types
of named entities: person, organization and location. In the tokenization step, in
addition to the word-level based tokenization method which used in previous studies,
they used a new tokenization method which represents each root and morphological
features as separate tokens. They applied the Turkish morphological analyzer tool
(Oflazer, 1994) and then used morphological disambiguator (Sak et al., 2008) to
choose the correct morphological analysis of the word depending on the context. In
their experiments, they used CRF++ toolkit (Kudo, 2005) is an open source CRF
sequence labeling toolkit and CoNLL metrics to evaluate. According to results
obtained, morpheme-level model achieved better than word-level model in person and
location entities and in terms of recall. Even though word-level model is better than
morpheme-level in organization entities. They obtained the best results in precision,
recall and F-Measure values as 91.81%, 86.87% and 88.94% in overall, respectively.

Seker & Eryigit (2012) used the rich morphological features as features in CRFs
with some basic and generative gazetteers. They represented each word as a token and
considered all punctuation marks as a token. In proper nouns, they partitioned such
them into two tokens: the tokens before and after the apostrophe. They separated
sentences from each other with an empty line. They used a two-level morphological
analyzer (Oflazer, 1994) and give its output to morphological disambiguator (Sak et
al., 2008) to get the most probable analysis in the given context. They used the stem
of the word and the morphological features as features for CRF model. In addition to,
they used two kinds of gazetteers: base and generator. Base gazetteers are large
gazetteers with thousands of tokens, which are collected from different sources and
include words with high probability of occurring in a named entity. They used these
gazetteers for first names (44,048 tokens), surnames (138,844 tokens) and location
names (33,551 tokens). Generator gazetteers are smaller than base gazetteers. They
contain stem of some basic words and when they are used with some words will be
named entity. The generator gazetteers were used for location, organization and person
names. They used the labels for person, location, organization names and other. In
other label, the words are not named entity. They used CRF++ tool (Sarawagi, 2005)
which is open source implementation of CRFs. They compared labelling the output
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with two different type of tags: raw and IOB2. They used the data (Tiir et al., 2003) in
their experiments. As morphological features, they used some information: stem of the
word, POS tag, noun case, proper noun or not, all inflectional features. In lexical
features, they used case feature and start of the sentence information as feature. They
used the features in CRF model within a window of [-3, +3]. The F-Measure results
were obtained as 94.59% and 91.94% according MUC and CoNLL evaluation metrics,
respectively. In another study which is a continuation of this study, they extended their
model for different data types and they conducted model on user generated content
(Seker & Eryigit, 2017). In addition to other work, they aim to extract and NUMEX
NE types. They expanded the gazetteers size and added new gazetteers for different
NE types such as months, currency units. They used extra features for TIMEX and
NUMEX types such as numeric value, contains or not percentage sign, o’clock term,
column indicator and exists or not in month and currency gazetteers. For user-
generated content (Twitter), they applied some normalization steps on data. They
conducted all experiments on three-test dataset (WFS7, TDS, IWT) using one training
set (TRAINTY). In section 4.1, we will give details about these datasets.

In another study, they worked on labeling the main subject, predicate, location and
date in Turkish news stories (Kazkilinc & Adali, 2013). Finding important phrases
from a document facilitates extracting expected information. So they aim to extract
subject, verb, location and date expressions from text. The documents are about
Turkey, World, political, economic, science, technology and sports in dataset. Each
category has 75 documents, which collected from the Internet news sources. They used
morphological analyzer (Oflazer, 1994) and disambiguator (Sak et al., 2008) for
extracting morphological features. After they applied dependency parser (Eryigit,
2007) on morphological analysis to find their tasks within the sentence. In CRF
system, they defined some feature categories: rule based, morphological, syntactic and
structured. In rule based features, some information was used: case of initial letter,
position in sentence, contains or not prop tag in morphological analysis, special
suffixes in boundary of word, contains or not comma and apostrophe. Morphological
and syntactic features were obtained from morphological analysis and dependency
parser. Order of text and sentence, frequency of token and first observation position
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were used in structured features. Their F-Measure results were 72% in subject tag,
68.4% in verb tag, 69.5% in location tag and 55% in date tag.

Celikkaya, Torunoglu & Eryigit (2013) used linear chain CRFs within the window
of [-3,+3] as the machine learning algorithm. They used the CRF++ library (Kudo,
2005). on different domains’ data collected from 3 different domains: social media
content (Twitter), spoken language data (a Speech-to-Text Interface) and a hardware
forum website. They used the new three datasets as the test data and consist of
approximately 55K, 1.5K and 55K tokens, respectively. They annotated manually
according to the NER guidelines of MUC6 (“MUC-6", 1996). For training data, they
used the data which was collected from Turkish Newspaper site consists of ~500K
tokens. They divided into two parts as training (450K) and test set (50K). Firstly, they
tokenized the data and prepared training and test instances by the use of the
morphological and predefined features. They used the following items as
morphological features: stem of the token, the main POS-tags, the case marker (for
nouns) and the availability of the proper noun tag. The other features of each token
are: a surface form of the token, its upper/lower case status and some binary features
stating the sentence beginning or not, the existence in the prepared gazetteers. They
performed some process stages to avoid the observed problems specific to data. For
example, in the real data, some spelling errors are occurred and capitalization or
punctuation rules is not properly used. Before other stages, they created a text
normalizer tool which works on the following cases: slang words, repeated characters,
emo style writings, hash tags, mentions, vocatives, smiley icons, capitalization. They
prepared 6 gazetteers: first names (~45K), surnames (~140K), and location names
(~34K) are base gazetteers; location, organization and person are generator gazetteers.
They extended gazetteers while adapting to the real data. They have developed three
different feature models which have some selected features and used CoNLL metric
on the evaluation (Nadeau & Sekine, 2007). They only evaluated for ENAMEX types
and experimented these models with and without normalization and added
capitalization to them. For Twitter and speech data, the best results obtained with all

features and normalization without capitalization 15.27% and 50.84%; for news media
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and forum data, the best results obtained without normalization and some features

(lower/upper case, first word) 91.64% and 5.62%.

Yavuz, Kiigiik & Yazict (2013) presented a Bayesian learning approach which is
trained on a considerably limited training set and comprise the Bayesian learning with
a previously their rule based NER. They modified the Bayesian learning approach and
used some parameters and features that are extracted from tokens into it. These
parameters correspond to the number of tokens to be considered before and after
named entity instances in the training set and case sensitivity. The features are case,
the length of token, alphanumeric, nymble and lexical resource features. They used a
Bayesian with their previous rule based approach into two phases: training and
estimation. In estimation phase, they used the rule-based recognizer’s results into
Bayesian as a distinct feature. In training phase, before carrying out the Bayesian
estimations on the test data, the rule based NER run on the test data and the resulting
is utilized as an additional training data to update the probabilities. They have used
one of the datasets which was annotated into their previous study (Dilek Kiigik &
Yazici, 2012). This news dataset comprises 50 news articles (101,700 words) from
METU Turkish Corpus. The annotated dataset contains 3,280 person names, 2,470
location names, 3,124 organization names, 1,413 date/time and 919 money/percent
expressions. They have evaluated using precision, recall and F-Measure with ten-fold
cross validation. In test dataset, it has 228 NE (102 persons, 42 locations, 71
organizations, 11 date, 1 money, 1 percent). They obtained the F-measure results for
person names 90.30%, location %87.06, organization 88.03%, date %83.13, time
80.28%, money 84.73%, percent 92.01 and overall 87.99 using Bayesian learning and
for overall 90.05% with training-base hybrid and 91.44% estimation based hybrid

recognizer.

Demir & Ozgur (2014) used the neural network based semi-supervised learning
approach for NER in morphologically rich languages, Turkish and Czech. They
provided to improve F-score obtained for Turkish NER system by 2.26% and for
Czech NER system by 1.53% without using dictionaries. In their system, any language
dependent features have not been used and their system consists of two stages:
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unsupervised and supervised. In the unsupervised stage, they used new model
architectures studied into Mikolov, Chen, Corrado & Dean (2013) for learning
distributed representations of words. It makes use of a huge amount of unlabeled data.
They collected data from Turkish news sites and tokenized and then lowercased them
in this stage. The data has 63.72M sentences, 1.02B words, and 1.36M unique words.
In the supervised stage, in addition to presented feature vectors, they used other
additional language independent features such as capitalization patterns, previous tag
prediction, etc. In this stage, they used the labeled dataset prepared by (Tiir et al., 2003)
which is the most commonly used one for evaluating Turkish NER system. In their
system, they reported results with respect to the CoNLL metric. They achieved as F-
Measures 94.69% into success rate for person names, 85.78% for organization names,

92.40% for location names, and 91.85% in the overall.

For improving NER on informal text domain such as social media texts like tweets,
they aimed to increase the performance of Turkish NER in Turkish tweets (Eken &
Tantug, 2015). They used CRF tool (Kudo, 2005) to build their NER model and two
main dataset from two different domain: news (Tiir et al., 2003) as a formal data and
tweets as informal data. Tweet dataset consisting two parts, first part consists 9K
tweets and labelled by them for this study. The second part is used into this study
(Celikkaya et al., 2013) and consists of nearly 5K tweets. They used Oflazer’s tool
(Oflazer, 1994) for morphological analyses and Sak’s tool (Sak et al., 2008) for
morphological disambiguation. They used the first and last four characters of tokens
as a feature into CRF model. They inferred that there is no need to use morphological
analyses tools. They applied the Levenshtein distance algorithm to calculate distance
between two strings: token and words are existed into gazetteers. They evaluated their
results CoONLL metric and presented entities IOB2 representation style. They reported
three main results after their experimentations. They used morphological features,
letter case features, start of sentence features and gazetteers to build model into first
model. In another model, they build it without morphological features and took the
first and last four characters as an alternative stem. They used to contain or not
apostrophe, case state, position information in a sentence, gazetteers lookup and
distance based matching feature in second model. They achieved the results as F-
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Measure like that 90.47% on news test set, 41.79% on tweets first part test set, 25.62%
tweets second part test set, and 90.23% on news, 46.57% on tweets first part and
28.53% on tweets second part into overall, respectively. In last one, they used tweets

as a training and test data and reported 63.77% as a result.

In another study, Emekligil, Arslan & Agin (2016) used CRFs for extracting
required named entities (client name, organization name, bank account number, IBAN
number, amount, currency and explanation) from customer transactions. These
transactions such as money transfer, salary payment, tax payments etc. are received in
different formats via fax channel at banks operation center. This information is referred
as named entities are used in a maker-checker basis. In some bank systems, these
entities are extracted manually by operators. They presented a fast and robust
information extraction system to extracted necessary entities from optical character
recognized (OCR) Turkish customer order documents. They used OCR tool to convert
fax documents to text. The fax documents have no common format as provided from
the bank. They annotated 365 real transaction order documents. They take the first five
characters of words for do stemming. They used person name gazetteer which has
~13K Turkish person first names provided by the bank. They changed digit letters to
‘d’, punctuation to ‘p’, lowercase to ‘s’ and uppercase to ‘S’ in each word. They used
it as letter shaped features and some Boolean features such as begin parenthesis and
ends with a colon. They used MALLET Framework (McCallum, 2002) on their
experiments. Initially, they compared HMM and CRFs and they decided CRF in
further experiments when they were taken better results. When they used [-3, +3]
window for each token, overall CRF performance is increased by 21%. Their F1 scores
of method with all features on 5-fold cross validation and test set are 78.89% and
72.77% for average in CONLL metric.
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CHAPTER THREE
SEQUENCE CLASSIFIER MODELS

3.1 Overview

Most things in real life are a mixture of random and deterministic relationships. For
example, weather patterns are partly random and can be partially estimated. When
something is part random and part partial deterministic, it is called a statistical
relationship and a probabilistic relationship, respectively.

A stochastic model represents a situation in which uncertainty exists. In other
words, it is a model for a process with some kind of randomness. In reality, uncertainty
is a part of everyday life, so a stochastic model could literally represent anything.
Stochastic models will likely produce different results each time the model is run.
Probabilities are assigned to events within the model and these probabilities can be
used to make estimates or provide other information about the process in all stochastic
models (Andale, 2016a). The opposite of a stochastic model is a deterministic model
that predicts results with 100% accuracy. Deterministic models always have a set of
equations that define the system inputs and outputs exactly (Andale, 2016b). For
example, the conversion between Celsius and Kelvin is deterministic because the
formula is not random - it is always a definite formula to give you the right answer if

you perform the calculations correctly.

The “probability” part of the class includes calculating probabilities for events
happening (Kay, 2006). Probability as defined by Webster’s dictionary is “the chance
that a given event will occur.” Examples, which we are familiar with, are the
probability that it will rain the next day or the probability that you will win the lottery.
In probability, a result of a random experiment is called “outcome”; the set of all
possible outcomes is called “sample space” (is denoted by S) and a subset of the
sample space is called “event” (is denoted by E). A “random experiment” is an
experiment in which the result changes unpredictably when the experiment is repeated

under the same conditions (Leon-Garcia, 2011). A random experiment is indicated by
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specifying an experimental procedure and one or more measurement or observation
sets. The following probabilities are used for the probability of the occurrences

according to event (Koller & Friedman, 2009; Leon-Garcia, 2011).

