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ABSTRACT

DEVELOPING A COMPREHENSIVE EMOTION LEXICON FOR
TURKISH

Elif Unal

Master of Science, Computer Engineering
Supervisor: Assoc. Prof. Dr. Burkay Geng
September 2023, 103 pages

Social media and mood meters on websites have made expressing ideas easy and clear. These
communication channels have produced useful data that can be used across disciplines.
These data have helped researchers in several ways. Such investigations, also called text

analysis, can yield materials from politics to psychology.

Emotion analysis, focuses on the extraction of emotions from textual data. Extraction from
texts enables the conduct studies that have interdisciplinary applications. For one, emotional
analysis can provide insights into the sentiments and emotions experienced by customers
towards a particular product, service, or brand. This data has the potential to enhance
customer satisfaction and foster customer loyalty. Emotional analysis also holds potential in
fraud detection as it enables the identification of distinctive patterns of emotional language

that are closely linked to fraudulent behavior.

When the recent studies on emotion analysis in Turkish are analysed, it is seen that mostly
English sources are translated into Turkish. However, it is inevitable that there are structures
that cannot be translated and suffixed languages such as Turkish make this structure even
more complex. For this purpose, our main hypothesis in this study is that the data used in a
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language analysis should be in its own language. In this way, an accurate and more reliable
analysis will be possible. For this, it was decided to create a emotion analysis data containing

many emotions in Turkish.

While this thesis was being prepared, studies were carried out in three main phases. In the
first phase, it was aimed to create a data that can be used with emotions in Turkish by using
100 literary works. For this purpose, 213 different emotions in Turkish were searched in
the sentences taken from the books and the number of times the words were used with the
related emotion was recorded. Thus, a word for each emotion and an emotion-word vector

containing the frequency of occurrences of the term with that emotion were created.

In the next phase, it was aimed to cluster these emotions by using clustering algorithms on
the data to form groups with each other. For this, firstly, words that do not make sense in the
data were removed and the data was scaled. Since the data is very large and sparse on these
processes, valuable words were used by putting this data into PCA structure. Then, these

data were tested on different clustering algorithms and results were obtained.

Finally, an interface was created to test the behaviour of text input. Afterwards, the distance
between the input text and the emotion vectors was calculated with the cosine distance
formula to extract emotions from input data. The results of the model created using texts of
different lengths and with different emotions were evaluated. A cross-validation study was
conducted to compare the emotion assignments from the study and ChatGPT. A consensus
was reached by four individuals regarding the experience of at least one emotion among the
five identified emotions, thus indicating successful recognition of the predominant emotion

conveyed in the text.

Keywords: Turkish Emotion Analysis, Emotion Detection, Emotion Extraction, Emotion

Analysis, Natural Language Processing
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OZET

TURKCE ICIN KAPSAMLI BiR DUYGU SOZLUGU
GELISTIRILMESI

Elif Unal

Yiiksek Lisans, Bilgisayar Miihendisligi
Danisman: Assoc. Prof. Dr. Burkay Geng
Eyliil 2023, 103 sayfa

Sosyal medya platformlarinin biiylimesi ve mod oOlcerlerin cesitli web sitelerine entegre
edilmesi, bireylerin goriislerini rahat ve acgik bir sekilde ifade etmelerini kolaylastirmistir.
Bu iletisim kanallar1 tarafindan kullamilan etkilesimler, farkli calisma alanlarinda
uygulanabilecek verilerin ortaya ¢ikmasini saglamistir. Bu verileri kullanan bilim dali olan
metin analizi, siyasetten psikolojiye kadar bircok baglamda kullanilabilecek materyaller

tiretilebilmektedir.

Duygu analizi, metinsel verilerden duygularin c¢ikarilmasina odaklanmaktadir.  Bu,
miisterilerin belirli bir iiriin, hizmet veya markaya yonelik duygu ve hisleri hakkinda bilgi
saglayabilir. Bu veriler miisteri memnuniyetini artirma ve miisteri sadakatini tegsvik etme
potansiyeline sahiptir. Ayrica, hedeflenen alicilarin duygusal durumundan yararlanarak
pazarlama kampanyalarint 0zellestirme potansiyeline de sahiptir. Duygu analizi,
dolandiricilik davranigiyla yakindan baglantili olan ayirt edici duygusal dil kaliplarinin

tanimlanmasini sagladigindan dolandiricilik tespiti alaninda potansiyel tasimaktadr.

Bir metin Ornegini analiz ederken géz oniinde bulundurulmas: gereken en 6nemli faktorler,
dile 6zgii kaynaklarin mevcudiyeti ve yeterliligidir. Tiirkce de dahil olmak iizere Ingilizce
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disindaki dillerde yeterli kaynak bulunmamaktadir.  Dillerin belirli yapisal unsurlar
paylasmasina ragmen, her birinin kendine 6zgii Ozellikleri, diller arasinda standart bir

kavramsallastirma yolunun gelistirilmesini engellemistir.

Tiirk¢ce duygu analizi iizerine son zamanlarda yapilan calismalara bakildiginda ¢ogunlukla
Ingilizce kaynaklarin gevrilerek kullamldig1 goriilmiistii. Ancak ceviri yapilirken tam
karsilik alinamayacak yapilarin bulunmasi ve Tiirk¢e gibi sondan eklemeli dillerin bu
yapiyl daha da karmagik hale getirecek olmasi kacinilmazdir. Bu amacla bu ¢alismadaki
hipotezimiz bir dille ilgili bir analiz yaparken kullanilan verinin kendi dilinde olmasi
gerektigidir. Bu amagla Tiirk¢e’de bulunan bircok duyguyu igeren bir duygu analiz verisi

olusturmaya karar verilmistir. Bu veri, duygu analizi icin bir kaynak olacaktir.

Bu tez olusturulurken ii¢ ana faz iizerinde islemler yapilmstir. Ilk fazda, 100 edebi eser
kullanilarak Tiirk¢e’deki duygularla kullanilabilecek bir veri olusturmak amaglanmustir.
Bunun i¢in kitaplardan alinan ciimleler icerisinde Tiirkce’de bulunan 213 farkli duygu
aranmis ve ciimleler icerisindeki diger kelimelerin ilgili duyguyla eslestirebilmek frekanslari
kaydedilmistir. Boylelikle her duyguya ait bir kelime ve kelimenin o duygu ile frekansini
iceren bir duygu-kelime vektorii olusmustur. Bu yapi icerisinde 167 farkli duygu ve 179,854

adet kelime bulunmaktadir.

Ikinci fazda, bu duygularin birbirleri ile grup olusturmasi igin veri iizerinde kiimeleme
algoritmalarina sokularak kiimele yapilmasi hedeflenmistir. Bunun i¢in 6nce veri lizerinde
bir anlam ifade etmeyen kelimelerin kaldirilma ve veriyi dl¢ceklendirme islemleri yapilmustir.
Bu islemlerin iizerine verinin ¢ok biiylik ve seyrek olmasi sebebiyle bu veri PCA yapisina
sokularak degerli kelimelerin kullanilmasi saglanmistir. Daha sonra bu veri farkli makine

Ogrenimi algoritmalar iizerinde denenerek gruplama sonuglar: elde edilmistir.

Son olarak, anlik veri girisinde verinin davranigini test etmek i¢in bir arayiiz olusturulmustur.
Bu arayiiz iizerinden girilen verideki duygulari ¢ikarmak i¢in kosiniis uzaklik formiilii ile
metin ile duygu vektorleri arasindaki uzaklik hesaplanmigtir. Farkli uzunluklarda ve farkl
duygulara sahip metinler kullanilarak olusturulan modelin sonuglar1 degerlendirilmistir.

Calismadan elde edilen duygu atamalarin1 degerlendirmek ve ayni metin girdi olarak verilen
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ChatGPT’den ¢ikan sonuglart karsilagtirmak icin ¢apraz dogrulama caligmasi yapilmistir.
Calismanin sonuglari, duygu sozliigiiniin metinsel verilere uygulandiginda yiiksek bir
dogruluk sergiledigini gostermistir. Belirlenen bes duygu arasindan en az bir duygunun
deneyimlenmesine iligkin dort kisi tarafindan fikir birligine varilmig, bdylece metinde

aktarilan baskin duygunun bagarili bir sekilde tanindig1 gosterilmistir.

Anahtar Kelimeler: Tiirkce Duygu Analizi, Duygu Tespiti, Duygu Cikarimi, Dogal Dil

Isleme
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1. INTRODUCTION

The growth of social media platforms and the integration of mood meters into various
websites have facilitated the comfortable and open expression of individuals’ views. The
interactions utilised by these communication channels have generated valuable data that can
be applied in different fields of study. The use of textual data as a source is a common
practice in the NLP sub-field known as textual analysis. Emotion analysis is a field of study
that focuses on the study of emotions in textual data. The field of emotion analysis requires
a language-specific emotion lexicon that takes into account differences in the expression and

contextualisation of emotions.

Emotion analysis, focuses mainly on the identification and extraction of emotions from
textual data. It allows the development of interdisciplinary studies with many applications.
Firstly, it is important to note that emotional analysis has the potential to offer valuable
in-depth look of the emotions conveyed by consumers in relation to a specific product,
service, or brand. This information can boost client satisfaction and cultivate customer
loyalty. Moreover, there is the ability to tailor marketing messages by utilizing the emotional
state of the target consumers. This has a chance to optimize the efficacy of advertising
campaigns. The use of emotional analysis exhibits promise within the field of fraud
detection as it helps the discernment of unique emotional language patterns that are strongly
associated with fraudulent activities. In general, the utilization of emotional analysis exhibits
considerable promise in augmenting a wide range of company operations. Through the
understanding and interpretation of the emotional states exhibited by consumers, employees,
and other stakeholders, businesses possess the ability to optimize their decision-making

procedures and improve their financial outcomes.

Although using of this type of analysis provides certain benefits, it also raises different
challenges. For example, considering the presence of many levels of emotion recognition,
spanning from document-level to word-level, it is crucial to effectively categorize textual

material. An additional concern related to these analyses involves the presence of metaphor,



sarcasm, and irony in the text. In order to effectively interpret the intended meaning of the
text, it is important to possess the appropriate contextual knowledge for the analysis of these

words.

There are many different languages in the world and each has its own characteristics.
Languages can be categorised into families, but even within these families languages can
differ structurally. For this reason, language studies are usually conducted in the native
language of the researcher. However, a significant number of researchers are also involved
in the study of the English language, which has a widespread use worldwide. Many
methodologies, libraries and datasets have been developed for English due to various studies
on the language with different perspectives from different cultures. Unlike English, there are
not enough libraries or data sources for Turkish. A significant part of the research in Turkish
is covered by the use of English sources that have been translated into Turkish. The loss of
emotion in translation and the need to adequately explain the meaning of the word are the
result of linguistic differences. This has a detrimental effect on emotion analysis. Apart from
translation resources, there are also resources produced from scratch, but this number is quite

small compared to translation resources.

It has been observed that Turkish’s source and library of emotion data lag behind English
and that a comprehensive collection is required. While it is encouraging that Turkish has
recently produced a number of studies on polarity and emotion analysis, it has been noted
that the demand for a Turkish emotion data that encompasses all emotions in Turkish has not

come across. This thesis’s starting point has been this shortcoming.

One study conducted to investigate these deficiencies involved the development of a website
where participants were asked to vote on the emotions elicited by a given sentence. The
website sourced sentences of varying emotional valence from a variety of literary works.
Nevertheless, the emotion categories that were surveyed could not be clustered together,
and the emotions themselves could not be determined. Consequently, the development of

this website has served as a source of inspiration for the present work, which encompasses



effective elements. Similarly, there was a significant demand for additional data in this

context.

When discussing a text’s use of emotion analysis, polarity—a text’s analysis of its negative,
positive, or neutral aspects—is the first concept that comes to mind when analyzing the
language on its own terms. In fact, it has been observed that numerous studies has been
conducted on the subject of sentiment analysis while more in-depth emotion analysis has
not. It has been seen that, most often, just a small number of feelings are covered by the

emotion analysis. This thesis also addresses this crucial issue.

1.1. Scope Of The Thesis

The main aim of this thesis, which builds on the previously mentioned topics, is to compile a
comprehensive data for emotions in Turkish. In this way, it is aimed to increase the accuracy
of emotion analysis. Because it is useful to be able to evaluate the emotions in a text in
many fields from politics to psychology, it has been determined that each language having its
own data sources will provide better analysis results. With the development emotion data for
Turkish, it will become one of the primary sources for researchers who study and research in

Turkish.

The clustering of a large number of emotions in Turkish is another subject addressed in this
thesis. In this study, the clustering algorithms used with the data generated within the scope
of this study were investigated to see how closely the emotions are clustered with each other.

Here, the emotion data has been modified to work with existing clustering algorithms.

Furthermore, this thesis investigated the behaviour of the data when extracting emotions from
a text. This was achieved by creating an interface to extract emotions from text by calculating

the cosine distance between text and emotion data entered during runtime.

In addition to providing solutions to the aforementioned challenges, this thesis is expected to

serve as a foundation for future work in the field of emotion analysis.



1.2. Contributions

In this research, we aim to address these shortcomings by proposing a novel, simple and

efficient approach. The main contributions of this paper can be summarised as follows:

e It provides researchers working on Turkish emotion analysis with the most

comprehensive and accessible data for Turkish emotions.

* Since the techniques used to develop emotion data are universal, it should be possible

to adapt this research to other languages by modifying the book and the emotions used.

* It is feasible to refine and apply emotion data initially generated in a broad context in

a domain-specific way.

* This study represents a new approach in Turkish language research, examining the

complex processing of emotions and offering a new perspective for future research.

1.3. Organization

The organization of the thesis is as follows:

* Chapter 1 of the thesis describes the mission to fill the gap created by scarcity of
available resources for conducting emotion analysis in Turkish and the contribution of

the work carried out specifically for this purpose to existing academic research.

» Chapter 2 provides a description of existing research on emotions, NLP and emotion

analysis. This study is based on the findings of this research.

* Chapter 3 reviews research papers on emotion analysis. This paper provides a
comprehensive discussion on the data used in emotion analysis, the methods used to

generate the data, clustering algorithms and studies on distance algorithms.



* Chapter 4 summarises the process of generating a comprehensive set of emotion data,
followed by clustering studies using this data to determine the proximity of emotions

to each other.

* Chapter 5 discusses the procedures involved in extracting emotions from textual data
entered into a testing interface. Purpose of this interface is to evaluate the quality of

the data produced and to measure its effectiveness.

