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ABSTRACT
Distributional corpus analysis (DCA) is an approach which reveals lexical relations using
large-scale corpora and computational techniques in natural language processing. It has an
advantage of processing and analyzing lexical relations in a quantitative, consistent, and objective
way. Although the DCA approach allows analysts to process large-scale linguistic data efficiently,
there are few studies using the DCA approach to investigate language phenomena within corpus
linguistics. Therefore, this study aims to bridge the gap between the DCA approach and corpus
linguistics by designing and describing DCA from the perspective of corpus linguistics.
Specifically, this study uses the DCA approach to analyze the distributional behaviors of three
Korean neologisms leyal, Iwuce, and kay- and track semantic change of the three neologisms. For
the analysis of distributional behaviors, Korean Twitter data spanning about ten years is collected
and three state-of-the-art techniques are employed. For leyal, word2vec and cosine similarity are
used and for Iwuce, Latent Dirichlet Allocation is employed. For kay-, long short-term memory is
utilized. Regarding kay-, its connotational and attitudinal meaning is investigated. The results from
DCA show that (i) between the two meanings of leyal, ‘really’ has always been more dominant

than ‘Real Madrid’, (ii) between the new and existing meanings of lwuce, the existing meaning



has always been more dominant and the use of the new meaning most significantly decreased in
2015, and (iii) the semantic prosody of kay- has shifted from negative toward positive. This study
has made several “first attempts”. First, this work is the first study using artificial intelligence and
Korean social media data to analyze the distributional behaviors of Korean neologisms and track
their semantic change over time. Secondly, this work is the first study showing DCA from the
perspective of corpus linguistics. Thirdly, this work has established specific methods to validate
the DCA approach using a collocation analysis in corpus linguistics for the first time. This study
making several “first attempts” will be able to encourage interdisciplinary research between corpus
linguistics and artificial intelligence as well as function as a foundational study upon which further

DCA studies can build in corpus linguistics.
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CHAPTER 1

INTRODUCTION

In order to study word meaning, it is essential to examine the syntagmatic environment
where the target word occurs. This is because words co-occurring with the word under scrutiny
can provide much significant information on the meaning and properties of the target word. For
example, when we distinguish two homonyms, their different contexts help us to differentiate one
word from the other. The famous quotation from Firth, “you shall know a word by the company it
keeps” (Firth 1957a: 11), supports the idea that it is necessary to analyze co-occurring words for
the study of word meaning.

This study analyzes the context words of three Korean neologisms to investigate semantic
change of those Korean neologisms. Specifically, this study tracks how the meanings of those
Korean neologisms have developed over ten years by analyzing the distributional behaviors of the
three neologisms. For a more efficient analysis of the distributional behaviors, I will use the
approach of distributional corpus analysis.

Distributional corpus analysis (DCA) analyzes actual words in the contexts where the word
under consideration occurs by means of computational techniques in natural language processing,
in particular, word space models in order to reveal lexical relations centered around the target word.
Because word space models structure the meanings of words in a vector space by converting words
into context vectors based on the contexts of each word, it is possible to compute the relations of
the target word to other words and process lexical relations in a quantitative, consistent, and

objective way (Navigli 2009, Geeraerts 2010). DCA enables us to study meaning coming from the



combinations of words in the context systematically with sophisticated techniques and large-scale
data.
Applying the DCA approach to Korean Twitter data, | analyze the context words of the

three Korean neologisms leyal (2] 2%, lwuce (%), and kay- (7/-)! and track their semantic

change over ten years. As demonstrated in the statement from Firth (1935: 37), “the complete
meaning of a word is always contextual, and no study of meaning apart from a complete context
can be taken seriously”, the analysis of the distributional behaviors of the three neologisms will be

helpful for us to have a better understanding of the meanings of the neologisms.

1.1 Korean Neologisms

When new words are created, their frequency is low and their use is limited in the beginning, but
as their frequency gets higher with time they are used in different contexts, resulting in change in
their meanings. Considering this semantic characteristic of neologisms, this study targets
neologisms. To be specific, | track the semantic change of three Korean neologisms leyal, lwuce,
and kay- over ten years. Concerning the neologism kay-, its connotational meaning created by
context is examined unlike the other two neologisms. The following three subsections introduce

the three neologisms and describe what and how to study in brief.

1.1.1 Neologism Leyal

The neologism leyal appeared in late 2009. It derived from the English word real but its
pronunciation is different from English. The neologism leyal means ‘really’ but depending on the

contexts, it is used to refer to Real Madrid, which is a Spanish professional football club. That is,

! The three Korean neologisms leyal, lwuce, and kay- are romanized Korean. All the romanized Korean
words in this dissertation follow the Yale system of romanization.



it is used as a contracted form of Real Madrid. In terms of these two meanings, it is examined
which meaning is more dominant and how each of the two meanings has developed across time.
Specifically, the context words of leyal are compared with those of two alternative Korean
words representing the two meanings, i.e., cincca and leyalmatulitu representing ‘really’ and ‘Real
Madrid’ respectively. If the context words of leyal overlap with those of cincca more than
leyalmatulitu, it means that the meaning of ‘really’ is more dominant. It is natural that similarity
between the context words of two words is associated with semantic similarity of the two words
because the contexts of semantically similar words are similar to each other (Harris 1954). This
study looks into how much the context words of leyal overlap with those of each alternative word

from year to year.

1.1.2 Neologism Lwuce

The word lwuce came from the English word loser and its meaning is similar to English. It means
a person who is defeated or unsuccessful. However, in a Korean TV show aired in November 20009,
a woman said that those men whose stature is below 180 centimeters (about 5 feet 11 inches) are
losers. Back then, her remark became a hot issue and she was denounced for what she said. Since
her remark, Iwuce has been used to refer to a man whose stature is below 180 centimeters. The
neologism lwuce is a case where a new meaning is added to the existing meaning.

To find out how the new and existing meanings of the neologism Iwuce have developed
across time and which meaning holds a predominant position, change in the use of each meaning
is investigated. If the use of the new meaning gets more frequent with time and it becomes more
than that of the existing meaning, it means that the new meaning has taken over from the existing
meaning as the dominant meaning of Iwuce. For the analysis of the use of each meaning, clustering

is employed. Clustering used in this study classifies the context words of lwuce by topics. This



study examines whether the use of each meaning increases or decreases by tracking the number of

topics associated with each meaning over time.

1.1.3 Neologism Kay-

The neologism kay- stemmed from the prefix kay- in the Korean language. The existing prefix is
attached to nouns and has three senses. One of the three senses is ‘severe’ or ‘heavy’. When the
prefix is attached to nouns with negative meaning, it intensifies the degree of negative meaning
from nouns. In contrast, the neologism kay- is attached to adjectives or verbs with negative
meaning. It means ‘really’ or “very’. It functions as an adverb which modifies adjectives or verbs
but it cannot stand alone as the existing prefix. Also, it emphasizes the negative meaning of
adjectives or verbs where it is attached as the existing prefix.

The neologism kay- has been mainly used among many teenagers as slang. Interestingly,
combinations of the neologism and a positive word have frequently occurred recently. This
suggests that there is change in its connotational and attitudinal meaning, i.e., semantic prosody of
the neologism kay-. Therefore, based on the growing number of combinations of the neologism
and a positive word, this study investigates how the semantic prosody of the neologism kay- has
changed over time. For the exploration of semantic prosody, adjectives and verbs where the
neologism is attached are sorted into positive and negative and the token frequencies of those
positive and negative words are counted from year to year. The analysis of the token frequencies

will show how the semantic prosody of the neologism kay- has changed.

1.2 Objective of this Study

Language keeps changing over time. Language is like an organism which gets old in that it is not

immutable and unchangeable. As language is affected by its environment and incessantly interacts



with its surroundings, language continues to change. Therefore, linguists need to study how the
language under consideration changes to get a better understanding of that language. Considering
the importance of research on language change, in this study I focus on semantic change and
examine how the meanings of words change over time. According to Sinclair’s statement that word
meaning is heavily dependent on context and is to be analyzed through the lexical and grammatical
elements co-occurring with the target word (Sinclair 1991: 108), | will investigate the semantic
change of words by analyzing the distributional behaviors of the words. To be specific, this study
tracks how the meanings of three Korean neologisms leyal, lwuce, and kay- have changed over the
past ten years from 2010 to 20192. To analyze the distributional behaviors of the three neologisms,
this study uses the DCA approach. The DCA approach has advantages of handling large-scale
corpora efficiently and analyzing lexical relations in a quantitative way.

However, despite the advantages of DCA, there have been few studies employing the DCA
approach to examine linguistic phenomena within the field of corpus linguistics. Studies using the
DCA approach have been mainly carried out in computational linguistics and computer science
because of the nature of methods. Therefore, this study aims to construct a bridge which can
connect the DCA approach to corpus linguistics. In order to achieve this goal, | will design and
describe this study using the DCA approach from the perspective of corpus linguistics. 1 will
present how to apply the DCA approach to actual language data to analyze the distributional
behaviors of the target words in detail and use methodology in corpus linguistics for method

validation of the DCA approach. The detailed descriptions on the entire process from data

2 This study constructs corpora based on tweets from 2010 to 2019 to investigate semantic change of the
three neologisms but this does not mean that the three neologisms appeared in 2010. Please note that they
may well have existed before 2010 and this study simply tracks their semantic change during a specific
period.



collection to data preprocessing to data analysis will be helpful for corpus linguists who want to

apply the DCA approach to their own corpora but have no background in that approach.

1.3 Organization of Chapters

In Chapter 2, | cover five theoretical frameworks functioning as the backbone of this study. The
five theoretical frameworks have had a strong influence on designing this study. The first
framework is corpus linguistics. | explain what a corpus is, what conditions are needed for the
construction of a corpus, what types of corpora there are, and when and how the first modern
electronic corpus was constructed. The second framework is distributional corpus analysis. | will
put a main focus on distributional semantics, which is closely related to the methodology of this
study. | introduce previous studies which have been performed in computer science and
computational linguistics. The third framework is lexical semantics. As this study investigates how
word meanings develop over time by analyzing the distributional behaviors of the words, | provide
theoretical descriptions of lexical semantics and lexical relations. The lexical relations include
collocation, colligation, semantic prosody, and semantic preference. The fourth framework is
usage-based linguistics. According to an aphorism of usage-based linguistics, meaning comes out
of language use. This aphorism is connected to the analysis of semantic change of the three
neologisms in that the ultimate goal of the analysis is to demonstrate that the meaning of a word
is determined by how people use the word. One of the important notions in usage-based linguistics
is frequency. | will give explanations of type and token frequency. Token frequency is to be used
for the analysis of the neologism kay-. The fifth framework is language as a complex system. |
describe what a complex system is and why language (i.e., speech) is considered to be a complex
system. One of the characteristics of language as a complex system is associated with the frequency

profile of linguistic features, i.e., A-curve. | give a detailed description of A-curve because it is



used for method validation of computational techniques used for the analysis of each neologism
(the concept of A-curve is applied to the selection of some collocates from a collocate list in a
collocation analysis).

Chapter 3 provides background knowledge on artificial intelligence and natural language
processing so that those who do not have any knowledge in those fields can better understand this
study. Before I give explanations of them, I will introduce Korean corpora with focus on two main
Korean corpora, i.e., Yonsei corpora and Sejong corpora. After going over the existing Korean
corpora constructed in South Korea, | will show how to build Korean Twitter corpora using Python.
Because the existing Korean corpora do not contain up-to-date data, | could not obtain enough data
about the three neologisms from them. For research on the three neologisms, | collected Twitter
data and constructed Twitter corpora myself. The construction of a corpus requires data collection
and preprocessing. Data preprocessing includes tokenization, tagging, normalization, stemming,
cleaning, and removal of stop words. The process of data preprocessing is carried out by means of
KoNLPy in this study. After explaining how to build Korean Twitter corpora, | give brief
descriptions of artificial intelligence and natural language processing. | describe what they are and
introduce computational techniques to be employed to analyze the distributional behaviors of the
three Korean neologisms: word2vec and cosine similarity, Latent Dirichlet Allocation, and long
short-term memory. In the last section, | cover two model evaluation metrics, i.e., confusion matrix
and precision-recall curve. They are used to evaluate the performance of long short-term memory.

Chapter 4, Chapter 5, and Chapter 6 show how to apply DCA to Korean Twitter data to
track the semantic change of the three neologisms. | give details on every process from data
collection to preprocessing to analysis for each neologism. The details include how and how much

amount of Korean Twitter data was collected, how the scraped Twitter data was preprocessed, and



how models were trained with the preprocessed data. Based on the results from those models, 1
examine how the meanings of the neologisms have developed across time. With regard to long
short-term memory trained in supervised learning unlike the other models, the section of
evaluation is added. The section covers metrics to assess the performance of long short-term
memory (i.e., validation accuracy, confusion matrix, and precision-recall curve). The most notable
sections in the three chapters are the ones about method validation. The sections evaluate the
suitability of each computational technique for semantic change research and the reliability of
results from those techniques through the comparison of results between the employed techniques
and method validation. Similar results between them will be able to demonstrate that the DCA
approach has great potential as a systematic methodology for lexical semantic research. For
method validation, not other computational techniques but more transparent and intuitive linguistic
methods are used. Specifically, collocation analyses in corpus linguistics are used. In each
discussion section, | explain what the results from the DCA approach mean, discuss the advantages
and limitations of analyses using the DCA approach, and cover what further studies are needed in
order to overcome such limitations. Lastly, Chapter 7 provides an overview, significance of this
work, and conclusion. The overview sums up what this study has done. For significance, | mention
in what aspects this study is significant and what contributions it can make. For the conclusion, |
cover the advantages and limitations of the DCA approach and discuss what we should note

concerning the use of the DCA approach.



CHAPTER 2

THEORETICAL FRAMEWORK

This chapter covers five theoretical frameworks which have had a strong influence on
designing this study: (i) corpus linguistics, (ii) distributional corpus analysis, (iii) lexical semantics,
(iv) usage-based linguistics, and (v) language as a complex system. Corpus linguistics,
distributional corpus analysis, and language as a complex system have inspired the methodology
used here for the analysis of distributional behaviors of the three Korean neologisms. Especially,
language as a complex system has been applied to method validation of the DCA approach. In
contrast, lexical semantics has given motivation to study word meaning. With that motivation, this
study aims to track semantic changes of the three new words over time. Among lexical relations,
collocation was used for method validation of the computational techniques employed to analyze
the distributional behavior of the two neologisms leyal and Iwuce. Semantic prosody was
employed to reveal the semantic change of the neologism kay- more clearly. Lastly, usage-based
linguistics is associated with the objective of this study. The ultimate purpose of this study is to
support the aphorism of usage-based linguistics that meaning comes out of language use. | will
show that the meaning of a word is determined by how people use the word. It will be able to
function as empirical evidence proving that aphorism and make a contribution to supporting usage-
based linguistics. The following sections provide specific descriptions of each theoretical

framework.



2.1 Corpus Linguistics

A corpus is a collection of texts sampled from produced speech and writings. With the
development of computer technology, its definition has been changed into a large set of authentic
written or spoken texts saved in a computer readable format which can be representative of a
particular language or situation of language use (e.g., Francis 1992, Atkins, Clear & Ostler 1992
for the definition of a corpus). A corpus allows linguists to observe how people actually use
language and analyze such real language data. In particular, linguists can keep track of language
change across time through monitor and diachronic corpora. The first modern computer readable
corpus, the Brown Corpus of Standard American English was constructed in the early 1960s and
the term “corpus linguistics” first appeared in the early 1980s.

Corpus linguistics is the study of language based on corpora. It involves constructing
corpora of authentic language data and using such corpora to explore language. It provides
empirical methods to research many aspects of real language in everyday life. Although corpora
provide linguists with good resources of language data, Noam Chomsky argued that a corpus is
not proper for language study because it is full of performance-related errors (Chomsky 1965). He
introduced a binary approach to language: linguistic competence and linguistic performance. He
suggested that linguists seek to delve into linguistic competence, i.e., internalized knowledge of a
language. However, as computer-based corpus data became available, studies using corpora started
to boom from 1980, leading corpus linguistics to mature methodologically and making schools of
corpus linguistics like the neo-Firthians grow (McEnery & Wilson 2001).

Corpus linguistics is closely related to usage-based linguistics in that it can present
empirical evidence proving the argument of usage-based linguistics that meaning is use and

language structure emerges from language use (e.g., Caldwell-Harris, Berant & Edelman 2012,

10



Caines 2012). Moreover, corpus linguistics is linked to cognitive linguistics. Frequency is known
to have an impact on language processing and learning (Bybee & Hopper 2001, Ellis 2002). The
higher the usage frequency of linguistic structures, the stronger their degree of cognitive
routinization (i.e., entrenchment) gets. The correlation between frequency and entrenchment is
well supported by corpus-derived findings on frequency, which implies that corpus linguistics can
be used for cognitive research as well.

Corpus linguistics is divided into two major approaches: corpus-based and corpus-driven
approaches. This distinction was introduced by Tognini-Bonelli (2001). The corpus-based
approach regards corpus linguistics as a methodology to research language. It uses corpora to
analyze pre-defined linguistic features and test existing theories or hypotheses to validate,
contradict, or refine the established theories or hypotheses. As linguists backing up the corpus-
based approach consider the use of corpora as a methodology, they argue that the corpus-based
approach can be applied to almost every branch in linguistics (e.g., Sinclair 1991, Biber 1993,
Kjellmer 1994). Also, they are in favor of corpus annotation using grammatical categories, which
is a main difference from the corpus-driven approach.

The corpus-driven approach rejects the definition of corpus linguistics as a method. It
argues that corpus linguistics should be recognized as a completely new independent paradigm.
That is, it aims to build its own theory based on corpus data alone without using existing linguistic
theories. Linguists supporting the corpus-driven approach object against corpus annotation
because the grammatical categories for tagging came from pre-set theories. They try to apply a
holistic approach to language description entirely relying on corpus data, with no distinction
between lexis, syntax, semantics, pragmatics, and discourse. Also, they claim that the large-scale

size of a corpus necessarily accompanies corpus balance and representativeness because such a
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huge corpus can balance itself when it grows to be large enough to achieve representativeness.
However, this argument is controversial and it needs clear verification.

In fact, it is hard to strictly distinguish between the corpus-based and corpus-driven
approaches because the boundary between the two approaches is fuzzy (McEnery, Xiao & Tono
2006). Kiubler & Zinsmeister (2015) say that corpus linguistics can be both a theory and a tool and
which one corpus linguistics becomes depends on how it is applied. Therefore, it would be

desirable to use the two approaches flexibly rather than sticking to either one.

2.1.1 Conditions for Corpus

Representativeness, balance, and sampling are essential issues that must be considered in the
construction of a corpus. As it is impossible to investigate every utterance or written sentence of a
particular language, collecting a sample of data is inevitable. For sample collection, it is important
to check whether the sample can represent the given language. Unless the characteristics of
samples hold for the given language, the samples cannot be said to be representative. In order to
secure representativeness, balance (i.e., the range of genres) and sampling (i.e., how texts are
selected for each genre) are critical.

With regard to balance, the range of text categories determines how balanced a corpus is.
To make a balanced corpus, as many text categories as possible should be proportionally contained
in a corpus. In particular, the representativeness of a general corpus featuring an overall description
of a particular language or language variety heavily depends on a broad range of text types. The
British National Corpus, which represents spoken and written British English of the late twentieth
century as a 100-million-word text corpus, is an example of a general corpus.

Concerning sampling, sampling units and the boundaries of a population have to be defined.

To take an example of written texts, a sampling unit means a book, a newspaper, a periodical, and
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so on. A population refers to the assembly of all sampling units. Decision on the boundaries of a
population relates to deciding what texts to include and exclude from the population.

Another decision to be made about sampling is on sample size. For a corpus of written
language, this relates to whether to collect full texts or text segments. In general, a large-sized
corpus contains full text samples, which are used for discourse analysis or study on textual
organization. However, the collection of full text samples might be able to bring about copyright
issues. Moreover, it might prevent a corpus from being a balanced corpus when corpus size is
finite since it makes a collector collect samples from relatively fewer text categories. Hence, it is
usually recommended to collect text segments when corpus size is finite.

The last issue that has to be considered in sampling is the proportion and number of samples
for each text category. The weight of samples for each genre should be determined by the
population under consideration. That is, samples should be collected in proportion to their
frequencies in the target population. Researchers should consider these conditions about balance
and sampling and try to make their own corpora representative of the language or language variety
under scrutiny.

To take an example of the British National Corpus (BNC), the BNC consists of written
texts and spoken data, which account for ninety percent and ten percent of the BNC respectively.
For written texts, they were sampled by the following three criteria: domain, time, and medium.
Domain is the subject field of text, time refers to the period during which text was produced, and
medium means the type of text publication, i.e., sampling units. Table 2.1 shows the written text

composition of BNC depending on the three criteria.
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Table 2.1 Written text composition of BNC depending on the three criteria

Domain % Date % Medium %
Imaginative 2191 1960-74 2.26 Book 58.58
Arts 8.08 1975-93 89.23  Periodical 31.08
Belief and thought 3.40 Unclassified 8.49 Misc. published 4.38
Commerce/Finance 7.93 Misc. unpublished 4.00
Leisure 11.13 To-be-spoken 1.52
Natural/pure science 4.18 Unclassified 0.40
Applied science 8.21
Social science 14.80
World affairs 18.39
Unclassified 1.93

Total 99.96 99.98 99.96

The specific sampling units include regional and national newspapers, published research
journals, published and unpublished periodicals from various academic fields, fiction and non-
fiction books, other published and unpublished materials such as brochures and letters, essays
written by students, speeches, scripts, and many other types of texts. With regard to sample size,
the target sample size for books was 40,000 words and no extract in the corpus exceeded 45,000
words. For texts shorter than the target size, they were included in the corpus after being reduced
by ten per cent for copyright reasons.

The spoken data in the BNC was collected using the following two criteria: demographic
and context-governed components. The demographic component is composed of transcriptions of
spontaneous natural conversations in different contexts produced from volunteers who were
selected by age group, sex, social class, and geographical region. The context-governed component
consists of transcriptions of recordings made in formal settings such as meetings and lectures.

Table 2.2 shows the spoken data composition of BNC depending on the two criteria.

14



Table 2.2 Spoken data composition of BNC depending on the two criteria

Region % Interaction % Context-governed %
type

South 45.61 Monologue 18.64 Educational/informative 20.56
Midlands 23.33 Dialogue 74.87 Business 21.47
North 25.43 Unclassified 6.48 Institutional 21.86
Unclassified 5.61 Leisure 23.71
Unclassified 12.38

Total 99.98 99.99 99.98

The two columns of region and interaction type concern both the demographic and context-

governed components while the column of context-governed only applies to the context-governed

component. For spoken language, it can be particularly difficult to define a population because

there are no sampling frames (i.e., the lists of sampling units) available for reference (McEnery,

Xiao & Tono 2006).

2.1.2 Types of Corpora

There are many different types of corpora and it is possible that one corpus has the characteristics

of different types of corpora. In this section, a total of ten types of corpora are covered, which are

commonly classified corpora in corpus linguistics. Table 2.3 shows the characteristics and example

corpora for each type (the example corpora focus on English corpora).

15



Table 2.3 Characteristics and example corpora depending on corpus types

Type Characteristic Example
General It contains texts from a number of different domains - American National Corpus
of spoken and written language. Its size is mostly so - British National Corpus
large that findings from it can be generalized. It - Corpus of Contemporary
provides general information on the language under American English
scrutiny over a specific time span. A large general
corpus can function as a reference corpus against
which language varieties, particularly held in
specialized corpora can be examined.
Specialized It contains texts from a certain type/genre/register, - Air Traffic Control Speech
or a specific time/context. In general, the texts are  Corpus
limited to one or a few domains, topics, or subject - Child Language Data Exchange
areas. It is useful for detailed research on a System Corpus
particular language or language variety. Its size can - International Corpus of Learner
be large or small. English
- Lampeter Corpus of Early
Modern English Tracts
- Nottingham Health
Communication Corpus
- Michigan Corpus of Academic
Spoken English
- Michigan Corpus of Upper-
level Student Papers
- Uppsala Student English
Corpus
Monitor It is a corpus that keeps growing by including new - Bank of English
texts on a regular basis, which aims to monitor - Corpus of Contemporary
language change over time. Due to the continuous American English
addition of new texts, the relative proportions of
different types of materials may vary. It covers texts
from a relatively short span of time, compared to a
diachronic corpus. It can be used to keep track of
neologisms.
Balanced It is a sample corpus which is representative of a - Australian Corpus of English

particular language or language variety over a
specific time period. It seeks to collect samples
from a wide range of text categories for
representativeness. The proportions of samples for
each text category are determined according to a
specific sampling frame which defines the

population under consideration.

- British National Corpus

- Brown University Standard
Corpus of Present-Day American
English

- Freiburg-Brown Corpus of
American English

- Freiburg-LOB Corpus of
British English

- Lancaster-Oslo-Bergen Corpus
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- Kolhapur Corpus
- Wellington Corpus of Spoken

New Zealand English

Parallel It contains the same texts translated into two or - Arabic English Parallel News
more languages. Because the translated texts are Corpus
aligned, it is easy to compare languages and identify - English-Norwegian Parallel
the translation equivalents in the other languages Corpus
for a particular word in one language. - Open source Parallel Corpus

Comparable It contains texts from the same domain in two or - CorTec Corpus
more languages. The texts are not translations of - International Corpus of English
each other. The texts are collected along similar - International Corpus of Learner
parameters. Corpora containing different varieties English
of the same language are also considered as
comparable corpora.