- “Joint probability” is the probability that two events will occur simultaneously.
It is the probability of the intersection of two or more events. For example, the
probability that a card is a four and red is 2/52. (There are two red fours in a
deck of 52, the 4 of hearts and the 4 of diamonds.) Itis shown as P(A and B) =
P(ANB) =P(4,B)

- “Marginal probability” is the probability of the occurrence of the single event,
it may be thought of as an unconditional probability. It is not conditioned on
another event. For example, the probability that a card drawn is red is 26/52. It

is shown as P(A).

- “Conditional probability” (3.1) is the probability of event A occurring, given
that event B occurs. Example: given that you drew a red card, what’s the

probability that it’s a four is 2/26. It is formulated as for P(B) > 0:

P(A|B) = Py(A) = % (3.1)

If knowledge of the occurrence of an event B does not alter the probability of some
other event A, then it would be natural to say that event A is “independent” of B. An
independent event has no connection to another event’s chances of happening or not
happening. The event has no effect on the probability of another event occurring. If
P(A N B) = P[A]|P[B] then implies both P(A|B) = P(A) and P(B|A) = P(B),

events A and B independent.

Those types of probabilities are defined above use to design some models such as

“discriminative” and “generative” models.
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- In discriminative models, it learns the boundary between classes and more
powerful with lots of examples. Discriminative models are designed only
supervised tasks so need to use labeled data only. It describes how to take a

feature vector x and assign it a label y.

- In generative models, it models the distribution of individual classes. This
model design probabilistic model of each class and use unlabeled data. It
describes how a label vector y can probabilistically generate a feature vector

X.

Figure 3.1. shows some of the well-known probabilistic models such as Naive
Bayes (NB), HMM, MEM and CRF, and their differences.

joint conditional
NB |¢ ME
A . A
single class single class
generative discriminative
sequence sequence
A\ 4 A 4
HMM  |(¢— — »| CRF
joint conditional

Figure 3.1 Overview of probabilistic models

The NB Model is an approach to classify individual variables based on several
property values. In this model, the input values are assumed to be conditionally
independent. It is a so called generative approach, which modeled the joint probability
p(y, %) of the input values x¥ and the class variable y. In classification, predicting a
single discrete class variable y given a vector of features x = (x,, x5, ..., xg). The
HMM is an extension of the NB Model for sequentially structured data representing
dependencies of the variables X and y as a joint probability distribution. Modeling
joint probabilities has disadvantages due to computational complexity. The MEM is
based on modeling the conditional probability p(y|x). It is an approach to classify a

single class variable in dependence of several feature values. While a HMM is a
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sequential extension to the NB Model, CRFs can be understood as a sequential
extension to the MEM. Both MEMs and CRFs are known as discriminative approaches
(Klinger & Tomanek, 2007).

A “sequence model” or “sequence classifier” is a model whose job is to assign a
label or class to each unit in a sequence, thus mapping a sequence of observations to a
sequence of labels. The standard algorithm for NER is as a word-by-word sequence
labeling task, in which the assigned tags capture both the boundary and the type
(Jurafsky & Martin, 2014). So in this thesis, we compared HMM and CRF on our

experimentations.

3.2 Markov Chains

The Markov Property is a characteristic of a stochastic process where the
conditional probability distribution of a future state depends on the current state and
not on its past states. In this case, the transition between the states occurs at a discrete
time, and the Markov Property is known as the discrete Markov chain.

A Markov Chain, sometimes called the observed Markov model is extension of the
finite automata is shown in Figure 3.2 (Alpaydin, 2009; Jurafsky & Martin, 2014). A
weighted finite automaton is defined by a set of states and a set of transitions between
states, with each arc associated with a weight. The idea behind Markov chains is
usually summarized as follows: "conditioned on the current state, the past and the

future states are independent.”

Figure 3.2 Example of a finite automaton
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A Markov chain is a special case of a weighted automaton in which weights are
probabilities (the probabilities on all arcs leaving a node must sum to 1) and in which
the input sequence uniquely determines which states the automaton will go through.
Because it can’t represent inherently ambiguous problems, a Markov chain is only

useful for assigning probabilities to unambiguous sequences.

Figure 3.3 Example of a Markov model with three states

Figure 3.3 shows that we represent the states (including start q, and end g states)
as nodes in the graph, and the transitions as edges between nodes. This is a stochastic

automaton where m; is the probability that the system starts in state s; and a;; is the

probability that the system moves from s; to state s;. We describe a Markov chain is

described by the following components, consider a system that at any time is in one of

a set of N distinct states:
- The state space (set of possible states):
S = {s4,5,, ..., Sy} (3.2)
- The prior (initial) probabilities

#{sequences starting with s;} (3.3)

i (@ =s1) #{sequences}
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The state at time/position t is denoted as q;, t = 1,2, ... so, for example, q; = s;
means that at time/position t, the system is in state s; (3.3). Probabilities of s; being
the first state of a state sequence. Collected in IT = [m;] is a vector of N elements that

sum to 1 (3.4). (The prior probabilities are often assumed equi-probable, m; = 1/N)

m; = 1 (34)

N
=1

- The transition probabilities

For the special case of a first-order Markov model, the state at time ¢t + 1 depends

only on state at time t, regardless of the states in the previous times:

P(Qt+1 = Sjl 9t = Si»qt—-1 = Sk )

This is Markov assumption and corresponds to saying that, given the present state

q:, the future g, is independent of the past q;_;.

P(CIt+1 = 5j| 9t = Si»qt—-1 = Sk» ) = P(Qt+1 = 5j| q: = Si)

#{transitions froms; to s;}

a;j = P(qer1 = 5jl qc = 5:) = ,1<i,j<N (3.5)

#{transitions from s;}

satisfying a;; = 0 (3.5) and

N
z a; =1 (3.6)

j=1
So, going from s; to s; has the same probability no matter when it happens, or where

it happens in the observation sequence. A = [a;;] is a N x Nmatrix whose rows sum
to 1 (3.6).

From each state s;, the system moves to s; with probability a;;, and this probability

is the same for any t. Transition probabilities are collected in matrix A.
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The Markov model produces a state sequence
Q={q,..,qr},q. ESovertime 1<t <T

A first-order discrete time Markov model, because the probability at t + 1 depends

only on the states at ¢.

- The observation sequence probability
In an observable Markov model, the states are observable. We have an observation
sequence O that is the state sequence 0 = Q = {q,9; .. q;}, whose probability is given

as

T
P(0 = Q|A 1) = P(qy) nP(thqH) =Tg,qq,q, - Agr_1q7 (3.7)
t=2

T4, is the probability that the first state is q,, a4, is the probability of going from
q, to g,, and so on. We multiply these probabilities to get the probability of the whole

sequence.

GivenITand A, it is easy to generate K random sequences each of length T. We can

calculate the probability of an observation sequence is denoted P(0|4, 1) (3.7).
3.3 Hidden Markov Models

A Markov chain is useful when we need to compute a probability for a sequence of
events that we can observe in the world. In many cases, however, the events we are
interested in may not be directly observable in the world. For example, the task of
named entity recognition, assigning tags like person, organization, location,
date/time/money expressions etc. to words. We didn’t observe named entity type; we
saw words and had to infer the correct tags from the word sequence. We call the named

entity type hidden because they are not observed.
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A HMM is a probabilistic sequence model and is shown in Figure 3.4 given a
sequence of units (words, letters, morphemes, sentences, whatever), they compute a
probability distribution over possible sequences of labels and choose the best label

sequence.
In HMM, the states are not observable, but when we visit a state, an observation is

recorded that is probabilistic function of the state. We assume a discrete observation

in each state from the set {v,, vy, ..., vy }.
bi(m)=P(0, =vplq:=s5;), 1<j<N,1<m<M (3.8)

b;(m) is the observation or emission probability that we observe v,,,m =1, ...,M in

state s; (3.8).

hidden states (labels) “unobservables”

emissions/observations g g g g g “observables”

Figure 3.4 Example of a Hidden Markov model

An HMM has the following elements and an example of a HMM which has three

states and tree observations is shown in Figure 3.5.
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Figure 3.5 Example of a HMM with three states and three observations

- N number of distinct states in the model

S = {Sli Sz, ""SN}

S = {PER,ORG,LOC,TEM,OTH}

- M number of distinct observation symbols in the alphabet. M is the same a size

of the dictionary/vocabulary.
V= {171, Uy, ey UM}
- State transition probabilities

A = [a;;] where

a; =P(qr1 =S5l =s;), 1<i,j<N

Observation/Emission probabilities

B = [b;(m)] where
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#{observation vy inas;j}

bj(m) = P(Ot =v,|q = Sj) =

(3.9)

#{occurance of thats;} ’

1<j<N1<m<M

- Initial state probabilities

I1 = [m;] where

m; = P(q1 = s)

N and M are implicitly define in the other parameters so 1 = (4, B, II) is taken as
the parameter set of a HMM. When given A, the model can be used to generate a series
of arbitrary sequence observations with arbitrary length, but, as always, in the other
direction, we are interested in estimating the parameters of the given model in a series

of training sequences.

3.4 Graphical Modeling

In some applications such as classifying regions of an image (Li, 2001), estimating
the score in a game of Go (Stern, Graepel & MacKay, 2004), segmenting genes in a
strand of DNA (Bernal, Crammer, Hatzigeorgiou & Pereira, 2007), syntactic parsing
of natural-language text (Taskar, Klein, Collins, Koller & Manning, 2004), we aim to
predict an output vector y = {y,, y1, ..., Y7} given an observed feature vector x. For
POS tagging, y; is the POS tag of the word at position s, and the input x has feature
vectors {xg, x4, ..., xr}. Each x, contains various information about the word in
position s, such as its identity, orthographic features such as prefixes and suffixes,
membership in domain-specific lexicons etc. Our goal is to maximize the number of
labels y, that are correctly classified. To do this, our system can learn an independent

per-position classifier that maps x +— y; for each s.

A natural way to represent the way in which output variables are interconnected is
provided by graphical models. We use “probabilistic graphical models” to augment
the analysis using diagrammatic representations of probability distributions (Bishop,

2006). In other words, graphical modeling is a powerful framework for representation
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and inference in multivariate probability distributions (Sutton & McCallum, 2010). A
graph contains nodes (also called vertices) that are linked by links (also known as edges
or arcs). In a probabilistic graphical model, each node represents a random variable
(or group of random variables) and the links represent the probabilistic relationships
between these variables. The graph then captures the distribution of the joint
distribution over all random variables, each of which can be decomposed into a product

of factors, depending on a subset of variables.

Graphical models separate two major class: directed and undirected. In directed
graphical models (also called as Bayesian networks), the links of the graphs have a
particular directionality indicated by arrows. For undirected graphical models (also
called Markov random fields), the links do not carry arrows and have no directional
significance. Directed models are useful for expressing causal relationships between
random variables, whereas undirected models are more suitable for expressing soft
constraints between random variables. In order to solve inference problems, it is
generally appropriate to convert both directed and undirected models to a different
representation called a factor graph.

A factor graph is a bipartite graph G = (V, F, E) in which one set of nodes V =
{1,2, ..., Y|} indexes the random variables in the model, and the other set of nodes F =
{1,2, ..., A} indexes the factors.

- “Bipartite graph” is a graph shown in Figure 3.6 whose vertices can be divided
into two disjoint and independent sets U and V' such that every edge connects

a vertex in U to one in V (Weisstein, n.d.).

- A “factor graph” is a bipartite graph shown in Figure 3.6 representing the
factorization of a function (Kschischang, Frey & Loeliger, 2006). Factor
graphs are used to represent factorization of a probability distribution function

enabling efficient computations.
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59%0

Figure 3.6 An example of a bipartite graph (left-side) and factor graph with three variables (right-side)

The absence of an edge between two variables represents conditional independence
between variables into model. Conditional independence means that two random
variables a and b are independent given a third random variable c. If they are
independent, conditional probability distribution is calculated by 3.10. Conditional
independence does not induce the absence of the edge. This type of graph is called
independency graph. It does not contain any information about the probability
distribution, only the absence of the edge is informative. For each conditional
distribution, we add directed links (arrows) to the graph from the nodes corresponding

to the variables conditioned to the distribution.
p(a,blc) = p(alb)p(b|c) (3.10)

Directed and undirected graphical models differ in the way that the original
probability distribution is factorized. The factorization into a product of conditional
probability distributions is done as in a directed graphical model. In undirected
graphical models, the factorization is done into arbitrary functions. This does not
require an explicit specification how the variables are related. In this model,

calculating the normalization factor is expensive.
3.4.1 Directed Models
Whereas the local functions in an undirected model need not have a direct

probabilistic interpretation, a directed graphical model describes how a distribution
factorizes into local conditional probability distributions. Directed models are often
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used as generative models. Let G be a directed acyclic graph, in which r(s) are the
indices of the parents of each node y, in G. A directed acyclic graph is a finite directed
graph with no directed cycles. A directed graphical model is a family of distributions
that factorize as in (3.11).

S
p(y) = 1_[ P(¥s|Yn(s)) (3.11)

We refer to the distributions p (s |yx(s)) as local conditional distributions. Note that
(s) can be empty for variables that have no parents. In this case p(ys|yx(s)) should

be understood as p(y,). Figure 3.7 represents an HMM classifier for a sequence of

three input variables (Klinger & Tomanek, 2007).