» Chapter 6 of this study highlights the limitations of the research and suggests avenues
for future research. In particular, this chapter discusses potential areas of enquiry that
could be explored to complement the findings of the current study and the potential

contribution this study could make to the wider research field.

1.4. Background and Definitions

One of the studies carried out in this thesis was to cluster emotions. For this purpose, the
clustering algorithms and libraries used here are briefly summarised below. All experiments

were performed with Python version 3.10.8.

1.4.1. Clustering Algorithms

K-Means': The library used is “sklearn.cluster. KMeans”. The K-Means algorithm employs
a clustering technique by aiming to divide samples into n groups. The objective is to ensure
that the clusters have similar variances, while simultaneously minimizing the inertia or
within-cluster sum-of-squares. The number of clusters must be given for this algorithm.
A set of N samples X is divided into K distinct clusters C by the procedure. The cluster
“centroids” are another name for the means. In this study, “k-means++" for the init fuction

and “lloyd” chosen as algorithm. Between 2 and 100 tried as number of clusters.

MiniBatchKMeans?: MiniBatchKMeans is an approach involves incorporating mini-batches

into the K-Means algorithm in order to reduce computational overhead, while yet striving to



optimize the identical objective function. Mini-batches refer to randomly sampled chunks of
the input data that are utilized during each training process. The use of mini-batches results
in a notable reduction in computational requirements for achieving a local solution. The
library for this clustering is “sklearn.cluster.MiniBatchKMeans”. The variables used were

“batch_size=2048”, “init_size=1024", “random_state=20".

Hierarchical Clustering®: The library “sklearn.cluster.AgglomerativeClustering” is used for

this clustering algorithm. Hierarchical clustering is a broad class of clustering methods
that may successfully merge or break nested clusters. A tree is used to represent the
cluster hierarchy. The tree’s root is the one-of-a-kind cluster that collects all the samples,
while the leaves are clusters with only one instance. The variables “n_clusters=407,

“metric="braycurtis’”, “linkage="average’” were given.

Spectral Clustering*: Spectral clustering applies clustering on a normalized Laplacian

projection. This approach is especially beneficial when the structure of the individual clusters
is significantly non-convex or, more broadly, when a measure of the cluster’s center and
spread is insufficient to describe the entire cluster. Variables “n_clusters = 407, “affinity

=’laplacian’” were given to the library “sklearn.cluster.SpectralClustering”.

GAAC?: The library “nltk.cluster.gaac. GAAClusterer” is used in the part. The GAAC
method begins by treating each of the N vectors as a singleton cluster. It proceeds by
iteratively merging pairs of clusters that have the closest centroids. This process is repeated
until only one cluster remains. It closely resembles hierarchical clustering. The variables

“num_clusters=40", “normalise=True” were given in the trials.

1.4.2. Other Components

PCA®: PCA is utilized to break down a multivariate dataset into a series of orthogonal
components that account for the highest possible variance. In “sklearn.decomposition.PCA”
library, PCA is implemented as a transformer object that learns a specified number of

components during the fit process. These learned components can then be applied to new



data to project it onto the identified components. In this project for “n_components” variable

the values between 0.70 to 1.0 were tried.

MinMaxScaler’: The “sklearn.preprocessing.MinMaxScaler”: library, if different values are

not given, matches the smallest value to O and the largest value to 1, and then adjusts the

values in between accordingly.

Silhouette Score®: The silhouette score is a metric used to assess the validity of clustering

outcomes by evaluating the degree to which each sample aligns with its assigned cluster in
relation to adjacent clusters. It ranges from -1 to 1, with higher values indicating better
clustering. The library for this is ‘“sklearn.metrics.silhouette_score”. In this part, while
clusters are given for silhouette score calculation, a dictionary was created with K-Means
clusters created with PCA component values between 0.7 and 1, and all values in this

dictionary were tried.

Davies-Bouldin Score’: The score is the mean similarity measure between clusters and their

most comparable cluster. It involves the comparison of distances within clusters to distances
between clusters. If the algorithm gives lower scores than the clustering is more successful,
with zero being the minimum score. For the library “sklearn.metrics.davies_bouldin_score”

the same dictionary structure was used while experimenting here in the silhouette score.

Calinski and Harabasz Score'?: The Calinski and Harabasz score is a measure used to assess

clustering quality. It takes into account the ratio of dispersion between clusters to dispersion
within clusters. Stronger clustering is indicated by higher scores., with well-separated and
compact clusters being desirable. For the library “sklearn.metrics.calinski_harabasz_score”

the same dictionary structure was used while experimenting here in the silhouette score.



2. BACKGROUND OVERVIEW

2.1. Natural Language Processing

One of the most important features that distinguish countries from each other is their
language. Although language serves a vital purpose, its structure needs to be understood
and explored. There are numerous philosophical studies on the connection of language with
truth and reality. There are various perspectives and experiences with language, so it can be

difficult to understand the text when others are talking about a topic [1].

The field of NLP has emerged as a sub-field within computer science that focuses on the
subtleties of language, which is a complex and not yet fully understood structure. It involves
analysing human-generated text and audio data using various methods. NLP, is a systematic
and methodical approach to language. It is a special field in the field of Artificial Intelligence,
concerned with the use of computational techniques to analyse, understand and produce
human language. Language processing is considered a very important aspect of human

intelligence, which is why it is included in the field of artificial intelligence [2—4].

NLP is a concept that has been studied since the 1950s. Its origins can be traced back to Alan
Turing’s pioneering work on the Turing test, followed by Chomsky’s contributions in the
early 1950s. In the 1950s, the first methodologies used in the field of NLP were based on the
use of predetermined rules and templates programmed into various systems. As an example
of this concept, there were established patterns that determined the appropriate translation
of a particular word or phrase from one language to another. Another approach that builds
on these approaches is is an expert-based approach. A notable advantage of this approach is
that it relies directly on expert knowledge, in contrast to rule and template-based methods.
There are cases where this approach is effective. After the 1980s, it was recognised that
rule-based methodologies were inadequate in light of the diversity, ambiguity and evolution
of language. Since the 1980s, significant progress has been made in NLP. This was facilitated
by the adoption of statistical methodologies based on language data observations, statistical
analysis and machine learning algorithms [5-7].
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NLP covers a large number of areas of interest. These areas can be listed as follows.

* Extracting information,

* Sentiment or emotion analysis,
* Correction of typos,

e Text summarization,

* Inter-lingual translation,

* Speech recognition,

* Speech production,

¢ Text voice over,

Question and answer machines

Natural language problems are addressed at different levels of analysis, including
morphology, lexical, grammatical, syntactic, part of speech (PoS), semantics, discourse, and

phonetics.

Finding the right option among the various findings returned by the morphological analyzer
for each word in a sentence can be called morphological analogy. Agglutinative languages
such as Turkish, Finnish and Hungarian are challenging for NLP because of their complex
morphemes. The morphemic analyzer may produce several parse outputs with various root
and morpheme orderings due to the uncertainty introduced by the complex morphemic

structure [8—10].

The process of automatically assigning part-of-speech tags to words in a sentence is referred
to as part-of-speech (PoS) analysis. PoS analysis pertains to the examination of word
categories, including but not limited to nouns, adjectives, verbs, adverbs, and prepositions.

This is a commonly used technique in research studies that utilize machine learning [8, 11].



The integration of semantic analysis forms an important part of NLP methodology. In this
analysis, an appropriate format is used to indicate the contextual framework of a sentence or
paragraph. Semantics is a field of study focussed on examining the meaning and significance
of language. The skilful use of word choices indicates the importance of the subject due
to the interdependence of linguistic classifications. This subject, which is already a major
topic of interest in academic studies, is concerned with the process of ambiguation of word

meanings and is often referred to as word-meaning ambiguity [12].

NLP has recently experienced an increase in work on this topic with the discovery of new
challenges. Despite the significant progress made in the field, these challenges persist. One
of the common challenges in language processing is the presence of contextualised words
and phrases. These linguistic elements can have more than one meaning within a sentence,
and although they are understandable to human readers, they make comprehension difficult
for the computer. The use of informal expressions, idioms and culture-specific terminology
poses a challenge in the development of models for general use. Similar challenges arise in
addressing a variety of domains, including the interpretation of terminologies or expressions
hold potential for use within the realm of education but have different connotations in law,
health, national security and so on. The effectiveness of NLP models can be optimised
for a particular domain or geographical location, but it is imperative that such barriers are
addressed when considering wider applicability. However, the availability of abundant data

for regular training and updating of the models can improve the models [13, 14].

Apart from the previously mentioned challenges, the incorrect spelling or usage of words can
pose a significant predicament. The development of auto-correction and grammar-correction
applications has been a significant advancement due to ongoing progress in this field.
Nevertheless, the task of precisely forecasting the author’s purpose based on a specific
region or geographical location, while considering variables such as sarcasm and colloquial
language, continues to be a significant obstacle. NLP models, have demonstrated exceptional
efficacy and ongoing advancement in their ability to process the most commonly utilized
languages. However, there is still a requirement for models that cater to the language and

technological proficiencies of individuals [15, 16].
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2.2. Emotion Analysis

Emotions are psychological states that have an impact on an individual’s behaviour, mood
and social interactions. Verbal and non-verbal communication are both essential components
of human interaction. Verbal emotions can be understood through written communication,
while non-verbal emotions can be distinguished through bodily gestures, tone of voice and
facial demeanour. The task of understanding and assessing verbal emotions is of great
importance in the field of NLP. This is largely due to the increasing amount of textual data,

such as the increasing use of social media [17].

Sentiment analysis is an area of NLP developed to identify binary (positive, negative),
ternary (positive, negative or neutral) or quaternary (positive, negative, neutral and mixed)
viewpoints in textual sources. Text analysis also includes opinion mining, opinion inference,
sentiment mining, subjectivity analysis, impact analysis and comment mining. Emotion
analysis is a special field of sentiment analysis that involves the direct identification
and labelling of sentiments within textual data, as opposed to the traditional approach
of categorising opinions as positive, negative or others. In addition to the analysis of
sentiments, emotion analysis is important as it engages in a more complex examination of

emotions [18-24].

The analysis of emotions and sentiments within textual data holds considerable importance.
This includes the ability to gauge the welfare of a community, prevent instances of suicide,
and provide valuable insights for organizations seeking to measure customer satisfaction
through the analysis of feedback and comments. Emotion and sentiment analysis can
facilitate opinion mining for business organizations. Specifically, the text derived from
e-learning and e-commerce settings can be examined for emotion analysis purposes [25].
It can also be used for handling of customer relations involves identifying the most precise
response in accordance with assessments of products and services [26], as well as furnishing
precise and sound feedback to departments responsible for product development. Also, it

can be useful for the act of observing the temporal dimension of effective experiences across
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various digital platforms pertaining to political figures, films, commodities, nations, and

other related entities has been documented in literature [27].

Emotion analysis, which focuses on analyzing the emotions and thoughts of individuals,
is commonly regarded as a sub-branch of NLP and sentiment analysis. However, it
has also garnered attention from various other disciplines from politics to sociology to

economics [18].

The development of an emotion model is deemed imperative for the purpose of accurately
identifying and discerning emotions. The three primary models of emotion are the
categorical approach, the dimensional approach, and the appraisal-based approach. The
categorical perspective posits that there exists a finite set of fundamental emotions that
are universally acknowledged. The dimensional approach posits that emotional states
exhibit inter-relatedness across three dimensions, namely valence (positive or negative),
arousal (excited or apathetic), and power. The appraisal-based approach expands upon
the dimensional approach by integrating appraisal theory, which posits that emotions stem
from an individual’s assessment of events and their subjective experiences, objectives,
and potential for action. Emotions are commonly conceptualized as alterations in
various domains, including cognition, physiology, motivation, motor responses, effective

experiences, and outward expressions [28-30].

2.2.1. Approaches on Emotion Analysis

Normally, studies on emotion or sentiment analysis is carried out at three levels. These
three types of analysis are document-level, sentence-level and aspect-based. Document-level
analysis involves providing a document as input. After a thorough analysis of the entire
document, the dominant emotion conveyed in the document is identified. Although multiple
entities and emotions may exist within a document, it is ultimately categorised under a
single emotional label. This feature makes it a traditional text classification problem.
Sentence-level sentiment analysis involves processing a document at a granular level,
specifically focusing on individual sentences. In most of the content there is no singular
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subject and no singular active state attributed to this subject. Given that analyses at the
document and sentence levels tend to remain at a higher level of abstraction, this problem is

addressed through feature level analysis [8, 31].

There are also researches on utilizing five distinct categories for the purpose of recognizing
emotions in textual data. The categorization of these methods includes keyword, rule,

machine learning, deep learning-based, and hybrid approaches [18].

2.2.1.1. Keyword-Based Approaches The keyword-based emotion recognition
methodology involves the identification of emotional lexicons within a given corpus of text
and the subsequent assignment of an emotion label based on the presence of these lexicons.
The dominant methodology for this approach involves the use of a keyword identification
technique. This technique involves formulating a comprehensive catalogue of emotional
lexicons for each emotion label. The current methodology involves an initial pre-processing
step followed by the identification of emotion by referring to a predetermined lexicon of
emotional terms. Before assigning an emotional classification to each sentence, evaluation

is performed to assess the intensity of the emotion and to check for negativity [32].

As an example for this approach, Tao [33] devised a lexicon in question is organized based
on the categorization of each word into two categories: a content or an emotion-functional
word. The Emotional Functional Words were categorized into three distinct groups based on
their linguistic functions: emotion keywords, modifier words, and metaphorical expressions.
The study utilized PoS tagging, a semantic tree, and HowNet [34] to establish the
correlation between the content word and the emotion-functional words. In order to identify
emotions, the initial procedure involved utilizing a POS tagger, verifying the presence of
emotion-functional words, assigning a rating to the emotion, allocating weights to each
emotion keyword, and subsequently aggregating the amplitudes of the emotion-related
keywords throughout all sentences. Nevertheless, a significant number of emotions were

still misidentified.
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2.2.1.2. Rule-Based Approaches Emotion recognition in text through rule-based
approaches is dependent on pre-established rules and patterns that are used to characterize
emotions present in textual data. Frequently, these are grounded on linguistic characteristics,
such as lexical items, grammatical categories, and structural arrangements. An instance of
a rule-based methodology could potentially categorize a sentence that incorporates the term
“happy” as conveying a favorable emotion. The utilization of rule-based methodologies
is characterized by its simplicity and interpretability. However, its effectiveness can be
constrained by the extent of rules and the intricacy involved in defining rules for emotions

that are more multifaceted.