Diachronic It contains texts from different/consecutive time - A Representative Corpus of
periods, preferably comparable materials. It shows Historical English Registers
how language changes over time through texts from - Corpus of Contemporary
a relatively longer period of time than a monitor American English
corpus. - Helsinki Corpus of English

Texts
- Time Magazine Corpus

Multimedia It contains multimedia materials such as - System Aided Compilation
audio/video recordings and transcriptions. It can be Open and Distribution of
used for research on various aspects of language European  Youth  Language
(e.g., prosody, speech, and non-linguistic gestures). Corpora

Learner It contains written and/or spoken data from students - International Corpus of Learner
who are learning a language, i.e., second or foreign English
language learners. It shows errors that learners - Standard Speaking Test Corpus
frequently make. It can be usefully applied to the
field of foreign language education.

Pedagogic It contains language used in educational settings. [t - BACKBONE Corpora
consists of academic textbooks, audio-visual - System Aided Compilation
materials, written texts/spoken transcripts in Open and Distribution of
classroom settings, and so on. It can be used to European Youth  Language
examine teacher-student dynamics, or to develop Corpora

self-reflective tools for teachers.

In addition to the corpora described above, there are a number of different types of corpora
depending on specific purposes. They include spoken and written corpora depending on the mode

of data, monolingual and multilingual corpora depending on the number of covered languages,
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reference and target corpora depending on what the objective for comparison is, raw and tagged
corpora depending on whether annotation is present or not, paralinguistic and sign language

corpora depending on targets under scrutiny, and so on.

2.1.3 The First Modern Electronic Corpus

The first modern computerized corpus is the Brown Corpus of Standard American English (abbr.
the Brown Corpus), which is of great significance in corpus linguistics because it ignited the
growth of that field. Before the early 1960s when the first computer-readable corpus was
constructed, the corpus approach was severely criticized because corpora lacked
representativeness due to their small size. It was impossible to construct massive corpora at that
time because data collection was performed manually. However, with the development of
computer technology, it has become feasible to make massive representative corpora. Starting with
the Brown Corpus, many computer-readable corpora have been built.

The Brown Corpus was constructed by Henry Kucera and W. Nelson Francis at Brown
University in the United States in the early 1960s. It consists of one million words from American
English texts published in the United States in 1961. For tagging the words, eighty parts of speech
and special indicators were used. The texts were collected from 500 samples over fifteen different
text genres and the number of texts in each category did not have a balance. Table 2.4 shows the
detailed composition of the Brown Corpus (see W. N. Francis & H. Kucera 1979 for the Brown

Corpus manual).
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Table 2.4 Detailed composition of the Brown Corpus

Category Genre Number Total Percentage of Tokens
(Code) of Texts Tokens
Press: Reportage (A) 44 88,000 8.8%
Press: Editorial (B) 27 54,000 5.4%
Press: Reviews (C) 17 34,000 3.4%
Religion (D) 17 34,000 3.4%
INFORMATIVE Skills and Hobbies (E) 36 72,000 7.2%
Popular Lore (F) 48 96,000 9.6%
Belles-Lettres, Biography, 75 150,000 15.0%
Memoirs, etc. (G)
Miscellaneous (H) 30 60,000 6.0%
Learned (J) 80 160,000 16.0%
General Fiction (K) 29 58,000 5.8%
Mystery and Detective 24 48,000 4.8%
Fiction (L)
Science Fiction (M) 6 12,000 1.2%
IMAGINATIVE Adventure and Western 29 58,000 5.8%
Fiction (N)
Romance and Love Story 29 58,000 5.8%
(P)
Humor (R) 9 18,000 1.8%
Total 500 1,000,000 100.0%

Although the Brown Corpus is considered a small corpus now, it is very significant in that
it pioneered the field of corpus linguistics. It not only provided much empirical evidence such as
frequency and the usage of English words but also laid a foundation for the construction of many
later corpora: the Lancaster-Oslo-Bergen Corpus of British English, the Kolhapur Corpus of Indian
English, the Wellington Corpus of New Zealand English, the Australian Corpus of English, the
Freiburg-Brown Corpus of American English, and the Freiburg—LOB Corpus of British English.

With regard to spoken language, the first computer readable corpus of transcribed spoken
language is the spoken Montreal French Corpus, which was directed by Gillian Sankoff and

Henrietta Cedergren at the University of Montreal in 1971. The spoken Montreal French Corpus
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is a corpus of one million words and consists of 120 recorded interviews from speakers selected
in a balanced distribution in terms of variables such as gender and age. About 8000 words were
collected per interviewee (see Sankoff, Lessard & Truong 1977 for more detailed information
about the spoken Montreal French Corpus).

It is relatively harder to collect data of spoken language than written language because it
requires more processes such as recording and transcribing, which are costly and time-consuming.
However, corpora of spoken language are very important in fields where the analysis of utterances
is necessary like phonetics, dialectology, and conversation analysis. Also, corpora of spoken
language enable researchers to observe and analyze how language variation occurs depending on

time and region. Therefore, the construction of corpora of spoken language should not be neglected.

2.2 Distributional Corpus Analysis

Geeraerts (2002) describes the development of lexical semantics with the following four
approaches: (i) prestructuralist semantics, (ii) structuralist and neostructuralist semantics, (iii)
generativist and neogenerativist semantics, and (iv) cognitive semantics. Distributional corpus
analysis (DCA) belongs to the current version of neostructuralist semantics, which is a
continuation of structuralist semantics. Neostructuralist semantics serves as one of the
contemporary theoretical currents in lexical semantics with neogenerativist semantics and
cognitive semantics.

Structuralist semantics puts stress on semantic structures. For the study of meaning,
semantic structures should be analyzed and meaning should be explored in a linguistic way
because linguistic structures determine the meaning of a language sign (Weisgerber 1927).
Semantic structures have been defined as the following three lexical relations by structuralist

semanticians (Geeraerts 2002): (i) the relationship of semantic similarity, (ii) lexical relations such
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as synonymy, antonymy, and hyponymy, and (iii) syntagmatic lexical relations. The third type of
lexical relations has developed into a collocational analysis in neostructuralist semantics,
following Firth (1957b). DCA is a kind of collocational analysis, which analyzes co-occurrences®
of the target lexical item in its context.

DCA employs computational techniques and large-scale corpora to investigate the
distributional behaviors of lexical items. DCA analyzes actual words in the context in which the
word under consideration appears to reveal the distributional patterns of the target word. It is a
bottom-up, data-driven, and usage-based approach to lexical relations (Dobric 2013). It is closely
linked to quantitative distributional models, that is, word space models in natural language
processing and information technology. A word space model structures the meaning of a word in
a vector space based on the context in which the target word appears, making it possible to compute
the relations of the target word to other words through context vectors (Navigli 2009, Geeraerts
2010).

More specifically, the DCA approach makes use of distributional representations (i.e.,
vectorial representations) from word space models to analyze the distributional patterns of lexical
items quantitatively. A distributional representation is a concept produced in the research area of
distributional semantics in natural language processing. Distributional semantics aims to represent
the meanings of words/sentences as distributional representations. The following subsection

covers distributional semantics directly related to the methodology of this study in more detail.

% The term “co-occurrences” mentioned in this dissertation means lexical items co-occurring with the target
word.
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2.2.1 Distributional Semantics

Distributional semantics is a subfield of natural language processing, which is a research area that
develops methods to quantify semantic similarities among linguistic items based on their
distributional patterns, and studies related theories. Distributional semantics represents the
meanings of words/sentences as distributional representations in a vector space according to the
distributional hypothesis that words sharing contexts have similar meanings (Harris 1954). To
produce such distributional representations, distributional semantic models need training, which
allows them to learn word meaning from large-scale corpora. A number of studies in computational
linguistics and computer sciences have employed distributional semantic models to investigate
semantic change over time (e.g., Sagi, Kaufmann & Clark 2011, Gulordava & Baroni 2011, Kim
et al. 2014, Jatowt & Duh 2014, Kulkarni et al. 2015, Hellrich & Hahn 2017, Bamler & Mandt
2017).

Distributional methods to embed words in vector spaces by means of their co-occurrence
statistics started to be used in the 2010s (Boleda 2020). Initially, classic distributional methods
were used. Sagi, Kaufmann & Clark (2009) employ a variation of latent semantic analysis to
identify semantic change of some words from early to modern English. Latent semantic analysis
is a technique that classifies documents into small groups by semantic similarity using a matrix
containing word counts per document. Gulordava & Baroni (2011) use n-gram corpora and a
distributional similarity model which computes context vectors based on the frequency counts of
n-grams in order to detect cases of major diachronic context change and semantic change of words
in the 1960s and 1990s. However, since the introduction of neural network representations by Kim

et al. (2014), those classic methods have been predominantly replaced with neural network
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representations in later studies (e.g., Hamilton, Leskovec & Jurafsky 2016, Szymanski 2017, Del
Tredici, Fernandez & Boleda 2019).

Kim et al. (2014) employ a neural language model to identify words the usages of which
have changed over time or to detect specific periods when such changes occurred. They collect ten
million 5-grams from the subcorpus of English fiction in the Google Books Ngram corpus for each
year from 1850 to 2009 and use the yearly corpora to obtain word vectors. They have identified
words which underwent change in their usages between 1900 and 2009 (e.g., gay, actually,
checked, check, supposed, and so on) by comparing the values of cosine similarity among the word
vectors in different years for the same word (the term cosine similarity will be explained further
in Section 3.2.1). Also, they have detected the specific periods during which the usages of the
target words changed by observing how the values of cosine similarity between the target words
and their neighboring words have changed across time.

Kulkarni et al. (2015) detect and track linguistic shifts across time in terms of the meaning
and usage of words through three approaches, i.e., frequency, syntactic, and distributional methods.
They investigate different aspects of word evolution over time by applying the three approaches
to Twitter data spanning from September 2011 to October 2013, movie reviews from Amazon
spanning from August 1997 to October 2012, and the Google Books Ngram Corpus spanning from
1900 to 2005. They demonstrate that the distributional method outperforms the other two methods
by means of multiple evaluation methods including a synthetic corpus, a reference dataset, and
human evaluation. With the distributional method (i.e., neural language model), they track changes
in the meaning and usage of words over time by putting context vectors from each time period in
one unified coordinate system and tracking their displacements across time. Examples of the

linguistic shifts from the Amazon reviews and Twitter datasets identified through their
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distributional method include words like ray, rays, streaming, and combo, to which new meanings
were added with the introduction of new technologies and products. These examples show that
their distributional method can detect the introduction of new movies, books, products, games,
events, and so on.

Del Tredici, Fernandez & Boleda (2019) utilize a distributional model and data from the
r/LiverpoolFC subreddit (an online forum of football fans) to explore meaning shift which arose
during the period from 2011 to 2017. They have identified three main shift types, i.e., metonymy,
metaphor, and meme using cosine distance among word embeddings across time. To assess the
performance of their model, they use an evaluation dataset consisting of 97 words from the
r/LiverpoolFC subreddit. The evaluation dataset was annotated with semantic shift indices which
range from “0” (no shift) to “1” (shift) by twenty-six members of r/LiverpoolFC. Those semantic
shift indices were determined according to the judgments of the members. They found that there
is a positive correlation between the results from their model and the evaluation dataset, which
demonstrates that their model can successfully detect most semantic shifts in their data.

In addition to cosine similarity and cosine distance that the above three studies used to
detect and track semantic shifts, there is another method to track semantic development: topic
models, such as latent semantic analysis. Topic models discover latent semantic structures in an
extensive body of text. They classify documents into clusters of words sharing the same topic.
Many studies using topic models explore the semantic shift of the target word through change in
context words of the target word (e.g., Wijaya & Yeniterzi 2011, Lau et al. 2012, Frermann &
Lapata 2016). As the frequency of a word gets higher with time, it tends to be used in different

contexts, resulting in change in the word meaning. The way a word is used, i.e., the change of
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words co-occurring with the target word reflects the semantic change of the target word. Studies
employing topic models use this principle to catch semantic shift.

Wijaya & Yeniterzi (2011) employ a Topics-over-Time model and k-means clustering to
look into 5-grams and detect the periods when the 5-grams move from one topic to another. They
use the Google Books Ngram dataset, which is a corpus of over 500 billion words in English,
French, German, Spanish, Russian, Chinese, and Hebrew. It consists of n-grams extracted from
about 5 million digitized books published between the 1500s and 2008. To take a few examples
mentioned by Wijaya and Yeniterzi, the word gay started to be used to represent ‘a homosexual
man’ from the meaning ‘cheerful and lively’ around the 1970s, which is demonstrated by change
in the topics of context words of the word gay. The word Iran shows a new cluster containing
words related to republic and revolution after 1978. The new cluster identified through their k-
means clustering is directly related to the change of regime in Iran from monarchy to an Islamic
republic. This shows a correlation between the period identified by their model and a real historical
event in the same period.

Frermann & Lapata (2016) utilize a dynamic Bayesian model for study of diachronic
meaning change. They built a diachronic text corpus spanning the period from 1700 to 2010 using
documents from three sources. After preprocessing the diachronic text corpus, they extracted 5-
grams from the corpus (a 5-gram refers to a contiguous sequence of five lexical items) and trained
their model with them. They tracked how the senses of a word gradually and smoothly evolve
across a sequence of time intervals using their model. The result showed that the word mouse had
one sense (i.e., ‘a small rodent’) until the mid-twentieth century and subsequently gained a second
sense (i.e., ‘adevice connected to a computer’). Also, they showed that their model can infer subtle

changes within a single sense as well as capture the emergence of new senses, the dominance of
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some senses, including semantic broadening and narrowing. They demonstrated that their model
is suitable for research on meaning change through four experiments.

Distributional semantics has been increasingly getting attention in the recent decade. For
the rise of distributional semantics, the construction of large-scale diachronic corpora of various
languages is needed. Tahmasebi, Borin & Jatowt (2018)’s survey shows that 19 out of 23 datasets
employed for diachronic semantics are English datasets. Also, a majority of studies on
distributional semantics use the Google Book Ngrams corpus covering only the period from 1850
to 2009 (Boleda 2020). Therefore, the construction of a number of large-scale corpora covering
various languages and periods will be able to promote active research in distributional semantics,

leading to the development of distributional semantics.

2.3 Lexical Semantics

Lexical semantics is the study of word meaning. Research into word meaning was established as
a subdiscipline of linguistics by the middle of the nineteenth century. To mention the flow of the
history of lexical semantics briefly, lexical semantics begins with prestructuralist semantics, which
dominated the scene between 1870 and 1930. Prestructuralist semantics emphasizes a diachronic
change of meaning and psychological aspects of lexical meaning. In the 1930s, structuralist
semantics appeared in reaction to prestructuralist semantics. Structuralist semantics takes a
synchronic perspective of meaning and views meaning and semantic structures as an autonomous
system.

Generativist semantics succeeded structuralist semantics in terms of methodology. It is
considered as the combination of structuralist analysis and generative grammar. The late 1960s to
the 1970s is characterized by the generativist model introduced by Katz & Fodor (1963).

Generativist semantics was followed by cognitive semantics. Cognitive semantics emerged in the
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1980s. It links meaning to mind. It regards lexical meaning as a concept in the mind on the basis
of experiences with the entity or relation.

Neostructuralist semantics and neogenerativist semantics came from structuralist
semantics and generativist semantics, respectively. Neostructuralist semantics is based on
structuralist ideas but pays attention to issues raised by generativist semantics (i.e., formalization
and the borderline between linguistic meaning and cognition). Neogenerativist semantics agrees
with cognitive semantics in terms of the flexibility and dynamism of meaning but adheres to the
distinction between linguistic meaning and world knowledge unlike cognitive semantics. The three
approaches, neostructuralist semantics, neogenerativist semantics, and cognitive semantics serve
as current approaches of lexical semantics (Geeraerts 2002).

As this study is closely related to structuralist semantics, | focus on structuralist semantics
here. Weisgerber (1927) presented the first theoretical basis and methodology of structuralist
semantics. Weisgerber criticizes the features of prestructuralist semantics, which focuses on
change of meaning across time. It regarded lexical meanings as psychological entities so meaning
changes were considered to result from psychological processes. However, Weisgerber argues that
the study of meaning should be synchronic and meaning should be identified and analyzed in a
linguistic way, i.e., through linguistic structures. That is, semantic structures should be examined
for the study of meaning.

The development of synchronic, non-psychological, and structural semantic theories is
contingent on how semantic structures are defined. Semantic structures were defined as the
following three lexical relations by structuralist semanticians, which constitute the methodological
basis of lexical semantics: (i) the relationship of semantic similarity, which forms the basis of

semantic field analysis; (ii) lexical relations such as synonymy, hyponymy, and antonymy, which
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were for the first time chosen as the methodological basis of structuralist semantics by Lyons
(1963); (iii) syntagmatic lexical relations, which were identified by Porzig (1934). The third
category, syntagmatic lexical relations, later appeared again in the form of selectional restrictions
in the approach of neostructuralist semantics and they were incorporated into generative grammar
through Katz & Fodor (1963).

These three distinct definitions were passed to neostructuralist semantics. The third
semantic structure evolved into a sort of collocational analysis by Firth (1957b). A collocational
analysis was later incorporated into the framework developed by Halliday (Halliday & Hasan 1976)
and into lexicography (Sinclair 1987a, Moon 1998). Halliday & Hasan (1976) cover cohesion in
English, which stems from semantic relations between sentences. They describe different types of
cohesion such as reference, substitution, ellipsis, conjunction, and lexical cohesion and present a
method for the analysis of cohesion. This study is significant in that it is regarded as the root of
collocational analysis. The incorporation of collocational analysis into lexicography is based on
the idea that a collocational analysis should use actual language data to describe meaning.

Given that a collocational analysis involves co-occurrences in actual contexts, it naturally
links up with corpus linguistics, which studies language using corpora of actual language data. An
introduction to corpus-based collocational analysis is Partington (1998), which emphasizes that
the exploration of corpus data allows us to have access to information that language textbooks,
dictionaries, and other resources cannot provide. Moreover, it shows how corpora can be employed
to solve problems about language phenomena through case studies using corpora and concordance
technology. A more detailed and systematic explanation of collocational analysis is found in
Stubbs (2001b). It demonstrates the usefulness and importance of corpora in lexical semantics as

well as provides theoretical background in meaning, the definitions of critical notions in lexical
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semantics and lexical relations with examples, and the methodology for corpus studies of lexical
semantics (for additional studies on a collocational analysis, see Hoey 1991, 2005 on lexical
priming; Louw 1993 on semantic prosody; Moon 1998 on idioms).

Lexical relations treated in a collocational analysis include collocation, colligation,
semantic prosody, and semantic preference. Those lexical relations are the ones commonly
investigated in corpus linguistics. Among the four lexical relations, semantic prosody is applied to
the distributional corpus analysis of the neologism kay- and collocation is used for method

validation of techniques employed to analyze the context words of the neologisms leyal and lwuce.

2.3.1 Lexical Relations

This section covers four lexical relations in detail: collocation, colligation, semantic prosody, and
semantic preference. Among the four lexical relations, collocation is to be used for method
validation of distributional corpus analysis and semantic prosody is to be used for the analysis of
semantic change of the neologism kay-. Specifically, the subsection on collocation covers how
collocation is employed for method validation of distributional corpus analysis of the neologisms
leyal and lwuce. The subsection on semantic prosody covers what the limitations of previous
studies on semantic prosody are and how long short-term memory can help to overcome such

limitations.

2.3.1.1 Collocation

According to Sinclair (1991, 1996), a collocation is defined as a word combination that recurs
more often than by chance. In a collocation, the target word is called the node word and words
surrounding it are called collocates. The term collocation was introduced by Firth (1957b). Firth

argues that the most typical collocates of the node word characterize the meaning and usage of the
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node word to some extent. This led to his famous statement, “you shall know a word by the
company it keeps.” Traditionally, collocations have been regarded as a relationship between only
two lexical elements (Jones & Sinclair 1974, Sinclair 1987D).

It is impossible to find collocates relying on absolute frequencies alone. Collocates can be
found through statistical association measures. Those association measures compute the
syntagmatic attraction between the node word and its collocate, i.e., collocation strength. The most
commonly used association measures include the z-score, the t-score, the log likelihood ratio, Ml
(Mutual Information), and Fisher’s exact test. Because the result of collocation analysis can be
different by which association measure is used, the choice of association measures requires a
careful determination (Lehecka 2015).

Collocation analysis has been widely performed in corpus linguistics. In particular, it has
been extensively used to compare near-synonyms (Lehecka 2015). To take an example of strong
versus powerful, although their meanings are similar to each other, their usages differ: a powerful
car and strong tea make sense but a strong car and powerful tea sound awkward (Halliday 1966:
150, Church et al. 1991, Church et al. 1994). Paying attention to this characteristic of near-
synonyms, a number of studies have demonstrated that near-synonymous words have similar
meanings but their lexical contexts are different.

Kennedy (1991) performed an empirical analysis of differences between collocations and
semantic functions of between and through using the one-million-word Lancaster-Oslo/Bergen
corpus of adult written British English. The comparison between their collocations shows that the
immediately preceding words which occur most frequently before each one are clearly different.
Specifically, while between is typically preceded by nouns, through is preceded by verbs. Another

notable difference is that 72 percent of the -ed forms before between are, grammatically, past
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participles in passive voice constructions whereas 61 percent of the -ed forms before through are
finite past tense forms. The patterns of collocations following between and through markedly differ
as well. For example, plural pronouns are more dominantly used after between. Concerning their
semantic functions, a majority of the tokens of between are composed of non-locative uses and
through more commonly occurs with a dynamic sense.

Kjellmer (2003) compared the usages of almost and nearly. Kjellmer used the
CobuildDirect Corpus to examine their differences in terms of their frequency, style and text type
preference, and collocations. The findings show that (i) as almost is much more frequently used
than nearly, it tends to be less specialized than nearly; (ii) while almost occurs more often in
literary writings rather than in popular text types, nearly occurs more frequently in the news media
(neither almost nor nearly is used much in the spoken language); (iii) the collocates of almost and
nearly are clearly different (almost co-occurs with adjectives, adverbs, pronouns, and prepositions,
whereas nearly co-occurs with numerals).

Le & Kim (2018) used the 560-million-word online Corpus of Contemporary American
English to explore the collocational behaviors of wide and broad. They investigated the similarities
and differences of the two near-synonymous adjectives with focus on their overall usage patterns,
nominal collocates, semantic preferences, and semantic prosodies. They limited the nominal
collocates to nouns on the right side of the two near-synonymous adjectives. To obtain the
collocates, they employed MI scores and frequency measure. They obtained and analyzed forty-
five most frequent collocates, whose MI scores are higher than “3”. They found out that (i) wide
is more often used across all the genres and in the entire corpus, (ii) while wide is most often used
in the genre of Magazine, broad is most frequently used in the Academic genre, and (iii) broad

has more various semantic preferences than wide and both of them have neutral semantic prosodies.
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Phoocharoensil (2021) used the Corpus of Contemporary American English to look into
the differences of the two synonymous verbs persist and persevere in terms of their distribution
across genres, collocations, semantic preferences, and semantic prosodies. Collocates were limited
to noun collocates and the collocates were obtained using MI scores in conjunction with frequency
measure (i.e., twenty most frequent noun collocates whose MI scores are greater or equal to “3”).
The results show that persist is most frequently used in academic texts whereas persevere is most
frequently used in webpages. Also, they do not share any noun collocates although their meanings
are similar to each other; persist is combined with a wider range of collocates than persevere.
Concerning semantic preferences and semantic prosodies, persist tends to co-occur with lexical
items expressing continual unpleasant situations, leading to a negative semantic prosody. In
contrast, persevere co-occurs with lexical items expressing hardship/difficulties or
determination/effort, leading to a neutral semantic prosody.

In this dissertation, collocation is used for method validation of word2vec and LDA.
Word2vec and LDA are computational techniques employed to analyze the distributional
behaviors of the neologisms leyal and lwuce. Method validation is needed to check whether the
word2vec and LDA models have been well trained and results from those models are reliable.
Similar results between those models and method validation will be able to verify the results from
the models. Based on the statement from Firth (1957b) that the most typical collocates of the node
word characterize the meaning and usage of the node word to some extent, I will look into how
top collocates of leyal and lwuce change over time to track the semantic change of each neologism.

To be specific, for leyal, I will obtain top collocates of leyal from the 2010 corpus and
examine whether there is change in their frequency and order across time. Also, I will compare the

top collocates with collocates of its alternative words cincca and leyalmatulitu representing the
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two meanings of leyal respectively. For Iwuce, | will obtain collocates of Iwuce related to the new
meaning ‘a man’s stature’ and investigate whether there is change in their frequency and order
over time. Moreover, | will look into how the number of collocates related to the new and existing

meanings changes over time within the range of top eleven collocates.

2.3.1.2 Colligation

The definition of colligation varies depending on scholars. The notion of colligation originates
from Firth (1968), in which colligation is defined as the syntagmatic interrelation of grammatical
categories. Sinclair (1996) defines colligation as the attraction between a grammatical feature and
a lexical item, in other words, the co-occurrence of grammatical choices. According to Tognini-
Bonelli (2001) and Stubbs (2001a), colligation is the correlation between a grammatical category
and a lexical item. Hoey (2005) provides the most extensive definition of colligation. He argues
that colligation embraces the following three distributional attractions: (i) the attraction between a
lexical item and the grammatical company preferred or avoided by the lexical item in its context,
(ii) the attraction between a lexical item and the grammatical functions preferred or avoided by the
context where the lexical item occurs, and (iii) the attraction between a lexical item and the position
in text and discourse preferred or avoided by the lexical item.