Ys v, Yo Y3

V1 V2 V3 V1
T—»(‘ V) vy B —O—B QO8O0
ke W, v,
@ @ @

X1 X2 X3 X1 X2 X3

Figure 3.7 Independency (left-side) and factor (right-side) graph for the HMM

3.4.2 Undirected Models

A probability distribution p of interest can be represented by a product of factors
of the form W, (y,) where a is an integer index that ranges from 1 to A, the number of
factors. Each factor W, depends only on a subset y, € Y of the variables. The value
¥, (y,) is a non-negative scalar that can be thought of as a measure of how compatible
the values y, are with each other. This factorization can allow us to represent p much

more efficiently, because the sets y, may be much smaller than the full variable set Y.

An undirected graphical model is a family of probability distributions that each

factorize according to a given collection of factors. Formally, given a collection of
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subsets {Y,}4_, of Y, an undirected graphical model is the set of all distributions that

can be written as (4, the number of factors)

A
1
() = zﬂwa(ya), (3.12)

for any choice of factors F = {¥, } that have ¥,(y,) = 0 for all y,. (The factors are
also called local functions or compatibility functions.) We will use the term random

field to refer to a particular distribution among those defined by an undirected model.

The constant Z is a normalization factor that ensures the distribution p sums to 1. It
is defined as in (3.13):

2= ﬁwa(ya) (3.13)
y

a=1

The quantity Z, considered as a function of the set F of factors, is also called the

partition function.
3.5 Conditional Random Fields

CREF is derived from Markov network and is introduced by (Lafferty, McCallum &
Pereira, 2001). CRF is a special case of undirected graphical models, also known as
Markov Random Fields (MRFs). CRF is a sequence data labeling recognition model
based on statistical approaches. CRF uses an undirected graphical model to calculate
the conditional probability p(y,x). CRF are probabilistic models for computing the
probability p(y, %) of a possible output y = (y4,v,, ..., V) for given the input X =
(x4, x5, ..., x,) Which is also called the observation. The general model formulation of
CRF’s is derived as:
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1
p(}_/), f) = mnlpa(far)_}a) (314)

a€cA
with

Z(X) = Zﬁ%(i,?) (3.15)
j=1

y

CRFs have different types: general, linear-chain, semi-Markov, graphical, grid-
shaped, tree-shaped, skip-chain, etc. A special form of a CRF, which is structured as a

linear chain, models the output variables as a sequence is shown in Figure 3.8.

Vi Ve+1 Ve+2 YVe+3 8 Ve+1 YVi+2 Ve+3

X X

Figure 3.8 Independency (left) and factor (right) graph for the linear chain CRF

Given the factors 1; (¥, y) in the form

l,b](i,}_/)) = exp <Z Aifi()’j—ll)’jl)aj)> (316)

and assuming n + 1 to be length of the observation sequence, a linear chain CRF
formula can be written as

1 m
P19 = s=exp | D > My )) (317)
Z5(x) e

j=11
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In (3.17), j specifies the position in the input sentence x¥. The weights A; are not
dependent on the position j. This technique, known as parameter tying, is applied to

ensure a specified set of variables to have the same value.

The normalization to [0,1] is given by

Zz(0) = Z exp zn: i Aifi(Yj-1 v, %)) (3.18)

yey j=1i=1
3.5.1 Training

For all types CRFs, as well as for MEMs, the maximum-likelihood method can be
applied for parameter estimation. That means, that training the model is done by
maximizing the log-likelihood on the training data. So, training means finding them A

parameters. For this we need fully labeled data  sequences
{(x®,y®), .., (x™,y™)} where x® = x{}) the first observation sequence, and

so on. Since CRFs define the conditional probability p(y|x), the appropriate objective

for parameter learning is to maximize the conditional likelihood of the training data
m
> logp(y/Ix)) (3.19)
j=1

J

Often one can also put a Gaussian prior on the A’s to regularize the training (i.e.,

smoothing). If 2 ~N (0, 02), the objective becomes

(3.20)

m F
o 22
Jlv]) —
E logp(y’|x’) E 552
j=1 i

The standard parameter learning approach is to compute the gradient of the

objective function, and use the gradient in an optimization algorithm like L-BFGS.
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3.5.2 Inference

The inference problem is to find the most likely sequence y for given observations
X. This is not to select a set of states that are most likely to be individually. This will
be the maximization of the number of correct situations in the sequence. The Viterbi
algorithm is applied to find the most likely sequence (Rabiner, 1989). The Viterbi
algorithm is similar to the Forward-Backward algorithm. The main difference is to

apply maximization instead of summing.

The quantity &;(s|X), which is the highest score along a path, at position j, which

ends in state s, is defined as

5;(s]X) = ) max 1p(yl,yz, w0y Yj = S|%) (3.21)

125 j—
The induction step is

8j+1(s1%) = max §;(s"). ;41 (%, 5,5) (3.22)
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CHAPTER FOUR
THE PREPROCESS, ANNOTATION AND FEATURE EXTRACTION
STAGES

4.1 Datasets

Annotated data is an important requirement when you study with machine learning
based approaches in natural language domain. The annotation stage is realized
manually by humans who have knowledge about the domain or data. But human
annotation is costly process. A major obstacle to NER on Turkish is the scarcity of

publicly available annotated corpus and morphological processing tool.

In this thesis, we introduced a new annotated dataset for Turkish NER and named
it as METU-NER, which includes our annotation of a part of METU Turkish Corpus
(Say et.al, 2002). Beside, we also used another dataset (we called ITU-NER) (Seker &
Eryigit, 2017), which includes four versions: one is used for training set (TRAIN7)
and rest are testing purposes (WFS7, IWT, TDS). We performed experimentation with
both METU-NER and ITUNER, where some properties such as tokens count and

entity distribution are given in Table 4.1.

TRAIN7 and WFS7 includes newspaper articles with nearly 500K tokens, and
annotated for ENAMEX types (Tiir et al., 2003). This dataset contains well written
text. It is also the largest dataset and widely used in Turkish NER researches. It is re-
annotated to extend the covered named entity types to TIMEX and NUMEX in (Seker
& Eryigit, 2017). Tweet Dataset (TDS) is includes 55K twit messages Twitter corpus
and type of user generated content (Celikkaya et al., 2013). TDS is collected from
Twitter and consists many exceptions and spelling error. It is re-annotated to improve

the consistency and the quality of the annotations by MUC-6 guidelines.
Sulubacak, Torunoglu-Selamet & Eryigit (2015) annotated a Turkish treebank from

the social media domain: ITU Web Treebank (IWT). IWT includes sentences in

Turkish collected from internet which are comments, reviews and posts. However,
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web users generally write spoken words in their generated content and they don’t pay
attention to correct grammar, it is full of spelling mistakes, omitting letters or replacing

them with foreign characters etc.

Table 4.1 The details of statistics for datasets

ITU-NER
METU-NER
NE type / Desc. TRAIN7 WFES7 TDS IWT
Total # of Token 444,843 24,753 46,406 43,225 628,698
4,259
Person 14,693 658 (3562 contains @) 380 15,011
Organization 9,160 410 424 401 8,600
Location 9,767 637 184 260 10,845
Time 148 19 20 9
3,018
Date 1,366 119 56 59
Money 597 41 - 45 -
Percentage 648 62 1 8 -
TOTAL NE 36,379 1,946 4,944 1,162 37,474

METU Turkish Corpus is a collection of approximately 2 million words. It has 998
XCES-tagged files on different types such as novel, story, research-survey, article,
travel, interview, memoir, news, column and essay. The distribution of the documents
in the news genre is 42% in the corpus. The each XCES-tagged file has a format of
xml based, include informative tags such as the author of the text, the paragraph
boundaries in the text, etc. The XCES is corpus encoding standard for xml. Firstly, we
stripped these informative tags to obtain the pure content. Then we manually tagged
324 documents from METU-NER with the support of 10 annotators, they are all
undergraduate students interns working on our research lab. The documents were
selected according with their weight in the count of genre distribution rate: news
45.37% (147 documents); columns 11.42% (37 documents); story 7.1% (23
documents); novel and essays 6.48% (21 documents) evenly; article 5.25% (17
documents); research-survey 4.63% (15 documents), memoir and travel 1.54% (5
documents) evenly; interview 1.23% (4 documents) and other 8.95% (29 documents).

Tagging was performed using Brat Rapid annotation tool which is an intuitive web
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based tool for text annotation supported by NLP technology (Stenetorp, Pyysalo &
Topi, 2012). While annotating, we considered that the apostrophes and the suffixes are
part of NEs. In Some dataset consider the apostrophes and the sequence of suffixes
attached to NEs as part of NE types or not. This issue is outstanding and some systems
consider part of NEs while others exclude them during annotation (Dogan Kiigiik et
al., 2017).

There are many more types of NEs than the three classical types in ENAMEX.
Sekine, Sudo & Nobata, (2002) proposed the extended named entity hierarchy, which
has 242 NE types. We handled this hierarchy as guideline for deciding these
categories. We presented this hierarchy as Turkish in our other study (Oztiirkmenoglu,
2012). Although we aimed to extract temporal type NEs at the beginning of the study,
we observed that there was confusion in the annotation step due to the difference
semantic interpretation or be less careful of annotators. Therefore, by removing the
class distinction in the temporal NEs, we reduced the NE type diversity to four types:
person, organization, location and temporal. Additionally, we labeled other tokens as

“other” which may belong to any other NEs which we don’t consider.

METU-NER contains 55,359 sentences and 628,698 tokens, in total. 37,474 NEs
(53,352 tokens) were tagged in four categories: 15,011 person names (PER), 8,600
organization names (ORG), 10,845 location names (LOC) and 3,018 temporal
expressions (TEM). In annotation results, 25,567 annotated words contain only a
token and 11,907 annotated words contain multi tokens. The annotation statistics are

given in the Table 4.2.

We prepared the guide file to annotators for helping annotation. We hosted brat
annotation tool in our web server. The annotation tool saved the annotation’s results
with boundaries of annotated named entity. The exactly matching of annotation’s
position with token’s position is important so we should be careful in tokenization
step. Figure 4.3. shows a sample annotation result, which was taken as output from
annotation. The columns are shown respectively: document name, NE type, start
position of annotation, end position of annotation and annotated words.
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Table 4.2 The distribution of named entity types in METU-NER

NE type (short name) | Total # of annotated | Annotation example

(hierarchy number) | NEs
(Total # of tokens)

Person names (PER) | 15,011 (21,597) "Sait Faik'i", "Peyami Safamin", "Rauf
Denktag'm", "Francis D.K. Ching'in", "Fatih
Terim,"”, "Atatirk’timiiz...", "Ahmet Necdet

Sezer'in"
Organization names | 8,600 (14,471) "Saglik Bakanligi'ni,", "Bakanlar Kurulu'nu®,
(ORG) "Hacettepe  Tip Fakiiltesi", "IMKB",

"Galatasaray”, "Tirkiye Biiyiik Millet
Meclisi'ni”, "Dokuz Eyliil Universitesi'nden",
"Dr. Faruk Siikan Dogumevi
Hastanesi'ndeki”,"DYP Genel Bagkanligi'na"
Location names (LOC) | 10,845 (12,176) "I[stanbul Bogazi'ndaki", "Dumlupinar'n",
"[rlanda'nin", "Yunanistan'da”, "Yenikap1 Sahil
Kennedy Caddesi'nde”, "Yahya Kaptan
Semti'nde”, "Virjin Adalar,", "Seyhnasir

Dagi'nin"
Temporal expressions | 3,018 (5,108) "XIX. yiizyil", "16-20 Temmuz 1994'de",
(TEM) "1918-20'lerde", "saat 20.30.", "Mart 1994'te",

"14.10.2002", "28 Subat", "20:12'den", "2005"

Total | 37,474 (53,352)

Table 4.3 Sample annotation output for document “23710000”

NE type Start pos. | End pos. Annotated words
ORGanization 67 86 Corum Is Mahkemesi,
ORGanization 197 217 Anayasa Mahkemesi’ne
ORGanization 260 272 Corum Barosu

PERson 288 301 Teoman Sahin,

TEMporal 1943 1953 03.01.2003

LOCation 2164 2171 Tiirkiye

PERson 2620 2636 Giindas Alasahan,

LOCation 3180 3193 Sanhurfa’nin
ORGanization 6511 6561 Karayollar1 ve Koy Hizmetleri Bélge Miidiirliiklerine

TEMporal 7393 7406 saat 10:35’te
TEMporal 11609 11620 8 Ocak 2003

4.2 Tokenization

In METU-NER dataset, we used dot (°.”), question mark (‘?’) and exclamation mark
(‘!") as delimiters for sentence segmentation. After sentence segmentation, we
tokenized data using a white-space characters and we didn’t separate any punctuation
characters from the left or right. We supposed the usage together the Carriage Returns

and Line Feed characters (‘\r\n”) as delimiters for paragraph segmentation. In ITU-
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NER datasets, all punctuation marks are considered as a token and they have no
paragraph information and their sentences are separated by an empty line. After
tokenization, we stored all token information in PostgreSQL (Stonebraker, Rowe &
Hirohama, 1990) database, together with their document number, paragraph and
sentence indexes, start and end character positions, NE type and chunks encoding

information.