Lee et al. [35] can serve as an example of this methodology. A model based on rules
was proposed by them for the purpose of identifying events that cause emotions in the
Chinese language. The researchers created a corpus that was annotated with emotions
and their causes. They then computed the distribution of cause event types, position, and
keywords. Additionally, they identified seven distinct groups of linguistic cues and developed
two sets of linguistic rules. The experimental results indicate that the system exhibited
favorable performance with respect to the identification of cause occurrence and cause event

recognition.

2.2.1.3. Machine Learning-Based Approaches The process of recognizing emotions
in the text can be achieved through either machine or classical learning approaches. This
entails training models incorporating text and emotion labels, utilizing labeled datasets.
Subsequently, these models can be employed to forecast the emotion of an unobserved textual
data. Multiple machine learning algorithms, including support vector machines, decision
trees, and neural networks, can be employed for this purpose. The choice of algorithm is
contingent upon various factors, such as the task’s intricacy, the dataset’s magnitude, and
the intended performance metrics. The flexibility and accuracy of machine learning methods
surpass those of rules-based approaches, albeit at the cost of requiring substantial amounts

of labeled data and potentially reduced interpretability [36].
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The authors Ghazi et al. [37] introduced an innovative hierarchical methodology for the
purpose of recognizing emotions. The text input is categorized into two distinct groups:
sentences that convey emotions and those that do not, with subsequent analysis of the polarity
of the sentences. The ultimate stage entails categorizing emotions that exhibit a negative
polarity. Two experiments were conducted to compare the effectiveness of hierarchical and
flat classifications. The results of the experiments indicated that the hierarchical approach

exhibited superior performance compared to the flat classification approach.

2.2.14. Deep Learning-Based Approaches Applying deep learning techniques for
emotion recognition in textual data involves utilizing multi-layer neural networks to extract
features from the text and acquire the ability to predict emotions accurately. As mentioned
earlier, the methodologies have gained significant traction in contemporary times owing to
their capacity to process vast quantities of data and their cutting-edge efficacy in diverse
natural language processing endeavors. Multiple architectures are available for recognizing
emotions in text, including convolutional neural networks, recurrent neural networks, and
transducers. These methodologies have the potential to yield high precision. However, they

necessitate substantial quantities of annotated data and computing resources [18].

Ragheb and colleagues [38] have introduced a deep learning framework for the purpose
of identifying emotions in written dialogues. The tripartite dialogue was concatenated and
subsequently inputted Bi-LSTM that were trained using average stochastic gradient descent.
The initial and final segments of the discourse were subjected to a self-attention mechanism,
which was subsequently succeeded by an average pooling operation. The language model
was trained using the Wikitext-103 [39] dataset; however, the findings indicated suboptimal

performance in the identification of the happy emotion label.

2.2.1.5. Hybrid Approaches Hybrid methodologies for detecting emotions in textual
data involve the integration of various techniques to enhance the precision and
comprehensiveness of emotion identification. An approach that combines rule-based

techniques for identifying basic emotions, such as happiness and sadness, with machine
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learning or deep learning methods for detecting more intricate emotions, such as fear or
anger, is referred to as a hybrid approach. Hybrid methodologies have the potential to
capitalize on the advantages of diverse techniques and surpass the performance of singular

approaches in isolation [18].

Park et al. [40], introduced and compared two models designed specifically for the task
of multi-label emotion identification in tweets. The initial model implemented a linear
regression approach that included label distance as a regularization component, whereas
the subsequent model employed a logistic regression classifier. The researchers utilized
a convolutional neural network to extract features from a distinct Twitter corpus that had
been annotated with hashtags in a remote manner. This was done with the aim of acquiring
emotive word vectors. In addition, two deep learning models were employed to acquire

knowledge about emoji vectors.

2.2.2. Data for Emotion Analysis

In order to conduct an analysis of emotions, it is necessary to have access to a dataset, lexicon,
or corpora. The application of emotion labeling can be accomplished through utilization of
the provided dataset. Several datasets have been curated for the purpose of conducting an

analysis.

The simplicity and intuitiveness of discrete emotion models have led to their widespread
acceptance in the field of emotion recognition. Emotions are categorized into discrete
classifications. The task of recognizing emotions can be construed as a classification task
that involves assigning one or more emotion labels to a given expression. As of present,
a unanimous agreement has yet to be reached regarding the delineation of fundamental
emotional categories. Paul Ekman’s research on six fundamental emotions [28], namely
anger, disgust, fear, happiness, sadness, and surprise are widely recognized as the universal
emotions. Subsequently, Plutchik introduced a wheel of emotions [41] to delineate the

interconnections among fundamental emotions, taking into account the impact of emotional
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correlation. The wheel categorizes eight fundamental emotions, namely joy, sadness, fear,

anger, trust, disgust, surprise and anticipation.

The dimensional emotion model quantifies emotional states using numerical dimensions,
whereby each emotional state is depicted as a vector with multiple dimensions. The PAD
model is a frequently employed dimensional model that delineates emotions into three
distinct dimensions, namely pleasure, arousal, and dominance. According to Russell’s
circumflex model, the two dimensions of Valence and Arousal have been proposed as the
most distinct emotions. The task of constructing a dimensional emotional corpus of high
quality is a challenging one, and the current selection of publicly available corpora is

restricted in scope [42—44].

Data for emotion analysis can be categorized into two distinct classes based on the length
of the text: short text and long text. The majority of early studies on emotion analysis
and classification employ brief textual content, such as news headlines and micro-blogs.
Several studies have incorporated lengthy textual materials, including news, blog posts,
children’s stories, and amalgamations of datasets. The previously mentioned datasets are
characterized by ease of manipulation, yet may pose challenges in accurately discerning

affective states [45—48].
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3. RELATED WORK

This thesis focused on data, a crucial component of emotion analysis. Under this section, the
study examines data generation methods from various languages that illustrate the previously
mentioned reasons. Despite the abundance of resources available for the English language,
there is a dearth of resources for the Turkish language. The majority of the sources observed

were generated through the process of translation from the English language [49].

The study of emotions in writing has been greatly facilitated by the vast amount of data
available. Individuals have increasingly used news websites, social media platforms, blogs,
and online forums as a means of expressing their emotions and opinions. Extensive research
has been conducted on polarity analysis utilizing this type of data. Within the context
of polarity analysis, information is categorized as either positive, negative, or neutral. In
contrast, emotion analysis entails a fragmented polarity analysis structure. For instance, “I
was scared”, “This job really pissed me off” sentences are assigned a negative label. The
initial statement conveys a sense of fear, while the subsequent statement connotes anger.

This is the main difference between sentiment and emotion analysis [50, 51].

English is widely recognized as a global language and boasts a plethora of data that can
serve as a foundation for analysis. Consequently, it is the language that offers the most
abundant resources for emotion analysis. The ISEAR [52] dataset is widely recognized
and frequently employed in numerous studies. The dataset comprises 7,666 sentences and
encompasses seven distinct emotion labels. The labels, as mentioned above, encompass a

range of emotions: anger, joy, disgust, fear, shame, surprise, and sadness.

An additional dataset that is available for analysis is the AFINN [53] lexicon. It encompasses
a vocabulary of over two thousand entries, which have been categorized as either positive or
negative in nature. Furthermore, several other datasets exist, such as Alm [54], Aman [55],
SemEval-2007 [46], SemEval-2018 [56], SemEval-2019 [57], and Neviarouskaya [58, 59].
The datasets encompass a range of emotions, such as anger, sadness, joy, surprise, shame,

guilt, anticipation, optimism, pessimism, confidence, and love. The ISEAR dataset is the sole
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example of a balanced dataset, while the Alm and SemEval-2007 datasets exhibit the lowest

number of samples. The SemEval-2019 dataset exclusively comprises textual dialogues.

Chaffer and Inkpen’s study [60] involved the extraction of six distinct emotions from a
heterogeneous dataset comprising various sources, including news headlines, fairy tales,
and blogs. The study conducted by Kouloumpis, Wilson, and Moore [61] aimed to assess
the impact of incorporating features in supervised learning methodologies for the purpose
of Twitter sentiment analysis. The attainment of this objective was facilitated through the
implementation of three distinct structures for Twitter messages. The training datasets
utilized comprised two different components, namely labeled words and expressions. In

addition, the models were tested using a dataset that had been annotated.

Corporas have been developed specifically for these fields of study. Various are available,
but the most widely recognized and utilized is the WordNet [62]. It comprises sets of
synonyms, also known as synsets. A synset consists of a collection of synonyms with
distinct semantic significance. The development of WordNet-Affect [63] involved the
utilization of numerous key terms, amounting to several hundred, which were subsequently
allocated to distinct categories of emotion. In the subsequent phase entails scrutinizing the
WordNet lexicon for words that bear resemblance to the fundamental terms and allotting
each of those words the identical affective classification as the corresponding root term. To
facilitate sentiment analysis, the SentiWordNet [63] tool incorporated positive, negative, and
neutral polarity valence scores into the pre-existing WordNet lexicon. The SenticNet [64]
framework employs a concept-level approach to conduct emotion analysis, which endeavors
to encapsulate the intricate nature of emotional expression. The dictionary comprises
distinct sections, each of which is assigned a polarity score that spans from -1 to 1. The
lexicographical resource is equipped with labels that delineate the affective, dispositional,
and attitudinal dimensions exhibited by each lexical item. The MPQA [65] lexicon is an
additional resource for polarity classification. The lexicon, as mentioned earlier, comprises
a total of 8222 entries and has been categorized as either positive, negative, or neutral.
Furthermore, it is worth noting that several lexicons are at one’s disposal, including

but not limited to the Bing Liu Dictionary [66], the NRC Word-Emotion Association
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Dictionary [67], the NRC Impact Intensity Dictionary [68], the NRC Value, Arousal and
Dominance (VAD) Dictionary [69], the NRC Hashtag Emotion Dictionary [70], and the
Sentiment140 Dictionary [71].

Besides English, emotion lexicons can be found in a few other languages. These
include Spanish [72-76], German [77-80], Polish [81-83], Chinese [84, 85], Italian [86],
Portuguese [87], Dutch [88], Indonesian [89], Greek [90] and Croatian [91].

The number of studies focused on data collection for emotion analysis in Turkish is notably
lower in comparison to those conducted in English. In the majority of studies, data was
generated through the process of translation from numerous English resources into Turkish

rather than originating de novo.

Vural et al. [92] performed sentiment analysis using the SentiStrength infrastructure made
for English and translated into many languages. Meral and Diri [93] manually tagged 8,500
tweets and performed sentiment analysis with Random Forest, Support Vector Machine,
and Naive Bayes classifiers from word capture perspective and machine learning methods.
Mayda and Aytekin [94] developed an opinion-mining model for the comparison task for

competition analysis in social media.

Akba et al. [95] performed emotion classification on the movie dataset with the help of
feature selection algorithms and support vector machine with completely unsupervised
machine learning techniques and achieved approximately 84% success. Cetin and
Amasyali [96] conducted many experiments on Turkish Twitter data and compared the
results of the experiments. Ozsert and Ozgiir [97] developed a semi-automatic method to
determine word polarities, and Tiirkmenoglu and Tantug [98] focused on deciding which of

the dictionary-based and machine learning-based approaches performs better in Turkish.

Ucan [99] translated the SentiWordNet sentiment dictionary into Turkish using three

different translation engines.

The study conducted by Ath et al. [100] introduced the NAYALex lexicon, which utilizes

the NRC Emotion Lexicon to identify a wide range of emotions (such as hope, anxiety, love,
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pessimism, optimism, anger, fear, and sadness) from textual data. The authors suggest that
this approach has the potential to identify additional emotions from texts that are shared. The
NRC Emotion Lexicon is a compilation of 6,469 English words, each of which is linked to
at least one of 38 distinct emotions. This lexicon was developed based on Plutchik’s Theory

of Emotions [41].

In addition to the translation datasets, A¢ici [101] requested that 500 university students
recount a personal memory pertaining to seven distinct emotional categories. The dataset
comprises a collection of around 3,200 documents, as provided by her. In contrast,
Demirci [102] collected a corpus of six thousand tweets containing Ekman’s research on
six basic emotions [28] on the social media platform Twitter. The individual conducted
emotion classification by utilizing machine learning algorithms on the tweets that were
acquired. The individual achieved optimal outcomes while analyzing the data using Naive
Bayes, Support Vector Machine , and k-Nearest Neighbors techniques. Specifically, the
Support Vector Machine approach yielded the highest success rate of 69.2%. The sole
existing dataset for conducting emotion analysis in Turkish language is TREMO [49, 103].
This dataset represents the initial Turkish corpus designed exclusively for the purpose of
implementing emotion analysis methodologies. The study is predicated on a survey that
involved 5,000 participants who were requested to compose narratives concerning their most

salient memories of the six emotions posited by Ekman’s research [28].

Furthermore to these studies, lexicon studies have also been carried out using news in Turkish
as data. Saglam et al. [104] ’s study introduces two original contributions: the development
of a polarity-scored Turkish sentiment lexicon through the utilization of online news media,
and the evaluation of existing lexicons on texts that are not specific to any one subject.
The polarity lexicon of SWNetTR, consisting of 27,000 words, was enhanced to include
an additional 10,000 words, resulting in a total of 37,000 words. The findings indicated
that SWNetTR, which consisted of English translations, attained a polarity classification
accuracy of 60.6%. In contrast, SWNetTR-PLUS, which was created throughout the course
of this research, acquired a higher accuracy of 72.2%. Another study from Saglam et

al. [8] extended the previously mentioned SWNetTR-PLUS and achieve a successful analysis
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rate comparable to translation-based approaches. The lexicon is extended to SWNetTR++,
with a word count of 49K, achieving higher success rates compared to SWNetTR and
SWNetTR-PLUS. The approach uses synonym-antonym datasets and a tone propagation

algorithm to compute tone scores.