Colligation analyses have been mainly carried out in comparative studies of near-synonyms
(Lehecka 2015). Some colligation studies have demonstrated that the grammatical contexts where
near-synonyms occur can be different from each other, although their meanings are similar (e.qg.,
Biber, Conrad & Reppen 1998, Gilquin 2003). Other colligation studies have questioned the
syntactic characteristics of some near-synonyms described in traditional reference materials such
as the Oxford Advanced Learner’s Dictionary and the Longman Dictionary of Contemporary

English (e.g., Atkins & Levin 1995, Liu 2010). They analyze corpora to show that the distributional
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behaviors of those near-synonyms are actually different from descriptions of them from the
traditional reference materials.

Atkins & Levin (1995) investigate the colligational patterns of the two English verbs quake
and quiver. The Collins COBUILD Dictionary and the Longman Dictionary of Contemporary
English state that both of the verbs are intransitive, whereas the Oxford Advanced Learner's
Dictionary describes that quake is an intransitive verb and quiver is a transitive verb. However,
Atkins and Levin demonstrate that quake and quiver can function as transitive verbs as well as
intransitive verbs through their examples in transitive constructions in a 50-million-word corpus
(e.g., the insect quivered its wings and it quaked his bowels with fear).

Biber, Conrad & Reppen (1998) look into how the English adjectives little and small differ
in terms of predicative versus attributive positions. Using two corpora of academic prose and
conversation, they show that small is more frequently used in a predicative position in both
registers, i.e., academic prose and conversation and this preference is stronger in the latter register.
In conversation, small in the predicative position and little in the attributive position are similar in
that they both characterize physical size. However, they have different functions. Predicative small
is used to depict the attribute of smallness from the person being described, whereas attributive
little is used on the one hand to represent an identifying characteristic that makes the noun being
described recognizable, but on the other to express other purposes (e.g., he's like any little kid 1
think).

Gilquin (2003) uses the British component of the International Corpus of English (ICE-
GB) to inspect the distributional behaviors of the causative verbs get and have. With regard to the
syntactic characteristics of them, she showed the following four findings: (i) get is mainly used

with infinitives and past participles (42.6 percent and 36.6 percent respectively) and rarely used

34



with present participles (20.8 percent); (ii) have is largely construed with past participles (71.4
percent) and is not used with present participles and infinitives very often (15.6 percent and 13
percent respectively); (iii) the demotion of the CAUSEE appears more frequently with have than
get; (iv) the promotion of PATIENT appears more often with have than get.

Liu (2010) probes the five English synonymous adjectives primary, principal, chief, main,
and major using the approach of corpus-based behavioral profile analysis. He showed the
following four main things: (i) chief and principal rarely modify abstract/dual nouns (“dual” means
belonging to abstract and concrete) but when they do, the phrases from such modification are
largely used in formal registers like academic writings; (ii) when principal is used in non-position
titles, it means the highest degree of share or contribution instead of power or authority; (iii) major
and primary can serve as predicative adjectives; (iv) the meanings of the adjectives under
consideration, particularly primary, change depending on the context. These findings dispute some
of the existing descriptions on the distributional characteristics of those adjectives from traditional
reference materials like dictionaries.

Liu & Espino (2012) examine differences in the distributional patterns of the four English
synonymous adverbs actually, really, truly, and genuinely. According to them, when actually
functions as a disjunct, it is typically used in contexts implicating surprise/contradiction. When
actually is used as an intensifier/emphasizer of verbs and adjectives, it seldom occurs with verbs
and adjectives related to emotion/attitude/desire/cognition. In contrast, really serves as both a
versatile disjunct and a versatile intensifier/emphasizer for verbs/adjectives. It is most frequently
used with evaluative adjectives. The adverbs truly and genuinely are largely used as

intensifiers/femphasizers of verbs/adjectives related to emotion/attitude/desire/cognition. They
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more often function as adjective intensifiers/emphasizers rather than being used as verb
intensifiers/emphasizers.

These studies show that corpus analysis is required for colligation analysis. Because the
usage of a word can be changed over time, results from the analysis of up-to-date corpora and
descriptions from traditional reference materials can be different. In order to find out the most
recent usage of the target word, it is needed to analyze corpora containing the latest information

of the target word.

2.3.1.3 Semantic Prosody

Research on semantic prosody dates back to Sinclair (1987a), which found that the word happen
and the phrase set in mainly co-occur with unpleasant events. Although the study of semantic
prosody started off with Sinclair (1987a), it was Louw (1993) that introduced the term semantic
prosody. According to Louw (1993), semantic prosody refers to “a consistent aura of meaning
with which a form is imbued by its collocates”. Sinclair (1996) defines semantic prosody as an
impression of a pragmatic and/or attitudinal meaning which is created by the usage of a word. In
Partington (1998), semantic prosody is defined as “the spreading of connotational coloring beyond
single word boundaries”. Hunston & Thompson (1999) describe semantic prosody as follows; the
frequent occurrence of a given lexical item in the context composed of predominantly positive or
negative words/phrases leads to association between the lexical item and the positive or negative
meaning coming from the context.

According to Louw (2000), semantic prosody is “a form of meaning which is established
through the proximity of a consistent series of collocates”. Xiao & McEnery (2006) argue that the
semantic prosody of a lexical item comes from the interaction between the lexical item and its

collocates. Through the definitions of semantic prosody from all of these studies, semantic prosody
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can be summarized as attitudinal and connotational meaning established by the evaluative or
emotive attitude from the collocates of the word under scrutiny. Semantic prosody is generally
categorized as good/bad, pleasant/unpleasant, or favorable/unfavorable.

Semantic prosody research has been conducted in the domain of corpus linguistics because
corpora allow linguists to observe semantic prosody empirically (Whitsitt 2005). Specifically,
semantic prosody has been explored by means of corpus analysis using computational methods.
Many scholars have emphasized the importance of the use of corpora and computational methods
for semantic prosody research. Louw (1993, 1997) claims that the study of prosodic profiles needs
computational methods because semantic prosody is hard to access through human intuition.
Stubbs (1995) argues that the investigation of semantic prosody should be performed through
attested data, not a native speaker’s intuition. Bublitz (1996) supports their importance by
mentioning that the application of computational methods to large-scale corpora can best and only
reveal the relationship between a lexical item and its context.

Widdowson (2000) states that language behavior not accessible to intuition can be
disclosed through a quantitative analysis of texts using a computer, which buttresses the
employment of computational methods for semantic prosody research. Also, Adolphs & Carter
(2002: 7) argue that large-scale corpora and suitable software only enable researchers to delve into
semantic prosody. Sinclair (2003) agrees with such methodology by arguing that semantic prosody
research should be conducted using large-scale corpora and corpus analysis techniques. But for
the development of technology and computers in the past few decades, semantic prosody studies
could not have been actively carried out on the basis of corpora (Begagi¢ 2013).

The semantic prosody of a given lexical item is determined by whether its co-occurrences

are pleasant or unpleasant and specifically, it is based on the frequencies of pleasant and unpleasant
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co-occurrences (Stewart 2010). In corpus linguistics, co-occurrences have been inspected through
concordances and collocational profiles. A concordance refers to an alphabetical index of primary
words in a text or a group of texts with the instances of immediate contexts in which each of those
words occurs. A collocational profile concerns the types of collocations and their frequencies. Co-
occurrences surrounding the node word which have high frequency are called collocates. They are
identified through statistical association measures like the Pointwise Mutual Information index
(Church & Hanks 1990). Corpus analysis software tools such as WordSmith Tools, Sketch Engine,
and AntConc have functions to apply statistical association measures to corpora and display
concordances and collocational profiles.

Several previous studies employed those corpus analysis software tools to investigate
semantic prosody. Tognini-Bonelli (2004) found that the semantic prosody of the English verb
face is negative based on its negative collocates. The collocates include challenges, competition,
dilemma, difficulties, obstacles, pressures, problem, shame, threat, and so on. The co-occurrence
with these collocates demonstrates that the verb face is used with unfavorable things. She
emphasizes that (i) collocates are obtained through computer software tools such as MonoConc
Pro and WordSmith Tools and (ii) it is a quantitative analysis on the basis of corpora that has made
semantic prosody tangible. This is, the corpus-based quantitative analysis enables researchers to
observe the connotational and attitudinal meaning pervading the instances of the target word.

Xiao & McEnery (2006) delve into the semantic prosodies and collocations of some near
synonyms in the English and Chinese languages from the viewpoint of a cross-linguistic approach.
The purpose of their study is to find out whether Chinese also shows semantic prosody and
semantic preference as English does and how similar or different the semantic prosodies and

collocational behaviors of English near synonyms and their close Chinese equivalents are. They
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investigated three groups of near synonyms: (i) the consequence group, (ii) the CAUSE group, and
(iii) the price/cost group. They used the Freiburg-Brown Corpus of American English, the
Freiburg-LOB Corpus of British English, and the Lancaster Corpus of Mandarin Chinese as their
principal corpora.

They employed WordSmith for the English data and Xaira for the Chinese data in order to
obtain the collocates of the target words. They regarded four words to the left and right of the
target words with a minimum Mutual Information score of “3” and a minimum co-occurrence
frequency of “3” as collocates. They sorted all the instances of near synonyms and their collocates
into positive, neutral, and negative. They found out that the semantic prosodies and collocational
behaviors of some English near synonyms are fairly similar to those of their Chinese equivalents
but other English near synonyms have different semantic prosodies and collocational behaviors
from their Chinese equivalents. Xiao and McEnery suggest that the differences between the two
languages may derive from morphological variations which apply in English but do not in Chinese.

Zhang (2013) traces the diachronic change of semantic prosody. She examines the
development of semantic prosodies of the four English adverbial intensifiers awfully, terribly,
dreadfully, and horribly by counting the frequencies of their non-negative (i.e., neutral and positive)
and negative collocates across three periods: (i) from 1710 to 1850, (ii) from 1850 to 1920, and
(iii) since 1980. The collocates were extracted from the Bank of English corpus, a fiction corpus
that she complied herself, and the Corpus of Late Modern English Texts by means of WordSmith.
The collocates were classified into negative, neutral, or positive by the author and a trained rater.
The results show that the frequencies of neutral and positive collocates have increased, while those
of negative collocates have decreased across time for all the four adverbs. This implies that their

negative semantic prosodies have become weak.
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Alcaraz-Marmol & Almela (2016) explore the semantic prosodies of the two Spanish
nouns inmigrante (immigrant) and inmigracion (immigration) in written media. They collected
articles about immigration between 2003 and 2013 from the two national newspapers El Pais and
El Mundo, which have different political ideologies. They used WordSmith to analyze the corpus
of articles that they compiled. They regarded three words to the right and left of the target words
as their co-occurrences, with the minimum co-occurrence frequency set as “9”. The results show
that most of the co-occurrences of the two target words have unfavorable meanings, which implies
that the two nouns inmigrante and inmigracion have negative semantic prosodies.

Although it is true that a systematic study on semantic prosody has become possible with
the help of corpora and corpus analysis software tools, the existing software tools cannot translate
results from concordances and collocational profiles into semantic prosody. That is, the analysis
of semantic prosody requires analysts’ interpretations of concordances and collocational profiles.
However, interpretations carry a risk of involving analysts’ subjectivity to a certain degree. This
risk can cause different results depending on analysts, although they investigate the semantic
prosody of the same lexical item. In particular, because the process of sorting co-occurrences or
collocates into favorable and unfavorable is not straightforward, the classification results depend
on analysts. Concerning this issue, some studies suggest methods to quantify prosodies (e.g.,
Osgood, Suci & Tannenbaum 1957, Dilts & Newman 2006) but the methods are limited to words
of a particular part of speech. Other studies make reference to previous studies showing what
lexical items are positive or negative (e.g., Ahmadian, Yazdani & Darabi 2011). However, neither
of these methods provides a clear resolution to the problem.

In addition, previous studies have mainly focused on the synchronic analysis of semantic

prosody, although its diachronic analysis is of great importance for semantic prosody research. To
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borrow terms from the definition of semantic prosody by Louw (1993) (i.e., “a consistent aura of
meaning with which a form is imbued by its collocates”), because the process of a form being
infused with the meaning from its collocates takes a long time, semantic prosody research
presupposes tracking the development of semantic prosody with a huge amount of data over a long
period of time. However, there are few studies investigating semantic prosody over a very lengthy
period of time. Given that state-of-the-art artificial intelligence methodology, i.e., long short-term
memory suggested in this study is able to classify lexical items as positive or negative with no
analyst’s subjective judgment and process large datasets more efficiently, long short-term memory
is expected to address the issues from previous studies over subjectivity and processing a huge

amount of data.

2.3.1.4 Semantic Preference

Semantic preference concerns looking into the semantic features that collocates of the target word
share (Sinclair 1991, 1996). That is, it approaches co-occurring words from a semantic perspective.
Stubbs (2001b: 65) provides a more specific definition of semantic preference. According to
Stubbs, semantic preference refers to “the relation, not between individual words, but between a
lemma or word form and a set of semantically related words”. To have a better understanding of
semantic preference, it is needed to know the relation of semantic preference to semantic prosody
because the two things are interdependent collocational meanings (McEnery, Xiao & Tono 2006).

Partington (2004) argues that they interact: whereas semantic preference makes a
contribution to developing semantic prosody, semantic prosody forms the general environment
which restricts the preference of the node word to co-occur with particular items. In addition,
Partington (2004) describes the difference between semantic preference and semantic prosody

using their different operating scopes. Semantic preference is regarded as a feature of collocates.
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It connects the node word to another word from a particular semantic set. In contrast, semantic
prosody is viewed as a feature of the node word. It can affect wider stretches of text.

To mention some previous studies on semantic preference, Partington (1998) investigated
the semantic preference of the intensifying adjective sheer using newspaper and academic corpora.
He found out that sheer collocates with particular semantic sets, i.e., items expressing “magnitude”,
“weight”, or “volume”, items expressing “force”, “strength”, or “energy”, items expressing
“persistence”, nouns expressing “strong emotion”, and physical quality. Also, Partington
compared the collocational behavior of sheer with the collocational behaviors of its synonyms
such as complete, pure, and absolute and found out that none of them have the same semantic
preferences as sheer.

Stubbs (2001b) used a 200-million-word corpus to analyze the semantic preference of large.
Stubbs found out that it collocates with words for “quantities and sizes” such as number(s),
amounts, quantities, scale, and part in at least a quarter of its 56,000 occurrences. Furthermore,
Stubbs (2001b: 89-95) looked into the semantic preference of the verb undergo. The collocates
following the verb indicate that undergo collocates with several semantic sets, i.e., “medicine”
(e.g., brain surgery, treatment, hysterectomy), “tests” (e.g., training, examination), and “change”
(e.g., a historic transformation among others, dramatic changes). These preferences result in an
unfavorable semantic prosody because those collocates are things that people are forced to undergo
although they do not want to.

As a further study of Partington (1991), Partington (2004) investigated the collocational
behaviors of four maximizers completely, entirely, totally, and utterly, which share many
collocates. He discovered that (i) the four maximizers collocate with items expressing “absence”

or “change of state”, (ii) entirely collocates with items expressing “(in)dependency” as well as
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“absence” or “change of state”, and (iii) utterly has an unfavorable semantic prosody whereas the
other three maximizers evenly occur with favorable and unfavorable items. Partington (2004) adds
the semantic preferences of absolutely and thoroughly and the semantic prosody of perfectly based
on findings from Partington (1991): (i) absolutely collocates with “hyperbole” and “superlatives”;
(i) thoroughly collocates with items related to “emotions” or “liquid penetration”; (iii) perfectly
tends to co-occur with “good things”, leading to a favorable semantic prosody.

Stewart (2010) used the British National Corpus to show the semantic preference of the
verb break out. A total of 1,126 occurrences including all the inflected forms of break out were
analyzed. The findings show that break out collocates with words such as war, conflict, infection,
and crisis, leading to an unfavorable semantic prosody. Those co-occurrences belong to semantic
sets of “diseases”, “situations of conflict”, or more broadly “problematic circumstances”.

Begagic¢ (2013) examined the semantic preference and semantic prosody of the collocation
make sense using the Corpus of Contemporary American English (COCA). She hypothesized the
following two things in her study: (i) the semantic preference and semantic prosody of the
collocation make sense in the newspaper register are different from those in the academic register;
(ii) it is possible to infer the semantic preference and semantic prosody of the collocation make
sense (i.e., the collocation has its semantic preference and semantic prosody). She investigated
four word forms of make sense, i.e., make sense, makes sense, made sense, and making sense in
the two registers. She selected 50 instances for each word form, totaling 400 examples (200
examples per register) and manually analyzed approximately ten words to the left and right of the
collocation.

All the four word forms of the collocation occur more frequently in negative environments

in the newspaper register as opposed to the academic one, which demonstrates that the first
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hypothesis is true. She explains that this phenomenon is because of the nature of news that news
items are more likely to cover negative contents such as problematic and tragic events. More
specifically, while make sense and making sense occur more frequently in a negative environment,
makes sense and made sense occur more frequently in a positive environment. This means that the
collocation make sense cannot be said to have a negative semantic prosody overall.

The second hypothesis was also found to be true. All the four word forms of make sense
collocate with words related to “difficulty” such as try, attempt, struggle, and help, leading to
unfavorable semantic prosody. In addition, it can be said that the semantic preference of the word
form make sense is “uncertainty” in that it commonly occurs in hypothetical phrases as well as it
collocates with various modals. In contrast, the word forms makes sense and made sense occur in
more factual and definite environments, which means that they have a rather favorable semantic
prosody.

Alrajhi (2019) explored the semantic preference and semantic prosody of the four
maximizers completely, entirely, totally, and utterly in EFL (English as a foreign language) Saudi
students’ writings. The results were compared to the findings of Partington (2004). Partington
(2004) investigated those four maximizers using data obtained from the COBUILD corpus. With
regard to semantic prosody, all the four maximizers used in the students’ writings have favorable
semantic prosodies. However, in Partington’s study, utterly has an unfavorable semantic prosody
whereas the other three maximizers evenly occur with favorable and unfavorable lexical items.
Concerning semantic preference, the collocates of the four maximizers in the students’ writings
belong to semantic sets associated with “emotion” and “state of mind”. In contrast, in Partington’s
study, all the four maximizers occur with words related to “absence” or “change of state”. The

collocational behavior shared between the two studies is that the four maximizers occur with words
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concerned with “change” and entirely collocates with words related to “(in)dependency”. Alrajhi
(2019) shows how different the way EFL Saudi students use the four maximizers is from real
English through this study.

As the other three lexical relations are used to distinguish synonyms, semantic preference
can also be used. Semantic features that collocates share can be different between synonyms.
Semantic preference approaches differences between synonyms semantically while semantic
prosody approaches them pragmatically and colligation approaches them syntactically.
Collocation shows them in terms of what words occur next to each synonym. Given that the four
lexical relations enable linguists to investigate differences between synonyms in various aspects,

they are very useful for research on synonyms.

2.4 Usage-based Linguistics

Usage-based linguistics is based on the following two aphorisms: (i) meaning is use; (ii) structure
emerges from use (Tomasello 2009). The first aphorism is associated with the symbolic or
functional dimension of linguistic communication. It focuses on the use of linguistic conventions
for achieving social ends. Usage-based linguistics emphasizes the symbolic or functional
dimension, rather than grammar, which is derivative (Tomasello 2003). The second aphorism is
related to the grammatical or structural dimension of linguistic communication. It focuses on how
grammatical constructions emerge from actual language use and generalizations made over
individual acts of language use. As people string symbols together into sequences and use the
sequences for communication, patterns of use emerge and get consolidated into grammatical
constructions. The grammatical or structural dimension is a product of grammaticalization.

Research on grammaticalization was carried out by a number of scholars (e.g., Bybee 1985, 1995,
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2002, Langacker 1987a, 1991, 2000, Hopper 1987, Croft 1991, 2001, Hopper & Traugott 1993,
Goldberg 1995, Givon 1995).

In order to have a better understanding of usage-based linguistics, we need to know
Chomskian generative grammar because usage-based linguistics appeared in opposition to
generative grammar. Generative grammar was introduced by Noam Chomsky in the 1950s and
had a profound effect on the study of language acquisition in the 1960s and 1970s. Chomsky (1968,
1980a, 1986) argued that human beings are born with abstract principles that guide the process of
language acquisition, which constitute what he calls “universal grammar”. According to Chomsky,
universal grammar is situated at the center of human linguistic competence and on the periphery,
there are such things as the lexicon, irregular constructions and idioms, the conceptual system, and
pragmatics. Those things on the linguistic periphery can and need to be learned but universal
grammar, the core of linguistic competence, is an innate property so it does not require learning.
Universal grammar is characterized as a unified set of abstract algebraic rules irrelevant to meaning.
It is the lexicon that contains meaningful linguistic elements. The meaningful linguistic elements
function as variables in the rules.

In contrast to generative grammar, usage-based linguistics provides a different view of
language acquisition. The usage-based theory of language acquisition suggests that language
acquisition is input-driven and depends on the learner's experience of language. It argues that two
sets of skills in particular are important for language acquisition: intention-reading and pattern-
finding skills. The former skills are the ones that involve the attempt of one person to manipulate
the intentional or mental states of other persons, which are related to the symbolic or functional
dimension of linguistic communication. The latter skills are the ones that enable children to find

patterns in the way adults use linguistic symbols across different utterances and to construct the
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grammatical dimension of human linguistic competence (Tomasello 2003). Both of these skills are
domain-general, which implies that human linguistic competence is integrated with other cognitive
skills, not separate and unique mental capacity like the language acquisition device (LAD)
proposed by Chomsky (universal grammar is the knowledge contained in the LAD).

Because usage-based linguistics evolved from cognitive and functional linguistics in which
pragmatic and conceptual factors are considered to play an important role in the emergence of
language structure and meaning (e.g., Talmy 1983, Langacker 1987b, Lakoff 1987), it has
emphasized the symbolic or functional dimension of linguistic communication. However, as the
focus of usage-based analysis has shifted to frequency, many studies have investigated the effects
of frequency on the development of linguistic knowledge (Hay 2001, Bybee & Hopper 2001, Krug
2003, Goldberg 2006, Bybee 2006, 2007, 2010, Arnon & Snider 2010). As we can see from those
studies, frequency is an important concept in usage-based linguistics and has become essential to
the usage-based analysis of linguistic structure and meaning. In the following subsection, | focus
on frequency. To be specific, I distinguish between type and token frequency, explain what they
refer to and how they interact with language learning, and mention how token frequency is applied

to this study.

2.4.1 Type and Token Frequency

A type is a category. In corpus analysis, type frequency is the number of distinct lexical items
which can be substituted in a given position in a word-level construction for word formation (i.e.,
inflection) or a syntactic construction specifying lexical relations. That is, it means how many
different lexical items are used in a given slot in a construction. To take a word-level construction
example from Ellis, the English past tense -ed has a high type frequency because it is used with a

number of different verbs, which is a regular method of making past tense verbs. As -ed applies to
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many distinct verbs, it has a very high type frequency, compared to the vowel change exemplified
in rang and swam.

Type frequency determines the productivity of morphological, syntactic, and phonological
patterns (Bybee 1995; Bybee & Hopper 2001). When a number of different lexical items are used
in a certain slot in a construction, the construction is less likely to be associated with a particular
lexical item, leading to a more general category over the lexical items that occur in that slot. The
more items the category covers, the more general the criterial features for that category get and the
broader the category boundary gets. The use of many distinct lexical items in the given slot ensures
that the representational schema of that construction gets more strengthened as well as the
construction is more frequently used (Bybee & Thompson 2000).

In contrast, a token is an occurrence. In corpus analysis, token frequency refers to the
number of occurrences of a lexical item, i.e., how often a word or a phrase occurs in a given sample.
Token frequency shows how people actually use lexical items. A high token frequency of a lexical
item promotes entrenchment of the lexical item in the mind (Langacker 1987a). A particular
construction with high token frequency is produced more quickly and easily, recognized faster,
processed more readily, and remembered better, compared to a construction with low token
frequency (Ellis 2002). Multiple repetitions are known to be required for entrenchment of
representations, automatization of processing, readiness of accessibility, autonomy of idiomatic
expressions, and fluent, fast, and phonetically reduced production (Ellis 2009). Also, a high token
frequency of a lexical item has an impact on the survival of irregular forms and idioms. The
frequent use of irregular forms and idioms guarantees their conservation.

The notion of token frequency is applied to the analysis of semantic prosody of the

neologism kay-. Because the investigation of semantic prosody is related to the actual use of the
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neologism kay-, not the productivity of the neologism kay-, it is based on token frequency. The
change in the token frequencies of positive and negative words to which the neologism kay- is
attached will demonstrate whether the semantic prosody of the neologism kay- is positive or

negative and how the semantic prosody has changed over time.

2.5 Language as a Complex System

A complex system is defined as “a system in which large networks of components with no central
control and simple rules of operation give rise to complex collective behavior, sophisticated
information processing, and adaptation via learning or evolution” (Mitchell 2009: 13). Examples
of complex systems include economic and social organizations, transportation or communication
systems, infrastructures, an ecosystem, Earth's global climate, organisms, a living cell, the human
brain, and so on. The term complex systems is often used to refer to the study of complex systems
that examines how interactions between a system’s components produce its collective behaviors
and how the system builds relations with its environment through interactions between itself and
the environment.