Chunk is a part of named entity. In the studies, chunks are encoded in some formats
as taggers, base formats are 10, BIO and BMEWO (“Coding Chunkers as Taggers: 10,
BIO, BMEWO, and BMEWO+ | LingPipe Blog”, 2009). 10 encoding is the simplest
encoding which tags each token as either being in (I_X) a particular type of named
entity type X or in no entity (O). In BIO encoding, B shows begin-of-entity (B_X) and
I shows continuation-of-entity (I_X). In the BMEWO encoding, end-of-entity tokens
are shown with E_X and mid-entity tokens are shown with M_X, and a whole new tag
for a single-token entities are shown W_X. The system encoding format is an open
issue for NER researches (Dogan Kiiciik et al., 2017). In our experiments, we
compared the effects of encoding format. Table 4.4 shows an example of a tokenized
string, its stored information in database and its encoding using several standards. For
example; “Akgiin Petrol Istasyonu 'nun” (Akgiin Petrol Station) is an organization NE.
It has 3 tokens “Akgiin”, “Petrol” and “Istasyonu’nun”. In RAW and 10 encoding
standards, all of tokens are shown with same value as ORG in RAW, |_ORG in 10
encoding. In BIO encoding, the first token “Akgiin” is shown with B_ORG and the
other tokens are shown with I_ORG. The first token “Akgiin " is shown with B_ORG,
the last token “Istasyonu nun” is shown with E_ ORG and the other tokens “Petrol”

between first and last are shown with M_ORG.

Table 4.4 An example of tokenized sentence and its output encoding standards

Token Start End Index | RAW 10 BIO BMEWO
Menemen 1070 1077 125 LOC I LOC | B_LOC B LOC
Ilgesi'ndeki 1078 1090 126 OTH 0 0 0
Akgiin 1091 1096 127 ORG I_ORG | B_ORG B_ORG
Petrol 1097 1103 128 ORG I_ORG I_ORG M_ORG
Istasyonu'nun | 1104 1117 129 ORG I ORG | ORG E ORG
sahibi 1118 1124 130 OTH 0 0 0
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Table 4.4 continues

Muhlis 1125 1131 131 PER I_PER B_PER B_PER
Akgiin 1132 1137 132 PER I_PER I_PER E_PER
ile 1138 1141 133 OTH 0] @) @)

pompact 1142 1149 134 OTH @) O O
Giirsel 1150 1156 135 PER I_PER B_PER B_PER
Tekin, 1157 1163 136 PER I_PER I_PER E_PER
teshis 1164 1170 137 OTH 0] @) @)

i¢in 1171 1175 138 OTH 0] @) )

Odemis'e 1176 1184 139 LOC I_LOC B_PER W_LOC

getirildi. 1185 1195 140 OTH 0] @) @)

4.3 Morphological Analysis

In morphologically rich languages, like Turkish, many surface forms can be
generated from the same stem as a different training element or feature. This state
causes data sparseness problem. To overcome this problem, morphological level
processing is a requirement for Turkish NER. The outputs of morphological analysis
(stem of word, inflectional and derivational tags) are used as features in CRF model.
The outputs of morphological analysis may produce more than one analysis results, in
this state, the morphological disambiguator executes on these outputs to select the most
probable usage in the given context. In Turkish, some research groups focusing natural
language processing research are working on morphological analysis (Akin & Akin,
2007; Eryigit, 2014; Oflazer, 1993; Sahin, Sulubacak & Eryigit, 2013) and
disambiguation (Eryigit, 2014; Sak et al., 2008) particularly. It is not possible to access
many of these types of Turkish NLP tools because the researches continue or it is not

allowing unlimited usage to for a large number of tokens.

In this thesis, we used a two-level morphological analyzer (Oflazer, 1994).
However, this tool does not process tokens containing numeric letter, and punctuation
characters (except apostrophe sign) are removed from the token at the end position.
For morphological disambiguator, we selected the analysis result with the most
number of POS tags from the results of the analysis of each word. If it is equal, we
have chosen the result with the longest analysis. Table 4.5 gives an example output of

morphological analyzer and disambiguator. For example, a word “tasinmazlarin (your

45



immovables)”, the morphological analyzer returned six results. The number of result
for each distinct POS tag is equal. In this state, we selected the longest length of
morphemes after splitting ‘+’ (plus) sign. So the bold row in Table 4.5 was taken the
result of morphological

(tasi+Verb"DB+Verb+Pass+Neg"DB+Adj+AorPart"DB+Noun+Zero+A3pl+P2sg

analysis

+Nomin)?! for sample.

Table 4.5 An example result of morphological analyzer and disambiguator for “taginmaziarin”

Stem POS tag Morphemes # of morph
parts
Verb+Pass+Neg"DB+Adj+AorPart*DB+No
VAN
fast Verb"DB un+Zero+A3pl+Pnon+Gen 10
tasinmaz Noun A3pl+Pnon+Gen 3
Neg”DB+Adj+AorPart*DB+Noun+Zero+A3
tasin Verb ol+P2sg+Nom 8
Verb+Pass+Neg”~DB+Adj+AorPart*"DB+No
N\
tast yerge un+Zero+A3pl+P2sg+Nom 10
taginmaz Noun A3pl+P2sg+Nom 3
VA 1 N\
tasmn Verb Neg"DB+Adj+AorPart*DB+Noun+Zero+A3 8
pl+Pnon+Gen

4.4 The Extended Feature Set and Feature Extraction

Features are descriptors or characteristic attributes of words designed for
algorithmic consumption. The features can be generated from hand-crafted rules
(obeyed the rules or not), database lookup (existence in a dictionary or not) operations,
linguistic or syntactic rules (the right usage of capital letter or apostrophe) or extra
features for NE type to be extracted such as date, time, money, percentage expressions.

These features may take binary, numeric or nominal values. If a word is capitalized,
the feature value is true or false otherwise. A numeric attribute corresponding to the

length of token and a nominal attribute to the case version of the token such as

! The abbreviations after the plus sign stand for +Verb”DB: Verb derivation boundary, +Verb: Verb,
+Pass: Passive,+Neg"DB: Negative derivation boundary, + Adj: Adjective, +AorPart"DB: Express
perfective refer past, +Noun: Noun, +Zero: Zero derivation with no overt derivation, +A3pl: 3 person
plural aggrement, +P2sg: 2" person singular aggrement, +Nom: Nominative case
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lowercase, uppercase or mixed case. In order to use on the CRF model, we extracted
the following best-fitting features into four categories: rule based, lexical, dictionary

lookup and morphological.
4.4.1 Rule Based Features

Rule based features (RBF) are binary features. For example, the main rules
governing named entities of type person, location, and organization names in Turkish
are provided. One of them indicates if the initial letters of all tokens of the named
entities are capitalized, or not. The second one, the sequence of inflectional suffixes
added at the ends of the named entities is separated from them with an apostrophe.
Considering such rules, we defined some rules using regular expressions or regex, are
indicated by r and are given in Table 4.6. We applied them on surface form of token
which is indicated by t. Some regex rules such as allLetterUppercase,
allLetterLowercase, letterMixedcase were applied on tokens which were stripped from
numeric and punctuation marks with regexp_replace function. We applied regex rules
on inputs using regexp_matches function. The generalization formula of this case is
shown below in 4.1. When the given states are met, they get true (1) value, otherwise
false (0) value. In Table 4.6, the second column for each rule shows the short code
using in our system. The rules of 20,21 and 22 are presented as extra features for
TIMEX and NUMEX types in Seker and Eryigit (2017)’s study.

1,if t matches with r

0, other case (4.1)

fe ={

e RBFL1: If the token contains only uppercase letter and then dot sign.
e RBF2: If the token contains only uppercase letter.

e RBF3: If the initial letter of token is in upper case.

e RBF4: If the all letters of token are in upper case.

e RBF5: If the all letters of token are in lower case.

e RBF6: If the token contains together upper and lower case letters.

e RBFT7: If the token contains only digits.
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e RBF8: If the token contains least a digit.

e RBF9: If the token ends with dot sign.

e RBF10: If the token ends with comma sign.

e RBF11: If the token ends with punctuation marks (without apostrophe
character).

e RBF12: If the token contains any punctuation marks (without apostrophe
character).

e RBF13: If the token contains the dash character.

e RBF14: If the token contains the slash character.

¢ RBF15: If the token contains the apostrophe character.

e RBF16: If the sequence of characters in token is like date expression.

e RBF17: If the sequence of characters of token is like time expression.

e RBF18: If the token is like a web site address (i.e. http://fbe.deu.edu.tr).

o RBF19: If the token is like an e-mail address (i.e. http://fbe.deu.edu.tr).

e RBF20: If the token contains the percentage character.

e RBF21: If the token starts with the term of ‘saat’.

e RBF22: If the token contains the column indicator character.

Table 4.6 The details of regular expressions used in rule based features

#RBF Description Regex Example
1 | singleUppercaseWithDot NA-ZIGUSOCAEIUE][.]$ S.
2 singleUppercase NA-ZIGUSOCAEIUE]{1}$ T
3 firstLetterUppercase NA-ZIGUSOCAEIUE]+.*$ Osmanl
4 allLetterUppercase NA-ZIGUSOCAEIUE]+$ TBMM
5 allLetterLowercase Na-zgiiisocaciaé]+$ teknoloji
~(2=*[a-zgiisocAciac]) (2= [A-
6 letterMixedcase ZiGUSOCAEIUE])A[a}—Azg{iiséqééiﬁéA— Anadolu
ZIGUSOCAEIUE]+$
onlyDigit AN]+$ 2002
leastAdigit A*N\d]*$ 1943'e
9 finishwithDot LIS hesaplaniyor.
10 finishwithComma LIS Atatiirk,
N A\ =910, * - 6
11 finishWithPunctuation ALY \""',; Wt &S@=\N{HOV<V> Hititlere,
— \><»-...]8
. . A A2 &S @ =\ { P (V<> o
12 containsPunctuation "\ >y, 4$ (TUSIAD)
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Table 4.6 continues

13 containsDash AX[-1.*$ televizyon-radyo
14 containsSlash AX[N.*$ 25-27/EKim/2002'de,
15 containsApostrophe AF[ML*S Ankara'da
~(0?[1-9]|[12][0-9]|3[01])[."-,/1(0?[1-
16 hasDate . - 37373
9]11[012])[."- /(d{4}Hd{2})+*$
17 hasClock N([01]?7[0-9]|12[0-3])[.:]([0-5][0-9])+.*$ 10,57
A(http:VWwww. https: VVwww\. |http: V| www.sanalkutuphan
18 isURL https:VV)?[a-z0-9]+([\-\.]{1}[a-z0- ' e net
9]+)*\.Ja-z]{2,5}(:[0-91{1,5})?(V.*)?$ '
. . N[A-Za-z0-9._%-]+@[A-Za-z0-9.- ismetsalu2003@yah
19 isEmailAddress 1+[][A-Za-2]+$ 00.COM
20 contalnsPerr]centageS|g A X[96] %$ 99.9%
21 containsOclockTerm "saat.*$ saatlerinde
containsColumnlindica ) .
22 torSign e M At Bilge'ye:

4.4.2 Lexical Features

Lexical features (LF) are extracted via user defined database functions. Some
operators and functions are used in these functions such as char_length, array_length,
regexp_replace, regexp_matches, min and max etc. The some features (LF2, LF5 and
LF6) are defined below are presented in Seker and Eryigit (2017)’s study.

LF1-get_char_length: We calculate a length of the token using char_length function.
It is indicated using “charlen” prefix to length value in a sequence of token. For token
“Atatiirk,”, this feature is "charlen8".

LF2 - get_numeric_pattern_value: This feature is used for numeric tokens and is
extracted using regex that is applied on tokens. We used 1 for integer tokens between
[1,12], 2 for integer tokens between [13,31], 3 for integer tokens between [32,2020],
4 for other integer tokens and 5 for non-numeric tokens. After extracting the value,

this feature is indicated by “nv” prefix to value such as “nv4” for token of “1923”.
LF3 - position_in_sentence: We used the “B”, “1”, “E” tags with “position” prefix as

the value of this property, depending on whether the current token was at the

beginning, end, or middle of a sentence. For example, for this feature, a token of
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“Tiirkiye 'nin” is shown as “positionB”, “Ankara’daki” is shown as “positionl” and
“stiriiyor” is shown as “positionE” which these tokens are existed in this sample
sentence: “Tiirkiye'nin Bagdat Biiyiikelgisi ve Irak'n Ankara'daki Biiyiikelgisi

araciligiyla gériismelerimiz siiriiyor.”.

LF4 - get_pattern_of surface: When extracting the value of this feature, we aim to
create a pattern template based on the letters in each token. We changed uppercase
letters with “X” letter, lowercase letters with “X” letter, numeric letters with “d” and
punctuation marks with “p” letter into each token. For example, the tokens “2002 'de”,

“Ankara’da” is shown as “ddddpxx”, “Xxxxxpxx” respectively.

LF5 - g_case_feature: If all the letters of a token consist of uppercase letters, we used
the tag "UPPERCASE" and "LOWERCASE" if all the letters were lowercase. If the
token contains at least both uppercase and lowercase letters, we used the tag
"MIXEDCASE". If the initial letter in the token is capital, we used the
"PROPERCASE" tag.

LF6 - g_position_in_sentence: This is similar to the LF3 feature. Unlike LF3 feature,
we are interested in whether the current token is the first word of the sentence.
Considering the example sentence in LF3, “Tiirkiye 'nin” is shown as “positionB” and

the other tokens are shown as “positionNotB”.