Additional study of Mertoglu et al. [105] is about detecting fake news in Turkish using
lexicons. It gathers a large corpus of labeled Turkish news texts and generates four distinct
lexicons. The models are based on the agglutinative structure of the Turkish language and
generate root words, suffix forms, and raw words with POS tags. With a recall ratio of
0.929, the raw form model was the most effective at detecting false news, according to the
results. The models that combine root words and raw words with part-of-speech identifiers
also perform well. The suffix model, which lacks content awareness, obtains a high recall
of 0.814, indicating that suffixes carry significant information in agglutinative languages and

should be considered in studies such as emotion or sentiment analysis.
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4. PROPOSED METHOD

Since available resources were observed to be insufficient to conduct emotion analysis in
Turkish, this research was initiated to create a comprehensive data set. The scarcity of such
sources necessitated this study, which tries to fill this gap in the literature by creating a
comprehensive data set that can be used to conduct sentiment analysis in Turkish. During the
data generation process, a series of experiments were conducted on various components. In

this section, a comprehensive and detailed description of all the work done will be provided.

4.1. Creating a Dataset

Given the research objective at hand, it has been determined that the data produced in prior
studies was not suitable for the purpose of conducting emotional analysis. Hence, it was
deemed more beneficial to generate the necessary data from scratch. The initial phase of
this research involved the identification of the data source. Given the multifaceted nature of
emotions depicted in literary works, it was deemed suitable to use books as a way to perform

emotion analysis.

The research used a corpus consisting of 100 unique literary pieces. Appendix-1 offers a
collection of the books that have been discussed. During the process of picking novels,
careful consideration was made to ensure that the chosen books adequately represent the

diverse spectrum of emotions experienced in Turkish.

The ePub format was used for the extraction of sentences from books. The extraction of
individual sentences was simplified through the use of the Python ebooklib!! library [106].
The books underwent various processing techniques, resulting in the extraction of a total of

660,000 sentences. The sentences extracted from the books are shown in Table 4.1.

https://pypi.org/project/EbookLib/
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Table 4.1 Example sentences from data.

Sentences

Alsin benim kitaplart okusun iste! dedi baba.

Alt1 ay 6nce bosandik dedim.

Ama size soyledim: Onun intikamini almaniz1 istiyorum.

Anne ne oldu burada? diye sordu.

Anne ne olursun sdyleme, boyle konugsma dedim ve agladim.

Anne, beni niye suc¢luyorsun, ne yaptim ki ben? dedim.

Alin sinir ag1 nedir? diye sordu Amparo.

Ellerini oynatt1 ve parmaklartyla uzandi.

Stirekli kikirdayip giiliimsiiyordu.

Subsequent to the extracting of said sentences, a process was initiated with the aim of
identifying the emotions expressed in the Turkish language. In this study, a compilation
of emotions in the Turkish language was generated through the utilization of Ekman’s [28]
and Plutchik’s researches on [41] emotional categories, which were further refined through
the inclusion of Turkish synonyms and antonyms associated with emotions. This emotion list

contained 213 different emotions. The list mentioned above is observable in the Table 4.2.

After the extraction process of sentences which can be seen in Figure 4.1 and the
identification of sentiments in Turkish were completed, the first task was to search for
these emotions in the sentences. However, the process of parsing sentences from ePub

format resulted in errors related to the reading procedures of Turkish characters. As an

(13544 [13%4]
1 1.

example, the character denoting “1” has undergone a modification to represent the letter
Furthermore, techniques for cleaning Twitter data [107] were employed during the process
of word cleaning. Throughout the investigation, a comprehensive record of words linked to
each emotion was concurrently maintained. The initial findings of this inquiry revealed the

co-occurrence of distinct emotions and the frequency.
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Table 4.2 Emotion list used in this study.

kafa karigiklig1 | hayal kirikligi | can sikintis1 | kafayi takma | vicdan azabi | memnuniyetsiz | motivasyonlu | algakgoniillii | samimiyetsiz
anlagilmama ciddiyetsiz asagilamama | tereddiitsiiz | bobiirlenme | diislincesiz hassasiyet hayirsever memnuniyet
motivasyon sahiplenme sogukkanlt teslimiyet cekincesiz nezaketsiz vicdansiz adaletsiz anlagilma
asagilama basarisiz begenmeme | depresyon dikkatsiz diistinceli ferahlama hosnutsuz kiiciimseme
melankoli saldirgan tedbirsiz anksiyete sikintilt endisesiz vicdanl temkinli bagimsiz
beklenti ciddiyet dengesiz dikkatli duyarsiz giivensiz huzursuz isteksiz karamsar
kararsiz kaygisiz kayitsiz keyifsiz kirilgan korkusuz kotiimser merhamet paranoya
rahatsiz sabirsiz saygisiz sevgisiz tedbirli tedirgin tereddiit tutarsiz utanmama
vazgegme yiiceltme alinmama endiseli gurursuz pervasiz sugluluk stiphesiz begenme
agresif aidiyet bagiml ¢ekince caresiz cesaret fanatik gerilim giicenme
heyecan histeri igrenme perisan imrenme intikam iyimser 1zdirap kararli
kinamak kiskang nezaket rekabet sadakat sempati sinirli siikunet tutarlt
imitsiz umutsuz utangag uyumsuz yenilgi onursuz acimama azimsiz dostluk
durgun tiksin adalet alinma begeni bencil bikkin bitkin ¢ilgin
cinnet comert dalgin dehget diirtist empati gergin hasret hayran
hayret hiddet hognut hiisran huysuz inatg1 kizgin kurnaz mahcup
mahzun minnet mutsuz nefret onurlu pisman samimi saskin sefkat
sehvet seving stikran takdir tevazu iziinti hirsh asksiz kinsiz
utanma acima cesur cosku garez gipta gurur giiven heves
hiiziin huzur ilham itaat kabul kaygi keder keyif kibir

korku merak mutlu ozgiir ozlem panik rahat sabir sakin

saygl sevgi stres stiphe tutku utang iizgiin zuliim aciz

aksi arzu azap azim nese ofke sevk imit umut

uyum zevk ask kin sok yas haz

During the execution of these procedures,

the TF-IDF scores of the terms that co-occur with

emotions were also computed. The TF-IDF metric is a mathematical formula that entails

the product of two distinct variables. The objective of this computation is to estimate the

probability of a term’s appearance while considering the normalization of its frequency by

the overall frequency of the document or set of documents [108]. The rationale behind this

metric is that a term’s significance in a document is directly proportional to its frequency

of occurrence, thereby warranting a higher weight. In the event that a term is present in a

significant number of other documents, it is likely not a distinctive identifier. Consequently,

it is advisable to allocate a reduced weight to said term. The math formula for this metric

is in Equation 1. The variable “t” is used to represent the terms, “d” is used to represent
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Figure 4.1 Flowchart of data preparation.

each individual document, and “D” represents the entire collection of documents. The ¢ f

formula includes the frequency of words with emotion. Every single one of the documents

comes from the emotion list. Therefore, each emotion is a document. The formula V; is the

number of documents that includes the term t. When calculating the idf formula, it is found

by dividing the number of all documents by the number of documents containing that word.

t f_idf is obtained by multiplying the results of ¢ f and idf with each other.

tf = |tla
D
Nt = Zﬂted
d=1
D
idf = ln(%)

tfidf =tf x idf
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For example, if the ¢f value is 5 if an X word appears 5 times in conjunction with the Y
emotion. If the word X is on a list of 10 distinct emotions and we are dealing with a total of
about 213 emotions, the idf value is calculated with Equation 2. The ¢ f_idf is determined

by multiplying 3 by 5 and arriving at an approximation of 15 as can be seen at Equation 3.

N, =10,D =213,tf =5

213 @)
df = In(—) ~ 3.06
tfadf =5%3.06~15.3 3)

The initial study’s findings indicate that emotions have the potential to be categorized into
distinct groups. Initially, it was recognized that the dimensions of the word vectors associated
with each emotion ought to be uniform. Consequently, 660,000 sentences were analyzed to
extract words that corresponded to 213 distinct emotions. To accomplish this task, a vector

was generated by extracting the initial five letters of each term [49, 109].

For example as a summary of the methods used so far, in the sentence “Ask daha iistiindiir,
diye cevap verdi gen¢ Balik¢i ve denizin dibine daldi; Amy da aglaya aglaya batakliktan
uzaklagt1.”, all punctuation marks are first removed. As a result, the sentence becomes “Ask
daha iistiindiir diye cevap verdi genc Balik¢i denizin dibine daldi Amy da aglaya aglaya
bataklikta uzaklast1”. Then all letters are converted to lower case. After the sentence becomes
“agk daha tistlindiir diye cevap verdi geng balik¢i denizin dibine daldi ruh da aglaya aglaya
batakliktan uzaklasti”, the whitespaces are removed. As a result, the sentence “ask daha
iistiindiir diye cevap verdi geng balik¢i denizin dibine daldi amy da aglaya aglaya bataklikta
uzaklast1” is obtained. After this sentence is obtained, it is checked whether there are names
in the stopword or nltk names dataset. Since the stopwords “ve”, “daha” ve “diye” and
the noun “amy” are found, these elements are also removed from the sentence. As the last
sentence to be searched for emotion, “ask iistiindiir cevap verdi gen¢ balik¢i denizin dibine

dald1 da aglaya aglaya batakliktan uzaklast1”. In this sentence, the presence of the emotion

27



“ask” in the emotion list is seen. Since the emotion “agk” is found in this sentence, the word
counting step is continued. Since the word “agk” in the sentence should not be in the emotion
vector “agk”, this sentence is translated as “what iistiindiir cevap verdi geng¢ balik¢i denizin
dibine dald1 da aglaya aglaya batakliktan uzaklasti”. Any word other than Turkish can be
used for this change. Because after the words are separated, it is also checked whether the
word is Turkish or not. In the emotion vector “agsk”, the number of the other words in the
sentence “iistiin, cevap, verdi, geng, balik, deniz, dibin, daldi, aglay, aglay, batak, uzakl” are
increased one by one. This sentence is analysed for all other emotions in the list. For this, the
sentence is analysed again by putting the emotion word again. The reason for this is to see
the relationship between one emotion to another and not to spend the sentence only on one
emotion. However, since only the emotion “agk™ is mentioned in the sentence, the research

process for this sentence is completed here.

After processing all the sentences the magnitude of the vector was determined to be
213x28,268. A data was generated through the computation of the term frequency-inverse
document frequency values for individual words. The words in the vector are arranged in
descending order according to their idf values. A part of the data created in the first step can

be seen in the Table 4.3.

Table 4.3 A snippet form the data from the first try.

Emotion Related Words
kafa ‘dolgu’: [3,6.037], ‘tiirle’: [2, 4.72], ‘kazar’: [1, 2.47], ‘veniis’: [2, 1.98],
karigikligr | ‘yonle’: [2, 1.92], ...

‘ediyo’: [358, 57.55], ‘ederd’: [70, 55.81], ‘ettig’: [186, 35.39], ‘ondan’:
[93, 32.77], ‘bende’: [82, 30.65], ...

nefret

‘tanr1’: [361, 105.04], ‘bir’: [2844, 56.88], ‘kadin’: [366, 54.61], ‘roman’:

ask
[54, 46.11], ‘hayat’: [183, 33.72], ...
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4.2. Correction of Generated Data

Upon reviewing the primary data, it was discovered that certain sentences may have been
overlooked due to the fact that the sentiments within the data were analyzed holistically,
without explicitly differentiating between suffixes and roots. Following this discovery, a
Graph [110] like in Figure 4.2 structure was devised based on the tonality of the root word,
as explored in the thesis phase pertaining to this realization. Subsequently, words sharing the
same tonal suffix as the given emotion were identified. In this context, divergent intonations
of emotions stemming from a common root are deemed distinct and are thus allocated to
separate phrases. As aresult, 900 distinct groups were formed based on 213 unique emotions.
The present study conducted a repetition of the word counting and TF-IDF calculations on

sentences, but with the inclusion of phrases. This led to the generation of data in a novel

structure.
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Figure 4.2 Graph for ‘kugku’ emotion.

The graph structure has been augmented to generate clusters based on the affective context

of individual emotions. Upon formation of the graph, it is guaranteed that the prefix will be
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dissociated from the node and establish a novel cluster in distinct scenarios. This is achieved
by traversing to the leaf word and examining its tone status with an upper node, provided
that both exhibit positive value. A total of 900 groups were eliminated through manual
selection, and those groups that did not occur in at least 100 sentences were also excluded.
The outcome of this procedure yielded a grand total of 253 clusters that were utilized. Upon
analysis of these groups, it was observed that certain words exhibited a common root sense,
albeit with varying affixes, across multiple groups. The process of segregating the groups
involved the consideration of values that held substantial importance. The values selected
for this purpose were -0.1 and 0.1, which were deemed to be of notable significance. Given
these specified values, in cases where the tone of a word fell within the range of said values,
the group was permitted to proceed without undergoing division. Thus, our objective was
to avoid excessive fragmentation. After this work, you can see a part of the final data in the

Table 4.4

Table 4.4 A snippet form the data after graph clustering.

Emotion Related Words
‘kendi’: [85, 42.35], ‘tanr1’: [39, 40.10], ‘goste’: [46,
37.57], ‘karst’: [49, 30.39], ...

(algakgoniilliiliik, algakgoniillii)

(hassasiyeti, hassasiyetimiz, | ‘goste’: [12, 9.80], ‘hisse’: [8, 7.02], ‘elino’: [4, 6.22],

hassasiyetimizle, hassasiyet) ‘biiyiik’: [8, 6.04], ...

‘ofkeden’: [4, 4.74], ‘Ofkeyle’: [4, 4.74], ‘Ofkelenir’:
(saldirganlik)

[4,4.74], ‘ofke’: [4,4.74], ...

‘gecti’: [1, 1.13], ‘zaman’: [1, 0.60], ‘acele’: [0, O],
(tedirginligimiz)

‘edeli’: [0, 0],..
‘davra’: [11, 10.01-], ‘kendi’: [20, 9.96], ‘patav’: [2,
8.90], ‘oldug’: [16, 8.55],...

(diisiincesiz, diisiincesizce)
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4.3. Clustering Emotion Groups

Following the collection of data, it was proceeded to categorize these distinct emotional
groups into clusters. Initially, the data was prepared for the algorithms. The initial step
involved identifying solely the emotional state and the term frequency values associated with
said emotion within the rows of the dataset, as well as the corresponding words present
in the columns. Consequently, a matrix consisting of words associated with emotions was
established. The K-Means [111] algorithm, widely recognized as a prominent clustering
algorithm, was employed to derive a result from the input data. The analysis revealed
that a considerable number of autonomous clusters were combined into a single cluster.
Consequently, the initial set of extracted words underwent a preprocessing step wherein any
stopwords that were not identified by the NLTK [112] library were eliminated. The process of
identifying stopwords involved an examination of the idf values associated with each word.
Following the removal of stopwords, the data was reintroduced into the clustering algorithm,
however, a satisfactory outcome was not achieved. Subsequently, it was acknowledged
that the K-Means algorithm’s efficacy is limited when confronted with a high number of
dimensions. It was determined that the utilization of the PCA [113] algorithm would be a

novel approach for this purpose.