Collective behaviors are hard to model because they are more than the sum of a system’s
constituent parts. They stem from the interactions and relationships between a given system’s parts
or between the system and its environment. Because the fundamental object of the study of
complex systems is collective or system-wide behaviors, the study of complex systems is regarded
as an alternative paradigm to reductionism, which is an approach to describe systems in terms of
their components and individual interactions between them. The study of complex systems is
drawn from a number of different fields including physics, mathematics, social sciences, biology,
and many others so it is often used as a broad encompassing research approach to problems in

diverse disciplines like information theory, nonlinear dynamics, statistical physics, computer
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science, anthropology, sociology, economics, psychology, biology, and meteorology (Bar-Yam
2009).

According to Kretzschmar (2015), principles underlying the basic operation of complex
systems are summarized as follows: (i) the activity in complex systems continues to be dynamic
and open; (ii) their components randomly interact; (iii) their components exchange information
with feedback; (iv) behaviors from feedback are reinforced; (v) stable patterns emerge without
central control. For example, flocks of birds show these principles. When individual birds fly
together, we can see flocks of birds. Although there is not any lead bird directing how individual
birds act, individual birds do not bump into each other and maintain similar speeds as well as a
minimum distance from other birds in the flock. They influence and are influenced by their
neighboring birds in close proximity. Each bird in the flock makes moment-to-moment decisions
through interaction with neighbors in its own immediate context. This example shows how
individual elements act at a collective level. The interaction between individual elements leads to
unplanned behaviors or properties at a collective level.

To mention some important characteristics of complex systems, they include spontaneous
order or self-organization, emergence, adaptation, nonlinearity, and networks. Spontaneous order
or self-organization refers to unplanned organized behavior which arises from interactions between
an initially disordered system’s components or a process where that unplanned order takes place.
Self-organization is seen, for example, in snowflakes. Snowflakes show a radial symmetrical
beauty. The symmetry results from interactions involving attractive and repulsive forces between
the smaller entities that make up snowflakes (i.e., water molecules) and their surrounding
environment. Emergence is concerned with the appearance of emergent behaviors or properties.

Those behaviors or properties cannot be explained with a system’s components in isolation
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because they come from the interactions, dependencies, competitions, or relationships that the
components build when placed together.

Adaptation means the ability to learn from experience and adjust to the changing
environment. Complex systems that are adaptive are called complex adaptive systems, which are
special cases of complex systems. For instance, when the human immune system is attacked by
pathogens, it produces antibodies to destroy them. If the immune system encounters the same
pathogens again, it responds to them much more quickly and efficiently thanks to memory cells.
This demonstrates the learning ability and evolvability of the immune system. As pathogens
develop, the immune system evolves as well.

Nonlinearity is a term used in mathematics and physics to describe a system in which the
change in the size of output is not proportional to the change in the size of input. Complex systems
often show nonlinear behavior, which means that they may produce not changes in output
proportional to given changes in input but greater or less than such proportional changes, or even
no output at all. Depending on their current state or context, they may differently respond to the
same input. Nonlinear behavior is unpredictable, counterintuitive, or chaotic.

Lastly, complex systems can be regarded as networks. A network is a collection of distinct
objects and relationships between them. In complex systems, the distinct objects are constituent
parts of a complex system and the relations are formed by the interacting constituent parts. The
view of complex systems as networks allows the relationships between components to be analyzed

by means of many useful approaches such as graph theory and network science.

2.5.1 Language and Complex Systems

Complexity science originates from the disciplines of physics, mathematics, and biology but it has

a wide range of applications; it has been applied to other disciplines including economics,
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meteorology, and ecology (Larsen-Freeman & Cameron 2008). The attempts to apply complexity
science to linguistics were made in 1980s (e.g., Lindblom, MacNeilage & Studdert-Kennedy 1984;
Hopper 1987). More papers trying to couple complex systems with linguistics appeared in the
1990s (e.g., Van Geert 1991, Schneider 1997, Larsen-Freeman 1997). In recent years, complexity
science has been applied to the study of second language learning (e.g., de Bot, Verspoor & Lowie
2005, Larsen-Freeman & Cameron 2008, Dornyei 2009).

However, there had been no studies showing how each of the properties of complex
systems corresponds to the aspects of speech until Kretzschmar (2009). To demonstrate speech as
a complex system, he associated experimental evidence from speech with the fundamental
principles of complex systems. Specifically, he showed that language in use satisfies the
requirements of a complex system: (i) speech is open and dynamic; (ii) a large number of
interacting components constitute speech; (iii) emergent order is observed in speech; (iv) the
distribution of units in speech shows nonlinearity; (v) speech has the property of scaling or nesting.

The first requirement is fulfilled by the fact that new conversations and writings continue
to occur and new feature variants continuously emerge among interactions between members of
the speaking population. Also, the continuous exchange of speakers, i.e., new speakers’ entering
and leaving any speaking population because of birth and death or movement across social and
geographical space adds to change in speech. Speech variation can be captured through change in
possible realizations of feature variants and a continuum in the frequency of such realizations.
Possible realizations and the frequency of feature variants are continuously variable, which clearly
demonstrates that speech is dynamic. The second requirement is satisfied by that speech is
composed of a number of various speech units exchanged in conversations. The components

include speech sounds, words, and other entities extracted from the speech stream.
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Regarding the third requirement about emergent order, he mentions the correlation of
feature variants with geographical and social factors. They are correlated with each other in
complex ways, leading feature variants to have statistically significant associations with
independent variables related to different geographical and social factors. The grouping of variants
by location or social conditions plays an important role in the occurrence of emergent order. The
grouped variants show patterned behavior in their distribution (nonlinear distribution), which is
regarded as emergent order. The fourth and fifth requirements are covered in the following
subsection in detail. 1 will focus on giving a more detailed explanation about the nonlinear
distribution of speech because it is the most striking evidence proving that speech is among

complex systems (Kretzschmar 2015).

2.5.2 A-curve

According to Kretzschmar (2009, 2015), the frequency distribution of variants for any given
linguistic feature always takes a nonlinear pattern, what he calls an “A-curve”. Figure 2.1 shows
the shape of A-curve, which consists of a few variants with high frequencies, some variants with
moderate frequencies, and most variants with very low frequencies. The variants with very low
frequencies account for the long tail of the curve. The A-curve, i.e., the nonlinear distribution was
introduced to linguistics by the American linguist George Kingsley Zipf. Zipf’s law named after
that linguist says that the frequency of any word in texts is inversely proportional to its rank. That
is, the frequency of the first-ranked word (the most frequent word) is approximately twice that of
the second-ranked word (the second most frequent word), three times that of the third-ranked word
(the third most frequent word), and so on. A frequency profile reflecting Zipf’s law shows the
same curve shape as the A-curve: a few very frequent words, some moderately frequent words,

and most low frequent words.
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Figure 2.1 A-curve

The frequency distribution of variants for linguistic features provides clear evidence
supporting that speech is a complex system. It demonstrates that speech has the characteristics of
complex systems, i.e., emergence, nonlinearity, and self-organization. The A-curves show
“nonlinearity”. The nonlinear pattern of A-curve emerges from the frequencies of many interactive
variants. That is, the pattern is created from not any single variant but the relationships among
variants. The occurrence of the pattern is connected to “emergence”. The important thing is that
control by any external agent is not involved in the emergence of such pattern. The frequencies of
variants in isolation seem to be disordered but the relationships among variants create the
organized behavior of A-curve pattern, which is robust so it is always present for any linguistic
feature. This is associated with “self-organization”.

Kretzschmar (2015) presents some experimental evidence supporting the A-curves of
variants, which was drawn from his American Linguistic Atlas Project (Kretzschmar et al. 1993
for more information). The first evidence is dry spell meaning ‘weeks without rain’. There are 39

different lexical variants including drouth(s), drought, and so on. Their distribution profile based
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on their counts shows the A-curve. The second evidence is parlor meaning ‘place to meet guests’,
which has 99 lexical variants including living room(s), sitting room(s), and so on. The third
evidence is the vowel in fog, which has 242 phonetic variants and the fourth evidence is the vowel
in six, which has 29 phonetic variants. All of the three evidence shows that the frequency
distribution of their variants has the A-curve. The A-curves from these four examples are a little
different from each other but they are all alike in that they have a few common variants, some
moderately common ones, and many uncommon ones. Kretzschmar (2015) emphasizes that this
nonlinear distribution occurs everywhere in the Atlas survey research on language in use and other
surveys (e.g., Johnson 1996, Hoover 2001, Burkette 2001, 2009, Hatfield 2005, Mello 2013).

In the A-curve, we can find the scaling property of complex systems as well as emergence,
nonlinearity, and self-organization. The scaling property means that the shape of a particular
structure appears at any level of scale. To explain the scaling property using the above third
example fog, the distribution profile of variants from the subsample of women as well as that of
variants from the whole survey shows the A-curve, although the particular realizations at the top
of the count list from the subsample are not the same as those from the whole survey. This is true
of the subsample of speakers with a high-school education, too. All the A-curves from the
subsamples and whole survey clearly show the scaling property of complex systems.

The most remarkable thing about the A-curve is that it can neatly explain how users of
speech perceive language variation (Kretzschmar 2015). Depending on regions, social groups, or
many kinds of interest groups, the way that speakers use their language changes, leading to
language variation. Accordingly, a large number of variants come into existence for linguistic
features. Interestingly, the distributional frequency profile of variants always follows the A-curve

as mentioned above. However, because the most common variants vary depending on regions,
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social groups, or many kinds of interest groups, those common variants can be considered as
characteristic language behavior of each group. That is, the varying common variants can be used
for users to distinguish one from the other group. The most common variants on the A-curve (a
few top-ranked ones) are perceived as “normal” by users and infrequent variants “different”. The
top-ranked variants regarded as “normal” are assembled into linguistic systems, which are called
“observational artifacts” in Kretzschmar (2015). The linguistic systems come from not reality but
users’ perceptions of reality.

More interestingly, people have their own linguistic systems based on language that they
experience. They rely on their linguistic systems to decide what variant(s) to use. Since we
speakers belong to a number of different groups at the same time, we choose variants which are
judged to be best (i.e., normal) depending on given contexts. However, in this process, we know
the existence of many uncommon variants for each context and understand them. This perspective
on the full range of variants is associated with speech as a complex system. Every single variant
corresponding to a component within a complex system is acknowledged and such acknowledged
variants interact to create the A-curve. The A-curves of variants function as a perceptual aid which
helps us to make sense of speech interactions. Also, they have an advantage of consistently
explaining characteristic language behavior of many different groups within the frame of an overall
language.

In this study, an A-curve will be used to validate results from DCA. For method validation
of DCA, | will use collocates of the neologisms to perform collocation analyses. This process
includes examining the distributional frequency profiles of collocates and selecting top collocates
with high frequencies from the A-curves. Because the top collocates represent and characterize the

entire collocates of a given word, their change means a significant change to the entire set of
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collocates. Through the comparison between results from the analysis of top collocates and those
from DCA, | will evaluate whether the DCA approach is suitable for semantic change research

and whether results from DCA are reliable.
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CHAPTER 3

BACKGROUND ON METHODOLOGY

3.1 Korean Corpora

The history of Korean corpora is not that long; it has only been about 33 years since the first
electric Korean corpus was constructed. The interest in a corpus began in the late 1980s, after
which corpora started to be constructed by a number of institutes and universities revolving around
Yonsei University, Korea University, and the Korea Advanced Institute of Science and
Technology. In this section, | focus on two main Korean corpora, i.e., the Yonsei Corpora and the
Sejong Corpora.

Korean corpora consist not of words but eojuls, unlike English corpora. An eojul® refers to
a content word itself or the morphosyntactic combination of a content word and thing(s) in charge
of grammatical function such as particles and endings. Eojuls compose a Korean sentence and they
are separated by spacing. This is why eojuls are used to define the size of Korean corpora and to

parse sentences in Korean corpora.

“eg. BI7} =T} NM: Nominative case particle
pi-ka 0-n-ta. IN: Indicative mood suffix
rain-NM  come-IN-DC DC: Declarative sentence-type suffix

‘It is raining.’
The example sentence consists of the following two eojuls: (i) pi-ka and (ii) o-n-ta. To be specific, the first
eojul is the morphosyntactic combination of the noun pi and the nominative case ka and the second eojul is
the morphosyntactic combination of the verb stem o-, the indicative mood suffix -n, and the declarative
sentence-type suffix -ta.
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3.1.1 Introduction of Korean Corpora

This section introduces two main Korean corpora, the Yonsei Corpora and the Sejong Corpora
with other Korean corpora. As the Yonsei Corpora contain the first Korean corpus, and the Sejong

Corpora are national Korean corpora, the two main corpora are very significant in South Korea.

3.1.1.1 Yonsei Corpora

The first electric Korean corpus was built by the Yonsei Institute of Language and Information
Studies in 1988, called the Yonsei Corpus 1. The Yonsei Corpus 1 was constructed based on how
people read, i.e., their actual reading habits, with the assumption that their vocabulary is formed
and reinforced by what categories of reading materials to read, especially which categories to read
more. In order to find out how people read, a survey was conducted among a thousand adult
Koreans. The result from the survey of asking how much time to spend on average reading each
kind of written text showed that the participants spend 36.6 percent of their time on daily
newspapers, 22.8 percent on magazines, 20.4 percent on books of fiction, 11.2 percent on books
on general culture and information, and 9.0 percent on biographies. On the basis of these
proportions, the Yonsei Corpus 1 was built. It consists of 2.9 million eojuls.

After the Yonsei Corpus 1, the Yonsei Institute of Language and Information Studies has
worked on expanding their corpora. Among them, | introduce twenty-six Yonsei Corpora that are
considered as the main corpora of the institute. Table 3.1 shows the size and brief description for
each of the twenty-six corpora (for the information in Korean, visit https://ilis.yonsei.ac.kr/). At
first the Yonsei Corpora were not open to the public, but since 2016 anyone can have access to

some of them online by visiting the website at https://ilis.yonsei.ac.kr/corpus.

59



Table 3.1 Size and brief description for each of the twenty-six Yonsei corpora

Description

It was collected from materials published from 1980 to
1987. What types of materials and how much for each type
to collect were based on the actual reading habits of a
thousand adult Koreans.

With the aim of making a balanced corpus, it was mainly
collected from books across ten categories from 1987 to
1988: Generic (7.8%), Philosophy (9.9%), Religion
(10.7%), Social science (12.8%), Language (5.7%), Pure
science (11%), Applied science (11.7%), Art (8.1%),
Literature (11.2%), and History (11.3%). The proportions
were determined by how frequently related books are
checked out for each category. The Dewey Decimal
Classification was used for the classification of Korean
literature into those ten categories.

It was collected from materials selected as excellent
publications in 1980s.

It consists of real colloquial and quasi-colloquial
languages. Specifically, it is composed of Dialogues
(26%), Lectures (24%), Counsel (14%), Plays-Scripts
(13%), DJ broadcasts (13%), Discussions (8%), Meetings
(2%), and so on. It contains information about the age,
gender, and occupations of speakers, the number of
speakers, information about transcribers, the types of
utterances, and recording time.

It was collected from a range of literature in 1970s:
Newspapers (10%), Fictions & Essays (50%), General
books (35%), and Textbooks (5%).

It was collected from literature in 1960s.

It was collected from literature until the middle of 1990s
with main focus on fiction and essays. It was constructed
over the period from 1994 to 1995.

It consists of teaching materials from every elementary
school subject and the ones from the subjects of Korean
and social studies in middle and high schools. Those
materials are part of the 5th and 6th curricula.

It was collected from a sample of early childhood
education books and was constructed in 1996.

Corpus Size
#1. Yonsei Corpus 1 2,900,000
#2. Yonsei Corpus 2 1,100,000
#3. Yonsei Corpus 3 5,980,000
#4. Yonsei Corpus 4 770,000
#5. Yonsei Corpus 5 8,600,000
#6. Yonsei Corpus 6 7,230,000
#7. Yonsei Corpus 7 13,670,000
#8. Yonsei Corpus 8 870,000
#9. Yonsei Corpus 9 1500,000
#10. Yonsei Corpus 780,000

10

It is composed with separate volumes from the first period
(1945-1965) corpus supplemented for the compilation of
Yonsei contemporary Korean dictionary.
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#11. Yonsei Corpus 11 730,000 It is composed with textbooks from the first period (1945-
1965) corpus supplemented for the compilation of Yonsei
contemporary Korean dictionary.

#12. Yonsei Corpus of 150,378,870 It is a raw corpus of written language which consists of

Korean in the 20th 20th literature collected depending on publication dates
Century and text types.
#13. Corpus of 724,856 It was collected from Korean textbooks from Korean
Korean Textbooks language education institutes in 1990s.
(Complete)
#14. Corpus of 119,598 It was collected from dialogues in the introductions of
Korean Textbooks Korean textbooks from Korean language education
(Conversation) institutes in 1990s.
#15. Yonsei Korean 278,542 As a Korean learner corpus, it was collected from
Learner Corpus compositions by students at the Yonsei Institute of
Language Research and Education.
#16. Korean 1,496,280 It was collected from elementary school Korean language
Elementary Textbook textbooks published after the period from 1945 to 1954.
Corpus after
Independence
#17. The 6th and 7th 1,681,769 It was collected from textbooks in the 6th and 7th
Korean Elementary curricula. It provides annotations on homonyms.
Textbook Corpus
#18. Yonsei Balanced 1,054,362 It is a corpus of written language composed of texts from
Corpus of Written a range of genres.
Discourse
#19. Yonsei Balanced 998,934 It is a corpus of spoken language collected from
Corpus of Spoken monologues and public & private dialogues.
Discourse
#20. Yonsei Corpus of 1,165,224 It is a corpus providing annotations on polysemy, which
Polysemy was constructed for a Korean meaning frequency
dictionary.
#21. Yonsei Corpus of 386,472 It was collected from the doctrines of Buddhism, Buddhist
Hangul tripitaka scriptures, Tripitaka, and so on.
#22. Corpus of 144,309 It was constructed based on <Tongnip Sinmun>, an early
<Tongnip Sinmun> Korean newspaper and the first privately managed modern
Newspaper daily newspaper in Korea.
#23. Corpus of 29,339 It was collected from the lyrics of popular songs in 1930s
Popular Songs in the and 1940s.
Modern Era
#24. Yonsei Corpus of 18,986 It is composed of videos of utterances, transcription texts,
Multimodal Data and annotations on non-linguistic actions.
#25. Twitter Corpus 945,175,620 It was collected from Korean tweets which were written

for one month, October 2011.
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#26. Political 306,681 It was constructed for discourse analysis with the topic
Discourse Corpus limited to politics.
Total 1,148,089,842

3.1.1.2 Sejong Corpora

The Sejong Corpora are the most important landmark in Korean corpora. They are national Korean
corpora, open to the public. They were built by Korea University and Yonsei University under a
12-million-dollar government-sponsored national project named the 21st Century Sejong Project,
which was performed from 1998 to 2007. Constructing a large-scale national corpus comparable
to the British National Corpus in the UK was one of the goals that the project pursued in order to
promote the development of language research and technology in South Korea. When the project
finished, the Sejong Corpora were distributed on DVD in the beginning, with each version updated
four times, 2007, 2009, 2010, and 2011, respectively. They are no longer distributed on DVD.
The size of the Sejong Corpora is about 200 million eojuls. They consist of seven corpora:
written modern Korean, spoken modern Korean, North Korean/Korean used abroad, old Korean,
Korean-English parallel corpora, Korean-Japanese parallel corpora, and Korean terminology.
Table 3.2 shows the format and size for each corpus in the Sejong Corpora (see Kang 2008 for
more detailed information about the Sejong Corpora). In the table, a raw corpus refers to a corpus
of original text. A tagged corpus means a corpus with morphological information added to the raw
corpus. A word-disambiguated corpus is a semantically tagged corpus with disambiguated sense
information added to the tagged corpus. A treebank is a corpus with syntactic structural

information added to the word-disambiguated corpus.
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Table 3.2 Format and size for each corpus in the Sejong Corpora

Category Format Size
(million eojul)

Raw 62.0

tagged 15.0

Written word-disambiguated 12.5

Modern Korean treebank 0.8
Raw 3.7

Spoken-transcript tagged 1.0
Raw 9.5

North Korean/Korean abroad tagged 1.6
Raw 5.6

Old Korean tagged 0.9
Raw 4.8
Korean-English tagged 1.0
Parallel Raw 1.1
Korean-Japanese tagged 0.3

Korean terminology Raw 75.0

Total 194.8

B Written and spoken modern Korean corpora: They consist of materials after 1910s. The
corpus of written modern Korean was collected from various types of texts such as
newspapers and magazines. The corpus of spoken modern Korean was collected from
monologues and dialogues. The monologues and dialogues are divided into two
subcategories respectively: public and private.

B North Korean/Korean abroad corpora: They were constructed from Korean texts used in

North Korea, China, and Commonwealth of Independent States.

B Old Korean corpora: They were collected from Korean texts from the 15th century to the

beginning of 20th century.

B Korean-English and Korean-Japanese parallel corpora: They contain both source language

and their translated language texts.

B A Korean terminology corpus: It was built from professional texts in various fields.
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When the Sejong Corpora were released, the size was large enough to match corpora in the
United States, the UK, Japan, and so on (their sizes were 200 million to 500 million words back
then). However, they have been left behind since 2007 when the project stopped. Since the 21st
Century Sejong Project finished in 2007, the Sejong Corpora have not been updated with new data
so they are considered out of date now. Although a number of new words have been created and
commonly used for about fifteen years after 2007, the Sejong Corpora do not include them.

A corpus has to continue to grow to reflect the dynamics of language change over time
because it cannot be considered as a representative corpus unless it is regularly updated (Hunston
2002). It is very important to keep track of new language data and include it in a corpus so that it
can be a representative corpus, especially when the corpus is used for special tasks such as the
establishment of language policies, the improvement of efficiency in language education, and
information processing.

Fortunately, the National Institute of the Korean Language has recently constructed a Web
Corpus consisting of language data on the Web such as social media platforms and blogs. They
aimed to collect two million posts from social media platforms, ten thousand posts from blogs, ten
thousand posts from bulletin boards, and a hundred thousand posts from reviews like comments
on products, with the investment of sixty million dollars in the data collection. In addition to the
Web Corpus, the National Institute of the Korean Language has built many different kinds of
additional corpora. Those corpora will be able to supplement the Sejong Corpora and further be
widely applied to the field of artificial intelligence in South Korea. They are available at

https://corpus.korean.go.kr/#down.
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3.1.1.3 Other Korean Corpora

The Trends 21 Corpus is also remarkable in terms of size. It was built by Research Institute of
Korean Studies at Korea University. It consists of 600 million eojuls and was collected from texts
from four main daily newspapers in South Korea (i.e., The Dong-a Ilbo, The Chosun Ilbo,
JoongAng Ilbo, and The Hankyoreh), which are materials for fourteen years from 2000 to 2013.
In addition to the Yonsei Corpora, the Sejong Corpora, and the Trends 21 Corpus, many different
kinds of corpora have been constructed by a large number of research institutes and universities
depending on various research objectives. For example, Newspaper Corpus, Chinese-English-
Korean Multilingual Corpus, Korean Tree-Tagging Corpus, Automatically Analyzed Large Scale
KAIST Corpus, Terminology Corpus, and so on were built by the Korea Advanced Institute of
Science and Technology (http://semanticweb.kaist.ac.kr/home/index.php/KAIST_Corpus for
access to those corpora). Korean Sentiment Analysis Corpus was constructed by Seoul National
University, the Korean-German parallel Corpus by Hankuk University of Foreign Studies, the
Corpus of Historical Materials by Kyung Hee University, and the Korean Resident in Japan Corpus
by Jeju National University. However, the size of all these corpora is much smaller than that of

the Yonsei corpora, the Sejong Corpora, and the Trends 21 Corpus.

3.1.2 Construction of a Korean Twitter Corpus using Python

The Yonsei Twitter Corpus in the Yonsei Corpora is a Korean Twitter corpus which boasts a large
size. It was built for the analysis of political inclinations in collaboration with a social media
analytics company. It consists of tweets during the period of the Seoul mayoral election campaign
in 2011. The tweets were randomly collected with no specific keywords. The Yonsei Twitter

Corpus (945,175,620 eojuls) accounts for about 82 percent of the entire Yonsei Corpora
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(1,148,089,842 eojuls). In terms of size, the Yonsei Twitter Corpus has made a great contribution
to Korean corpora.

However, the Yonsei Twitter Corpus is not open to the public and it is an old corpus now
because the tweets in the corpus are tweets written for a single month, October 2011. With the old
and short-term corpus, it is impossible to study on language change. Accordingly, this study builds
a new Korean Twitter corpus on the basis of up-to-date data over a longer period. For the
construction of the new Korean Twitter corpus, this study collects tweets containing each of the
three neologisms as a keyword from 2010 to 2019 (in the case of Iwuce, to July in 2021). The
following subsections show how the new Korean Twitter corpus was constructed and preprocessed

using Python.

3.1.2.1 Data Collection

Twitter is a microblogging social platform that allows users to share posts of up to 280 characters.
Despite the character limit of posts, it is hard to collect a great number of tweets manually using
computer commands of “control+C” and “control+V”, which is time-consuming and energy-
consuming. As a more efficient method to collect a large number of tweets from Twitter, | chose
Python because it automatically scrapes tweets that | want to collect within a short time. Python is
one of the most popular computer programming languages. It is widely used by big companies like
Google, Instagram, and IBM. Because Python is relatively easy to learn, many non-programmers
are learning it.