4.4.3 Dictionary Lookup Features

The two types of dictionaries, (base and generated) for different NE genres that were
created by collecting from different sources, are used. The records in the dictionaries
are separated by lines and may include multiple token records. Dictionary lookup
features (DLF) are binary features. If the token (stem of the word or surface form of
word) exists in the corresponding dictionary, feature has a value of 1 or 0 otherwise.
When searching in dictionaries consists multiple token records, we created a recursive
method in which the consecutive token is searched sequentially and the search process
continues as the result returns. In this method, we removed apostrophe and its right
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context from tokens so we used nearly surface forms of word. In this way, when we
analyzed the records in basic first person names (“AHMET HAMDI”, “YAVUZ
SELIM” etc.), surnames (“OGER YAMAN”, “CETIN ALTAY” etc.) and location
(“UGUR MUMCU MAH.”, “PAPUA YENI GINE” etc.) dictionaries, we found that the
results would be more successful. When searching in dictionaries with multiple tokens,
a match between one of the tokens in the dictionary and the stem of the current token
was searched. The generator dictionaries, which are rather smaller than base
dictionaries. The records in generator dictionaries consists of some frequently pre-
words or suffix words to derive NEs. Table 4.7 provides the number of tokens in each
dictionary. In dictionary lookup process, we pay attention to the encoding standard
(UTF-8) and converting the tokens to uppercase letters considered the conversion of

Turkish letters and so normalize them.

Table 4.7 The count of distinct tokens in dictionaries

#DLF Dictionary name Type | Has multi token | # of tokens
1 (Z';it rg;izi ril;rznf En 5e6 base no 6,722
2 Gazetteer (Cografi Yer)'®'° base yes 35,218
3 Abbreviations (Kisaltmalar)™ base yes 1,043
4 Occupations (Meslekler)*? base yes 734
5 Temporal (Tarih,Zaman) generated no 42
6 Numeric (Sayi,Siralama) generated no 61
7 Currency (Para Birimleri) generated no 11
8 Pre- and Suf- Words

(On ve Son Ek Kelimeler) generated no 172
9 First name (Isim) base yes 86,561
10 Surname (Soyisim) base yes 146,923
11 Gazetteer (Cografi Yer) base yes 38,079
12 Month Names (Ay Isimleri) base no 12
13 Title (Unvan) generated no 22

2 https://gist.github.com/emrekgn/b4049851c88e328c065a

% https://tr.wiktionary.org/w/index.php?title=Kategori: Tiirkce _erkek adlari

4 https://tr.wiktionary.org/wiki/Kategori: Tiirk¢e kiz_adlari

5 https://gist.github.com/emrekgn/493304c6445de15657b2

® https://tr.wiktionary.org/w/index.php?title=Kategori:Tiirkce soyadlar

7 http://postakodu.ptt.gov.tr/Dosyalar/pk_list.zip

8 http://www.tanitma.gov.tr/TR,22861/ulke-telefon-kodlari.html

% https://tr.wikipedia.org/wiki/Ulkeler_listesi

10 https://help.surveymonkey.com/articles/tr/kb/Do-you-have-a-list-of-countries
11 http://ww.tdk.gov.tr/index.php?option=com_content&id=198:Kisaltmalar
12 https:/ftr.wikipedia.org/wiki/Meslekler_listesi
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Table 4.7 continues

14 Location Generator (Yer Tiireteg) generated no | 45
15 Organization Generator (Kurum Tiireteg) generated no | 60
16 Currency (Para Birimleri) generated no | 29

In Table 4.7, the dictionaries between DLF9-DLF16 were taken from Seker and
Eryigit (2017)’s study. We have gathered the records are stored into between DLF1-
DLF8 from different web resources and imported them distinctly into dictionaries.
Some generator dictionaries are generated manually which are used mostly frequent
words with NEs as prefix or suffix words such as “TL”, “dolar”, “kurus”, “Eylil”,
“Persembe”, “yetmisinci”, “onalti”, “milyon”, “dernek”, “fakiilte”, “mahalle”,
“sokak”, “kuliip”, etc. In Table 4.8 shows the expanded dictionaries by combining
dictionaries starting with DLF1-DLF8 and DLF9-DLF16 in uniquely.

Table 4.8 The count of distinct tokens in dictionaries

#DLF Dictionary name Type Has multi token | Count of tokens
17 First name (Isim) base yes 98,628
18 Surname (Soyisim) base yes 151,445
19 Abbreviations

(Kisaltmalar) base yes 1,045
20 Gazetteer (Cografi Yer) base yes 65,391
21 Occupations (Meslekler) base no 586
22 Location generator (Yer generator no 100
Tiireteg)
23 Organization Generator
(Kurum Tiiretec) generator no 146
24 Temporal (Tarih,Zaman) | generator no 49
25 Numeric (Sayi,Siralama) | generator no 61
26 Curr-er_wcy (I?ara generator no 36
Birimleri)
27 Organizations (Kurumlar) base yes 3,186

4.4.4 Morphological Features

Morphological features (MF) are extracted from analysis produced after the
morphological analysis and disambiguation processing of each token. We emphasized
the importance of this process and open research issue according to morphological rich

languages in previous section.
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MF1 — ko_stem: The stem information is extracted from morphological analysis of

token is introduced in Section 4.3.

MF2 — ko_pos: In morphological sequence, the first part of analysis after the stem is
considered to the value of this feature as Part-of-Speech (POS) tag.

MF3 —ko_morpheme: All inflectional tags after the POS tag. For example, the feature
value will be “tasi+Verb+Pos"DB+Adj+PresPart” for the word “tastyan (bearing)”

with the morphological analysis.

MF4 — ko_prop: The “+Prop” tag exists in morphological analysis or not. It is
indicated as binary feature 1 or 0.

MF5 — ko_nouncase: If a morphological analysis contains one of the following
values: Nominative (NOM), Accusative (ACC), Dative (DAT), Ablative (ABL),
Locative (LOC), Genitive (GEN), Instrumental (INS) and Equative (EQU), this feature

is 1 and otherwise 0.

MF6 — normalized_form: We converted all letters in surface form of token to lower

case for normalizing tokens.

MF7 — g_pos: The last part of analysis in morphological analysis after the stem is
considered to the value of this feature. In morphologically rich languages, the usage of
derivations may change their part of speech categories. The final form determines its
POS-tag in a sentence. If the tokens separated by apostrophe from the proper nouns,

this feature value is assigned with a special POS tag “APOST”.
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CHAPTER FIVE
METHOD

5.1 Overview

Classifiers only predict a single class variable. The classification is predicting a
single class variable y given a factor of features x = {xy, x,, ..., x;}. Graphical models
provide to model many interdependent variables. The simplest form of dependency, in
which the output variables in the graphical model are arranged in a sequence. Thus,
we aim to design a model for NER task. The NER task is, for a given sentence, to
segment which words are part of an entity, and to classify each entity by type (person,
organization, location, and so on). The challenge of this task is that many NE strings
appear even in a large set of training, so the system should only define them on the

basis of content.

An approach to the NER is to classify each word independently as NE types or not.
The problem with this approach assumes that all NE tags are independent, according
to the input. In fact, neighboring words are dependent on named entity tags; for
example, “Mustafa Kemal ” is a person, “Mustafa Kemal Mahallesi (Mustafa Kemal
District)” is a location. One way to loosen this assumption of independence is to
arrange the output variables in a sequence or linear chain. The basic IE technique is to

treat the problem as a sequence labeling problem such as POS tagging and NER.

In this chapter, we present more details about two approaches we proposed for NER
system, where we used MALLET toolkit (McCallum, 2002). Before worked on
MALLET, we experimented to perform HMM and CRF models using some tools.
Firstly, we worked on the development of our own tools, which can apply HMM and

CRF models on sequential data, are shown in Figure 5.1, 5.2 and 5.3.
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ORG PER LOC TEM  OTH END
ORG |0,123287671232) ORG 0,348 |o,1101 |0 | |0,009| |[0,486] |0,045i]

PER  [0,123287671237]  PER 0,038 |0,538| [0,067] |0,008| [0,343 |0,004]

Loc  [0,054794520547] LOC 0,054/ |o,120) (0,307 (0 | |0494] [o,021]

Tem 0198630136986  TEM 0,024 |0,097] |0,012]
OTH 0,028 |0,043| 0,025

0,256| [0,390] |0,219

oTH 0,018 [0,802| |0,081

Figure 5.1 The calculation of initial probabilities in our own tool

Emission===>(Adana),==>{ORG;0;0}#{PER; 0;0}#{L0C; 1;0,009523809523 80952 1#{TEM; 0;034{0TH;0;08  ~
Emission===(Altay).==>{ORG;1;0,0084745762711864434{PER;0;0}#{LOC;0;0}#{TEM;0;0}#{0TH;0;0}
Emission==>(Ankara),==>{ORG;0;0}#{PER;0;0}#{L0C;5;0,0476 190476190476 J#{TEM;0;0}#{0TH;0;0}
Emission===>(Ankara).==-{ORG;0;0}#{PER; 0;03#{L0C; 1;0,00952380952380952}#{TEM; 0;034{0TH;0;0}
Emission===(Balikesir),==={ORG;0;0}#{PER;0;0}#{L0C;1;0,00952380952380952}#{ TEM; 0;0}#{0TH;0;0}
Emission==>(Besiktas),==>{ORG;1;0,00847457627118644}4{PER;0;0}#{LOC;0;0}#{TEM;0;0}#{0TH;0;0}
Emission===(C.Dardanelspor),==={0RG;1;0,00847457627118644}#{PER;0;03#{LOC; 0; 03#{TEM;0;03#{OT!
Emission===(Fenerbahce),==>{0RG; 1;0,00847457627118644}#{PER;0;0}4{L OC;0;03#{TEM; 0;0}#{0TH;0;
Emission==>(Galatasaray),==>{ORG; 1;0,00847457627118644}#{PER; 0;03#{LOC;0;0}#{TEM;0;03#{0OTH;0;
Emission===(IBF)==-{0RG; 1;0,008474576271186443#{PER;0;034{L0OC;0;034{TEM;0;03#{0TH;0;0} v

Figure 5.2 The calculation of emission probabilities in our own tool

|T0plar1tlya katilan Genglik ve Spor Genel Miidiir Viekili Sezai Bagbasi, Karadeniz'de Trabzon agirhikh olmak iizere 7 ilde 1'i gdsteri 15 dalda yapilacak spor m

Karabiiksporlu baz ydneticiler ile Fenerbahge Kullip Bagkam Aziz Yildinm arasinda da sizlii tartigma yagsandh. ~
Toplantiya katilan Genglik ve Spor Genel Miidiir Vekili Sezai Bagbasi, Karadeniz'de Trabzon agirhikh olmak iizere 7 ilde 1'i gisteri 15 dalda yapilacak spo
Genglik ve Spor Genel Miidiirliigii Tesisler Daire Bagkam Sinan Kiksal da eksikliklerin zamamnda giderilmesi igin cahigtiklanm sGyledi. w
START ~
===>fiINITIAL===>t=0RG===>w=0,123287671232877

===>fiINITIAL===>t=PER===>w=0,123287671232877

===>fiINITIAL===>t=L0C===>w=0,0547945205479452

===>fiINITIAL===>t=TEM===>w=0,198630136986301

===>f:INITIAL===>t=0TH===>w=0,5

>t=0TH====>max=0,5===>max_index=4
katilan

===>fi0RG===>t=0RG===>w=0
===:fi0RG===>t=PER===>w=0

===3f:0RG===:t=L O0C===>w=0
===3f:0RG===3t=TEM===>w=0
===>f:0RG===>t=0TH===>w=0
===3f:0RG===>t=0RG===>max=0===>max_index=0
===>fiPER===>t=0RG===>w=0
===>fiPER===>t=PER===>w=0
===>fiPER===>t=L0C===>w=0
===:fiPER===>t=TEM===>w=0
===>fiPER===>t=0TH===+w=0
===>f;PER===>t=0RG===>max=0===>max_index=0 w

START-OTH-OTH-OTH-PER-PER-PER-PER-PER-PER-PER-PER-LOC-LOC-OTH-OTH-OTH-0TH-OTH-OTH-0TH-TEM-OTH-0TH-OTH-OTH-OTH-OTH-OTH-OTH-OTH-OTH-TEM:

Figure 5.3 The inference step in our own tool

Then we tried to develop the models on Weka (Hall et al., 2009). We performed

some preprocessing steps such as the conversion of text to a particular format as shown
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in Figure 5.4. The file contains two parts. The first part contains descriptive
information about the features. In data part, a line specifies each sentence and a line
contains the values of features of each token in a sentence and the features are
separated sequentially by a comma for each token. We used Line Feed (\n) character
to separate tokens. After expressing the sequence of feature’s value for tokens are
existed in a same instance between double quotes, we showed the class label to the end
of the line after the comma. Weka doesn’t support CRF model. Then, we used R Studio
(RStudio Team, 2015) due to the speed of data processing and the available libraries.
We worked to implement feature extractor engine in R and the sample result for an

initial matrix is shown in Figure 5.5.

fBrelation nmetu-corpus-token-disambiguated

Battribute bag relational
@attribute firstLetterUppercase {1,0}
@attribute letterMixedcase {1,0}
@attribute leastadigit {1,0}
@attribute finishWithPunctuation {1,0}
@attribute containsPunctuation {1,0}
@attribute containsipostrophe {1,0}
@attribute getCharacterLength numeric
@attribute existInPersonNameDict {1,0}
@fattribute existInNumberDict {1,0}
@attribute existInDatetimeDict {1,0}
@attribute existInCountryCityTownDict {1,0}
@attribute resultCcfoflazerResultPosTag {1,2,3,4,5,6,7,6,9%,10,11,12,13,14,15}
@attribute containsPropTag {1,0}
@attribute positionInSentence {1,2,3}

Bend bag

@attribute ne type {PER,ORG,TEM,LOC,OTH}

Bdata
",1,0,0,0,0,3,0,0,0,0,6,0,1\no0,0,0,0,0,0,8,0,0,0,0,1, 0, 2\no0, 0,0,0, 0,0, 3,0,1, 0,0, 6,0, 2\no0,0,0,1,0,0,6,0,0,0,0,1,0,3",0TH

Figure 5.4 The arff file for HMM classifier using rule-based features in Weka

.