Prior to being fed into any algorithm, the data underwent a scaling process. The data was
subjected to scaling using the MinMaxScaler [114] function from the sklearn.preprocessing'?

library in Python, prior to being inputted into the algorithms.

To ascertain the number of output features yielded by the PCA algorithm, it is necessary to
predefine the number of components as a percentage value. The objective of this study was to
investigate the number of features selected by the PCA algorithm for each component value
within the range of 0.70 to 0.99, prior to finalizing a singular decision. Figure 4.3 displays a
graphical representation of this phenomenon. The horizontal axis represents the value of the

component, while the vertical axis indicates the number of features that will be produced.

Phttps://scikit-learn.org/stable/modules/preprocessing.html
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Figure 4.3 Graph for PCA output.

The rationale for utilizing the silhouette score pertains to the ambiguity surrounding the
identity of the features derived from PCA, and the uncertainty regarding which features
would yield optimal outcomes for K-Means. The silhouette score is a metric that quantifies
the degree of cohesion and separation of data points within a cluster. In other words, the
higher the silhouette score, the more successful clustering was performed. Apart from
the silhouette score, the Calinski-Harabasz and Davies-Bouldin scores are also significant

metrics. The present investigation incorporates the silhouette score as a metric [115-117].

To operationalize the silhouette score, a framework was devised to incorporate each
component value generated by PCA into the K-Means algorithm, from which the
corresponding silhouette scores were extracted. The prior configuration generates a graphical
representation for every constituent value, thereby enabling the observation of the silhouette
score for each individual cluster. The provided Figure 4.4 displays a graph representing the

component value of 0.94.

Subsequently, the obtained values underwent individual testing. Divergent clustering
outcomes were derived based on the evaluation metrics of silhouette scores and PCA

component values. Nevertheless, due to the attempted values, the emotions aggregated
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Figure 4.4 Silhouette score graph for PCA 0.94.

together, leading to an unsuccessful outcome. Various clustering algorithms have been
experimented with, in addition to K-Means. The algorithms includes hierarchical,

mini-batch, spectral clustering and NLTK’s GAAC clustering.

The methodology of hierarchical clustering is distinct from that of partition-based clustering
in that it constructs a binary merge tree, commencing from the leaves and culminating at the
root. In order to execute a hierarchical clustering algorithm, it is necessary to select a linkage
function that establishes the distance between any two subsets and utilize the fundamental
distance between individual elements. The term “dendrogram” is commonly used to refer to

this particular graphical representation [118].

Typically, spectral clustering entails extracting the leading eigenvectors of a matrix that is
constructed based on the inter-point distance or other relevant attributes. These eigenvectors

are subsequently utilized to partition the data points into distinct clusters [119].

Mini batch K-Means algorithms use small random batches of examples of a fixed size to store
in memory. Each iteration, a new random sample is obtained and used to update the cluster.
The learning rate decreases with the number of iterations, and the effect of new examples is
reduced as the number of iterations increases. Convergence can be detected when no changes

in the clusters occur in several consecutive iterations [120].
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The GAAC clustering algorithm initiates by considering each of the N vectors as individual
clusters. The process involves the iterative merging of pairs of clusters that exhibit the closest

centroids [121].

4.4. Clustering with Cosine Distance

Subsequently, in light of the algorithms’ insufficient efficacy, the subsequent course of action
was to employ clustering utilizing direct cosine distance computation. The cosine similarity
metric is widely employed in the domain of information retrieval and other associated
scholarly fields. The metric in question employs a vector of terms from a given text to
construct a model, and the similarity between two texts is established by calculating the
cosine distance - as shown in Equation 4 - of their corresponding term vectors [122]. Vectors
have been generated from the words present in it, along with emotional expressions, for this
particular objective. Binary cosine distance values were computed between the preceding
vectors. A combination of groups that are in close proximity to one another is performed,
followed by the consideration of the merged groups as a single entity in the subsequent
step, wherein computations are executed with the remaining clusters. The aforementioned
procedures were iterated until the point where a one cluster remained. Prior to performing
the cosine distance computation, a process of data scaling was implemented. In this context,

scaling operations are attempted both column and row wise.

.y

- 7 4
Tl * 1] ®

cos(z,y) =1

During the initial four iterations, the clustering process demonstrated a high degree of success
in merging the clusters. However, in subsequent iterations, due to insufficient data and a
paucity of information, the clustering process resulted in the merging of clusters at a single
point, leading to a snowball effect. In Table 4.5 you can see the first 4 iterations of this

experiment.
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Table 4.5 First four iterations of cosine distance clustering.

Clusters

Cosine

Distance

(‘umursadigint’, ‘umursadigim’) — (‘vazge¢cmesine’, ‘vazgecmesini’,

‘vazgecmeyeceginden’, ‘vazgecmeyeceklerini’)

0.021

(‘tutarsizhigr’, ‘tutarsizliklarin’, ‘tutarsizliklarr’, ‘tutarsizhifim’, ‘tutarsizlik’,
‘tutarsizliklarina’, ‘tutarsizliklar’, ‘tutarsizliktir’, ‘tutarsiz’) — (‘huzursuzuz’,

‘huzursuzum’, ‘huzursuz’)

0.051

(‘hiiziinliiyddi’, ‘hiiziinliyim’, ‘hiiziinde’, ‘hiiziinlenecegiz’, ‘hiiziinle’,
‘hiizlinliiyliz’, ‘hiiziin’, ‘hiiziinli’, ‘hiiziinden’, ‘hiiziinliidiir’, ‘hiizlinlerimizi’,
‘hiiziinlerin’) — (‘kaygilarla’, ‘kaygmmzr’, ‘kaygidir’, ‘kaygilarimiz’,
‘kaygimiz’, ‘kaygist’, ‘kaygiliyim’, ‘kaygisiyla’, ‘kaygilandirmaktadir’,
‘kaygilarimizr’, ‘kaygilarin’, ‘kaygihidirlar’, ‘kaygidan’, ‘kaygili’, ‘kaygilara’,
‘kaygisinda’, ‘kaygimiz’, ‘kaygilardan’, ‘kaygilar’, ‘kaygimizin’, ‘kaygisinin’,
‘kaygiyla’, ‘kaygilaniyorlar’, ‘kaygisidir’, ‘kaygiliy1z’, ‘kaygisal’, ‘kayginin’,
‘kaygt’, ‘kaygiyr’, ‘kaygismna’, ‘kaygisin’, ‘kaygiya’, ‘kaygmmzr’,
‘kaygilanyla’, ‘kaygilarindan’, ‘kaygilarr’, ‘kaygililar1’)

0.0511

(‘bunaldik’, ‘bunaldiklarini’, ‘bunalinca’, ‘bunalarak’, ‘bunalip’, ‘bunaldr’,
‘bunalmistir’,  ‘bunaldiklar’’,  ‘bunalmig’,  ‘bunaldim’,  ‘bunalanlarin’,
‘bunalanlar’,  ‘bunalan’, ‘bunaldigr’’, ‘bunaldigini’, ‘bunaldigimizda’,
‘bunaldigimiz’) —  (‘tutarsizh@r’, ‘tutarsizliklarin’, ‘tutarsizliklart’,
‘tutarsizhi@in’, ‘tutarsizlik’, ‘tutarsizliklarina’, ‘tutarsizliklar’, ‘tutarsizliktir’,

‘tutarsiz’) (‘huzursuzuz’, ‘huzursuzum’, ‘huzursuz’)

0.052

At this point, one of our hypotheses regarding the poor performance of clustering algorithms

is the use of the first five letters of words. One of the rationales behind this decision stems

from the analysis of frequently used terms within the configuration that forms the common

groupings. Subsequently, the decision was made to forgo the process of reversing the data

generation procedures and instead opt to take the first five letters of words instead. It is also

noteworthy that emotional expressions retain their original semantic connotations, while the
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dimensionality of the word vectors increases to 175,814. The previously mentioned search

and ¢ f idf calculation procedures were repeated using the newly obtained data.

Given the lack of significant deviation from the previous outcome, a novel quadrilateral
testing framework was devised as a final endeavor to effectuate clustering via this
methodology. In the present experimental framework, the merged clusters were disentangled
and multiple associated values were observed for each fundamental component. As a
result, approximately 2,000 rows were generated. Upon imposing the prerequisite that said
emotions possess no less than 200 distinct dimensions, the resultant dataset comprises 205
unique emotions and a total of 175,814 columns namely D3. Furthermore, upon revisiting the
original dataset and imposing the criterion of having a minimum of 213 emotions conveyed
through at least 50 sentences, a dataset comprising 175,814 entries was generated from the
initial 167 namely D1. Two additional datasets were created by eliminating columns with
tf_idf values lower than 5.3 from the original data. These two new datasets, 205 x 20010
and 167 x 20010, each had 20,010 columns after the columns with ¢ f_idf values less than 5.3
were eliminated from the additional 175,814 of these two data namely D2 and D4. The study
was resumed, encompassing a collective of four distinct datasets. The study was resumed,
encompassing a collective of four distinct datasets. The datasets features can be seen in

Table 4.6.

Table 4.6 The names and features of datasets.

Using all the words | Using words after dropping

Emotion list without suffix | D1 D2

Emotion list with suffix D3 D4

The identical cosine distance operations were employed on all four datasets. A Java-based
interface has been developed to enhance the visibility of said operations. The present analysis
consolidates sentences that incorporate both the selected emotions and common words,
thereby synthesizing the binary phrases that generate shared vocabulary and the words that
express the target affective states. The cosine distance values pertaining to the two chosen

emotions can also be observed. The interface can be seen at Figure 4.5.
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Cosine Distance: 0.7840885621837761 © saskinliktan hassas

Aralarindaki kimlik karisikligi, rizgann azittigr bir gece doruguna varmisti; general, Patricio Aragones i yaseminlerin tatli kokular arasinda denize bakip ig ek
Disindim ki, en iyisi Paris e giden ilk ugaga bineyim, havaalaninda dolasayim, i¢ saat bekleyeyim, dakika basi ugak saatlerini kontrol edeyim, sana gigek alay
Durumuyla ilgili baska soylentiler de yogunlasiyordu gitgide, agillarda, kislalara yollanacak st miktarini 6lcerek Manuela Sanchez in Kutlu Sali sinin agarmasii
Geng kizin Magripli kiigiik gézleri, merak ve saskinliktan kocaman agiliyor, kimi de iyice kiguliyordu.

Kahvaltidan hemen sonra Bayan Bennet i, Elizabeth ve Kitty ile bas basa buldu ve hemen su sézlerle konusmaya basladi: Hanimefendi, bu sabah guzel kiziniz
Fransa da bununla hala alay ediliyor, ama her zaman da takilyor. Cok iyi, ¢ok iyi, cok iyi dedi saskinlktan saskinliga diisen binbasi.

saskinliktan ¢ iyi e hassas ¢

Figure 4.5 Interface for finding common words.

Upon scrutiny of the word review interface, it was observed that the absence of clustering
was solely attributed to the excessive dimensionality of the data. The observation was made
that emotions tend to cluster together based on shared vocabulary. However, despite the
presence of common words, their weight is insufficient and the data’s high dimensionality
prevents effective clustering. At this juncture, it was determined that the extracted data was

unsuitable for the creation of a lexicon or an emotion clustering.

4.5. Embedding with Generated Data

Upon conducting a thorough analysis on alternative methods of data evaluation, it was
discovered that the data in question could be effectively utilized for the purpose of word
embedding. Word embedding refers to a numerical representation of a word that is utilized

to extract various relationships associated with it [123].
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Further, a decision was made to develop an interface based on the established cosine distance
calculation algorithm while keeping the data constant. Through this interface, the inputted

textual data was processed to extract the most proximate emotional states.

The purpose of the user interface, which can be seen in Figure 4.6, is so that tests can
be performed in real time and experiments can be conducted using a variety of text data.
The desired text data for emotion extraction is entered into the text area section. When
the “Submit” button is pressed, it will generate it automatically on the back-end of the
interface. The text data are segmented using words in accordance with the structure of
the emotion-word vector. In a similar manner, these words have their own distinct term
frequencies. This structure that was created as a result is scaled to its own. To determine
the cosine distances between the scaled data and the emotion-word vectors, calculations are
performed. Under the submit button is a list containing, according to the approximated
distance values, the emotions that are closest to those with the closest distance. The scale
is used to determine the biggest cosine distance value, which is then used to determine the
threshold value. When the “Generate Chart” option is used with emotions that exceed the
previously established threshold value, a pie chart of the ratios is displayed. The process can

be summarized as Figure 4.7.

Submit

Select ltems

Selected Value:

Figure 4.6 GUI process.
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Figure 4.7 GUI process.
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5. EXPERIMENTAL RESULTS

Following the development of the interface, an experiment was conducted to evaluate the
effectiveness of the interface in paragraphs extracted from 41 different literary works. The
paragraphs can be seen in Appendix-2. The experiment involved the application of the
previously obtained D1, D2, D3, D4. As a result of the analysis of the test results, the
ratios presented in the table below were obtained. Table 5.1 shows that the D2 dataset gives

the most favourable results.

Table 5.1 The result of emotion list checking.

Emotion List Ratio
List of root emotions 27/41
List of emotions with suffixes 8/41
Equal for both 6/41

After deciding on the list of emotions and the data to be used, which is D2, the scaling
method was used again. Here, it was aimed to make a clear decision about row or column
scale. For this purpose, using the same paragraphs, the scale methods to be created by taking
column, row or maximum value from the data were tested. As a result, taking the maximum

value gave the most successful result. The results are shown in Table 5.2.

Table 5.2 The result of scale methods.

Scale Method Ratio

Column wise 9/41

Row wise 5/41

Maximum value 27/41

5.1. Performance Evaluation

The evaluation of the data and the model was carried out using an interface. Specifically,
the interface was used to evaluate short passages taken from a total of 50 different novels.
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During this experimental research, the interface was used as a tool for conducting a review

with the ultimate goal of identifying the five closest emotions. Following the text analysis,

a group of four people participated in a voting process to determine whether the emotions

identified in the texts were adequately addressed. This voting process was facilitated by the

use of a table format containing the texts and the emotions considered. These texts were

also entered into ChatGPT, which was asked to provide 5 different emotions. The results of

these experiments are presented in Table 5.3. The texts can be seen in the Appendix-3. The

graphical representation of an entered paragraph is also observable in Figure 5.1.