Python has a number of useful libraries which can be used to perform various tasks. A
library offers a collection of packages, and each package is a collection of modules. A module is
a Python file containing various Python functions and variables. Thus, a library is a set of code

created to perform a certain task. Thanks to already-made libraries/packages, users do not need to
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write Python code for themselves from scratch. However, users have to modify some of the Python
code in already-made libraries/packages or write their own code depending on their specific
research objectives.

In order to collect tweets from Korean Twitter, | used snscrape, which scrapes data from
social networking services such as Facebook, Instagram, and Twitter. For Twitter, it has the
advantage of allowing scraping tweets without personal APl keys and returning thousands of
tweets in seconds. Employing the Python library of snscrape, | collected tweets containing the
three Korean neologisms as keywords (the specific period and number of scraped tweets for those
neologisms are covered in Section 4.1, 5.1, and 6.1). Figure 3.1 shows Python code which collects

data of leyal using snscrape.

import os

import pandas as pd

import time

from pandas import DataFrame

tweet_count = 15500
text_query = "o|2H"

for j in range (2010,2011):
time_list = []
length_list =[]
for i in range(1,13):
print(j,i)
start_time = time.time()
since_date = "%d-%d-1" %{j,i)

if i = 1z2:
until_date = "%d-%d-1" %(j+1,1)

else:
until_date = "%d-%d—1" %B(j,i+1)

0s.system( 'snscrape —jsonl —max-results {} —since {} twitter—-search "{} until:{}"> #
text—guery—tweets. json' . format (tweet_count, since_date, text_query, until_date))

tweets_df = pd.read_json{'text—qguery-twests,. json', lines=True)
length_list . append(len{tweets_df))

tweets_df  to_csv('twitter_raw_data_%d. %d.csy' %(i, i), index=False, encoding='utf-6-sig')
timevalue = time. time() — start_time

time_list.append (timevalue)

df_time_length = DataFrame({'Time' @ time_list, 'Length': length_list})
df _time_length. to_csv('col lect lon_t ime_length_%d.csv' %(]), Index=False, encoding='utf-8-gig')

Figure 3.1 Python code which collects data of leyal using snscrape. This example code shows the process
of scraping 15,500 tweets per month for the year 2010
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For the construction of corpora, it is important to make them readily accessible. If a file
size is too large it takes too much time to open the file, so | saved the scraped tweets in the form
of month-to-month files (Figure 3.2). The files were saved in CSV format. Also, | grouped the
monthly files by year for convenience (Figure 3.3). Each monthly file consists of twenty-one
columns: url, date, content, renderedContent, id, user, outlinks, tcooutlinks, replyCount,
retweetCount, likeCount, quoteCount, conversationld, lang, source, sourceUrl, sourcelLabel,
media, retweetedTweet, quotedTweet, mentionedUsers. The content column contains messages in

tweets, which become the target of data preprocessing.
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Figure 3.2 Scraped tweets saved in the form of month-to-month files. This example indicates the 2019
corpus out of ten yearly corpora from 2010 to 2019 of the neologism kay-.
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Figure 3.3 Monthly files grouped by year. This example shows ten yearly corpora from 2010 to 2019 of
the neologism kay-.

from konlpy tag import Okt

['Il:_l-%', I(Iﬂth, 'EEI', '—I l, I?:Ig', tgll’ |76|_?_)]

print(okt.nouns(u'F 2 otA| &7 HA S dHS
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) oH,

print(okt.phrases(u S22 FMO MR A= TIoZY)
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Figure 3.4 Example code using Okt
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The Natural Language Toolkit (NLTK) in Python is a suite of libraries and programs for
natural language processing but it is not designed for the Korean language. Therefore, KONLPYy is
used for data preprocessing. KoNLPy is a Python package for natural language processing of the
Korean language. It has various Korean morpheme analyzer tools. Among them, Open Korean
Text (Okt) is employed in this study. With OKkt, it is possible to split data into morphemes, tag
morphemes with their parts of speech, reduce morphemes with inflections to their stems, and only
extract data that a researcher needs from an entire dataset.

Figure 3.4 shows example code® using Okt. The first two lines function to bring Okt. The
third line carries out splitting the data into morphemes, the fourth and fifth lines perform only
extracting nouns and phrases from the data respectively, and the last line conducts tagging each
morpheme with its part of speech after splitting the data into morphemes, normalizing those
morphemes, and making the morphemes with inflections their stems. The results are shown in

square brackets following the command.

3.1.2.2 Data Preprocessing

A raw corpus of tweets scraped from Twitter is not user-friendly because it contains unnecessary
things for this study such as punctuation marks and other foreign languages, has no annotation on
grammatical information like parts of speech, and lacks consistency in text. Therefore, data
preprocessing is required to derive significant information from the raw corpus more efficiently.
Data preprocessing comprises the following six processes: tokenization, normalization, stemming,

cleaning, tagging, and removal of stop words. In this study, the four processes, i.e., tokenization,

® The source of this example code is as follows: https://konlpy.org/ko/latest/api/konlpy.tag/#okt-class.
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normalization, stemming, and tagging are performed by means of the Korean morpheme analyzer
Okt in KoNLPy, which is an open source Korean tokenizer developed by Will Hohyon Ryu.

Tokenization is the process of splitting the entire text into tokens. Depending on
researchers, tokens can be words, phrases, sentences, and so on. In this study, the entire text was
split into morphemes. Normalization involves changing to lowercase/uppercase, expanding
abbreviations, and so on so that different forms of the same word can be recognized as the same
word. The normalization of Korean is different from that of English because, for example, there is
no distinction between lowercase and uppercase in the Korean language. In the normalization of
Korean, different variations from the same word created by the use of different vowels or addition
of unnecessary consonants are converted into their original form. For instance, variations from the
Korean greeting meaning ‘hello/hi’, annyenghaseyyos ( 2/ 3/4/-2) and annyenghaseyyong
(9} 5145 are converted into their original form annyenghaseyyo ( /% 3447.2). They are
cases where additional consonants are added to the original form. Stemming is the process of
reducing a word to its stem or root form. To take the same example, the Korean greeting
annyenghaseyyo ( ¢/ 3/4/.2) is a polite form so it is reduced to its stem annyenghata ( $/5 3/ 55).
Cleaning is the process of correcting or removing incomplete/incorrect/irrelevant data (e.g.,
punctuation marks, numbers, and other foreign languages).

Tagging is the process of tagging each token with parts of speech (e.g., noun, verb,
adjective, or adverb). The POS tagger in the tag package of Okt splits the entire text into
morphemes, tags each morpheme with its part of speech, normalizes variations of the morphemes,

and reduces the morphemes with inflections to their stems or root forms®. The POS tagger has the

Seg. ¥7} =T}, NM: Nominative case particle
pi-ka 0-n-ta. IN: Indicative mood suffix
rain-NM  come-IN-DC DC: Declarative sentence-type suffix (See the next page.)
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following twenty-four tags: Noun, Verb, Adjective, Adverb, Determiner, Modifier, Conjunction,
Exclamation, Josa, PreEomi, Eomi, Prefix, VerbPrefix, Suffix, Punctuation, Foreign, Alpha,
Number, Unknown, Korean Particle, Hashtag, ScreenName, Email, and URL (some of the tags
such as Noun and Verb are actual parts of speech while others such as Hashtag and Email are not).
The number, kind, and name of POS tags vary depending on morpheme analyzer tools. The
information of parts of speech is very important for the analysis of semantic prosody of the
neologism kay- because it makes it possible to extract only adjectives and verbs where the
neologism kay- is attached from tweets.

Stop words are a set of commonly used words which have very little meaning, for example,
like and, the, and a/an in English. The removal of stop words allows users to focus on more critical
words. For instance, a search engine allows us to do so by presenting more pages about relatively
more important words (i.e., content words) than commonly used words (i.e., function words) when
we type phrases or sentences into the search engine. In order to make a corpus containing more
critical words and obtain clearer results from a corpus, the process of removing stop words is very

crucial.

3.2 Artificial Intelligence

Acrtificial intelligence (Al) has been paid much attention today. Al refers to intelligence displayed
by machines. It simulates human intelligent behaviors by means of computers and trains computers

to perform intelligent tasks such as learning, decision-making, and judgment (Da Xu, Lu & Li

The example at the bottom of the preceding page is the one mentioned in Section 3.1, meaning ‘it is raining.’.
Let us apply tagging by means of Okt to this example. The first eojul pi-ka is split into two morphemes pi
and ka. They are labeled “noun” and “josa” respectively. Josa is a Korean postposition. Korean
postpositions are known as case markers. The morpheme ka is used to indicate that the preceding noun is
subject. The second eojul 0-n-ta is reduced to its stem ota and labeled “verb”.
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2021). Al has permeated many various aspects of our life at high speed, replacing existing manual
work with automatic processing. Al applications include autonomous vehicles such as drones and
self-driving cars (e.g., Tesla), virtual assistants understanding human speech (e.g., Alexa or Siri),
advanced web search engines (e.g., Google search), computer programs playing games such as
chess and Go (e.g., AlphaGo), recommendation systems (e.g., systems in Amazon, Netflix, or
YouTube), image recognition, medical diagnosis, creating art such as poetry and stories, spam
filtering, predicting flight delays, and so on.

Two terms frequently mentioned in Al are machine learning and deep learning. Machine
learning is part of Al and deep learning is a subset of machine learning on the basis of artificial
neural networks. Machine learning is the study of computer algorithms that can learn, predict, and
improve their performance through experience, i.e., past information or data. The first definition
of machine learning was given by Arthur Samuel, an American pioneer in Al and computer gaming,
in 1959. According to him, machine learning is defined as “the field of study that gives computers
the ability to learn without being explicitly programmed”. Machine learning mainly depends on
methods and models based on statistics and probability theory to solve practical problems.

Machine learning is classified into three broad categories depending on the nature of output
or feedback available to the learning algorithm: supervised learning, unsupervised learning, and
reinforcement learning. Supervised learning is learning a function that maps an input to an output
through example pairs consisting of inputs and their desired outputs. In other words, learning
algorithms analyze labeled training datasets which are composed of example pairs and create the
function which can map new examples to their correct outputs (i.e., determine the class labels for

unseen instances or predict outcomes accurately).
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Unsupervised learning involves learning patterns from unlabeled, unclassified, or
uncategorized data. Learning algorithms take a dataset that only contains inputs and find structure
in the dataset on their own without any external guidance or intervention. The learning algorithms
identify similarities or commonalities in the dataset and react based on whether such similarities
or commonalities are in each new piece of dataset or not. Clustering or grouping belongs to an
unsupervised learning task.

Reinforcement learning concerns training learning algorithms to interact with a complex
and dynamic environment to achieve a certain goal such as playing a game against an opponent or
driving a vehicle. The learning algorithms learn solutions to problems by trial and error. That is,
through rewards or penalties for the actions they perform, the learning algorithms learn what
actions they should take so as to maximize the total reward. This is conceptually similar to genetic
programming.

Deep learning is a subfield of machine learning related to artificial neural networks.
Artificial neural networks refer to computing systems inspired by neural networks that constitute
a biological brain. Artificial neural networks are built like a biological brain, with artificial neuron
nodes connected to each other. Each connection transmits a signal to other neurons and the neurons
receiving the signal process and send it to other neurons connected to them. One process of
transmitting and receiving a signal constitutes one layer. As the process builds up, multiple layers
are formed. The adjective “deep” in deep learning implies the use of multiple layers. The use of
multiple layers in the network enables deep learning algorithms to perform tasks that machine
learning algorithms cannot easily perform. Deep learning algorithms are trained in supervised,

semi-supervised, or unsupervised learning.
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The computational techniques to be employed in this study are algorithms based on deep
learning. Word2vec and Latent Dirichlet Allocation are trained in unsupervised learning while
long short-term memory is trained in supervised learning. The model of long short-term memory
is used for binary classification and its performance is assessed through classification evaluation
metrics. The classification evaluation metrics include accuracy, F1-score, a confusion matrix, a
precision-recall curve, the area under the precision-recall curve (PR AUC or AUC-PR), among

others.

3.2.1 Natural Language Processing

As we have to learn a foreign language to communicate with people in a country where that foreign
language is used, we have to learn a computer programming language to communicate with a
computer. This is because a computer cannot understand natural language, i.e., human language.
In order to have computers process human language, natural language processing is necessary. As
a subfield of computer science and artificial intelligence, natural language processing is concerned
with programming computers to process and analyze large-scale natural language data.
Applications of natural language processing include machine translation, information retrieval,
guestion answering, and text mining.

Research on natural language processing started in the 1950s, and the introduction of
machine learning algorithms in the late 1980s revolutionized natural language processing. In the
2010s, as deep neural-network-based machine learning algorithms became prevalent, approaches
founded on deep neural networks were applied to natural language processing, replacing statistical
natural language processing with neural natural language processing. Accordingly, the latest

natural language processing systems have been designed on the basis of deep learning algorithms.
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The following subsections introduce three neural natural language processing techniques, which

are to be used for the analysis of semantic change of the three neologisms.

3.2.1.1  Word2vec and Cosine Similarity

Word2vec is a technique that uses a neural network model to represent words from a large corpus
as vectors of real numbers. The biggest advantage of word2vec is that it considers the meaning of
words when mapping words to vectors. That is, semantically similar words have similar vectors.
Computers cannot understand human language so it is required to convert it to numbers so that
they can process it. One of the ways to change letters to numbers (i.e., vectors) is one-hot encoding.
This technique represents words as binary vectors composed of “0” and “1”. For example, to
represent the sentence | like an apple as one-hot vectors, first, the technique assigns an index to
each word: I: 0, like: 1, an: 2, apple: 3. Next, it assigns “1” to the position for the index number
and “0” to the others as follows: | = [1,0,0,0], like = [0,1,0,0], an = [0,0,1,0], apple = [0,0,0,1].
However, this technique does not consider word meaning at all. Furthermore, it gets more
inefficient when the size of a corpus gets large. The example sentence consists of four words so
the number of dimensions of the one-hot vectors is four. When a corpus of 1,000 words is
represented as one-hot vectors, the vectors have 1,000 dimensions with one “1” and nine hundred
ninety-nine “0”s for each word. This demands much storage space on the computer.

Word embedding is a method developed to overcome those limitations of one-hot encoding.
It represents words as real-valued vectors. One of the techniques to perform word embedding is
word2vec, which represents words as real-valued vectors under the distributional hypothesis that
words with similar contexts have similar meanings. Word2vec uses context words of the target
words to convert the target words into distributed representations (i.e., real-valued vectors).

Accordingly, words which have similar meanings have similar vectors because of their similar
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contexts and those vectors are located close to one another in the vector space. Also, as vectors
have real numbers’, the dimension of vectors can be reduced regardless of the vocabulary size.
This makes the process of converting words to vectors more efficient.

The process of converting words to vectors involves the utilization of either of two model
architectures: continuous bag-of-words (CBOW) or skip-gram (the latter is utilized in the semantic
change analysis of leyal using word2vec and cosine similarity because it is known to produce
better results than the former). In the architecture of CBOW, the model predicts the target word
from its surrounding context words using pairs of (context word, target word). For example, if a
given sentence is the kids chase each other around the red table in the living room and the window
size is “2”, the model has pairs like ([the, chase], kids), ([the, table], red), ([red, in], table), and so
on. The CBOW architecture assumes that the order of context words does not affect prediction.
Contrastively, in the skip-gram architecture, the model predicts its surrounding context words for
a given word. To take the same example as CBOW, the model predicts the context words [the,
chase] when the word kids is given, [the, table] for the word red, [red, in] for the word table, and
so on. Word2vec utilizes either of these two architectures to learn relations among words in

linguistic data.

" Unlike one-hot vectors, vectors from word2vec have real numbers (e.g., apple = [-0.1, -0.2, 0.0], orange
=[-0.1, 0.5, 0.0], car = [2.1, 0.3, 1.5]). Please note that apple and orange have similar vectors. The values
of these examples were created to help those who do not have background information about word
embedding to understand real-valued vectors better. They are not actual values from word2vec.
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v v v

Figure 3.5 Cosine similarity. In the three figures, x and y mean vectors. From left, the first figure shows similar
vectors (cos(0) = 1), the second figure shows opposite vectors (cos(0) = -1), and the third figure shows
orthogonal vectors (cos(0) = 0).

Semantic similarity between words can be calculated through cosine similarity (CS), which
is a metric used to measure similarity between vectors. In mathematics and physics, vectors refer
to quantities that have both magnitude and direction. CS uses the cosine of the angle between two
vectors to measure the similarity between them. When two vectors are in the same direction (i.e.,
the angle between them is 0°), the CS value is “1”. When two vectors are in the opposite direction
(i.e., the angle between them is 180°), the CS value is “-1”. When two vectors are perpendicular
(i.e., the angle between two vectors is 90°), the CS value is “0”. Figure 3.5 shows each case. The
closer to “1” the CS value is, the more similar the two vectors are. The CS value quantifying
similarity between two vectors indicates how semantically similar two words corresponding to the

two vectors are to each other.

3.2.1.2 Latent Dirichlet Allocation

Latent Dirichlet Allocation (LDA) is a generative statistical model that discovers latent semantic
structures in an extensive body of text. It classifies words by topics. In LDA, a topic is not an

actual topic like the subject of an essay but an abstract topic, that is, a cluster of similar words not
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containing any explanation of how the topic is developed. This means that we cannot gain topics
in the form of words and have to infer them from words in each cluster. LDA is founded on
Bayesian inference, which is a method of statistical inference where the probability for a
hypothesis is updated through the continuous addition of available information according to Bayes’
theorem.

Let us look at how LDA works. Every word in a document is randomly allocated to topics
(the number of topics has to be decided by a researcher). This allocation is random so it is not
correct in fact. However, with the information of random allocation, it is possible to calculate how
the topics are distributed in documents (TD) and how words are distributed with those topics (WD).
After such computations, with the first word excluded from the documents, TD and WD are
calculated again. The recalculated values are used to calculate the probability that the first word
belongs to each of the topics. The first word is allocated to the topic which has the highest
probability among them. This process is applied to every word from the second word to the last
one in the documents. It does not end in the first round but repeats enough so that every word can
be correctly classified. As the probability that each word belongs to a particular topic is

continuously updated, the classification of words by topics gets more accurate.
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Figure 3.6 LDA result from 12,562 tweets written in 2010 containing Iwuce as a keyword
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Figure 3.7 LDA result from 13,461 tweets written in 2019 containing Iwuce as a keyword
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Figure 3.6 and Figure 3.7 are the LDA results from 12,562 tweets written in 2010 and
13,461 tweets written in 2019 respectively. The tweets were collected with lwuce set as a keyword.
The circles on the left side mean clusters of words, i.e., topics. The size of each circle indicates the
proportion that the topic accounts for in the documents. Clicking on each topic shows the list of
words related to that topic on the right side. Both Figure 3.6 and Figure 3.7 show a list of the top
thirty words in Topic 1 that accounts for the highest proportion in the documents. The bar graphs
indicate the frequency of each of the thirty words within Topic 1 and their frequencies in the entire
document.

As we can see in Figure 3.6 and 3.7, LDA does not present what topics are so we have to
infer them. However, it is not easy to infer the topics from words inside each cluster. Also, because
LDA does not consider semantic similarity between words, words which have similar meanings
can be allocated to different topics. That is, LDA classifies words using not word meanings but
the information of how topics and words are distributed in documents. This can cause an issue
with topic coherence. Accordingly, classification results from LDA can be different from those
from humans. A way to assess the performance of LDA is to use a topic coherence measure, which
is an evaluation method for topic models. It indicates how consistent words in clusters are in terms
of meaning by measuring the semantic similarity among top words in a cluster for each cluster. It
represents the average of topic coherence values from clusters. In this study, C_v topic coherence,

one of the most popular topic coherence metrics, is used to evaluate the LDA performance.

3.2.1.3 Long Short-term Memory

Long short-term memory (LSTM) is a special type of recurrent neural network (RNN). A RNN is
a class of artificial neural networks designed to handle and learn time series data where the

sequence of data is important. Because a RNN can use information it processed in the past to
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process future input, it has a wide range of applications. For instance, in natural language
processing, it has been applied to text summarization, sentiment classification, spam detection,
machine translation, and so on (e.g., Moholkar et al. 2019, Chandra & Khatri 2019, Kumar, Rao
& Premnath 2020). Those applications require processing and learning long sequences of words.
With linguistic data, a RNN captures and learns temporal features for words by considering the
sequence of words.

However, a traditional RNN loses much information from past input when the sequence is
long. To overcome this limitation, LSTM was developed. As an improved model of a traditional
RNN, LSTM can better preserve information from past input. It is known to produce more accurate
results when the gap between the relevant information and the point where it is needed is very
large. In the following example | traveled to New York last week. There were lots of things to see.
The food was great, too. While staying there, my friend called me to ask where | was. I said | was
in , the blank requires information about location and that information can be predicted
not from adjoining words but from the first sentence. As this example shows, when predicting the
next word requires not neighboring words but the previous context, LSTM is useful in that it can
make a good prediction from the past information well preserved in it (the processes of LSTM
taking words, converting them into vectors, and handling those vectors are based on calculus and
linear algebra).

The reason why LSTM produces better results than the traditional RNN is that LSTM has
four components which the traditional RNN lacks: forget gate, input gate, cell state, output gate.
They perform specific functions. The forget gate is in charge of determining how much previous
information to forget. It removes some of the previous information which is unnecessary. The

input gate decides how much current information to preserve. It is concerned with remembering
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current information. The cell state is computed through the sum of results from the forget and input
gates. Depending on each value from the two gates, how much previous and current information
to preserve is finally determined. The output gate is concerned with determining how much current
information to forget in the process of the next information with the cell state. Thanks to these four

components, LSTM is able to process time series data more accurately.

3.2.2 Model Evaluation Metrics

The model of LSTM is trained to sort words into positive and negative for the analysis of semantic
prosody of the neologism kay-. That is, LSTM is used as a binary classification model in this study.
Evaluation metrics to assess the performance of classification models include accuracy, F1-score,
a confusion matrix, a precision-recall curve, the area under the precision-recall curve (PR AUC or
AUC-PR). The following subsections cover two evaluation metrics among them, i.e., a confusion
matrix and a precision-recall curve (the notion of AUC-PR is briefly mentioned with the
explanation of a precision-recall curve) because the two evaluation metrics are to be employed to
evaluate the performance of LSTM. In machine learning, it is very important to build a generalized
model which can correctly predict unseen data. For such a generalized model, it is required to
estimate the accuracy of a model on unseen data through evaluation metrics. Accordingly, a
confusion matrix and a precision-recall curve are used to assess how accurately LSTM can predict

unseen data.

3.2.2.1 Confusion Matrix

A confusion matrix is a specific table layout which represents the prediction results of
classification. The rows of the matrix stand for actual values while the columns stand for predicted

values. Table 3.3 indicates a confusion matrix with two class labels, where the top left is True
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Positive (TP), the top right is False Negative (FN), the bottom right is True Negative (TN), and
the bottom left is False Positive (FP).

TP means instances where a model classifies an actual positive sample as positive, FN
means instances where a model classifies an actual positive sample as negative, TN means
instances where a model classifies an actual negative sample as negative, and FP means instances
where a model classifies an actual negative sample as positive.

Each prediction belongs to one of these four outcomes. All correct predictions are placed
in the diagonal of the table (TP and TN) and values outside the diagonal represent prediction errors.
A confusion matrix has an advantage of making it easy to visually examine prediction results. In
the analysis of the neologism kay-, a confusion matrix is used to evaluate the performance of

LSTM by showing how LSTM predicted the given data.

Table 3.3 Confusion matrix with two class labels

Predicted Values
Positive Negative
Positive True Positive False Negative
g 12 (TP) (FN)
£ S Negative False Positive True Negative
(FP) (TN)

3.2.2.2 Precision-Recall Curve

To understand the notion of precision-recall curve, we should know what precision and recall are.
Precision refers to the fraction which True Positive accounts for out of the instances that a model
classifies as Positive, which is related to correctness. It shows how accurately a model predicts
Positive and is known as Positive Predictive Value (PPV). In contrast, recall refers to the

proportion of Positive instances which a model has found out of actual Positive samples, which is
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associated with completeness. It is known as sensitivity. How to calculate precision and recall is

as follows (please refer to the above confusion matrix with two class labels):

TP
& Recall =
TP + FP TP + FN

Precision =

Both precision and recall are focused on actual Positive samples and instances that a model
classifies as Positive. They have different viewpoints on Positive. Precision looks into Positive
from the perspective of a model while recall looks into Positive from the perspective of actual
Positive samples. They serve to complement each other and the higher the values of precision and
recall are, the better a model is. They are known to be appropriate for data the classes of which are
imbalanced.

The training dataset used to train the LSTM model consists of positive and negative
words/phrases but the ratio of positive words/phrases to negative ones is not balanced. Because
the number of positive words/phrases is fewer, it is needed to check whether the model has been
well trained in terms of positive words/phrases (the minority group). The application of precision

and recall to the minority group is as follows:

%2 __099 & Recall =252

=0.99
962 +9 962 +5

Precision =

(TP: 962, TN: 1950, FP: 9, FN: 5)

A total of 2,926 words/phrases consists of 1,959 negative words/phrases (TN + FP) and
967 positive words/phrases (TP + FN). The number of positive words/phrases that the model has

detected is 962 (TP) among the 967 positive words/phrases (FN means the case where the model
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classifies positive words/phrases as “negative”). The number of words/phrases that the model
classifies as “positive” is 971 (TP + FP). However, 962 words/phrases (TP) are actually positive
and 9 words/phrases (FP) are negative words/phrases (FP means the case where the model
classifies negative words/phrases as “positive”). The precision and recall values show that the
model can predict the minority group, i.e., positive words/phrases accurately (99% accuracy) and
detect almost every positive word/phrase (99% detection). These values come from the last fold
among five folds so they are different from the result of normalized confusion matrix based on all
the five folds in Section 6.5.2 (I used the last fold as an example for simplification and the detailed
information on five folds is covered in Section 6.3.1).