1 0.08823529 0.03623507 0.04275574 0.0358498%9  0.796924

Figure 5.5 The sample results of initial matrix in R Studio.

After the examinations we have made using the tools mentioned above, we
developed HMM and CRF models using MALLET. HMM was successfully applied
to IE as being a sequence-labeling tool. However, HMM has difficulty modeling for
non-independent features that overlap each other. For example, an HMM might
specify which word x is likely for a given label y via p(x|y). But often the POS tag,
as well as that of the surrounding words, character n-grams, capitalization patterns all
carry important information. HMM cannot model them easily because the generative

story limits what can be generated by a state variable.
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The other method is CRFs are distinctive graphical models that model these

overlapping, non-independent features. A special case, the linear chain CRF, can be

considered as an undirected graphical model version of HMM. It is as efficient as

HMMs, where the sum-product algorithm and max-product algorithm are still

applying. In a different dimension, HMMs are the sequence version of Naive Bayes

models, and linear chain CRFs are the sequence version of logistic regression.

In this thesis, the basic components of the designed system closely follow as shown

in Figure 5.6.
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Figure 5.6 General architecture of our proposed NER system
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5.2 HMM Based System

In our initial experimentations, we aimed to build HMM using multi features for
each token, to apply the formulas of HMM as detailed in Section 3.3 and to perform
the calculations as in the following example. An example of Hidden Markov model
for a short sample sentence, which has three tokens, is shown in Figure 5.10. The steps
in the HMM model for the sample sentence are shown below. We selected a sample
sentence exist in the document “00017113” from METU-NER and its tokens and
features are shown in Figure 5.7,5.8 and 5.9. We divided instances in the document as

the rate of 66% training set (93 sentences) and the rest as test set (50 sentences).

e The state space:
S = {s4,5,,53,54,Ss}, N =5

S = {PER,ORG,LOC,TEM,OTH}

e The selected features:

{"firstLetterUppercase","leastAdigit","containsApostrophe","getCharacterLength"”,"positionl

nSentence","existinCountryCityTownDict"}

e A sample test instance/sentence (sentence_id 3703):
“1951-52 arasi Paris 'tedir.” (Between 1951-52, he/she is in Paris.)

1951-52 feature (revexistinCountryCityTownDict) = 1.0 feature(positionE)=1.0
feature(charlen?)=1.0 feature({revcontainsApostrophe)=1.0 feature(leastAdigit)=1.0
feature(revfirstLetterUppercase) = 1.0 property{revfirstLetterUppercase) =1.0
property{leastAdigit)=1.0 property(revcontainsApostrophe)=1.0 property({charlen7)=1.0
property{positionB)=1.0 property{revexistinCountryCityTownDict)=1.0

Figure 5.7 The features of 1st token (true NE type is TEM): “1951-52”

aras| feature(revexistinCountryCityTownDict)=1.0 feature(positionI)=1.0 feature(charlen5)=1.0
feature(revcontainsApostrophe) = 1.0 feature(revieastadigit)=1.0
feature(revfirstLetterlUppercase)=1.0 property({revfirstLetterUppercase)=1.0
property(revieastAdigit) =1.0 property(revcontainsApostrophe)=1.0 property(charlen5)=1.0
property{positionI) = 1.0 property({revexistinCountryCityTownDict)=1.0

Figure 5.8 The features of 2nd token (true NE type is OTH): “arasi”
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Paris'tedir. feature(existinCountryCityTownDict)=1.0 feature{positionE)=1.0
feature(charlen12)=1.0 feature(containsApostrophe) = 1.0 feature(revieastAdigit)=1.0
feature(firstLetterUppercase)=1.0 property(firstLetterUppercase)=1.0
property{revieastadigit) =1.0 property{containsApostrophe) = 1.0 property(charlen12)=1.0
property{positionE) = 1.0 property{existinCountryCity TownDict)=1.0

Figure 5.9 The features of 3rd token (true NE type is LOC): “Paris 'tedir.”

Y (PFOTHTEM)P(WOTH) o ’ 28
> Az

YerRmmoRETR) .‘2“), 5

|
Y EEERTEM)*RPER) ="2“> “ ]

Parisf’ren‘ir.
ORG

1951-52
TEM

1, sentence

False

HH
5118
\
W
SIIENE

H
I
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Figure 5.10 An example of our proposed HMM system

e The calculation of initial (prior) probabilities:
= [r;]

TTpERr = 027, TorGg = 00, Troc = 004‘, TrEM = 009, Tory = 0.60
6

Zﬂi=1

i=1

Tpgr Enp = 0.01; o gnp = 0.0; Toc gnp = 0.01; Trpm gnp = 0.0; Tory gnp = 0.98

e The calculation of transition probabilities:

A =a;j]where a;; = P(qry1 =sjlqr =si), 1<j<N,1<m<M
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Loc0.29 067 0 004 O
OTH [0.03 0.93 0.01 0.02 0.01}
A= PER|0.05 047 045 0.02 0.01

TEM[0.06 043 0 051 oJ
oRGLo o o o0 1

e The calculation of emission probabilities:

B = [bj(m)| where b;(m) = P(0; = vyl g =5;), 1<j<N,1<m<M

V ={vy,05,V3, ..., 05}, M = 28
V={"revexistinCountryCity TownDict","positionB","charlen7","revcontainsApostrophe","re
vleastAdigit", "firstLetterUppercase”, positionl”,"charlen10","revfirstLetterUppercase”, "char
len6","charlen8","existinCountryCityTownDict","charlen5","charlen3","positionE","charlen
11" "containsApostrophe”,"charlen9","charlen2","charlen4","leastAdigit","charlenl","charle
n12","charlen15","charlen13","charlen16","charlen14","charlen17"}

6
by 1oc (existinCountryCityTownDict) = T3 0.11

b istinCountryCityTownDict) = ——= = 0.007
2 oty (existInCountryCityTownDict) T

b3 rgy (existinCountryCityTownDict) = yrin 0

6
b, pgr (existinCountryCityTownDict) = 93 = 0.065

bs_or¢ (existInCountryCityTownDict) = i 0.052

The steps taken in the MALLET toolkit are as follows, respectively. After applied
this step for a sample test sentence, the output is shown in Figure 5.11. The first column
shows the token, the second columns show its features and the next columns are shown
correct label, predicted label and the flag (‘T” or ’F’) of comparison result of correct

and predicted labels.

1951-52 revexistInCountryCityTownDict positionB charlen7 revcontainsApostrophe leastAdigit
revfirstlLetterUppercase TEM TEM T

arasi revexistInCountryCityTownDict positionI charlend revcontainsApostrophe revleastAdigit
revfirstlLetterUppercase TEM TEM T

Paris'tedir. existInCountryCityTownDict positionE charlenl2 containsApostrophe
revleastAdigit firstLetterUppercase LOC e T

Figure 5.11 The HMM result output of an example test sentence
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1. The sentences in the documents to be used for the training and test dataset are

converted to objects from the "instance" class, which is a mallet type.
trainingInstances.addThruPipe (new LineGrouplterator (new
BufferedReader (new InputStreamReader ( (new
FileInputStream(trainingFilename)))),
Pattern.compile (""\\s*$"), true));
testingInstances.addThruPipe (new LineGrouplterator (new
BufferedReader (new InputStreamReader ( (new
FileInputStream(testingFilename)))),

Pattern.compile (""\\s*$"), true));

2. The base structure of HMM is built.

HMM hmm = new HMM (pipe, null);

3. The states are generated using labels to create a first-order Markov model, the
transitions are defined between these states and the values of initial, transition,
emission and end probability matrixes are calculated.

hmm.addStatesForLabelsConnectedAsIn (trainingInstances);

4. The trainer model is built.
HMMTrainerByLikelihood trainer = new

HMMTrainerByLikelihood (hmm) ;

5. The values of precision, recall and F1-score are determined on a per-class basis

for training and testing instances.

TransducerEvaluator trainingEvaluator = new
PerClassAccuracyEvaluator (trainingInstances,
"training");

TransducerEvaluator testingEvaluator = new

PerClassAccuracyEvaluator (testingInstances, "testing");
After the fifth step, the training process starts. This process continues until the

convergence value or the number of iterations given as parameters. The convergence

value is changeable and we used 0.001 as it in our experiments. As default, MALLET
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has full dynamic programming implementation of the Forward-Backward "Sum-
(Product)-Lattice” algorithm. The size of generated lattice is related to input size and
the number of states. When the lattice is actually sparse, especially when the number
of states is large and the input/sequence is long, it is not very efficient. In the first step
in lattice, we take the values of initial probabilities as an alpha value. The weights are
calculated and normalized for each state’s transition alternatives using Forward

algorithm.

while (pl2i.hasNext()) {
pl2i.next();
String key = pl2i.getKey();
logEmissionProb =
hmm.emissionMultinomial [ ( (Alphabet)es.getAlphabe
t()) .lookupIndex (key)].
logProbability (destIndex) ;
double logTransitionProb2 =
hmm.transitionMultinomial
[source.getIndex ()] .logProbability (source.destin
ationNames [transIndex]);
weights[transIndex] += (logEmissionProb *

logTransitionProb2) ;

The gamma values are calculated using Backward algorithm.

gammas [latticelLength - 1][i1i] = nodes[latticelength -
1] [i].alpha + nodes[latticelLength -
1] [i] .beta - totalWeight;

6. Next, MaxLatticeDefault method initializes the forward path or Viterbi

Forward.
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5.3 CRFs Based System

After our initial experimentations, we built CRF using MALLET to apply the
formulas of CRF as detailed in Section 3.5 and perform the calculations as in the
following example. We used the same sentence with CRF which has three tokens is
used with HMM. The steps in the CRF model for the sample sentence are shown
below. The tokens and features are shown in Figure 5.12,5.13 and 5.14 for window

size [-1,+1]. We used the same ratio of distribution for training and test sets.

1951-52 feature(revfirstLetterUppercase @ 1) = 1.0 feature(revieastAdigit@1)=1.0
feature(revcontainsApostrophe@1)=1.0 feature(charlen5@1)=1.0 feature(positionI@1)=1.0
feature(revexistinCountryCityTownDict@1)=1.0 feature (<STARTO>=@-1)=1.0
feature(revexistinCountryCityTownDict)=1.0 feature(positionB)=1.0 feature{charlen?)=1.0
feature(revcontainsApostrophe)=1.0 feature(leastAdigit)=1.0
feature(revfirstLetterUppercase)=1.0

Figure 5.12 The features of 1st token (true NE type is TEM): “1951-52”

arasl feature(firstLetterlppercase@1)=1.0 feature(revieastAdigit@1)=1.0
feature(containsApostrophe@1)=1.0 feature(charlen12@1) = 1.0 feature{positionE@ 1)=1.0
feature(existinCountryCityTownDict@ 1) =1.0 feature(revfirstLetterUppercase @-1)=1.0
feature(leastAdigit@-1)=1.0 feature(revcontainsApostrophe @-1)=1.0
feature(charlen7@-1)=1.0 feature{positionB@-1)=1.0
feature(revexistinCountryCityTownDict@-1)=1.0 feature(revexistinCountryCityTownDict)=1.0
feature(positionI)=1.0 feature(charlens)=1.0 feature({revcontainsApostrophe)=1.0
feature(revleastAdigit)=1.0 feature({revfirstLetterlUppercase)=1.0

Figure 5.13 The features of 2" token (true NE type is OTH): “arast”

Paris'tedir. feature{<ENDO=>@1)=1.0 feature(revfirstLetterUppercase @-1)=1.0
feature(revieastadigit@-1)=1.0 feature{revcontainsApostrophe@-1)=1.0
feature(charlens@-1)=1.0 feature(positionl@-1)=1.0
feature(revexistinCountryCityTownDict@-1)=1.0 feature(existinCountryCityTownDict) =1.0
feature (positionE)=1.0 feature(charlen12)=1.0 feature{containsApostrophe)=1.0
feature(revieastadigit)=1.0 feature(firstLetterlippercase)=1.0

Figure 5.14 The features of 3 token (true NE type is LOC): “Paris 'tedir.”