Table 5.3: Results from the model and ChatGPT.

Text | Emotions from Model Emotions from ChatGPT

T-1 sikintil, panik, kin, | korku, saskinlik, endise, panik, umutsuzluk
vazgecme, Ofke

T2 hiiziin, merhamet, keder, | hiiziin, i¢ cekisme, kaygi, nostalji, umutsuzluk
durgun, kiiclimseme

T-3 histeri, ask, arzu, hayran, | agk, baghlik, mutluluk, siikran, heyecan
begenme

T-4 sehvet, sadakat, | agk, hassasiyet, hiiziin, 6zlem, i¢sel giizellik
alcakgOniillii, arzu, sevgi

T-5 keyifsiz, cesur, aciz, hiiziin, | kaybolmusluk, 6zlem, agskin 6grettikleri, hayatin
minnet kisa siiresi, farkliliklarin giizelligi

T-6 dikkatli, tereddiit, tedbir, | korku, rahatlama, siiphe, i¢giidii, farkindalik
kararsiz, panik

T-7 zuliim, hiiziin, siikunet, | korku, endise, gii¢siizliik, umutsuzluk, i¢ savas
melankoli, kararsiz

T-8 hasret, sikintil1, aciz, | nostalji, ilgi, hayal kiriklig1, kendini yitirme hissi,
samimi, pisman keder

Continued on next page
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Table 5.3: Results from the model and ChatGPT. (Continued)

T-9 temkinli, vicdan azabi, aksi, | sefkat, merak, liziintii, sok, endise
sok, sabirsiz

T-10 | hayret, saskin, duyarsiz, | utang, hiiziin, korku, endise, kaygi
dehset, endiseli

T-11 | limitsiz, gerilim, keder, | caresizlik, umutsuzluk, karmasa, igsel caba,
cesur , huzursuz belirsizlik

T-12 | kirilgan, dengesiz, | duygusal sogukluk, icine isleme, gelecegin
melankoli, hiiziin, kararsiz karanlik yiizii, taniklik etme, duygu karmasasi

T-13 | beklenti, iyimser, umutsuz, | umutsuzlugun doniisiimii, umut, seving, firsatlar
sabir , hayal kiriklig1 yakalama, gelecek umudu

T-14 | giivensiz, dehset, hosnutsuz, | sessizlik, korku, endise, sikinti, tehdit
tiksinti, umutsuz

T-15 | iyimser, siiphesiz, begenme, | cesaret, kararlilik, macera, kesif, i¢sel doniistim
ozgir , giiven

T-16 | melankoli, zulliim, caresiz, | umutsuzluk, kayip, bosluk, icsel yolculuk, yon
korkusuz, karamsar bulma, rehberlik

T-17 | sehvet, nese, mutlu, tutku, | sevgi, mutluluk, tutku, hiiziin, anlam
sevgi

T-18 | uyumsuz, utangag, bencil, | yalmzlik, bosluk, yabancilasma, adimsama, anlam
stiphesiz, histeri arayist

T-19 | sikintili, empati, samimi, | yikicilik, sarmalama, yiikselme, kesfetme,
mutsuz, hayal kiriklig1 yardimct olma

T-20 | 1zdirap, empati, korku, | karanlik, dehset, lirperti, gerilim, siiriikleme

melankoli, zuliim

Continued on next page
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Table 5.3: Results from the model and ChatGPT. (Continued)

T-21 | tereddiit, kabul, itaat, merak, | merak, ilham, duygusallik, saskinlik, huzur
hayret

T-22 | iyimser, keyif, mutlu, cogku | heyecan , hizlanan kalp ritmi, sicaklik, tutku,
, nese bakislar

T-23 | beklenti, iyimser, umutsuz, | umutsuzluk, umut 15181, direng, inang, umut

hayal kiriklig1, sabir

T-24 | melankoli, kaygisiz, sehvet, | cinsellik, tutku, yasak arzular, sarilma, karanligin
ask, tutku cazibesi
T-25 | sehvet, arzu, keder, | ask, kiskanclik, kontrol, sinir, trajik

pismanlik, kiskanclik

T-26

bikkin, hasret, karamsar,

korkusuz, dengesiz

melankoli, sessizlik, ezgi, hayatin anlamim

sorgulama, kirilganlhk

T-27 | tutarsiz, kararsiz, azim, | agk, gurur, celiski, ¢6ziim bulma, i¢ catisma
rekabet, dengesiz

T-28 | beklenti, keder, umut, | korku, isyan, yasak agk, 6zgiirliik, celiski
caresiz, ofke

T-29 | dehset, yenilgi, cilgin, o6fke, | koku, korku, savas, adrenalin, 6lim
huzursuzluk

T-30 | durgun, iimitsiz, dikkatli, | bosluk, yalmzlik, sorgulama, anlamsizlik, seslerin
uyumsuz, acima etkisi

T-31 | tiksinti, cekince, durgun, | igrenclik, mide bulantisi, zehirleme, cekicilik,
siiphesiz, tutarsiz merak

T-32 | beklenti, iyimser, umutsuz, | umutsuzluk, caresizlik, agirlik, enerji, umut

hayal kirikli81, sabir

Continued on next page
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Table 5.3: Results from the model and ChatGPT. (Continued)

T-33 | gerilim, tiksinti, utang, aciz, | adalet, irkcilik, icsel catisma, tanmiklik etmek,
sabir miicadele

T-34 | uyumsuz, keder, arzu, | melankoli, 6zlem, yalnizlik, akis, sarma hissi:
gerilim, huzursuz

T-35 | tiksinti, hosnutsuz, | umutsuzluk, korku, endise, yikim, gézlem
giivensiz, melankoli, dehset

T-36 | duyarsiz, diisiincesiz, 6zlem, | bosluk, uzaklagsma, anlam sorgulama, isyan,
bencil, kiiclimseme duygusuzluk

T-37 | sok, gerilim, tiksinti, hayret, | saskinlik, dehset, yabancilagsma, i¢ catisma,
gergin doniistim

T-38 | kirillgan, sucluluk, caresiz, | agirlik hissi, miicadele, kurtarma arzusu, karanlik,
gerilim, sliphe ozgiirliik

T-39 | samimi, dostluk, sukiinet, | sevgi, mutluluk, destek, baglilik, dayanisma
heves, sadakat

T-40 | keder, zuliim, tedbirli, | aci, kalp kiriklig1, kararsizlik, umu, karmasa
huzursuz, umut

T-41 | zuliim, hiiziin, sukiinet, | karanlik, hayal kiriklig1, solgunluk, boguculuk,
melankoli, kararsiz umutsuzluk

T-42 | sehvet, tutku, sadakat, arzu, | agk, heyecan, sevda, anlam, yiicelme
anlagilma

T-43 | keder, 0zlem, beklenti, hayal | bosluk, sikinti, kayip, huzursuzluk, ic¢sel yolculuk

kirikligy, kirilgan

T-44

silkran, adaletsiz, 1zdirap,

aksi, pisman

pismanlik, yiik, izler, cesaret, yeniden baglama

Continued on next page
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Table 5.3: Results from the model and ChatGPT. (Continued)

T-45 | hasret, hayal kiriklig1, | ihanet, yara, hiiziin, inang¢sizlik, miicadele

basarisiz, 6zlem, hiiziin

T-46 | ilham, takdir, hayirsever, | lham, kanatlar, biiyii, hayal diinyasi, yaraticilik

iyimser, siikran

T-47 | 1zdirap, karamsar, | aci, gozyaslari, keder, huzur, ¢aba

hosnutsuz, histeri, siikran

T-48 | iizlintli, keder, tedirgin, | nostalji, kayip, hatiralar, yiizlesme, insa

pisman, heyecan

T-49 | tiksinti, bagimsiz, | korku, dehset, hayatta kalma miicadelesi, gerilim,

hosnutsuz, dehset, 6fke tehlike

T-50 | asagilama, aciz, diislincesiz, | hiiziin, umutsuzluk, kabul, giiclii durma, sosyal

duyarsiz, korkusuz baglhlik

Baylar, bayanlar, ben mahvoldum! Bdyle di
yor da baska bir sey demiyor, bir yandan
da sapkami g¢igniyordum. Birkag¢ adim otemd
e bir polis durmus, bana bakiyordu; sokag
in ortasina dikilmis, baska seye degil, s
adece bana bakiyordu.

Submit
Select Items: korku
hayret
saskin
duyarsiz
dehget
endigeli

Selected Value: 0.048

Generate Chart
Figure 5.1 GUI output for the paragraph.
As can be seen in Table 5.3, some results from ChatGPT express behaviour rather than

emotion. The shortness of the texts and the fact that almost none of the texts contain exactly
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5 dominant emotions caused ChatGPT not to extract emotions completely. After a certain

point, it extracted the words in the text as emotions.

Table 5.4 shows the votes given by the participants for the first 5 emotions for 50 different
texts used in the test. It is seen that the totals of the votes, where the totals can be maximum
20, are minimum 9 and maximum 19 in these results. When this situation is expressed as
a ratio, it is seen that a minimum of 45% and a maximum of 95% success is obtained from
the model for 50 texts. The shortness of the texts and the high success rate in removing the

emotion words in the text revealed the success of this model.

Table 5.4 The results from participants’ votes for every text.

Text No | 1t emotion | 2" emotion | 3" emotion | 4™ emotion | 5 emotion
T-1 4 3 3 0 3
T-2 4 2 4 2 0
T-3 2 4 2 4 3
T-4 1 3 0 3 4
T-5 3 2 3 4 4
T-6 2 4 2 3 4
T-7 4 3 0 4 1
T-8 3 2 3 4 2
T-9 3 2 2 4 0
T-10 3 3 1 4 3
T-11 4 4 4 0 4
T-12 1 2 4 4 0
T-13 4 4 0 3 1
T-14 3 3 4 0 4
T-15 4 1 1 4 4
T-16 4 1 3 0 2
T-17 2 4 4 4 4
T-18 4 2 3 0 3
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T-47 4 4 3 0 1
T-48 4 2 4 0 2
T-49 4 0 4 4 1
T-50 3 4 1 3 0

Table 5.5 presents the summary of participant number and count of agreed emotions for
a total of 50 texts. In the first cell, two participants verified the existence of five distinct
emotions within a set of nine texts. Two to three participants concurred that the text contains
at least two emotions. The consensus among all participants regarding at least one emotional
reaction to the test outcomes is evident in Table 5.3 and Figure 5.2. All emotions articulated
in the text were collectively accepted by a minimum of two individuals. In this study, two
participants approved two feelings within a total of six texts. Additionally, three emotions
were accepted across 23 texts, four emotions within 12 texts, and five emotions within a total
of nine texts.. Based on the analysis of emotions supported by three participants, it was found
that, on average, 16 out of the 50 texts were accurately categorised with two emotions, 25
texts were categorised with three emotions, eight texts were categorised with four emotions,
and one text was categorised with five emotions accurately. Given the shortness of these
texts, it was observed that a remarkably favourable outcome was achieved, as the emergence
of 4-5 emotions was not anticipated. If we assume that unanimous approval from all four
individuals is necessary, it is also evident that these four individuals shared at least one
common emotion, and there was no instance where they unanimously disapproved of any
of 5 emotions. In essence, it can be observed that the provided text contains a minimum of
one emotional expression based on the generated data. When this scenario is viewed in terms
of the consensus reached by two individuals, it also yields a significantly higher success rate.
In instances where two individuals express their approval, it is observed that a collective

decision is reached based on a minimum of two emotions.
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Table 5.5 Emotion to number of participants agreement.

2 participants 3 participants 4 participants
S emotions 9 1 0
4 emotions 12 8 3
3 emotions 23 25 8
2 emotions 6 16 22
1 emotions 0 0 17
0 emotions 0 0 0

Correlation Between the Emotions and Participants' Votes

B 2participant [l 3 participant 4 participant

25,00
20,00
15,00
10,00

5,00 I

0,00

5 emotion 4 emotion 3 emotion 2 emotion 1 emotion 0 emotion

Figure 5.2 Graph showing the number of emotions agreed with the number of participants.

49



6. CONCLUSION

This thesis presents a comprehensive emotion analysis in Turkish through a series of research
studies and experiments. The data collected from these endeavors were utilized to inform
the development of emotion analysis techniques specific to the Turkish language. In the
course of these experiments, it was deemed imperative to generate novel data that had not
been previously employed. In order to achieve the intended objective, a total of 213 distinct
Turkish emotions were taken into account and further steps were initiated. To generate this
dataset, a sample of 100 distinct literary compositions was chosen, from which a cumulative
sum of 660,000 sentences was extracted. A total of 175,814 distinct terms were identified
from the sentences. A vector structure comprising emotion words was constructed using
the extracted words and corresponding emotions. Based on the employed data structure,

sentences were identified to represent various emotions.

Before starting data analysis, the decision was made to exclude any emotional content from a
subset of sentences consisting of fewer than 50 instances. Consequently, a cumulative count
of 167 emotions was gathered. Furthermore, it was determined that reducing the number of
columns was necessary due to the potential issue of having 175,814 columns, which would
lead to a significant amount of sparsity in the data. The TF-IDF method was employed for the
purpose of conducting this reduction. After the completion of the operations, columns with
a TF-IDF value lower than 5.3 are eliminated. Consequently, a matrix comprising 20,010

columns and 167 rows was constructed.

The present study has examined the possibility of clustering emotions based on the data
generated. Multiple clustering methods have been employed for this purpose. Several
algorithms, including K-Means, GAAC, and spectral, have been tested. The PCA algorithm
was employed with caution during the process of selecting features. The silhouette score
metric was employed to assess the cohesion of the clusters obtained through the clustering

process. Nevertheless, the attempts made did not yield successful clustering.
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Subsequently, the objective was to perform clustering on this dataset utilizing cosine distance
by modifying both the data and the emotion. The objective is to merge emotions that
are most similar to each other by examining the cosine distances between the two vectors
representing the respective emotion-words. While initial iterations showed successful
mergers, subsequent iterations revealed that the clusters coalesced into a singular cluster

and exhibited a snowball effect.

After these experiments, a test interface for realtime testing was developed. The interface
performs the following tasks: parsing the input test data, constructing and normalising a
vocabulary dictionary, and computing the cosine distance between pre-existing emotion word
vectors. Furthermore, the emotions that exhibited the highest proximity were determined
based on the cosine distance values obtained from the interface. Afterwards, a visual
representation in the form of a pie chart was generated to depict the distribution of these

emotions.