A precision-recall curve is a plot of the y-axis of precision against the x-axis of recall. It
shows the trade-off between precision and recall for a predictive model. The area under the
precision-recall curve (AUC-PR) is an indicator showing a model’s performance. Both a precision-
recall curve and the value of AUC-PR are obtained by means of a Python library. The higher the
AUC-PR value is, the higher both precision and recall are. High precision and high recall mean

that a model returns accurate results and detects a majority of actual Positive samples respectively.
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CHAPTER 4

DISTRIBUTIONAL CORPUS ANALYSIS OF KOREAN NEOLOGISM LEYAL

4.1 Data Collection

The neologism leyal is mainly used to represent ‘really’ in informal settings, in particular on the
Internet by young people. In order to collect data of the neologism leyal, I chose Korean Twitter.
According to Shi (2020), the Korean language on Twitter is close to spoken Korean. More
ungrammatical expressions and slang are used on Korean tweets, compared to written Korean in
formal writings such as editorials and news articles. Also, Korean tweets are composed of short
and less refined sentences. Given that Korean tweets have the characteristics of spoken Korean
and the neologism leyal is slang, I chose Twitter as a source of data for the neologism leyal.
Specifically, | scraped 15,500 Korean tweets that included leyal as a keyword per month from
2010 to 2019 (except for 2010, 2015, 2016, and 2019) using snscrape in Python. The number of
tweets scraped for each year was 186,000, except for the four atypical years. For the four years
that are exceptions, 175,953 tweets, 183,892 tweets, 178,569 tweets, and 177,202 tweets were
scraped respectively with the numbers of monthly collected tweets uneven. The four years are
estimated to have insufficient numbers of tweets about leyal. On the basis of the scraped tweets, |

constructed ten yearly Twitter corpora corresponding to each of the ten years from 2010 to 2019.

4.2 Data Preprocessing

The ten yearly Twitter corpora went through the following six steps for data preprocessing:
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B Step 1: The same tweets scraped several times were reduced to one tweet.

B Step 2: Unnecessary things for this study such as numbers, punctuation marks, and other
foreign languages were removed from tweets.

B Step 3: Once again duplicate tweets were reduced to one tweet in order to filter retweets,
which contain the same messages under different user 1Ds. Retweets are not filtered in the
first step because of different user IDs so this step was added.

B Step 4: In tweets containing leyal and matulitu consecutively, when there was spacing
between them, the spacing was removed. This is because the spacing causes the word
leyalmatulitu representing the Spanish football club ‘Real Madrid’ to be recognized as
two separate words.

B Step 5: Each sentence in tweets was divided into morphemes and the morphemes were
converted to their stems.

B Step 6: Stop words were removed from the tweets.

| carried out the above six steps in Python version 3.7. For the fifth step, | employed the Korean
morpheme analyzer Okt in the Python package of KoNLPy. For the sixth step, a list of Korean
stop words containing 605 stop words® was applied in order to do an analysis based on content

words. Stop words are words which have very little meaning while they are commonly used, for

8 The number of English stop words is 421, which comes from the Brown stop words list known as the
standard stop list (please note that the set of 421 stop words is one of many stop words lists and there is no
single set of English stop words). The reasons why the number of Korean stop words is more than that of
English stop words are inferred from the following two facts: (i) the Korean language has more words than
English (https://en.wikipedia.org/wiki/List_of dictionaries_by number_of words for more detailed
information); (ii) compared to English, Korean verb conjugations are much more complex and there are
more various verb endings (Korean verb conjugations depend upon the verb tense, aspect, mood, and the
social relation between speakers and listeners). In natural language processing, the number of stop words
can vary depending on how analysts define them.
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example, like the and a/an in English. Table 4.1 shows the number of morphemes® in each of the

ten preprocessed Twitter corpora after the six steps.

Table 4.1 Number of morphemes for each Twitter corpus

Year Number of morphemes
2010 2,660,854
2011 2,632,336
2012 2,544,611
2013 2,414,255
2014 2,536,169
2015 2,563,663
2016 2,580,151
2017 2,779,693
2018 2,980,972
2019 3,012,924

4.3 Methodology

In order to observe how the two meanings of the neologism leyal have developed, | measured
semantic similarity between the neologism and two alternative Korean words representing each of
the two meanings (cincca representing ‘really’ and leyalmatulitu representing ‘Real Madrid’). This
is because which word between cincca and leyalmatulitu has higher semantic similarity to leyal

indicates which meaning of leyal is more dominant. In this study, semantic similarity between two

% In Chapter 3, it was mentioned that eojuls are used to describe the size of Korean corpora because Korean
corpora consist of eojuls. However, the preprocessed Twitter corpora in this study are composed of
morphemes since each sentence in tweets was divided into morphemes in the process of preprocessing. The
reason why not eojuls but morphemes are used as tokens in this study is to remove stop words such as
particles and endings from the corpora (in eojuls, particles and endings are attached to content words so it
is not easy to remove them). Accordingly, the number of morphemes is used to describe the size of the
preprocessed Twitter corpora.
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words is measured using morphemes® in the contexts of the two words. According to the
distributional hypothesis that words with similar contexts have similar meanings, morphemes
which co-occur with each of the two words are compared. The more morphemes the two words
share, the more similar their meanings are. The comparison of their co-occurring morphemes
between leyal and the two alternative words is performed through the DCA approach. That is, the
vectors of leyal, cincca, and leyalmatulitu from word2vec are compared. Word2vec represents
words as vectors under the distributional hypothesis (the context words of the target words are
involved in the process of converting the target words into vectors) so the comparison of vectors
implies an indirect comparison of lexical items which co-occur with the target words. If the values
of two vectors are similar to each other, it means that their co-occurring words are similar as well
as the two vectors are semantically similar. Also, the vectors are located close to one another in
the vector space.

To be specific, there are two model architectures that word2vec utilizes to produce
distributed representations (i.e., vectors) of words: continuous bag-of-words (CBOW) and skip-
gram. | chose skip-gram which learns linguistic data in the way of predicting its context words for
a given word. The preprocessed Twitter corpora were given to the skip-gram model and the model
was set to learn its ten context words for a given word!! (five words before and after the given
word). Words whose frequency was less than ten were excluded from training. After training the
skip-gram model to learn the preprocessed Twitter corpora, the semantic similarity between words
was calculated through cosine similarity (CS), which is a metric used to measure similarity

between vectors. The value of CS between two vectors indicates how semantically similar the two

10 The ten preprocessed Twitter corpora are composed of morphemes so analyses employing word2vec and
cosine similarity are based on morphemes. However, as it does not matter to clearly distinguish the two
terms (morpheme and word), they are used interchangeably in this study.

11 Every word in the corpora is used as a given word.
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vectors (i.e., words) are to each other on the basis of the cosine of the angle between the two
vectors. The closer to “1” the value of CS is, the more similar the meanings of the two words are.
For each of the ten Twitter corpora, | investigated CS values between leyal and cincca and those

between leyal and leyalmatulitu.

4.4 Results

Table 4.2 indicates the values of CS between leyal and cincca (CS1) and those between leyal and
leyalmatulitu (CS2) for each year from 2010 to 2019. The CS values between leyal and cincca are
closer to <“1” for all the ten years while none of those between leyal and leyalmatulitu are beyond
“0.306”. This means that the meaning of the neologism leyal is more similar to that of cincca,
which implies that the neologism leyal has been more used to represent ‘really’ than ‘Real Madrid’.

Figure 4.1 shows how the values of CS have changed across time. The CS values between
leyal and cincca relatively remain stable whereas those between leyal and leyalmatulitu more
frequently and more significantly rise and fall. This indicates that leyal representing ‘really’ has
been consistently used but the use of leyal as ‘Real Madrid’ is relatively unstable and has not been
strongly entrenched*?.

The change in the CS values over time shows that each meaning of leyal subtly changes
from year to year. However, in terms of the relation between the two meanings, there is no change

because the meaning ‘really’ has been more dominant than ‘Real Madrid’ throughout the ten years.

12 1t can be argued that the CS values between leyal and leyalmatulitu are affected by the number of fans
of the Spanish football club Real Madrid. The more fans the club has, the more tweets about the club there
are on Twitter. The number of tweets from those fans can affect the CS values but the fluctuating values by
the number mean that the meaning of ‘Real Madrid’ has not been strongly entrenched yet. If it had been
entrenched, we could have seen almost consistent CS values as ‘really’.
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That is, we can say that there is no semantic change from the perspective of the relationship

between the two meanings.

Table 4.2 Values of cosine similarity between leyal and cincca (CS1) and those between leyal and

leyalmatulitu (CS2) for each year

Year CS1 CS2
2010 0.763 0.263
2011 0.780 0.266
2012 0.782 0.306
2013 0.788 0.239
2014 0.840 0.290
2015 0.792 0.228
2016 0.801 0.169
2017 0.807 0.227
2018 0.835 0.225
2019 0.832 0.203
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Figure 4.1 Change in the values of cosine similarity between leyal and cincca and those between leyal and

leyalmatulitu over time
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45 Method Validation

As the internal workings of word2vec are not transparent, we can doubt whether word2vec has
been well trained and represented words as vectors based on their meanings. In particular, since
word2vec is trained in unsupervised learning, there are no metrics to evaluate its performance.
Therefore, it is needed to check whether word2vec has been well trained and the results from
word2vec are reliable. For method validation, | decided to use a collocation analysis in corpus
linguistics. Compared to word2vec, the method of analyzing collocates is simpler, clearer, and
more intuitive (despite these advantages, why word2vec is preferable is presented in the following
section). Unless the results from word2vec and those from the collocation analysis agree, we have
no choice but to raise a question about the DCA approach and the results from it.

Collocates for the collocation analysis were obtained by means of LancsBox, which is a
software tool for corpus analysis. | looked for collocates within three words of leyal that occurred
a minimum of five times and set the Log Dice threshold value to “7.0”. Log Dice is one of the
association measures used to identify collocations. Because it operates on a scale with a fixed value,
it is possible to directly compare Log Dice across different corpora (Gablasova, Brezina &
McEnery 2017). The fixed maximum value is “14” and the closer the value is to “14”, the stronger

the association.
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Figure 4.2 Distributional frequency profiles of collocates of leyal from each corpus
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To begin with, | obtained collocates of leyal for each corpus and then arranged them
according to their frequency (the number of collocates is about 200 for each corpus). Their
frequency profiles showed an “A-curve” as expected (Figure 4.2). | extracted the top thirty
collocates™ from each corpus and compared the order of them among corpora (the box on the 2010
A-curve in Figure 4.2 shows where the top thirty collocates from the 2010 corpus are located and
the location is true of the other A-curves). If there is a significant change in the order of the top
thirty collocates across time, it means that the meaning of leyal and the way people use leyal have
changed. To observe the change of the order based on the frequency more systematically, |
investigated how the order of the top thirty collocates from the 2010 corpus varies across time.
Table 4.3 indicates how the frequencies of the top thirty collocates from the 2010 corpus change
depending on corpora (the collocates that do not have “English meaning” belong to either a case
where there is no corresponding English word/morpheme or a case where it is hard to infer the

meaning without contexts).

13 The top collocates with high frequency are the ones that we hear and use frequently. Because they are
essential collocates characterizing the ones of leyal, their change means a significant change to the way
people use leyal and the meaning of leyal.
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In Table 4.3, the second column is the top thirty collocates from the 2010 corpus and the
third column shows their frequency. The first collocate is the node word leyal (its dominant
meaning is given in the table). For visualization of the change, | used the lightness and darkness
of a color. This visualization method comes from Kretzschmar (2021). Three colors were used.
The darkest color is used for frequency ranging from 50,000 to under 200,000, the second darkest
color for frequency ranging from 10,000 to under 40,000, and the next color for frequency under
10,000. The darker the color of a cell is, the more frequently the collocate is used. The white cells
indicate a case where the collocate from the 2010 corpus is not found in the top thirty collocates
from another corpus. For example, the top thirty collocates from the 2011 corpus include four
different collocates from those of the 2010 corpus.

Table 4.3 shows that nineteen collocates among the top twenty collocates from the 2010
corpus are used with high frequency in the other corpora and the change of the order of the
collocates is not significant. Because the change of the order occurs in the range of the same twenty
collocates, it is considered as slight. To make sure that the change of the order is slight, I examined
collocates in the top thirty from each corpus which are not in the top thirty from the 2010 corpus.
About 78.5% of those collocates belong to the fifty most frequent collocates (i.e., the top fifty)
from the 2010 corpus, which supports that the order of collocates has not changed by a wide margin.
Overall, the dark cells remain dark and the light cells remain light throughout the ten years. This
means that there is no great change in frequencies of the main context words of leyal. The results
from the analysis of Table 4.3 imply that there has been no significant semantic change of leyal
over the ten years as well as the way people use leyal has been consistent.

Next, in order to look into which meaning of leyal is more dominant between ‘really’ and

‘Real Madrid’, I compared the top thirty collocates of leyal from the 2010 corpus with those of
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cincca and leyalmatulitu from the same corpus. Intriguingly, the top thirty collocates of leyal and
cincca are the same, which means that the main context words of the two words are similar to each
other. From the same collocates, it is inferred that their meanings are similar and the neologism
leyal has been used to represent ‘really’. Since it has been found that there has been no semantic
change of leyal over the ten years, the result from the 2010 corpus is expected to be true of the
other corpora. Therefore, it can be said that the neologism leyal has been mainly used to represent
‘really’ throughout the ten years.

In addition, Table 4.4 shows the top thirty collocates of leyalmatulitu and leyal from the
2010 corpus and their frequency (the collocates that do not have “English meaning” belong to
either a case where there is no corresponding English word/morpheme or a case where it is hard
to infer the meaning without contexts). The leyalmatulitu collocates in bold type are the ones that
overlap with the leyal collocates. Although the overlapping collocates are used with high
frequency, about two third of the leyalmatulitu collocates include different collocates from the
leyal collocates. This demonstrates that the usage of leyal is different from that of leyalmatulitu

and their meanings are quite different from each other.

Table 4.4 Top thirty collocates of leyalmatulitu and leyal from the 2010 corpus and their frequency

English meaning Collocates of Frequency Collocates of Frequency
leyalmatulitu leyal

To do stct 60943 z) & 176831
To see/watch/look Ho} 21376 it 60943
To exist/have ol 16123 Hrol 21376
To become/be Xt 11880 9 16123
Not to be ofrjc} 11212 g 13555
To be good =} 10189 Xt 11880
To go it 9338 ofr]r} 11212
One st 9099 = 10259
Today L= 8609 =} 10189
To come o 8112 HoF 9732
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- o 7073 =4 9458

Word/End o} 5809 72} 9361

- o/ 5728 of 9341

- =] 5062 pa= 9338

Work/One/Day o/ 4482 vy 9186

Now =2 4433 oF 9099

Not to know REa=g~ 4006 o] 8671

Among/During = 3945 L= 8609

- v 3791 ot 8112

] ] 3357 ¥ 8036

] x] 3335 L/ 7343

- o 3299 5 7073

- =/ 3077 =/ 7042

To be right/be hit ot 2946 o} 6973

- = 2888 o]of 6591

Real Madrid g otmls g = 2426 2o} 6582

To like Folsir) 2223 = 6370

Soccer = 2132 = 6204

To kick/wear/be ZFCH 2112 = 6199
cold/be full

FC Barcelona HEZ A} 1993 X}t 5925

To sum up, the collocation analysis shows the same results as word2vec and cosine
similarity: (i) the meaning of leyal subtly changes with time (the subtle change in the order of
collocates from year to year indicates this); (ii) the meaning ‘really’ is more dominant than ‘Real
Madrid’ and leyal has been mainly used to represent ‘really’; (iii) there is no semantic change in
terms of the relation between the two meanings. The same results support that the DCA approach

is suitable for lexical semantic change research.

4.6 Discussion

The analysis of the two meanings of the neologism leyal shows that there is no semantic change
from the perspective of the relationship between the two meanings. The CS values between leyal
and cincca and those between leyal and leyalmatulitu indicate that people have consistently used

the neologism leyal to represent ‘really’ over the past ten years while the use as ‘Real Madrid’ has
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been constantly inactive. There has been no great change in the way people use the neologism
leyal, which means that the use of leyal as ‘really’ is perceived as normal. These results from
word2vec and cosine similarity are shown in the collocation analysis as well.

The agreement of results between the DCA approach and collocation analysis gives us a
question of why we should use word2vec despite the same result. Because each method has its
own advantage, the best answer is that analysts should choose an appropriate method depending
on the focus of their analysis. To mention the advantage of a collocation analysis, it can show
analysts how the word under scrutiny is actually used. Table 4.3 in the preceding section shows
what is happening with the collocates of leyal, i.e., the usage of leyal. Also, through the frequencies
of collocates, we can infer whether the frequency of leyal has increased over time. The change of
the frequency of a neologism is important information. As mentioned in Section 1.1, the frequency
of a new word is low at first but it increases over time. With the high frequency, the new word is
gradually used in different contexts, resulting in change in its meaning.

From a collocation analysis, we can see which collocates have come up to or dropped out
of the top-ranked collocates. The specific information of change in the frequency and order of
collocates allows analysts to observe the subtle semantic change of the target word. This is the
biggest advantage of a collocation analysis, compared to the analysis employing the DCA
approach. The analysis using word2vec and cosine similarity simply tells us whether semantic
change has occurred and which is more dominant among the meanings of the target word.
Therefore, for observation of the subtle semantic change and the specific usage of the target word,
a collocation analysis is recommended.

However, there are no clear criteria defining what is a significant or slight change in the

order of collocates. Also, it is hard to link the degree of change in the order of collocates to the
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degree of change in meaning and usage clearly and objectively. If the quantification of the relation
between the two is established, it will be able to improve a collocation analysis. Another
disadvantage of a collocation analysis is that it relies on the use of corpus analysis software tools.
Those tools cannot consider word meaning so they cannot indicate the semantic similarity between
words. Corpus analysis tools use statistical association measures to display collocates. It is the
analyst’s job to connect the meaning of the target word with its collocates and analyze how the
meaning of the target word has changed using the collocates. This manual analysis costs analysts
more time and energy than the DCA approach.

In contrast, the biggest advantage of analysis employing word2vec is that it can consider
word meaning. Word2vec produces vectors reflecting word meaning. On the basis of such vectors,
cosine similarity quantitatively indicates the degree of semantic similarity between words. CS
values make it easier and more convenient to access word meaning and do lexical semantic
research. The CS values between the neologism leyal and the two alternative words have allowed
me to track the semantic change of the neologism leyal more efficiently. This efficiency will serve
as a considerable advantage when an analyst needs to analyze a huge amount of data. Therefore,
for the analysis of large-scale data spanning a very long period of time, the use of word2vec and
cosine similarity is recommended. However, because it is impossible to obtain specific and
detailed information on the usage of the target word, additional analyses using other techniques or
collocation analyses are required for the specific and detailed information.

In conclusion, the use of a collocation analysis for method validation is significant in that
it is the first attempt applying a method in corpus linguistics to method validation of the DCA
approach. In the fields of computational linguistics and computer science, word similarity

judgments, intrinsic evaluations like measuring a trajectory’s smoothness (Bamler & Mandt 2017),
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attested shifts generated by historical linguists (Hamilton, Leskovec & Jurafsky 2016), and
synthetic tasks (Kulkarni et al. 2015, Rosenfeld & Erk 2018) have been employed to evaluate the
performance of distributional models such as word2vec. Methods related to corpus linguistics have
never been tried so far. Therefore, it is worth doing per se to use a collocation analysis to assess
the performance of word2vec and perform method validation of word2vec. This attempt will

contribute to linking the DCA approach with corpus linguistics.
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CHAPTER 5

DISTRIBUTIONAL CORPUS ANALYSIS OF KOREAN NEOLOGISM LWUCE

5.1 Data Collection

Like the neologism leyal, the neologism lwuce is also a non-standard word and mainly used in
informal settings. Therefore, to collect data of Iwuce, | scraped tweets including Iwuce as a
keyword by means of snscrape in Python. However, it was not possible to scrape tweets evenly for
each month so I collected tweets unevenly per month from 2010 to 2019, within the range of a
minimum number of 759 and a maximum number of 5,536. Also, | could not scrape the same
number of tweets as for the neologism leyal. The maximum number of tweets that | could scrape
for a year was 27,387. Table 5.1 shows the number of tweets scraped for each year. | used the

scraped tweets to construct ten yearly Twitter corpora from 2010 to 2019.

Table 5.1 Number of tweets scraped for each year

Year Number of tweets
2010 19,411
2011 27,387
2012 26,058
2013 22,113
2014 16,655
2015 25,803
2016 17,957
2017 21,447
2018 21,260
2019 19,639
Total 217,730
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5.2 Data Preprocessing

For a clearer analysis, | decided to divide each of the ten yearly corpora in Section 5.1 into two
subcorpora depending on the two meanings of lwuce, resulting in a total of twenty subcorpora (the
ten yearly corpora are composed of tweets containing lwuce as a keyword). Moreover, in order to
gain better results from Latent Dirichlet Allocation (LDA), | decided to extract nouns and numbers
from the twenty subcorpora and implement LDA only with those nouns and numbers (i.e., |
removed all the other parts of speech). Implementing LDA only with nouns is one of the ways to
improve the performance of LDA (https://towardsdatascience.com/6-tips-to-optimize-an-nlp-
topic-model-for-interpretability-20742f3047e2). The reason why | decided to extract numbers as
well is that | wanted to include “180” in the analysis. To be specific, each of the ten yearly Twitter

corpora went through the following six steps for data preprocessing:

B Step 1: The same tweets scraped several times were reduced to one tweet.

B Step 2: Unnecessary things such as numbers, punctuation marks, and other foreign
languages were removed, with only the Korean alphabet left. However, in tweets
containing “180”, numbers were not removed so that “180” could remain. This is because
“180” is a very important number for the new meaning of the neologism Iwuce (as the
overall frequencies of the other numbers in the tweets containing “180” were low, their
presence was not considered to affect results so they were not removed).

B Step 3: Duplicate tweets were once again reduced to one tweet in order to filter retweets.
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B Step 4: The tweets were divided into two groups: the existing meaning subcorpus and the
new meaning subcorpus (if a tweet contains any of the following seven morphemes*, it
was classified as the new meaning subcorpus: 180, khi, iha, kkalchang, seynthi, seynchi,
and sseynthi).

B Step 5: Each sentence in tweets in the two subcorpora was split into morphemes. The
morphemes were converted to their stems and tagged with their parts of speech.

B Step 6: Based on the tag information, only numbers and nouns which are not included in

stop words were extracted from the two subcorpora.

| performed all the above six steps in Python version 3.7. For the fifth step, | employed the
morpheme analyzer tool Okt in KoNLPy. Regarding stop words in the sixth step, I used the same
list of stop words as used in the data preprocessing of leyal. Table 5.2 indicates the number of

morphemes in each of the ten yearly corpora after preprocessing.

Table 5.2 Number of morphemes in each of the ten yearly corpora after preprocessing

Year Number of morphemes
2010 159,687
2011 202,095
2012 182,721
2013 135,418
2014 94,958
2015 163,649
2016 103,154
2017 125,708
2018 130,409
2019 128,720

14 The morpheme khi means ‘stature/height’, iha ‘below’, and kkalchang ‘shoe insole’. The latter three
morphemes are variants of seynthimithe. All of them mean ‘centimeter’.
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5.3 Methodology

To examine how the new and existing meanings of the neologism Iwuce have developed, I
employed LDA. The choice of this technique was because there are no other words representing
the new meaning of lwuce in the Korean language. As it was impossible to compare vectors
between similar words by means of word2vec, | decided to investigate change in the context words
of lwuce directly. To look into the context words more efficiently, | chose LDA. However, since
LDA classifies lexical items without considering their meanings, | focused on the number of topics,
rather than inferring topics from lexical items in clusters.

As people use a specific word frequently, the number of tweets including that word as a
keyword will gradually increase. Compared to a smaller number of tweets, the increased number
of tweets contains more contexts of the keyword, leading the number of topics of contexts to
increase. Therefore, if the number of topics from the new meaning subcorpus increases over time,
we can say that the use of the new meaning has increased. On the contrary, if the number of topics
decreases across time, it means that the use of the new meaning has decreased. The change in the
use of each meaning will be able to show which meaning is more dominant and how each meaning
has developed.

In order to find the number of topics from each of the preprocessed subcorpora (i.e., the
ten new meaning subcorpora and the ten existing meaning subcorpora), | used C_v topic coherence.
A topic coherence measure is used to check whether LDA has properly classified lexical items. It
indicates how consistent words in a cluster are in terms of meaning by measuring the semantic
similarity of words. C_v topic coherence is one of the most popular topic coherence measures and
it ranges between 0 and 1. The value “.55” is considered to be satisfactory and the value between

“.65” and “.8” are regarded as good. The values “.9” and “1” are rarely observed. When words are
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compound words such as United States and United Kingdom or words are identical, the two rare
values can be observed.

| investigated the number of topics satisfying “beyond the minimum topic coherence
value .55” for each of the twenty subcorpora. The numbers were heuristically selected. | set fifty
as the limit of trials for each subcorpus and selected the first number meeting the requirement on
topic coherence within the fifty trials. Table 5.3 indicates the topic coherence value for each of the
twenty subcorpora (the values have been rounded to the nearest hundredth). The topic coherence
value from the 2013 new meaning subcorpus is not beyond .53. Despite fifty trials, I could not
obtain the number of topics producing a value beyond .55. None of the values from the new
meaning subcorpora are at or above .65 (good level) and only in three cases out of the ten existing
meaning subcorpora we can see such values. In order to improve the reliability of LDA results, it

is required to analyze the numbers of topics from values above .65.