The steps taken for a linear-chain CRF model in the MALLET toolkit are as
follows:

1. The conjunctions matrix is created according to window size.

2. The given documents exist in training and test dataset are converted to

“instance” which is mallet type.
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3. The base structure of CRF is built and the default sum-product and max-
product inference engines initializes. The input alphabet is shown in Figure
5.15. The output alphabet contains LOC, OTH, TEM, PER, ORG.

CRF crf = new CRF (trainingData.getDataAlphabet (),
trainingData.getTargetAlphabet()) ;

sumLatticeFactory = new SumLatticeDefault.Factory();

maxLatticeFactory new MaxLatticeDefault.Factory();

"revfirstLetterUppercase@l";"revleastAdigit@l"; "revcontainsApostrophe@l"”;"charlen5@1";"positionI@1"
;"revexistInCountryCityTownDict@l"; "<STARTO0>@-1";"existInCountryCityTownDict";"positionB"; "charlenl
1";"containsApostrophe”;"revleastAdigit";"firstLetterUppercase";"charlen9@l";"firstLetterUppercasef@
—-1";"revleastAdigit@-1";"containsApostrophe@-1";"charlenll@-1";"positionB@-1";"existInCountryCityTo
wnDict@-1"; "revexistInCountryCityTownDict";"positionI"; "charlen5";"revcontainsApostrophe";"revfirst
LetterUppercase";"charlen2@l";"revfirstLetterUppercase@-1";"revcontainsApostrophe@-1";"charlen5@-1"
;"positionI@-1"; "revexistInCountryCityTownDict@-1";"charlen9";"charlen7@1";"charlen9@-1"; "charlen2"
;"charlen8@1";"charlen2@-1"; "charlen7";"leastAdigit@l"; "charlen3@l";"charlen7@-1";"charlen8";"charl
enB8@-1"; "charlen3";"leastAdigit";"charlenll@l";"leastAdigit@-1";"charlen3@-1";"charlen4@l"; "positio
nE@1";"<ENDO>@1";"positionE";"charlend4";"charlenl2";"firstLetterUppercase@l";"charlenl2@-1";"charle
n6@l";"containsApostrophe@l"; "charlenl0@1"; "charlené";"charlen6@-1";"charlenl0";"charlenlO@-1";"cha
rlend4@-1";"charlenl5@1";"charlenl5";"charlenl5@-1";"charlenl@1";"charlenl";"charlenl@-1"; "charlenl?2
@l";"charlenl6@l"; "charlenl6";"charlenl6@-1";"charlenl4@l";"charlenl4";"charlenl4@-1";"charlenl3@1l"
;"charlenlB";"charlenlS@fl";"ex13t1nCountryC1tyTownDict@l";"charlenl?@l";"charlenl?";"charlenl7@flﬂ

Figure 5.15 The input alphabet into CRF model for a sample sentence

4. A new empty Factors with a new empty weightsAlphabet are constructed.

5. The finite state machine is constructed.

crf.addFullyConnectedStatesForLabels() ;

6. The model’s weights are initialized.

crf.setWeightsDimensionAsIn (trainingData, false);

7. Label likelihood model is built (8 threads were used in our experimentations)

CRFOptimizableByBatchLabellLikelihood batchOptLabel = new
CRFOptimizableByBatchLabellLikelihood(crf, trainingData,
numThreads) ;

optLabeld = new ThreadedOptimizable (batchOptLabel,
trainingData, crf.getParameters () .getNumFactors (), new
CRFCacheStaleIndicator (crf)) ;

optLabel = optlLabeld;

8. The constraints are set by running forward-backward with the output label
sequence provided.
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gatherConstraints(ilist);

9. The optimization is initialized and the new threads starts. Each thread has total
number of factors. The tasks create that are executed in parallel and each task
looks at a batch of data. The number of instances per batch are calculated.

batchCachedGradient.add (new double [numFactors]);

int numBatchInstances = trainingSet.size() / numBatches;

this.createTasks () ;

10. CRF trainer is built (using L-BFGS as the optimizer)

11. All setup is done, the training process continues until the convergence value is

reached.
crfTrainer.train(trainingData, (iterationCount == 0 ?

Integer.MAX VALUE : iterationCount));

12. A transducer model is evaluated and the precision, recall and F1 scores are
calculated. The predicted output for a test sentence is shown in Figure 5.16.

evaluator.evaluate (crfTrainer, true,
resultFile,printDetailOutput) ;
Sequence trueOutput = (Sequence) instance.getTarget();
Sequence predOutput = model.transduce (input) ;
public Sequence transduce (Sequence input)
{
return maxLatticeFactory.newMaxLattice (this,

(Sequence) input) .bestOutputSequence () ;

Mame Type Value String value
—<>preu:|0u1q:uut ArraySeguence | #705 | TEMTEM OTH
= <@ data Object[] | #718(ength=3) | #7180ength=3)
& 0] String | TEMT | EMT
@1 String e | TEMT
@12 String . O .| OTH"

Figure 5.16 The predicted output by CRFs for an example test sentence
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CHAPTER SIX
EXPERIMENTATIONS AND RESULTS

We applied on a set of experiments under different conditions in order to evaluate
the performance and the behavior of the proposed NER method on using HMM and
CRFs approaches. In all experiments, we used MALLET toolset, which is a Java based
package for statistical natural language processing. The main objectives of the
experiments are selecting the best-fitting feature set, make a comparison between
HMM and CRFs approaches, behavior of CRFs model on METU-NER with different
setup and evaluating the results. We also compared our results to several studies on
Turkish. Moreover, we aim to investigate the impact of using features and build the

widest set of features where the best results can be obtained.

Tests are performed on a system with CentOS Linux 7.5.1804 operating system,
Intel(R) Xeon(R) CPU E3-1240 V2 @ 3.40GHz 8 cores and 32GB ram. As the number
of fixed iterations was not determined for each experiment, the model was run until
the determined convergence value was reached. We have edited MALLET toolkit on

the NetBeans framework.

In this thesis, we reported our results using the commonly accepted MUCs metrics
in terms of precision, recall and F-Measure and compared them with the
state-of-the-art works for Turkish. Precision (P) represents the percentage of the
entities that the system recognized which are actually correct, is formulated in (6.1).
Recall (R) represents the percentage of the correct named entities in the text that the
system identified, is formulated in (6.2). The overall accuracy result, in formula (6.3),
F-Measure, is calculated by the uniformly weighted harmonic mean of precision and

recall. In the below formulas, true,,sisive COrresponds to the number of items
correctly recognized by the system, false,s;tive represents the number of items not
correctly recognized/predicted by the system, and false,.gqative 1S the number of

items existed into answer set as not retrieved by the system.

66



truepositive #{correct}

truey sitive + falseposivive  #{correct + alarms] (6.1)

_ trueyositive B #{correct} 6.2)
truey, sitive + falsepegarive #{correct + misses]

Recall x Precision 63

F — Measure = (6.3)

5 X (Recall + Precision)

Initially, for our CRF model, we have identified 4 feature categories: rule based,
morphological, dictionary lookup and lexical features. These features are as follows:
between RBF1 and RBF19 for rule based; LF1, LF3 and LF4 for lexical features;
between DLF1 and DLF8 for dictionary lookup features and between MF1 and MF4
and MF6 for morphological features. We used these 35 features with RAW output

encoding format on CRF model to measure the effects of using different windows size.

Table 6.1 The results of experiment using the feature set initially defined (TRAIN7/WFS7)

RUN | WIN. |ITER| PER | LOC | ORG | DATE | TIME | MONEY | PERC | Overall
[-1,+#1] | 536 |89.14|91.01|87.64| 73.9 | 87.88 96.9 88.54 88.19
[-2,+42] | 248 |85.33|81.39|77.73| 67.75 | 81.16 | 9453 | 85.47 81.39
[-3,#3] | 60 |71.57| 65.5 | 65.3 | 51.04 0 85.28 | 77.12 67.45
[-4,+44] | 710 |88.67|89.17|86.49 | 65.07 | 85.29 | 94.62 87.6 86.48

AW |N|PF

As shown in Table 2.1, the current state-of-the-art systems for Turkish NER task
are based on CRF and make use of language dependent features in the recent years.
We decided to build our CRF model considering the base and best results that they
reported in the study of Seker and Eryigit (2017) are shown in Table 6.2, ITUSYS,
which we assume as the baseline results. They achieved their best results using CRF++
tool with [-3, +3] window size and 10B2 output encoding format and they used CoNLL
measures for evaluation. In ITUSYS base model, they used the tokens converted to
lower case in their surface form and they used morphological, lexical, gazetteer lookup

and extra features in their best model.
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Table 6.2 The base and best model results on ITUSYS (TRAIN7/WFS7)

Model PER | ORG | LOC | DATE | TIME | MONEY PERC | Overall
ITUSYSbest | 91.47 | 94.34 | 89.88 | 89.25 91.89 100.00 98.41 92.34
ITUSYSbase | 92.19 | 94.28 | 89.56 | 54.79 51.85 86.36 65.67 89.27

The feature used in base model corresponds to feature MF6 in our study. The
equivalents of these 20 features in our study are as follows: MF1, MF3, MF4, MF5,
MF6 and MF7 for morphological features; LF2, LF5 and LF6 for lexical features;
between DLF9 and DLF16 for gazetteer lookup features, and RBF20, RBF21 and
RBF22 for extra features. We extracted same features from tokens which are used in
ITUSYS base and best models and applied them on same datasets in our system, the
results are shown Table 6.3 for base model and Table 6.4 for best model. We used
TRAIN7 dataset for training set and WFS7 dataset for testing. After specifying the
windows size and output encoding format and determining the best-fitting features set,
we have tested the same CRF model on METU-NER.

Table 6.3 Comparison the results for base model (TRAIN7/WFS7)

RUN WIN. [ITER| PER | LOC | ORG | DATE | TIME | MONEY | PERC | Overall
[-1,+#1] | 137 |76.81|90.14 |81.97 | 65.06 | 81.48 | 84.12 | 84.21 80.99
[-2,+2] | 233 |78.71|87.71|79.43| 6292 | 8148 | 79.82 | 82.14 79.96
[-3,+3] | 182 |77.13|87.46|78.07| 63.51 | 81.48 78.7 83.19 79.07
[-4,+4] | 209 |77.83|85.65|75.98| 58.28 | 76.92 | 75.83 | 82.14 77.67

5
6
p
8

Table 6.4 Comparison the results for best model (TRAIN7/WFS7)

RUN WIN. | ITER | PER | LOC | ORG | DATE | TIME | MONEY | PERC | Overall
9 [-1,+41] | 377 | 929 |92.72|90.14 | 71.61 | 89.23 95.28 90.08 | 90.24
10 [-2,+2] | 553 |92.67|91.59 |88.62 | 74.43 | 86.15 95.62 88.24 | 89.69
11 [-3,#3] | 335 |90.09 |90.02 | 88.71 | 75.05 | 85.29 92.00 84.35 | 88.27
12 [-4,+4] | 459 |91.72|90.43|88.04 | 72.55 | 84.85 94.02 81.58 | 88.53

After these results, we decided to combine the features that we defined and the
features equivalent to the used in the base study. After the combination, the newly
created feature set consists of the following 45 features: between RBF1 and RBF22
for rule-based features; between LF1 and LF6 as lexical features; between DLF17 and
DLF26 for dictionary lookup features and between MF1 and MF7 as morphological

features. We obtained the results are shown in Table 6.5.
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Table 6.5 Combination of the features identified by us and used by ITUSYS (TRAIN7/WFS7)

RUN | WIN. |ITER| PER | LOC | ORG | DATE | TIME | MONEY | PERC | Overall
13 [-1,+#1] | 325 | 91.1 |90.45|86.18| 66.8 | 84.85 | 90.49 | 90.83 87.61
14 [-2,+42] | 273 |89.95|87.59|84.76 | 77.8 | 86.96 | 9453 | 86.09 87.05
15 [-3,#3] | 276 |89.62|87.91|84.36 | 76.39 | 84.38 | 9255 | 85.47 86.64
16 [-4,+4] | 390 |91.16|89.76| 86.9 | 65.58 | 84.38 87.7 85.36 87.22

When we analyzed the features that we used and the results that we obtained after
the combination, we removed the repeated features from the feature set. We applied a
new experiment with the remaining 40 features and obtained the results are shown in
Table 6.6. As a result, we used the following features: RBF1, RBF2, RBF3 and
between RBF7 and RBF22 as rule based features; LF1, LF2, LF3 and LF5 as lexical
features; between DLF17 and DLF26 for dictionary lookup features and between MF1

and MF7 as morphological features.

Table 6.6 Removal the repeated equivalent features from combined feature set (TRAIN7/WFS7)

RUN | WIN. |ITER | PER | LOC | ORG | DATE | TIME | MONEY | PERC | Overall
17 [-1,+41] | 21 |67.07|64.73|57.07| 3.03 0 0 2.63 56.18
18 [-2,+42] | 204 |88.67|87.79|83.72| 67.58 | 75.41 89.8 81.58 85.03
19 [-3,43] | 528 |91.17|90.82|86.03| 75.98 | 87.88 | 93.18 | 89.92 88.49
20 [-4,+4] | 202 |86.41|84.54|80.57| 49.6 | 81.82 | 9237 | 81.08 82.11

For example, we considered as the separate features that the letters in a token
consisted of upper (RF4), lower (RF5) or mixed case (RF6) letters. But in feature LF5,
we handle it as a single feature. In another feature, LF4, we converted each token into
a common pattern format. We thought that using feature LF4 would greatly increase
the number of elements in the observation set, and thus would greatly increase the
emission probability matrix. Although the feature LF6 is equivalent to the LF3 feature,
the feature LF3 also has access to the fact that the token is in the middle or the end
position in a sentence. Thus, we thought that a feature LF3 would have more effect on

performance in NER, which is a sequence classification problem.