In order to conduct cross validation for the study, the emotions extracted from 50 distinct
texts were put to evaluation by a group of four individual participants. During the course
of the study, it was noted that a collective of four participants arrived at a mutual agreement
regarding the occurrence of at least one emotion from a set of five emotions that were derived
from the texts sampled. This discovery indicates that the present emotion expressed in the
text was accurately identified. Furthermore, the mentioned texts were inputted into ChatGPT
with the objective of discerning the five prevailing emotions exhibited within the text. Both
the model and ChatGPT have successfully detected prevalent emotions. Nevertheless, owing
to the brevity of the texts, ChatGPT exhibited limitations in accurately discerning emotions.
Consequently, it erroneously attributed the words within the sentence as indicative of an

emotion, despite only detecting a few emotions.

In summary, the objective of this thesis was to construct a comprehensive lexicon
encompassing a total of 167 distinct emotional states.  This study represents the
initial study in Turkish to encompass a diverse range of emotions. This study made

significant advancements in emotion analysis for the Turkish language by creating a highly
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comprehensive dataset that surpasses the existing TREMO dataset, which contains only six

emotions.

There exists the potential to augment the quantity of books employed in subsequent research
endeavours, as well as to incorporate a greater degree of emotional content within the
gathered data. Furthermore, the utilisation of machine learning and deep learning algorithms
can be employed for the analysis of this data. Moreover, the incorporation of bigram structure
can be implemented during the process of data generation. Additionaly, the attainment of a
higher degree of specificity in the outcomes can be accomplished through the enlistment of

supplementary participants for the experimental study.
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APPENDIXES

Appendix-1: Literary Works Used in This Study

* Japon Masallar1 - Anonim

+ Mutlu Oliim - Albert Camus

* Siirgiin ve Krallik - Albert Camus

* Veba - Albert Camus

* Binbir Hayalet - Alexandre Dumas

* Yabanci - Albert Camus

* Kamelyali Kadin - Alexandre Dumas

* Monte Kristo Kontu - Alexandre Dumas

* Kiigiik Prens - Antoine de Saint-Exupery

* Empati - Adam Fawer

» Ug Silahsor - Alexandre Dumas

* Saatleri Ayarlama Enstitiisii - Ahmet Hamdi Tanpinar
* Olasiliks1z - Adam Fawer

* Beatrice’den Sonra Birinci Yiizyil - Amin Maalouf
* Afrikali Leo - Amin Maalouf

e Dogunun Limanlar1 - Amin Maalouf

« Olii Ruhlar - Abbas Maroufi

* Isik Bahgeleri - Amin Maalouf

* Semerkant - Amin Maalouf

* Hayatin Kaynagi - Ayn Rand

* Tanios Kayasi - Amin Maalouf

* Bizim Biiyiik Caresizligimiz - Baris Bicake1

* Giinlerin Kopiigii - Boris Vian

* Peter Schlemihl’in Garip Hikayesi - Adelbert von Chamisso

* Amerikan Sapig1 - Bret Easton Ellis
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Kaptan Yemege Cikt1 ve Tayfalar Gemiyi Ele Gegirdi - Charles Bukowski
Kasabanin En Giizel Kiz1 - Charles Bukowski

Postane - Charles Bukowski

Biiyiik Umutlar - Charles Dickens

Siradan Delilik Oykiileri - Charles Bukowski

Miisterek Dostumuz - Charles Dickens

Iki Sehrin Hikayesi - Charles Dickens

Oliver Twist - Charles Dickens

Doviis Kuliibii - Chuck Palahniuk

Hayalet Yazilar - David Mitchell

Korlesme - Elias Canetti

Aclik Sanatcisi - Franz Kafka

Doniisiim - Franz Kafka

Piyanist - Elfriede Jelinek

Tagrada Diigiin Hazirliklari - Franz Kafka

Mavi Oktav Defteri - Franz Kafka

Huzursuzlugun Kitab1 - Fernando Pessoa

Sevgili Milena - Franz Kafka

Benjamin Button’in Tuhaf Hikayesi - F. Scott Fitzgerald
Muhtesem Gatsby - F. Scott Fitzgerald

Vadideki Zambak - Honore de Balzac

Albaya Mektup Yazan Kimse Yok - Gabriel Garcia Marquez
Ask ve Obiir Cinler - Gabriel Garcia Marquez

Bagkan Babamizin Sonbahar1 - Gabriel Garcia Marquez
Evde Kalmis Kiz - Honoré de Balzac

Geng Werther’in Acilart - Goethe

Atesten Gomlek - Halide Edib Adivar

Sinekli Bakkal - Halide Edib Adivar

1Q84 - Haruki Murakami

Yolpalas Cinayeti - Halide Edib Adivar
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Biilbiilii Oldiirmek - Harper Lee

Imkansizin Sarkis1 - Haruki Murakami

Haslanmis Harikalar Diyar1 ve Diinyanin Sonu - Haruki Murakami
Sinirin Giineyinde Giinesin Batisinda - Haruki Murakami
Yaban Koyununun izinde - Haruki Murakami
Sahilde Kafka - Haruki Murakami

Gurur ve Onyargi - Jane Austen

Emma - Jane Austen

Akil ve Tutku - Jane Austen

Ask ve Gurur - Jane Austen

Los Angeles Yolu - John Fante

Cavdar Tarlasinda Cocuklar - Jerome David Salinger
Biiyiik Aclik - John Fante

Beyaz Dis - Jack London

Sakin Yatagin Altina Bakma - Millas

Seker Portakali - Jose Mauro de Vasconcelos

Beni Asla Birakma - Kazuo Ishiguro

Kiirklii Veniis - Leopold von Sacher-Masoch

Uzak Tepeler - Kazuo Ishiguro

Ademden Onceki Yasam - Margaret Atwood
Damuzlik Kizin Oykiisii - Margaret Atwood

Uc Ornek Oykii ve Bir Onséz - Miguel De Unamuno
Gilgamis Destan1 - Muzaffer Ramazanoglu

Sis - Miguel De Unamuno

Tehlikeli oyunlar - Oguz Atay

Karisim1 Sapka Sanan Adam - Oliver Sacks

Dorian Gray’in Portresi Oscar Wilde

Biitiin Masallar, Biitiin Oykiiler - Oscar Wilde

Lord Arthur Savile’in Sucu Oscar - Wilde

Aldatmak - Paulo Coelho
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On Bir Dakika - Paulo Coelho
Kazanan Yalnizdir - Paulo Coelho
Simyaci - Paulo Coelho

Zahir - Paulo Coelho

Hayalet Sehir - Patrick McGrath
Babili diislemek - Richard Brautigan
Koku - Patrick Siiskind

Giiliin Ad1 - Umberto Eco

Kan Davasi - Resat Nuri Giintekin
Alacakaranlik - Sadik Hidayet
Foucault Sarkact - Umberto Eco
Agackakan - Tom Robbins

Onceki Giiniin Adas1 - Umberto Eco
Otomatik Portakal - Anthony Burgess
Prag Mezarlig1 - Umberto Eco
Doktor Hastaland1 - Anthony Burgess
Marifetler - Ursula K. Le Guin
Sineklerin Tanris1 - William Golding
Aylak Adam - Yusuf Atilgan

Yaz Ortasinda Oliim - Yukio Misima
Fi - Akilah Azra Kohen
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Appendix-2: Paragraphs used for testing

* Odas1 kan kirmizis1 boyaliydi. Kapi kilitliydi, penceresi kapaliydi ve igeri hicbir 151k
sizmiyordu. Odanin ortasinda yiiksek bir yatak vardi, {izerinde siyah bir ortii vardi
ve odanin tam ortasindaki kiigiik bir masa lizerinde mum 15181 yaniyordu. Bu odada
oldiigiine inanilan kadin, diye diisiindii John Mortimer. Bircok insan burada can vermis
olabilir. Neden bu odada 6lmiis olmalar1 gerektigini bilmiyorum ama kesin olan bir sey
var, burada kotii bir seyler olmus. Birden, kapinin kilidi kirild1 gibi bir ses duydu
ve sonra bir adamin fisiltist duyuldu. Seni burada tutacagim, dedi adam. Burada
Oleceksin. John kalbi hizla carpmaya basladi ve odanin sirtina yaslandi. Kap1 korkung
bir gicirtiyla agildi ve igeri bir adam girdi. Adamin elinde bir bigak vardi ve yiiziinde
karanlik bir ifade vardi. John geriye dogru cekildi ama duvarda bir seyler hissetti.
Daha fazla geriye gidemeyecegini anladi. Adam yaklasti ve bicagi kaldirdi. Yardim!
diye bagirdi John. Yardim edin! Adam bicagi indirdi ama viicuduna degmedi. John,
bicagin bir santimetre kadar 6tesinde, duvarda bir kolu oldugunu fark etti. O anda,
kolu itti ve bir kap1 agildi. John disar1 ¢ikti ve nefes nefese kaldi. Kendini giivende
hissetmek icin kosarak uzaklasti. Ancak, o kirmiz1 odadan kurtuldugunu diisiiniirken

bile, kalbinin hizl1 atig1 durmamusti.

* Yagmurun sesi camlara vuruyordu ve sokaklarda hi¢ kimse yoktu. Midori, kahvesini
yudumlarken disaridaki yagmura bakiyordu. Onun gibi pek ¢ok insan da yagmuru
seviyordu ama bugiin, yagmurda giizel bir sey bulamiyordu. Tam tersine, yagmurun
hiiziinlii bir havas1 vardi. Midori, icindeki hiiziinle basa ¢cikmaya calisiyordu. O,
hayatinda bircok kayip yasamisti ve bu kayiplarin izleri hala kalbini acitiyordu.
Yagmurlu giinlerde ise kayiplarin1 daha fazla hissediyordu. Midori, kahvesini bitirdi
ve pencereyi agti. Soguk hava iceriye dolarken, Midori kendini camin 6niine dogru
egdi. Sokakta tek bir insan bile yoktu ve bu sessizlik onu daha da iizdii. Birkac dakika
sonra Midori pencereyi kapatti ve yavasca yatagina dogru yiiriidii. Yatagin icine girer
girmez, hiiziin i¢inde boguldu. Gozlerinden yaslar siiziiliiyordu ve hayatin ona ne

kadar acimasiz oldugunu diisiiniiyordu. Midori, hayatinin hiiziinlii oldugunu kabul etti.
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Belki de, hayatta herkesin biraz hiiziinlii oldugunu diisiindii. Ama hiiziinlii olmanin da
bir anlami1 vardi. Belki de, hiiziinlii olmak insanlar1 daha da giiclii kiliyordu. Midori,
hayati boyunca yasadigi kayiplarin izlerini hala tasisa da, bu hiiznii onun hayatim
kontrol etmesine izin vermeyecekti. Yagmurun hiiziinlii havasina ragmen, Midori

kararliydi. Hayatin1 en iyi sekilde yasamaya kararliydi.

Seni sevdigimi sOylemek istiyorum, ama kelimeler yetmiyor. Sana olan hislerimi ifade
edebilecek kelime yok gibi geliyor. Kalbimdeki bu derin sevgiyi nasil anlatabilirim
ki sana? Adam, gen¢ kadinin ellerini tuttu ve gozlerindeki agk dolu bakislarin1 ona
yansitti. Kadin, bu an1 6mrii boyunca unutamayacagini biliyordu. Adamin bakiglari,
icindeki sevgiye dair her seyi soyliiyordu. Seni sevmek, hayatimin anlami oldu. Seni
diisiinmeden bir giin bile geciremiyorum. Seninle her sey daha anlamli, daha giizel
oluyor. Seni sevmek, hayatin biitiin giizelliklerini kesfetmek gibi bir sey. Kadin,
adamin sozlerine gozlerindeki yaslarla karsilik verdi. Onun da icindeki sevgi, agsk dolu
hislerle doluydu. Ikisi de birbirini sonsuza kadar seveceklerini biliyordu. Askn giicii,
onlar1 birbirine bagliyordu. Diinyanin her kosesinde, her dilde anlatilan bu duygu, her
zaman aymydi. Ikisi de bu giiclii duyguya teslim olmustu ve hayatlarini birlestirmeye

karar vermislerdi.

Mutlulugu aramak, hayatin en biiyiik amacidir. Hayatta ne kadar basarili olursaniz
olun, ne kadar mal varliZimiz olursa olsun, eger mutlu degilseniz, hayatinizin bir
anlami1 yoktur. Dalai Lama, 6grencilerine hayatin gercek anlaminin mutluluk oldugunu
ogretiyordu. Ona gore, mutluluk sadece maddi zenginlikle veya basariyla elde
edilemezdi. Gercek mutluluk, i¢imizdeki huzuru ve sevgiyi bulmakla miimkiindii.
Mutlu olmak icin dnce kendimizi tanimamiz gerekir. Kendimizi tanidigimizda, neye
thtiyacimiz oldugunu daha iyi anlayabiliriz. Ve bu da bizi mutlu eder. Dalai Lama,
mutlulugun herkesin hakki oldugunu diisiiniiyordu. Ona gore, insanlarin mutlulugu
bulabilmesi icin Oncelikle sevgi, saygi ve hosgorii gibi degerleri benimsemeleri
gerekiyordu. Mutlu olmak i¢in bagkalarina yardim etmek gerekir. Bagkalarinin
acilarim hafifletmek, onlara destek olmak, onlarin mutlulugu i¢in ¢calismak, bizi de

mutlu eder.
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* Yalnizlik, i¢inde kayboldugun bir denizdir. Kimileri bogulur bu denizde, kimileri ise
ylizmeyi 6grenir. Ama hi¢birimiz tam olarak kurtulamayiz bu denizden. Yalmzlikla
yasamak zorunda kaliriz ve bu bizim hayatimizin bir pargasidir. Ancak yalmzlik, bizi
kendimizle yiizlestirdigi i¢cin bize ¢ok sey 6gretir. Kendimizi tanimamizi, i¢ diinyamizi
kesfetmemizi saglar. Belki de yalnizlik, hayatta en degerli 6gretmenlerimizden biridir.
Onunla barisik olmayr 6grenirsek, hayatin zorluklarina daha giiclii bir sekilde karsi

koyabiliriz. Ciinkii yalmzlik, bize i¢ giiclimiizii kesfetme firsat1 verir.