Table 5.3 Topic coherence value for each of the twenty subcorpora

Year New meaning subcorpus Existing meaning subcorpus
2010 .56 .62
2011 .61 .60
2012 .63 .63
2013 .53 .63
2014 .60 .67
2015 .59 .62
2016 .59 .66
2017 .60 .65
2018 .56 .58
2019 57 .64
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5.4 Results

Table 5.4 indicates the numbers of topics from the two subcorpora for each year and their relative
proportions (“ES” means the existing meaning subcorpus, “NS” means the new meaning
subcorpus, and the proportion values have been rounded to the nearest tenth). Figure 5.1 shows
how the proportions have changed over time. The proportion from the existing meaning subcorpus
is always higher than that from the new meaning subcorpus. This implies that the existing meaning
of lwuce is more dominant than the new meaning throughout the ten years. That is, there is no
semantic change in terms of the dominance relation between the two meanings. Also, the
proportion from the new meaning subcorpus gradually decreased from 2010 to 2017 (although it
slightly increased in 2014) but increased in 2018 by a wide margin and stayed the same in 20109.
This means that the use of the new meaning gradually decreased but increased in 2018. The
proportion values of the new and existing meanings in 2015 show that the most significant change
in the use of the two meanings occurred in 2015. The difference of proportions between 2014 and
2015 is greatest. The second most significant change occurred in 2018. In contrast to the previous
years showing a gradual decrease in the use of the new meaning, the use of the new meaning

increased and that of the existing meaning decreased in 2018.
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Table 5.4 Numbers of topics from the two subcorpora for each year and their proportions

Year Number of topics Number of topics Proportion of Proportion of
from ES (NES) from NS (NNS) NES (%) NNS (%)
2010 50 30 62.5 37.5
2011 55 29 65.5 34.5
2012 52 27 65.8 34.2
2013 49 20 71.0 29.0
2014 45 19 70.3 29.7
2015 51 16 76.1 23.9
2016 46 14 76.7 233
2017 48 14 77.4 22.6
2018 47 18 72.3 27.7
2019 47 18 72.3 27.7
100 ,
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Figure 5.1 Change in the proportions of topic numbers for each subcorpus

5.5 Method Validation

In order to assess whether the results from LDA are reliable, | performed a collocation analysis.
To begin with, | obtained the collocates of lwuce from each of the ten yearly corpora only
consisting of nouns and numbers (i.e., two subcorpora combined for each year). The collocates of
Iwuce were obtained in the same way as leyal. | used LancsBox, considered three words to the left

and right of lwuce with a minimum frequency of “5”, and set the Log Dice threshold value to “7.0”.
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After obtaining collocates for each corpus, | arranged them according to their frequencies and
checked whether their frequency profiles show A-curves. Figure 5.2 indicates the distributional
frequency profiles of collocates from each corpus (the number of collocates is about 200 per
corpus). | selected top thirty collocates from each corpus (the box on the 2010 A-curve in Figure
5.2 shows where the top thirty collocates are located and the location is true of the other A-curves)
and observed how the orders of number and two words essential to the definition of the new
meaning of lwuce have changed across the ten yearly corpora. The number is 180 and the two

words are namca and khi. Namca means ‘man’ and khi represents ‘stature/height’.
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Figure 5.2 Distributional frequency profiles of collocates of Iwuce from each corpus
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Table 5.5 Top thirty collocates from each corpus

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
S A o A I A B o A B /A B o A o A B o A I o A I e
o = = =g L gy | gE] | 4 L L/

N | v | o7 | 99 | 97
AL L L L =g A E] 4 o = AL
& AL g /g # A | AR | GEY | A A
A e | AR # i g o o | gE9/ /g
Z F A | A | AR L O ES i ES
L ot 2w | 4 | 2% o JA | AR 7 A 7]
g7 | ex | % | 2= | 974 | 44 | A | A v | 97
L IEECINE 7 | @9 | A BN 37 | 47 | ¢
ox | 2 | = | A | 47 | BR | 2= | 49 | %
g | @4 | gag| a4 | % | 97 | % g | o4 | 94
g w7 | % | g | d | =9 | 99 | 47| & | d
g5 | H o g [T B o 7 | ex | er
g | BF | % | 5H9| # g [ w7 | 9¥ | o %
g | A | 47 | 44 | 799 | 2= | A | # DA
180 = of 2} A 180 = of HAF 7 =8
A &/ &/ =« ofxF | Gl | LF of ofxf | 2
2 | o A 73t of 7 gy Z 7
o | Hz | 180 | # | A7 | # | 180 | 97 | ¥
A | 180 | 2% or | HAY | # o1y 4 =t )
7 29 | AT ¢/ & 52} ki 7 7y o] 2}
£ o 2 | 180 | 2| = | 2w | 4 ERES
A7 | 7 i | & 7 180 | 7 | 4 [EN Y |
gol | g | ¥ | 2w | ¥ oF i 3 o) K
g9 | g | & | A | g 99| 99 | g | F | ¥z
g | o | #Zum | #HE| F | 29 | F | #9d | 2w | &9
4 H L 7 Y i 7y <7 | =7 | 9y K
oojE | ZjE | /| # | x| A7 | 49°| 29 | Hv | ZF
2| wE | a9 | A7 | d¥ | o | = | dgel| ¥

Table 5.5 is top thirty collocates from each corpus. It shows how the orders of the three

collocates khi, namca, and 180 change over time (because the focus of this table is to indicate
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change in the order of the three collocates, the English meaning of each collocate is skipped). The
darkest color is used for khi, the second darkest color for namca, and the third darkest color for
180. The collocate khi is consistently ranked third for four years from 2010 to 2014. Since 2015,
its order fluctuates out of the tenth rank. The other two collocates namca and 180 also fluctuate
out of the tenth rank. The collocate namca is contained in the twenty-fifth rank every year while
180 is not shown in the thirtieth rank for three years from 2017 to 2019. The change in the order
of the three collocates shows that the use of the new meaning has significantly decreased since

2015.

mkhi “namca %180

| e ‘
r o’

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
Year

Frequency

Figure 5.3 Change in the frequencies of khi, namca, and 180 across time

Figure 5.3 shows how the frequencies of the three collocates khi, namca, and 180 change
across time (for the frequency of 180 from 2017 to 2019, | looked into collocates beyond the
thirtieth rank). The frequency of khi continues to decrease except for the period from 2011 to 2012.

The frequencies of namca and 180 repeatedly rise and fall by a small margin but compared to 2010,
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their frequencies decreased in 2019. Among the three collocates, the frequency of khi decreased
most significantly. The overall decrease in the frequencies of the three collocates supports that the
use of the new meaning decreased.

More specifically, | looked into the top eleven collocates for each corpus (the first collocate
is the node word so | examined eleven collocates). To find out to which meaning each collocate is
connected™, 1 used collocates of lwuce from the subcorpora. To take an example of the 2010 corpus,
| obtained top eleven collocates from each of the three corpora (i.e., the 2010 corpus, the 2010 new
meaning subcorpus, and the 2010 existing meaning subcorpus). The top eleven collocates from
each corpus have been selected from the list of collocates arranged according to their frequencies.
Next, | classified the eleven collocates from the 2010 corpus into three groups using different
colors. The darkest color was used for overlapped collocates between the two subcorpora, the
second darkest color for collocates from the existing meaning subcorpus, and the third darkest

color for collocates from the new meaning subcorpus. This process was repeated for each year.

15 There are too many words related to the existing meaning as the existing meaning is used in so many
different contexts. People can use lwuce when they do not have money, do not have a good job, lose a game,
cannot get a concert ticket, and so on. The existing meaning is used with various topics. Therefore, the
existing meaning is not limited to particular words. In a collocation analysis, it is not easy to find which
collocates are associated with the existing meaning. Also, it is not easy to find which collocates are related
to the new meaning among other collocates except for “man”, “stature”, and “180”.
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2019

2018

2017

2016

2015

2014
7l
(Stature)
827

Table 5.6 Eleven collocates classified into three groups for each year

2013
7l
(Stature)
1203

2012
7]
1855

(Stature)

2011
7l
(Stature)
1812

2010
7]
(Stature)
1992

Table 5.6 shows eleven collocates classified into three groups for each year (the meanings
of collocates which have homonyms were inferred from random selection of some tweets and the
collocate which does not have its English meaning is a case where it is hard to infer the Korean

meaning without a number of contexts containing the collocate). The number below each collocate
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means its frequency. The existing meaning collocates are always more than the new meaning
collocates. This demonstrates that the existing meaning is more dominant than the new meaning
throughout the ten years. For five years from 2010 to 2014, the collocate khi representing
‘stature/height’ is ranked third. However, in 2015, the number of the new meaning collocates is
one and it is ranked eleventh. In 2016, the number of the new meaning collocates is two and they
are ranked tenth and eleventh respectively. For the other three years from 2017 to 2019, there is
no new meaning collocate in the eleven collocates. The change in the order and number of the new
meaning collocates shows that the use of the new meaning has decreased over time.

Concerning the existing meaning collocates, the number of those collocates had gradually
increased for six years from 2010 to 2015. In 2016, the number of the collocates decreased from
seven to five. The number remained the same for two years from 2017 to 2018. In 2019, the number
decreased from five to four. While the LDA analysis shows that the use of the existing meaning
decreased in 2018, the collocation analysis shows that it decreased starting in 2016. However, in
2015, the number of the existing meaning collocates most greatly increased. This fact and the
demoted rank of the new meaning collocate khi in 2015 demonstrate that the most significant
change in the use of lwuce occurred in 2015, which agrees with the result from LDA.

To sum up, the collocation analysis shows that the first two results among the following
four ones from LDA are true and the fourth one is partially true: (i) the existing meaning is more
dominant than the new meaning throughout the ten years; (ii) in 2015, the use of the new meaning
most significantly decreased and that of the existing meaning most significantly increased; (iii) the
use of the new meaning increased and that of the existing meaning decreased in 2018; (iv) the use
of the new meaning gradually decreased but increased in 2018. Therefore, not every result from

LDA is reliable. The employment of LDA for lexical semantic research is not yet recommended
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but the comparison of results between the collocation analysis and the LDA analysis demonstrates

that LDA has enough potential to be used for such research.

5.6 Discussion

Compared to the number of tweets collected for the analysis of leyal, that of tweets for Ilwuce is
too small. For Iwuce, the maximum number of tweets for a year is 27,387 but for leyal, 186,000
tweets were collected per year. The small amount of data makes it difficult to generalize results.
Therefore, for generalization of the results from LDA and the collocation analysis, a larger number
of tweets should be collected.

With regard to the LDA results, they show that there is no change in terms of the
relationship between the new and existing meanings of lwuce. The existing meaning has always
been more frequently used than the new meaning. The investigation of the new meaning shows
that the use of the new meaning continued to decrease until 2017. The decrease implies that the
use of lwuce as “a man’s stature” was active when the neologism was created (it was created in
late 2009) and was a hot issue. The reason for the decrease might be public antipathy to the
combination between the new meaning and the existing meaning.

Some of the LDA results were verified by the collocation analysis used for method
validation of LDA but others were not. The disagreement of some results between LDA and the
collocation analysis shows that LDA is not an adequate method to study word meaning. LDA still
needs improvement for better results but this study has confirmed that it has enough potential to
be employed for lexical semantic research.

An advantage of the LDA analysis is quantification. | used the number of topics to track
how the two meanings of lwuce have developed. The change in the number of topics for each

meaning represents change in the use of each meaning. The more the number of topics is, the more
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the use. Because quantification allows us to see how much change occurred by means of numbers,
we can observe language change more clearly.

However, LDA has a limitation. The limitation is related to the reason why I did not analyze
lexical items in clusters. It is not easy to infer what topics are from lexical items in clusters. This
IS because not every lexical item in a cluster is semantically relevant to the others. Since LDA
classifies lexical items based not on their meanings but statistics, the classification results can be
different from classification by humans.

One way to overcome this limitation is to employ topic models which can classify
documents considering word meaning. An example of those topic models is Gaussian LDA.
Gaussian LDA uses word2vec to group semantically similar words into topics. Gaussian LDA
employs vectors with word meanings from word2vec to classify words into topics. Das, Zaheer &
Dyer (2015) demonstrate that the topic coherences of results from Gaussian LDA are higher than
those from LDA.

Also, it would be helpful to use formal language which consists of grammatical sentences
as input data. 1 found that implementing LDA with nouns and numbers still leaves semantically
irrelevant lexical items in clusters. Furthermore, | found that it is impossible to remove all the
irrelevant lexical items from clusters as long as | use Twitter data. Twitter data contains many
ungrammatical expressions and sentences. In addition, as people violate rules for word spacing, it
is hard to parse sentences in tweets. Okt in KoNLPy cannot correctly split ungrammatical
sentences and slang into morphemes and tag them with their parts of speech. Those incorrect
morphemes affect classification by LDA. Therefore, the use of formal language such as news

articles and editorials is recommended.
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Compared to LDA, an advantage of a collocation analysis is that it shows the actual usage
of lwuce. Through change in the frequencies of its collocates related to the new meaning, we can
infer whether the use of the new meaning has increased or decreased. Moreover, we can see what
words lwuce is mainly used with. Also, we can see how those words change over time. Which
collocates have come up to or dropped out of the top-ranked collocates shows which meaning of
Iwuce is more dominant and how each meaning has developed. The change in the frequency and
order of collocates allows analysts to figure out the semantic change of the target word obviously.

However, a collocation analysis does not tell us the degree to which each meaning of lwuce
changes every year exactly. For example, the three collocates related to the new meaning (180,
namca, and khi) behave differently from each other in terms of the order. Since we need the
information of overall change combining the three collocates, the difference gives no help. In other
words, the bigger the difference is, the harder it is to figure out the overall trend. If the order of a
certain collocate decreases but that of another collocate increases, it is not easy to make a
conclusion. In light of this, quantification is required and the DCA approach will be able to
complement a collocation analysis.

As mentioned in Section 4.6, the use of a collocation analysis for method validation of the
DCA approach is meaningful because methods related to corpus linguistics have never been tried
so far. Because a collocation analysis is based on the intuitive and transparent analysis of linguistic
data, its results are clear and obvious. Therefore, a collocation analysis will be able to serve as a
suitable method for the validation of the DCA approach, especially models trained in unsupervised

learning in artificial intelligence.

120



CHAPTER 6

DISTRIBUTIONAL CORPUS ANALYSIS OF KOREAN NEOLOGISM KAY-

6.1 Data Collection

To collect the data of the neologism kay-, I employed Korean Twitter because the neologism kay-
is slang used in informal settings. As there are many homonyms of the neologism kay- in the
Korean language (e.g., kay representing ‘piece’, kay representing ‘dog’, kay representing ‘lid’, and
S0 on), it was not easy to scrape tweets only containing the neologism kay-. Therefore, | decided
to scrape tweets mixed with the neologism and those homonyms by means of snscrape in Python
and extract words needed for the analysis of the neologism in the process of data preprocessing.
To be specific, | collected about 35,000 tweets including kay as a keyword per month from 2010
to 2019 (except for the months of January and February in 2010 and the month of April in 2011).
Concerning the three months that are exceptions, | scraped 19,872 tweets, 30,271 tweets, and 6,045
tweets respectively because | could not scrape the amount of data that | aimed for despite several
trials. Using the tweets scraped per year, | constructed ten yearly Twitter corpora which correspond

to each of the ten years from 2010 to 20109.

6.2 Data Preprocessing

The process of data preprocessing was applied to the Twitter dataset (i.e., the ten Twitter corpora)
and the KNU Korean Sentiment Lexicon dataset. For the Twitter dataset, adjectives and verbs

where the neologism kay- is attached were extracted from the Twitter corpora through
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preprocessing. For the KNU Korean Sentiment Lexicon dataset, training and validation datasets

to the model of long short-term memory were made through preprocessing.

6.2.1 Twitter Dataset

Each of the ten Twitter corpora went through the process of preprocessing consisting of the

following six steps:

B Step 1: Duplicate tweets were reduced to one tweet to deal with cases where the same
tweet was repeatedly scraped.

B Step 2: Unnecessary things for this study (e.g., numbers, punctuation marks, other foreign
languages, and so on) were removed from tweets, leaving only the Korean alphabet in
each sentence.

B Step 3: Duplicate tweets were reduced to one tweet once again to deal with retweets
containing the same contents under different user IDs.

B Step 4: Every sentence in each tweet was divided into eojuls, which are separated by
spacing.

B Step 5: Eojuls where kay appears were only extracted from tweets.

B Step 6: Given that the neologism kay- is attached to adjectives or verbs in contrast with
the existing prefix kay- attached to nouns, adjectives and verbs immediately following

kay- were only extracted from the eojuls after they were converted into their stems.
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Table 6.1 An example for each step in the preprocessing of Twitter dataset except for step 3

Step Example
1 @sweetie_doll FF] A}t HH 7|50l 4] A g5 ol
2 Ful AP AT AGEA Pohd
4 H], A, TS0 4], WA, ol l
> A e
6 e

Table 6.2 Number of morphemes for each Twitter corpus in step 3

Year Number of morphemes
2010 8,111,873
2011 6,723,103
2012 6,507,313
2013 5,605,623
2014 4,845,912
2015 5,601,009
2016 6,322,393
2017 7,113,176
2018 7,438,726
2019 7,364,402

| carried out all the above steps in Python version 3.7 and 3.8. For the sixth step, | employed
KoNLPy, specifically Okt, to split the entire text into morphemes and annotate the morphemes
with their parts of speech. Table 6.1 shows an example for each step excluding the third one (in
the examples, the syllables represented in bold type are kay-) and Table 6.2 indicates the number
of morphemes in each of the ten Twitter corpora in the third step. The corpora in the third step are
final Twitter corpora which are only composed of the Korean alphabet. The parts of speech of the
homonyms of the neologism kay- are mostly nouns which can stand alone. In other words, those
homonyms are not attached to the following adjectives or verbs, leaving spacing between
themselves and the following adjectives or verbs. Therefore, it was assumed that the extraction of

adjectives and verbs from eojuls in which there is no spacing between kay- and the immediately
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following adjective or verb guarantees that kay- before the extracted adjectives and verbs is the

neologism kay-.

6.2.2 KNU-KSL Dataset

To train the model of long short-term memory (LSTM) to classify words as positive or negative,
training and validation datasets for the model are required. For the training and validation datasets,
the KNU Korean Sentiment Lexicon (KNU-KSL) was used. KNU-KSL is a Korean sentiment
dictionary which includes a list of domain-independent sentiment words. It was constructed by
Park et al. (2018). They used their deep learning model based on bidirectional long short-term
memory to classify glosses contained in the Standard Korean Language Dictionary (SKLD) as
either positive or negative meaning, and then extracted positive words and phrases from the glosses
categorized as positive meaning and negative words and phrases from the glosses categorized as
negative meaning. KNU-KSL consists of 9,795 negative words and phrases, 151 neutral words
and phrases, and 4,839 positive words and phrases. Every word and phrase in KNU-KSL is on a
five-level scale: -2 (very negative), -1 (negative), 0 (neutral), 1 (positive), and 2 (very positive).
KNU-KSL contains sentiment information about emoticons and coined words frequently used on
the Web as well as tells what words and phrases are positive or negative. For the creation of
training and validation datasets to the LSTM model, the dataset of KNU-KSL went through the

following steps:

B Step 1: The five-level scale assigned to words and phrases was reduced to a binary scale
composed of positive and negative, with the neutral words and phrases removed. Negative
and very negative words and phrases were labeled with <0 and positive and very positive

words and phrases with “1”.
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B Step 2: Every word and phrase in KNU-KSL was split into morphemes and the
morphemes were reduced to their stems or root forms.

B Step 3: Those stems or root forms were converted into the sequences of integers based on
frequency.

B Step 4: Because the lengths of the sequences of integers were different depending on
phrases, the sequences were all adjusted to the same length (i.e., four in this study). If the
length of a sequence is below the adjusted length, “0” was added to the sequence through

padding®®.

| performed all of the above processes in Python version 3.7 and 3.8. For the second step, | used
Okt in KoNLPy and for the third step, | employed a Python library for artificial neural networks
called Keras. Table 6.3 shows an example for each step (the used example phrase means suffering
from poverty’). The preprocessed KNU-KSL dataset was partitioned into training and validation

datasets. Partitioning the dataset was computationally carried out.

Table 6.3 An example for each step in the preprocessing of KNU-KSL dataset

Step Example
1 Thdoll ZEE M 20
2 b o, 2EE T - 0
3 [50, 454, 16] — 0
4 [50, 454, 16,0] — 0

16 padding in RNN refers to making all the sequences fit a given standard length by padding or truncating
some sequences.
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6.3 Methodology

6.3.1 Training LSTM

LSTM trained in a supervised fashion needs training and validation datasets. In this study, those
datasets have the form of pairs which consist of a word and a class label (“0” representing negative
or “1” representing positive). The training dataset is for training the model while the validation
dataset is for improving the model and checking if the model has been well trained. Simply put,
the validation dataset corresponds to a practice test. The well-trained model through training and
validation is used to classify the actual data, i.e., the adjectives and verbs extracted from the Twitter
corpora, into positive and negative.

One of the most important things in making the validation dataset is to make sure that the
validation dataset is composed of different words from the training dataset. This is because it is
needed to check if the model excessively corresponds to the training dataset. If the model
corresponds too exactly to the training dataset (this is called “overfitting” in machine learning), it
cannot correctly sort unseen words in the validation dataset and further it fails to classify unseen
words in the actual dataset accurately. Therefore, it is critical to contain unseen words in the
validation dataset to check how the model responds to unseen words.

Moreover, class imbalance should be considered. As the ratio of negative words and
phrases to positive ones in the KNU-KSL dataset is 2:1, the KNU-KSL dataset is imbalanced data.
If the ratio is not considered in partitioning the KNU-KSL dataset into training and validation
datasets, in an extreme case, only negative words and phrases might be assigned to the training
dataset and only positive words and phrases might be assigned to the validation dataset. In this

case, the LSTM model cannot make a correct prediction of the validation dataset because the model
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has never been trained with positive words and phrases. To avoid this ratio issue and the overfitting
issue mentioned above, | applied stratified k-fold cross-validation.

To be specific, | set the value of k to “5”, leading the preprocessed KNU-KSL dataset to
be randomly partitioned into five subsamples that have the same size. As each of the five
subsamples takes turns to function as the validation dataset, the other four subsamples function as
the training datasets. For each validation dataset, its training dataset gets different (Figure 6.1).
Because stratified k-fold cross-validation enables every subsample to be used in training and
validation, it prevents the model from excessively corresponding to a specific training dataset.

Also, it allows the ratio in every subsample to be the same as the ratio in the original KNU-KSL

dataset.

Training data set Training data set Training datn set Training data set Validation data set

Fald1 NFP=11 NFP=11 NP=11 NP=11 NFP=11
Fald? Training data set Training datn set Training data set Validntion data set Training datn set

N:P=11 N:P=11 N:P=11 N:P=2:1 N:P=11
Fald3 Training data set Training datn set Validntion dats set Training data set Training datn set

b N:P=11 N:P=11 N:P=1:1 N:P=12:1 N:P=11
Training data set Validntion data set Training data set Training data set Training data set

Faldd NP=21 N:P=2:1 NP=21 NP=21 NP=21
. Validntion data set Training data set Training data set Training data set Training data set

Fald 5 NP=21 NP=21 NP=21 NP=21 NP=21

Figure 6.1 Stratified 5-fold cross-validation applied to KNU-KSL. In each fold, the preprocessed KNU-
KSL dataset is partitioned into training and validation datasets. “N:P = 2:1” in the figure means the ratio of
negative words and phrases to positive ones is 2:1.

For each fold, the number of words and phrases in the training dataset was 11,708. It takes

the model a long time to process all of them at once so they were divided into a hundred and eighty-
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three groups with one group composed of sixty-four words and phrases (batch size = 64). A total
of a hundred and eighty-three iterations were required for all the groups to be passed through
(iterations = 183). The LSTM model was updated every iteration, making the model better fit the
training dataset.

Moreover, for each fold, early stopping was applied. Early stopping refers to one of the
constraints imposed on a model to prevent it from overfitting. When the performance of a model
does not improve any more during the process of training, the model stops before it begins to
overfit. Early stopping plays an important role in determining the number of times a model has to

be trained for optimal performance.

6.4 Results

To find out how the semantic prosody of the neologism kay- has changed over time, | counted the
token frequencies of positive and negative adjectives and verbs where the neologism kay- is
attached for each year. Specifically, the trained LSTM model was used to sort the adjectives and
verbs extracted from each Twitter corpus into positive “1” and negative “0”. Based on such
classification, I computed the sum of the token frequencies of every positive word and that of the
token frequencies of every negative word for each year. Because the number of tweets collected
per year was different from each other, 1 compared the relative proportions of the total token
frequencies of positive and negative words. Table 6.4 shows the proportions of positive and
negative words on the basis of their total token frequencies for each year. Figure 6.2 indicates that
the proportion which positive words make up has gradually increased over time. This finding
demonstrates that the number of positive words where the neologism kay- is attached has been

increasing and the semantic prosody of the neologism kay- is shifting from negative toward
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positive. The shift of the semantic prosody supports the aphorism of usage-based linguistics that
meaning is use by showing that the meaning of a lexical item is determined by how people use the

lexical item.