When we evaluate the results obtained from the experiments we have done so far,

we have determined the feature set that gives the best result and the window size in
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the CRF model. According to these results, [-3, +3] window size and the features

which gave the best results in our CRFs model, listed in Table 6.7.

Table 6.7 The features used in experiments where the best results are obtained

Category # Description

RBF1 | Token has a uppercase letter with dot
RBF2 | Token has a uppercase letter

RBF3 | First letter is a capital in token

RBF7 | Token has only digits

RBF8 | Token has least a digit

RBF9 | Token ends with dot

RBF10 | Token ends with comma

RBF11 | Token ends with punctuation

RBF12 | Token contains punctuation

R#éitz?:d RBF13 | Token conta!ns dash
RBF14 | Token contains slash
RBF15 | Token contains apostrophe
RBF16 | Token is in a date format
RBF17 | Token is in a clock format
RBF18 | Token isin URL format
RBF19 | Token is in e-mail address format
RBF20 | Token contains a percentage sign
RBF21 | Token contains ‘saat’ (o 'clock) term
RBF22 | Token contains column indicator sign
LF1 The length of token
Lexical LE2 The pattern of token according to token contains a digit
character
Features

LF3 The position of token in a sentence (begin, inside, end)
LF5 The case feature of token (upper,lower,mixed,proper)
MF1 | The stem of word

MF2 | The POS tag

MF3 | The sequence of morphemes after POS

MF4 | Contains +Prop morphemes

Morphological

Features - - - - -

MF5 | Contains some defined morphemes (is or is not in noun)

MF6 | The lower case of surface form

MF7 | The last POS tag in morphemes

Token is existed in expanded dictionaries: first_name,
_— Between . . .
Dictionary DLE17 last_name, abbreviations, location, person_title,

Lookup and generator_location, generator_organization,

Features DLE27 date_time_period, number_ordering, currency_type and
organization.

Using these features listed in Table 6.7, we have done some experiments to
determine the output encoding format we will get the best result. We used RAW, 10,
B10 and BMEWO encoding formats. The results obtained using the RAW format were
given in Table 6.6 above. For 10, BIO and BMEWO encoding formats, the
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experimentation results are given in Table 6.8, Table 6.9 and Table 6.10, respectively.
The results used 10 format are equivalent to the results that used RAW format (in
Table 6.6).

Table 6.8 The results that used 10 format (TRAIN7/WFS7)

RUN | WIN. | ITER | PER | LOC | ORG | DATE | TIME | MONEY | PERC | Overall
21 | [-1,+1] 21 | 67.07|64.73|57.07 | 3.03 0 0 2.63 56.18
22 | [-2,+2] | 204 |88.67 | 87.79 | 83.72 | 67.58 | 75.41 89.8 81.58 85.03
23 | [-3+3] | 528 |91.17|90.82 | 86.03 | 75.98 | 87.88 93.18 89.92 88.49
24 | [-4,+4] | 202 |86.41 | 8454|8057 | 496 | 81.82 92.37 81.08 82.11

Table 6.9 The results that used BIO format (TRAIN7/WFS7)

RUN | WIN. | ITER | PER | LOC | ORG | DATE | TIME | MONEY | PERC | Overall
19 |[-3,+3]| 528 |91.17 | 90.82 | 86.03 | 75.98 | 87.88 93.18 89.92 | 88.49
25 | [-1,+1] 86 | 83.70 | 81.46 | 75.35| 59.29 | 74.19 83.85 81.25 | 79.09
26 | [-2,+2] 97 |84.13 |80.42 | 75.00 | 61.67 | 70.97 82.68 82.88 | 78.92
27 | [-3,+3] | 589 |91.83| 91.2 |88.62 | 74.17 | 77.61 88.52 88.33 | 88.96
28 |[4+4]| 391 |91.08|90.19 | 86.05| 78.21 | 75.00 87.87 80.66 | 87.79

Table 6.10 The results that used BMEWO format (TRAIN7/WFS7)

RUN | WIN. | ITER | PER | LOC | ORG | DATE | TIME | MONEY | PERC | Overall
29 | [-1,+41] | 351 |91.12 |88.86 | 86.40 | 66.41 | 84.85 93.02 89.92 87.27
30 |[-2+2]| 116 |8342| 817 | 76.89 | 63.97 | 67.74 87.16 82.88 79.72

31 | [-3,+3] | 169 | 86.28 | 85.26 | 80.53 | 63.72 | 48.98 89.81 8458 | 82.36
32 |[4+4] | 173 |8545|83.07 | 78.72 | 8545 | 70.77 87.64 8255 | 81.47

According to our results, we also used the feature set and applied the output
encoding format BIO in RUN27, which we obtained the best result, to the IWT and
TDS test datasets, and we obtained the following results in Table 6.11 and Table 6.12.

Table 6.11 The results that used BIO format (TRAIN7/IWT)

RUN | WIN. [ITER | PER | LOC | ORG | DATE | TIME | MONEY | PERC| Overall
ITUSYS| [-3,+3] | n/a |67.22|53.87|77.17 | 70.31 | 80.00 27.45 50.00 64.96
33 [-3,4#3] | 533 |63.84|45.02|33.97 | 30.30 | 50.00 63.77 35.56 48.37
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Table 6.12 The results that used BIO format (TRAIN7/TDS)

RUN | WIN. [ITER | PER | LOC | ORG | DATE | TIME | MONEY | PERC | Overall
ITUSYS| [-3,+3] | n/a |75.98|59.86|69.54 | 39.03 | 41.23 | 54.55 94.12 97.96
34 [-3,+#3] | 589 | 7.19 |19.56 | 16.41| 25.74 | 8.70 0 0 9.22

We also applied similar experiments in METU-NER dataset that we tagged specific
to our study, the results are shown in Table 6.13. In addition to previous used features,
we used an organization dictionary, we called DLF27. We performed these
experiments with 10-fold cross validation on the labeled 55,359 instances or sequences
in METU-NER. In each fold, we tested the different set so that we would use all

sequences in the test set.

Table 6.13 The results that used BIO format (METU-NER)

RUN ITER PER LOC ORG TEM Overall
1 78 53.29 56.43 48.70 19.74 50.24
2 285 62.28 64.17 59.97 53.21 61.16
3 207 73.31 68.10 69.04 70.80 71.22
4 312 72.43 69.65 57.83 66.67 69.50
5 214 77.17 74.71 74.01 73.00 75.28
6 329 78.62 72.61 68.74 67.61 73.27
7 338 83.48 74.92 69.44 80.31 76.58
8 47 72.99 53.55 60.49 57.28 63.65
9 97 74.01 67.81 60.49 58.23 67.67
10 283 76.52 71.31 62.82 55.17 69.60

AVG 72.41 67.33 63.15 60.20 67.82

Next, we calculated start and final weights in MALLET using the frequency of start
and final position in a sentence for each NE type. Then, we divided this frequency to
the total sum of each NE type and gave the results to the lattice in model. They used
into Forward and Backward algorithms. The usage of weights provided the
improvement approximately 1.2% at overall results as shown in Table 6.14. MALLET

accepts these weights as zero by default value.

Table 6.14 The results in BIO format using weights (METU-NER)

RUN ITER PER LOC ORG TEM Overall
1 239 64.28 67.70 51.34 34.52 60.47
2 176 60.62 61.32 60.63 52.69 59.77
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Table 6.14 continues

3 382 74.68 71.08 68.40 71.74 72.71
4 100 63.09 65.67 53.08 48.79 61.47
5 259 78.44 78.58 73.42 73.01 76.43
6 156 76.47 69.58 68.73 63.61 71.47
7 315 82.94 73.94 69.16 78.44 75.96
8 177 81.74 71.29 69.11 73.06 74.72
9 308 75.90 73.69 64.41 66.76 71.52
10 169 74.41 68.35 60.04 52.79 66.86

AVG 73.26 70.12 63.83 61.54 69.14

The following table, Table 6.15, shows that the results of the studies were
experimented on METU Turkish Corpus. Any study has no used a common annotated
dataset and same size of data into training and test phases.

Table 6.15 The results of related works on METU-NER

STUDY METHOD | PER LOC ORG TEM Overall
Bayraktar & Local
Temizel grammar |81.97% n/a n/a n/a n/a
(2008) based
Kii¢iik & ] ] ] ] .
Yazic1 (2009) Rule based 78.7%
Kii¢iik & . ] ] ] ] .
Yazici (2010) Hybrid 85.95%
Kiigiik & . ] ] ] _ -
Yazici (2012) | HYPrid 90.13%
Yavuz, Bayesian (1) "
Kiigik & | and hybrid | 90.30 | 87.06 8303 |83.13;80.28 ;) BT
Yazici (2013) (D) .05%, 91.44%
Our study CRF 73.26 70.12 63.83 61.54 69.14
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CHAPTER SEVEN
CONCLUSIONS

The main purpose of this thesis is to develop a model for extracting named entities
with sequence classifier techniques from Turkish documents. We examined HMM and
CRF models as sequence classifier techniques and performed them on publically
available NER datasets and a new annotated dataset METU-NER. We focused on
ENAMEX (person, location and organization names) and TIMEX (date, time, period,
etc.) types of named entities.

In examinations of HMM technique, we studied on presenting each token with multi
features. There are many features that can be extracted from tokens in the sentence,
especially in the NER studies conducted for morphologically rich languages. Next, we
performed a linear-chain CRF model using MALLET toolkit to determine most
effective parameters values that are used as input in it. In experiments using the CRF
model, we obtained the best performance with a linear-chain CRF using the following
values of parameters: [-3, +3] as window size, BIO encoding as output encoding
format and the extended feature set. We performed these experiments on available

NER dataset (ITU-NER) to determine their best values for these input parameters.

We generated total of 41 features in four categories: rule based, lexical based,
dictionary lookup based and morphological based. When we create this extended
feature set, we chose the features in our experiments with the best results are achieved.
We obtained the 91.83, 91.2 and 88.62, for person names, location names and

organization names respectively, in terms of F1-score.

Furthermore, in this thesis, we presented METU-NER corpus which is annotated
for NER upon METU corpus. This annotated corpus contains 55,359 sentences and
628,698 tokens, in total. 37,474 NEs (53,352 tokens) were annotated with BRAT
annotation tool in four categories: 15,011 person names (PER), 8,600 organization
names (ORG), 10,845 location names (LOC) and 3,018 temporal expressions (TEM).
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The corpus includes 25,567 annotated words containing a single token and 11,907

annotated words contain multi tokens.

Then, we evaluated our a linear-chain CRF model on METU-NER corpus with the
same parameters and the same extended feature set were used in the previous dataset.
In terms of F1-scores, we achieved 73.26, 70.12, 63.83 and 61.54 for person, location,
organization, and temporal names, respectively. We obtained 69.14 overall F-measure

score.

For future work, we will discuss to increase the weight of feature value in the CRF
model for each token to be existed in the dictionary. In addition, we will apply each
feature categories separately on the METU-NER corpus in order to demonstrate the
impact of them on Turkish NER studies and we will discuss whether or not the values
used for the number of preceding and following tokens in the window size used in the

CRF model can be defined without symmetric.
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APPENDICES

Appendix-1: The Extending Feature Set

Category Featureld Description
RBF1 Token has a uppercase letter with dot
RBF2 Token has a uppercase letter
RBF3 First letter is a capital in token
RBF7 Token has only digits
RBF8 Token has least a digit
RBF9 Token ends with dot
RBF10 Token ends with comma
RBF11 Token ends with punctuation
Rule based RBF12 Token contains punctuation
Features RBF13 Token conta'lns dash
RBF14 Token contains slash
RBF15 Token contains apostrophe
RBF16 Token is in a date format
RBF17 Token is in a clock format
RBF18 Token is in URL format
RBF19 Token is in e-mail address format
RBF20 Token contains a percentage sign
RBF21 Token contains ‘saat’ (o 'clock) term
RBF22 Token contains column indicator sign
LF1 The length of token
LE2 The pattern of token according to token contains a digit
Lexical r _character h N
Features LF3 The position of token in a sentence (begin, inside, end)
LF4 The pattern of surface form of token
LF5 The case feature of token (upper,lower,mixed,proper)
LF6 The position of token in a sentence (begin or not)
MF1 The stem of word
MF2 The POS tag
. MF3 The sequence of morphemes after POS
Morphological -
Features MF4 _ Cont_ams +Prop morph_emes_ _
MF5 Contains some defined morphemes (is or is not in noun)
MF6 The lower case of surface form
MF7 The last POS tag in morphemes
Token is existed in expanded dictionaries: first_name,
_— Between L . -
Dictionary DLE17 last_name, abbre\{latlons, location, per_son-_tltle,
Lookup and _generato_r_locatlon, generator_organization,
Features DLE27 date_time_period, number__ord_erlng, currency_type and
organization.
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, Recall, and F-measure Values (TRAIN7/WFS7)
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