Table 6.4 Proportions of positive and negative words based on their token frequencies for each year

Year Proportion of positive words Proportion of negative words
2010 26.77 73.23
2011 36.50 63.50
2012 42.17 57.83
2013 43.03 56.97
2014 42.96 57.04
2015 45.98 54.02
2016 46.31 53.69
2017 47.73 52.27
2018 50.06 49.94
2019 53.96 46.04
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Figure 6.2 Change in the proportions of positive and negative words from 2010 to 2019
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6.5 Evaluation

This section presents three metrics to evaluate the performance of the LSTM model: (i) validation
accuracy, (ii) a confusion matrix, and (iii) a precision-recall curve. The three metrics are applied
to the validation datasets. The results from the three metrics demonstrate that the LSTM model has

been trained enough to produce reliable findings with the actual dataset.

6.5.1 Validation Accuracy

Validation accuracy indicates how accurately the LSTM model can predict validation datasets.
Here, “predict” means classifying words into positive and negative. Table 6.5 shows the values of
validation accuracy from the five validation datasets and their average value. The average value is
“0.98188”, which implies that the accuracy of the model predicting the validation datasets is about
98 percent on average. Additionally, Table 6.6 shows the values of training accuracy from the five
training datasets and their average value. The average value is “0.99038”, which means that the
accuracy of the model predicting the training datasets is about 99 percent on average. Both of the

validation and training accuracy values show that the model has been well trained.

Table 6.5 Validation accuracy for each fold and their average validation accuracy

Fold Validation accuracy
F1 0.9351
F2 0.9870
F3 0.9935
F4 0.9969
F5 0.9969
Average validation accuracy 0.98188
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Table 6.6 Training accuracy for each fold and their average training accuracy

Fold Training accuracy
F1 0.9842
F2 0.9868
F3 0.9943
F4 0.9933
F5 0.9933
Average training accuracy 0.99038

6.5.2 Confusion Matrix

A confusion matrix is a measure to evaluate the performance of a classification model. In the
matrix, each row stands for actual classes while each column stands for predicted classes. Figure
6.3 shows a normalized confusion matrix, which makes it easier to visually interpret the model
performance by representing the values in the matrix (i.e., the numbers of classes) as percentages.
The top left means True Negative (TN), the top right is False Positive (FP), the bottom right is
True Positive (TP), and the bottom left is False Negative (FN). The values in the main diagonal
indicate the probability that the model will correctly predict. TN indicates that the probability of
the model classifying actual negative words as “negative” is 0.99 (99 percent). TP shows that the
probability of the model classifying actual positive words as “positive” is about 0.96 (96 percent).

These results also support that the model has been well trained.
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Figure 6.3 Normalized confusion matrix

6.5.3 Precision-recall Curve

A precision-recall curve shows whether a classification model correctly predicts a minority group
when classes (in this study, “0” and “1”) are imbalanced in a dataset. Because positive words and
phrases (the instances of minority group) are fewer than negative words and phrases (the instances
of majority group) in the training and validation datasets, it is required to check whether the model
has been well trained in terms of positive words and phrases. In the precision-recall curve in this
study, “precision” indicates the capability of the model to accurately predict positive words and

phrases and “recall” indicates the capability of the model to detect positive words and phrases out
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of the actual positive words and phrases. High precision and high recall make the most ideal model.
The precision-recall curve is a plot of the y-axis of precision against the x-axis of recall. The area
under the precision-recall curve (AUC-PR) is an indicator showing the performance of the model.
The closer to “1” the value of AUC-PR is, the better the predictive model is. Figure 6.4 shows five
precision-recall curves from the five folds and their average curve. The average curve shows that
its AUC-PR value is “0.9942” (Overall AUC in the figure), which implies that the LSTM model
can detect almost all of the actual positive words and phrases and predict positive words and
phrases with nearly 100 percent accuracy regarding the validation data sets. These results also

demonstrate that the model has been well trained.
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Fold 2 AUC=0.9973
Fold 3 ALC=0.9903
0.4 | — Fold 4 AuC=0.9992
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Figure 6.4 Five precision-recall curves and their average curve with the values of AUC-PR
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6.6 Method Validation

The employment of LSTM for the analysis of semantic prosody still needs method validation,
although the three metrics to assess the performance of the LSTM model demonstrate that the
model has been well trained. This is because the evaluation is based on the validation datasets from
KNU-KSL. In other words, it is required to evaluate the performance of the model with the actual
data (i.e., the adjectives and verbs extracted from the twitter corpora). If there had been a sort of
answer sheet showing the extracted adjectives and verbs and their class labels (“0” or “1”), I could
have compared the answer sheet with the classification result from the model. However, there was
no such thing as an answer sheet so | devised another option.

| decided to select and analyze twenty words for each year because it was impossible to
classify every adjective and verb manually. To begin with, before choosing the twenty words, |
arranged the adjectives and verbs extracted from each corpus according to their frequency and
checked whether the words are the ones following the neologism kay-. Contrary to my assumption,
most of the verbs were words related to the homonyms of kay (in particular, kay used as a counting
unit for things). Also, the extraction of adjectives was not accurate. Due to the inclusion of wrong
verbs and adjectives, it turned out that the semantic prosody result in Section 6.4 might be incorrect
(1 should have preprocessed the data more carefully).

To find out how the semantic prosody of the neologism kay- has developed exactly, |
removed the wrong adjectives and verbs related to the homonyms from the above word list. Also,
I removed adjectives and verbs which are neutral because the LSTM model classified neutral

words as positive or negative. Next, | selected the top twenty words and assessed whether the
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LSTM model accurately classified them by sentiment. The classification of two adjectives!’ was
different from my classification result. After correcting their sentiment classification, | added up
the token frequencies of words in each category (positive and negative) and represented the values
as percent for comparison among corpora.

Table 6.7 shows the proportions of positive and negative words based on their token
frequencies for each corpus. Figure 6.5 indicates that the proportion of positive words has
increased overall (this result is unexpectedly the same as the result from the LSTM analysis
including wrong adjectives and verbs). The shift from negative toward positive clearly explains
the many encounters of combinations of the neologism kay- and a positive word. The change of
semantic prosody will be able to support usage-based linguistics as empirical evidence proving

that the meaning of a word is determined by how people use the word.

Table 6.7 Proportions of positive and negative words based on their token frequencies for each corpus

Year Positive words Negative words
2010 38.22 61.78
2011 53.12 46.88
2012 55.72 44.28
2013 60.52 39.48
2014 62.97 37.03
2015 69.87 30.13
2016 71.67 28.33
2017 70.07 29.93
2018 66.77 33.23
2019 70.06 29.94

17 The two adjectives are % L (to be excellent) and %% L (to be jealous). LSTM classified the former
into “negative” and the latter into “positive”. They occurred in the top twenty throughout the ten years.

135



100

90 -
80
70
60 -
50 1 m Negative words

40 4 ® Positive words

Token Frequency (%)

30 -
20
10

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
Year

Figure 6.5 Change in the proportions of positive and negative words from 2010 to 2019

To find out on which part of speech the above result (Figure 6.5) is based, I looked into the
remaining words after removing wrong words for each corpus. Table 6.8 indicates the top twenty
words before and after removing wrong adjectives and verbs for the 2010 corpus. The words in
bold type are verbs. Before the removal, the numbers of adjectives and verbs were four and sixteen
respectively. However, after the removal, most of the remaining words are adjectives (seventeen

adjectives and three verbs).
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Table 6.8 Top twenty words before and after removing wrong adjectives and verbs for the 2010 corpus

Top twenty  English meaning Frequency  Top twenty English meaning Frequency

before after
removing removing
atct To do 3445 2 To be jealous 397
Pl g To be like 1954 27} To make sb laugh 341
2c) 272 To eat 1125 Zr} To be excellent 281
-} To squeeze/knit 970 ] 25} To be tired 273
2 To exist/have 935 ol 5k To fail 248
X o} To strike 765 Z=r} To be good 213
k=~ To become/be 615 7 OF To be cold 210
o/} To be 561 A=K To be annoyed 205
JHot To go 502 7 97 of To be cute 172
2= To remain 486 HJ- B8 O] To be busy 155
e3> To write/use 428 gt To be many/much 153
x| o} To steam/gain 420 Hz/o} To be defeated 139
weight
7] To raise (a child or 420 wlZ] CF To be angry 132
animals)
Har] To be jealous 397 2 =l oF To be fun 118
= To exceed/jump 379 5] & To be tough 106
over
2]t To make sb laugh 341 gl To be hot 85
ttort To come 292 o/ Hrt To be hard/difficult 82
out/appear

o} To be excellent 281 = To be fearful 79
7] 235} To be tired 273 CYLLE=" To be pretty 74
7} To dream/borrow 252 gz} To be 74

stolen/exhausted
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Figure 6.7 Frequency profile of the top twenty words after the removal

Figure 6.6 is the frequency profile of the top twenty words before the removal. It shows an
“A-curve” (the top twenty words are represented as numbers). The first four words of the top

twenty after the removal are located at the long tail of A-curve (see the box). This shows that the
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top twenty words before and after the removal are obviously different from each other. Figure 6.7
is the frequency profile of the top twenty words after the removal. It also shows an “A-curve”,
although it is shallower than the A-curve before the removal. However, the important thing is the
shape of the curve, not the depth of the curve (Kretzschmar 2015: 86). Figure 6.6 and Figure 6.7

support that the distributional frequency profiles of linguistic features always follow the A-curve.

Table 6.9 Numbers of the remaining adjectives and verbs within the top twenty for each corpus

Year Remaining Remaining
adjectives verbs
2010 17 3
2011 19 1
2012 19 1
2013 19 1
2014 18 2
2015 18 2
2016 19 1
2017 19 1
2018 19 1
2019 18 2

Table 6.9 shows that the numbers of the remaining adjectives and verbs within the top
twenty for each corpus. The number of remaining adjectives is much more than that of remaining
verbs for all the ten years. This means that the result (Figure 6.5) is based on adjectives. Another
thing that we can infer from Table 6.9 is that the neologism kay- is used with particular verbs.

Among them, the most frequent verb is =&~/ I/ (‘to make sb laugh’), which occurs throughout the

ten years.
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Table 6.10 Difference of classification results between the DCA approach and an analyst

Word English Part of speech Sentiment Part of Sentiment
meaning from DCA from DCA speech from from analyst
analyst
o To be jealous Adjective Positive Adjective Negative
7]t To make sb Verb Positive Verb Positive
laugh
A= To be excellent Verb Negative Adjective Positive
7] 725} o} To be tired Adjective Negative Adjective Negative
et To fail Adjective Negative Adjective Negative
Fr To be good Adjective Positive Adjective Positive
= To be cold Adjective Negative Adjective Negative
A5t} To be annoying Adjective Negative Adjective Negative
7] & oF To be cute Adjective Positive Adjective Positive
B2 O} To be busy Adjective Negative Adjective Negative
Bt To be many Adjective Positive Adjective Positive
gejo} To be defeated Verb Negative Verb Negative
wrz] of To be angry Adjective Negative Adjective Negative
AR o To be fun Adjective Positive Adjective Positive
2 To be tough Adjective Negative Adjective Negative
5t To be hot Adjective Negative Adjective Negative
of & ot To be Adjective Negative Adjective Negative
hard/difficult
N To be fearful Adjective Negative Adjective Negative
o/ o} To be pretty Adjective Positive Adjective Positive
gl o} To be Verb Negative Verb Negative
stolen/exhausted

Table 6.10 shows the difference of classification results between the DCA approach and
an analyst (see the underlined words). They are the results of analysis of the top twenty after the
removal from the 2010 corpus. In terms of word class, the classification of one word did not agree
with mine. The Korean morpheme analyzer Okt classified the word % t/as “verb” but I classified
it as “adjective”. This word is slang meaning ‘to be excellent’ and the combination of kay- and the

slang word has been more frequently used among teenagers.
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In terms of sentiment analysis, the sentiment of two words 2 =/ (‘to be excellent’) and
7 27 07 (‘to be jealous’) was different from my classification. LSTM classified % ©/as “negative”
and 722/} as “positive”. Because the slang word %/ 7 is not contained in the training dataset

from KNU-KSL, LSTM can make a wrong prediction of that word. However, LSTM classified

7 %/ o} as a positive word although it is contained in KNU-KSL as a negative word. Except for

the slang word, given that one word out of twenty words is a wrong prediction, it is estimated that

about 5% of the total sentiment predictions from LSTM are wrong.

6.7 Discussion

The analysis of the semantic prosody of the neologism kay- using LSTM has shown several
problems: (i) the classification result of slang was not accurate; (ii) LSTM classified neutral words
as positive or negative because it was trained to classify words into positive and negative; (iii)
wrong adjectives and verbs related to the homonyms of kay were extracted from the corpora.
However, these problems can be improved. The inclusion of information on slang in Korean
morpheme analyzer tools and training datasets to LSTM will be able to address the first problem.
With regard to the second problem, not removing neutral words and phrases from KNU-KSL could
address the problem. That is, if LSTM is trained to classify words into positive, neutral, and
negative, it will be able to produce more accurate classification results. Concerning the third
problem, the employment of techniques related to word-sense disambiguation could be a solution.
From this study, it was found that the idea of using word spacing cannot be a proper way to
discriminate the target word from its homonyms because people tend to violate rules for word

spacing in informal writings. A manual analysis is most exact but it is inefficient when it is needed
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to handle a huge amount of data. Therefore, the application of techniques disambiguating word
senses'® would be an optimal solution.

Despite the three problems, the result before correction (Figure 6.2) is not that different
from the result after correction (Figure 6.5). Both of them show that the semantic prosody of the
neologism kay- is shifting from negative toward positive. The comparable results demonstrate that
LSTM has worked properly. Also, they show that all of those errors related to the training data did
not have a great effect on the actual result. Although the training data before correction has wrong
adjectives and verbs and neutral words, it produces a similar result, which implies that the
proportion of wrong words in the training data is not great enough to affect the actual result. In
other words, if training data includes a sufficient amount of data essential to the actual result, the
inclusion of wrong data does not affect the actual result significantly.

The advantage of the DCA approach is that it can overcome some limitations of previous
studies. One of the limitations is that semantic prosody is contingent on analysts’ interpretation.
That is, semantic prosody is the translation of collocate profiles or concordances by analysts.
Interpretation involves analysts’ subjectivity to a certain degree. Accordingly, the semantic
prosody of the same lexical item can vary depending on analysts. Considering that the process of
classifying co-occurrences of the target lexical item into favorable and unfavorable is not
straightforward, some studies propose methods of quantifying prosodies (e.g., Osgood, Suci &
Tannenbaum 1957, Dilts & Newman 2006). Also, others make reference to previous studies
sorting lexical items into positive and negative (e.g., Ahmadian, Yazdani & Darabi 2011).
However, these are not radical resolutions. Especially, the methods of quantifying prosodies need

further studies because they are limited to a particular part of speech.

18 Studies on Korean word-sense disambiguation have been actively performed (e.g., Jeong & Park 2015,
Han et al. 2017, Nguyen et al. 2018, Kim & Kwon 2021).
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Another limitation is that previous studies did not suggest efficient methods to deal with
large-scale data. According to Louw (1993), semantic prosody is a consistent aura of meaning with
which a form is imbued by its collocates. Because the process of a form being imbued with
meaning from its collocates requires a lengthy period, semantic prosody research presupposes
collection and analysis of a huge amount of data spanning a long period of time. A diachronic
analysis over a long period of time is very important for the analysis of semantic prosody. However,
few studies have introduced new methods to handle large-scale data more efficiently. As we can
see in the section 2.3.1.3, many studies have focused on the analysis of semantic prosody per se,
rather than suggesting methods to process large-scale data with minimum wasted effort.

As a solution to both of the limitations from previous studies, | propose an artificial
intelligence method. The artificial intelligence method can address the subjectivity issue and
handle large datasets efficiently. As the most state-of-the-art technique founded on deep learning,
LSTM can resolve the issue over subjective interpretation by classifying words into positive and
negative without human subjective judgment (the use of the same LSTM model produces the same
results regardless of analysts). Also, LSTM makes it easier to investigate the development of
semantic prosody over a long period of time by allowing researchers to process large-scale data
efficiently, compared to a manual analysis.

To sum up, the use of LSTM requires analysts to make training data carefully (the ways to
improve the three problems found in this study will be able to help to make more accurate training
data). Moreover, the comparable results before and after correcting the training data demonstrate
that LSTM works properly. Furthermore, it has turned out that if training data to LSTM includes
data essential to the actual result and the essential data is enough to unveil the actual result, the

inclusion of wrong data does not have a great effect on the actual result. Lastly, the DCA approach
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using LSTM is able to help to address the limitations of previous studies. Through the analysis of
the semantic prosody of the neologism kay-, this study has confirmed the possibility that the DCA

approach can be applied to semantic prosody research.
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CHAPTER 7

CONCLUSION

7.1 Overview

This study examines how the meanings of three Korean neologisms leyal, Iwuce, and kay- have
changed over ten years through the analysis of their distributional behaviors in Korean Twitter
data. To analyze those distributional behaviors more efficiently, 1 used distributional corpus
analysis (DCA). DCA is an approach which delves into context words using corpora and
computational techniques in natural language processing. For the neologism leyal, 1 scraped
15,500 tweets including leyal as a keyword per month from 2010 to 2019 (except for 2010, 2015,
2016, and 2019) using snscrape in Python. After preprocessing the Twitter data, | trained word2vec
with the preprocessed data. To find out how the two meanings of the neologism leyal have
developed over the past ten years and which meaning is more predominant between ‘really’ and
‘Real Madrid’, | used cosine similarity (CS). Through CS, | measured the semantic similarity
between leyal and two alternative words representing the two meanings of leyal (i.e., cincca
representing ‘really’ and leyalmatulitu representing ‘Real Madrid”) and looked into how the CS
values between leyal and cincca (CS1) and those between leyal and leyalmatulitu (CS2) have
changed. The results show that the CS1 values are always higher than the CS2 values. That is, the
CS1 and CS2 values subtly change from year to year but the overall trend (CS1 higher than CS2)
lasts throughout the ten years. This means that ‘really’ is more dominant than ‘Real Madrid’, there

is no semantic change in terms of the relation between the two meanings, and the neologism leyal
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has been more used to represent ‘really’. These findings agree with results from the collocation
analysis used for method validation of word2vec and cosine similarity.

For the neologism lwuce, | utilized Latent Dirichlet Allocation (LDA) to find out how the
new and existing meanings of lwuce have developed over time and which meaning holds a
predominant position. Because there is no word that can represent the new meaning of lwuce
among existing words, I chose LDA. Specifically, I used snscrape in Python to collect tweets
including lwuce as a keyword from 2010 to 2019 with the number of monthly tweets uneven (the
minimum number of monthly tweets is 759 and the maximum number is 5,536). In the process of
preprocessing, | divided the twitter data into two groups depending on the meanings for each year
and turned each group into a subcorpus which only consists of nouns and numbers. After
preprocessing, | employed LDA to examine the number of topics for each of the twenty subcorpora
(i.e., the ten new meaning subcorpora and the ten existing meaning subcorpora). The change in the
number of topics over time shows that (i) the existing meaning is more dominant than the new
meaning throughout the ten years, (ii) the use of the new meaning sharply decreased and that of
the existing meaning sharply increased in 2015, (iii) the use of the new meaning increased and that
of the existing meaning decreased in 2018, and (iv) the use of the new meaning gradually decreased
but increased in 2018. The collocation analysis used for method validation of LDA demonstrates
that the first two results are true and the fourth one is partially true.

For the neologism kay-, | probed its connotational and attitudinal meaning. As the number
of combinations of the neologism and a positive word has been increasing these days, | explored
how the semantic prosody of the neologism kay- has changed over time. | scraped around 35,000
tweets including kay as a keyword per month from 2010 to 2019 (except for January and February

in 2010 and April in 2011) using snscrape in Python. In the process of preprocessing, | extracted
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adjectives and verbs where the neologism kay- is attached from the Twitter data. After training
long short-term memory (LSTM) to sort words into positive and negative with the preprocessed
KNU Korean Sentiment Lexicon, | employed the trained LSTM model to classify the extracted
adjectives and verbs into positive and negative. | observed the change of semantic prosody by
investigating how the total token frequency of the classified positive words and that of the
classified negative words change from year to year. The result shows that the proportion of positive
words has been increasing. That is, the semantic prosody of the neologism kay- has shifted from
negative toward positive over the past ten years. However, it turned out that this result might not
be reliable through method validation. Because wrong adjectives and verbs related to the
homonyms of kay were included in the analysis, it cannot be said that the result shows the semantic
prosody of the neologism kay-. However, the analysis after removing wrong words and correcting
wrong classification showed the same result as the LSTM analysis.

The change of semantic prosody supports the aphorism of usage-based linguistics that
meaning comes out of language use (Tomasello 2009) by demonstrating that the meaning of a
lexical item is determined by how people use the lexical item. That meaning is determined by
language use implies that experience is essential to language acquisition (Tomasello 2003) because
it means that we need continuous exposure to language experience to acquire meaning. As
empirical evidence supporting the aphorism that meaning is use, the change of the semantic
prosody of kay- will be able to make a contribution to strengthening the theoretical basis of usage-

based linguistics.

7.2 Significance

This study made several “first attempts™. First, this work is the first study using artificial

intelligence and Korean social media data to analyze the distributional behaviors of Korean
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neologisms and track their semantic change over time. It shows how distributional corpus analysis
(DCA) can be used to explore semantic change of Korean words. Because there are few studies
employing the DCA approach, I expect that this study could encourage linguists to use the DCA
approach, in particular artificial intelligence techniques, to do research on Korean lexical
semantics.

Secondly, this work is the first study showing DCA from the perspective of corpus
linguistics. It covers the processes of data collection and preprocessing in detail as well as analysis
methods. It is a first attempt to connect the DCA approach with corpus linguistics. It would be
helpful for corpus linguists who want to apply the DCA approach to their own corpora but do not
have any background in that approach. This study will lead corpus linguists to explore linguistic
phenomena using the DCA approach.

Thirdly, this work established specific methods to validate the DCA approach using a
collocation analysis in corpus linguistics for the first time. It shows that the approach of applying
A-curve frequency profiles to collocation analysis works well for method validation of the DCA
approach. This attempt is worth doing per se because methods related to corpus linguistics and
language as a complex system have never been tried so far. Compared to techniques in the DCA
approach whose internal workings are not transparent, a collocation analysis is clear and obvious.
Therefore, a collocation analysis will be able to serve as a good method for the validation of the
DCA approach. The use of a collocation analysis is expected to stimulate interdisciplinary research
between corpus linguistics and natural language processing.

This pioneer study making several “first attempts” will function as a foundational study
upon which further DCA studies can build in corpus linguistics. Although this study was carried

out with the Korean language, the methodology can be applied to other languages as well. The
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application of the DCA approach to lexical semantic research of various languages could lead to

active DCA research, resulting in the development of the DCA approach.

7.3 Conclusion

The biggest benefit that we can get by capitalizing on the DCA approach is efficiency. Analyzing
a huge amount of linguistic data manually demands much time and energy. However, an analysis
using computational techniques in natural language processing saves time and costs. As the entire
process from data collection to preprocessing to analysis is performed through computer code,
analysts can obtain and analyze data more conveniently and faster. Another advantage of the DCA
approach is quantification. It helps researchers to analyze data in a clear and objective way. The
analysis using word2vec and cosine similarity shows how semantically similar leyal is to the two
alternative words through quantification. The analysis employing LDA uses the number of topics
to show how the uses of the two meanings of lwuce have changed. Because quantification allows
us to see language change by means of numbers, we can observe language change more clearly.
Also, the subjectivity of interpreting results can be excluded.

However, the analysis by a computer has lower accuracy than analysis by a human. Since
computers cannot understand human language, it is required to convert it to numbers so that they
can process it. Computers handle not “language” but “number” so their analysis cannot be perfectly
the same as a human’s analysis. In the case of LDA, it has two big problems: (i) not every word in
a cluster semantically relates to the others and (ii) topics are difficult to infer from clusters. This
is because LDA uses statistics to classify words without considering word meaning. This study
demonstrates that the DCA approach still needs method validation. We need to check whether the
employed models have been well trained and their results are reliable. VValidation is necessary even

for models trained in supervised learning like LSTM, although metrics to assess their performance
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show that their performance is good. Through the method validation of LSTM, it was found that
wrong words were included in the data, which might have been overlooked without such a
validation process.

When we use the DCA approach, the most important thing is that we should not rely blindly
on its results. We should doubt them. The current level of computer analysis of linguistic data falls
short of human analysis. An analysis depending on statistical processes cannot explain every
aspect of language. Language is not numeric. Language should not be approached like
mathematical problems which can be answered by the application of math formulas. Because there
are many variables and exceptions in language, all of those things should be considered to
understand language properly. That is where the expertise of linguists comes in. Computer
scientists and natural language processing engineers as well as analysts using natural language
processing techniques should keep this in mind. I do not argue that the DCA approach is unreliable
so we should not use it. My point is that we should employ techniques in the DCA approach more

prudently and accept its results more carefully.
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