* Ask, insanin kalbinde dogan bir ¢igektir ve Ozenle sulanmasi gereken bir bitkidir.
Ama askin cicegi, bazen ayrilikla solabilir. Insamin sevdigi kisiye duydugu 6zlem,
kalbindeki agkin en biiyiik kanitidir.Bir insanin hayatindaki kayiplar, onun karakterini
belirler. Hayatta karsilasilan her zorluk, insanin giiclenmesine ve olgunlagsmasina
yardimct olur. Ama unutulmamalidir ki, her kayip bir firsattir ve hayatin degerini

anlamak i¢in bir hatirlatmadir.

* Hayat, insanin icindeki tutkular1 takip ettii siirece anlamlidir. Bazen yasamin
zorluklari, tutkularimizi engelleyebilir ama yine de pes etmemeliyiz. Yasamda, her
sey miimkiindiir ve her seyin bir ¢6ziimii vardir. Ask, hayatin anlamini belirleyen en
giiclii duygudur. Ask, insan1 mutlu eder ama aynm1 zamanda ac1 cekmesine de neden
olabilir. Ama yine de, agkin varlig1 hayata anlam katar. Ask ne kadar zor olsa da,
onun giizelligini de inkar edemeyiz. Insanlarm kalplerindeki en biiyiik giiclerden biri
olan agk, hayatimizda unutulmaz anilar birakabilir. O amilarin icinde en degerlileri,
sevdiklerimizle paylastifimiz anilardir. Birini sevmek, onunla bir 6miir gecirmek

istemek, herkesin arayisinda oldugu bir seydir.

* Hayat, bir satrang tahtas1 gibidir. Her adimin sonucu, sonraki adimlarinizi belirler.
Hayatta basarili olmak i¢in, Oncelikle bir plana sahip olmalisiniz. Ama planimiz
degistirmek zorunda kalirsaniz, esnek olmalisiniz. Satrang, hayatin bir metaforudur.
Satrang¢ oynarken, rakibinizi takip eder ve onun hamlelerine karsilik verirsiniz. Hayatta
da, basarili olmak icin bagkalarini anlamak ve onlarin hareketlerine karsilik vermek

onemlidir.
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* Bir insanin yalnizlik hissi, ruhunun derinliklerinde var olan bir ¢iglik gibidir. Ama
yalnizlik, ayn1 zamanda bir insanin i¢ diinyasini kesfetmesini ve kendisiyle barigmasini

saglar. Insanin icindeki farkli duygular, yalmz kaldiginda kendini gosterir.

* Bir insanin gec¢misi, onun gelecegini belirler. Ama gec¢miste yapilan hatalarin
telafisi i¢cin insanin kendini affetmesi gerekir. Geg¢misteki hatalar, insanin bugiiniinii
etkileyebilir ama gelecegini sekillendirmesine izin vermemeli. Sevgi, insanlarin
birbirine verdigi en degerli hediyelerden biridir. Sevgi, bir insanin baska bir insana
hissettirdigi en giizel duygudur. Ama sevginin giicii, insam1 bazen deli gibi hareket

etmeye sevk edebilir.

* Giig, insanlar1 degistirir. Bir insanin giice sahip olmasi, onun karakterini ortaya ¢ikarir.
Bazi insanlar giice sahip olduklarinda, kotiiye kullanirlar. Ama bazi insanlar, giiglerini
kullanarak diinya icin daha iyi bir yer yaratirlar. Adalet, insanlarin esit oldugu bir
diinya icin miicadele etmek demektir. Adalet, insanlarin haklarinm1 savunmak, onlari
korumak ve onlara esit firsatlar sunmak demektir. Adalet, insanlarin birbirlerine karsi

sorumluluklarin yerine getirmeleri demektir.

» Karanlik, insanin korkularini ve endiselerini besler. Ama karanlik aym1 zamanda
insanin i¢ diinyasina yolculuk yapmasini saglar. Korkularimizla yiizlesmek, kendimizi
kesfetmek ve i¢ diinyamizi kesfetmek i¢in karanlikla yalniz kalmamiz gerekir. Umut,
insanin en degerli varliklarindan biridir. Umut, insanin zorluklarla basa ¢ikmasini,
hayallerinin pesinden gitmesini ve hayatta kalmak icin miicadele etmesini saglar.

Umut, insanlarin i¢indeki umutsuzlugu yok eder ve onlara yeni bir baglangic¢ saglar.

* Hayat, insanlar i¢in bir yolculuktur. Her yolculuk, insanin kendisini kesfetmesini ve
hayatindaki amacin1 bulmasini saglar. Hayatta ne kadar ilerlersek ilerleyelim, 6nemli
olan yolda karsilastiZimiz engellerle nasil basa ciktifimizdir. Kendine inanmak,
insanin kendini kesfetmesi ve hayatindaki amacini bulmasi igin 6nemlidir. Insanlarin
hayatta basarili olmasi i¢in once kendilerine inanmalar1 gerekir. Kendine inanmak,

insanin zorluklarla basa ¢ikmasini saglar ve hayallerine ulagmasina yardimci olur.
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* Hayat, insanlar icin bir maceradir. Macera, insanlarin hayatlarinda karsilastiklar
zorluklarla basa ¢ikmalari, yeni seyler kesfetmeleri ve kendilerini gelistirmeleri i¢in
gereklidir. Macera, insanlarin hayatlarina heyecan katar ve onlari ileriye dogru itmeye
yardime1 olur. Bir insanin hayatindaki en 6nemli sey, kendini kesfetmesidir. Kendini
kesfetmek, insanin i¢ diinyasina yolculuk yapmasi, zayifliklarini kabul etmesi ve
kendisini gelistirmesi i¢in gereklidir. Kendini kesfetmek, insanin hayatta basarili

olmas1 ve mutlu olmasi i¢in onemlidir.

* Hayatin anlami, insanlarin hayatlarina kattig1 anlamla belirlenir. Hayat, insanlarin
kendilerini kesfetmeleri, hayallerinin pesinden gitmeleri ve bagkalarina yardim
etmeleri i¢in bir firsattir. Hayatin anlami, insanlarin hayatta bir iz birakmas icin
miicadele etmeleri ve hayatlarina anlam katmalar1 i¢in gereklidir. Hayatta ne kadar

basarili oldugumuz, insanlarin hayatlarina kattigimiz degerle belirlenir.

* Sokaklar sessizdi. Yalnizca ayaklarinin ¢ikardigi tikirtilar1 duyuyordu. Etrafta kimse
yoktu. Bir an 6nce evine gitmek istedi ama adimlari yavasladi. Kalbi hizla ¢carpiyordu.
Ardinda bir seyin izini siirdiigii hissine kapildi. Korku i¢inde geriye doniip bakti ama
hicbir sey goremedi. Belki de sadece kafasini oynattigindan boyle hissetmisti. Tekrar
ylirimeye basladi ama kalbi hala hizli attyordu. Eve ulasip kapiy1 agtiginda rahat
bir nefes aldi. Kapiyr kapatti ve bir an i¢in gozlerini kapatti. Neden korktugunu

bilemiyordu ama i¢inde bir seylerin farkli oldugunu hissetmisti.

* Giineg gozlerimi kamastirtyordu ve uyandim. Basimin hafifce dondiigiinii hissettim,
yatagin kenarindaki camdan disariy1 izledim. Sokaklar1 ve evleri gorebiliyordum ama
insan yoktu, her yer sessiz ve bostu. Sonra kulagimda bir ¢itirti1 duydum, bir seyler
hareket ediyordu ama ne oldugunu tam olarak anlayamadim. Daha sonra fark ettim
ki bu citirtilarin kaynagi sadece benim nefes almamdan kaynaklaniyordu. Iste o an,

kendimden korkmaya bagsladim.

* Gece havasinin serinligi yanaklarimda hissediyordum. Yildizlarin 1siklari, geceye
gizemli bir hava katiyordu. Ayaga kalkip, denizin kiyisindaki kayalarin {izerine ¢iktim

ve saatlerce suyun lizerine bakarak diislincelere daldim. Ne kadar zaman gectigini
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bilmiyorum ama beni geri getiren sey, ufukta beliren bir siluet oldu. Yaklastikca,
o siluetin bir insan oldugunu fark ettim. Cok ge¢meden, benimle konusmak i¢in
yanima geldi. Fakat bu kisi, siradan bir insan degildi. Derisi siyahti ve gozleri
gokylizii mavisiydi. Onunla konusmaya bagladikca, icimdeki korku yerini meraka

birakti. Kimdi bu ve neden buradaydi?

Bir¢ok insan, hayatin anlamini arar ama aslinda hayatin anlami aranacak bir sey
degildir, yasanacak bir seydir. Her insanin hayati kendine 6zgiidiir ve sadece kendi
yolunu c¢izebilir. Bu yiizden, bir bagkasinin hayatin1 yasamak yerine, kendimizin

hayatin1 yagamaliy1z.

Bazen insanlar, hayatlarinin kontroliinii kaybettiklerini hissederler. Hayat, onlar
stirtiklemeye baslar ve her sey o kadar hizli gelisir ki, durdurmak veya geriye donmek
imkansiz gibi goriiniir. Ancak, hayatin kontroliinii tekrar ele ge¢irmek miimkiindiir.
Yapmaniz gereken tek sey, durmak ve derin bir nefes alarak kendinizi yeniden
odaklamak. Sonra, bir adim atin ve yeniden harekete gecin. Hayatin kontrolii size

geri donecektir.

Bir insanin sevgisi, bagka bir insanin hayatini degistirebilir. Sevgi, giiclii bir silahtir
ve onu kullanan kisi, biiyiik seyler basarabilir. Ayn sekilde, sevgi eksikligi de hayati
zehir edebilir. Etrafimizdaki insanlar1 sevmeli ve onlara deger vermeliyiz. Boylece,

hayatimizda gercek anlamda mutlu ve tatmin olmus olabiliriz.

Diinya, kesfedilmeyi bekleyen muhtesem bir yerdir. Doganin giizelligi, insanlarin
yarattig1 sanat ve kiiltiir, her yerde kendini gosterir. Ancak, diinyada yasayan insanlar
birbirlerini yok ediyorlar. Savaslar, catismalar, nefret ve ayrimcilik, diinyayi zehirliyor.
Buna karsin, insanlik olarak yapabilecegimiz en iyi sey, birbirimize sevgi ve saygi

gostermek ve diinyay1 daha iyi bir yer haline getirmektir.

Gozlerimi kapattim ve o eski giinlere gittim. O zamanlar, tiim diinya benim Oniimde
acik gibi goriiniiyordu. Her sey miimkiindii ve hi¢bir sey imkansiz degildi. Ama simdi,

yillar gectikce, o umut dolu gen¢ adam kaybolmus gibi hissediyorum. Hayat beni
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yipratt: ve umudumu kaybettirdi. Ama simdi, bu eski anilar geri gelince, tekrar umutla

doluyorum ve hayatin bana sunabileceklerini yeniden kesfetmeye hazir hissediyorum.

Yagamimin en zor zamanlarindan birindeydim. Diinya beni terk etmisti ve yalmz
kalmistim. Ama o an, icimdeki giicii kesfettim ve kendi kendime s6yle dedim: Hayatta
kalmak i¢cin miicadele etmek zorundasin. Her giin, bir sonraki adimi atmak icin
kendimi zorladim. Ve sonunda, zor zamanlar geride kaldi ve hayat benim icin daha

iyi hale geldi.

Ve sonra, havanin keskin sogugunda, Jane bir kopek yavrusu gordii. Yavru sirt
iistii yatiyor, bacaklar1 havada c¢irpiniyor ve inlemeler ¢ikariyordu. Jane kedi kdpek
fark etmeksizin hayvanlar1 sevmezdi, ama bu yavru gérmezden gelemeyecegi kadar
sevimliydi. Yanina yaklasarak ona dokundu ve bir ¢iglikla geri ¢ekildi. Yavru her
yerinden kanliydi. Korkuyla onu yakalayip arabaya getirdi. Yolda yavrunun ne kadar
zayif oldugunu fark etti ve hemen veterinere gotiirdii. Veteriner, yavrunun asir1 aghik
ve yaralar nedeniyle 6lmek iizere oldugunu soyledi. Jane, yavruyu iyilestirmek icin

elinden geleni yapmaya karar verdi.

Diinya, onlar1 yok eden bir viriis tarafindan ele gecirilmisti. Insanlar, yalnizca
kendilerine zarar veren bu hastaliktan korunmak ig¢in, siginaklara kapatilmiglardi.
Ancak burada, diizenli olarak uygulanan asilamalar sayesinde insanlar yasamaya
devam edebiliyordu. Ama bu sigaklar da giivenli degildi. Bir giin, siginaklarin
birinde agilamada bir hata yapild1 ve viriis s1izdi. Kisa siirede herkes enfekte oldu
ve birbirlerini 6ldiirmeye basladilar. S18ak, bir cehenneme donmiistii. Olii bedenler,

kanli duvarlar ve ac1 ceken insanlar her yerdeydi. Insanligin sonu yakindh.

Adeline, Kuzey Afrika’da bir ¢6l kasabasinda kendi hayatin1 kurmaya calisirken, Ikinci
Diinya Savasi sirasinda Fransizlarin iggali altindaki Tunus’ta yasayan diger kadinlarla
da baglant1 kurar. Adeline, isgal altindaki Tunus’ta Fransiz askerlerinin goziinden
kagcmaya calisirken, aralarinda bir miittefik askeri olan Amerikali pilot Kyle’in da
bulundugu bir grup insanla tanisir. Kyle, Adeline’e asik olur ve ona evlenme teklif

eder, ancak Adeline kendini ona tam olarak acamaz. Adeline, i¢indeki duygular
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kesfetmek ve sevgisi hakkinda daha fazla diisiinmek icin zaman isteyerek teklifi
reddeder. Ancak Adeline, Kyle’in teklifini reddettikten sonra bile, onunla olan bagi

daha da giiclenir ve birlikte hayatta kalmak i¢in miicadele etmeye devam ederler.

Kafas1 karigikti. Kendisine ne olup bittigini anlayamadi. Aniden ortadan kaybolan,
yerine bir y1gin duman birakan gizemli bir varlik miydi yoksa sadece hayalinde mi
gordii? Bu sorularin cevaplarini aramaya caligti, ama daha fazla kafa karigiklifina
sebep oldu. O gece hicbir sekilde uyuyamadi ve yataginda kivranip durdu.

Diisiinceleri, hayalleri ve gergekleri arasinda kayboldu.

Bir kadin kendini, hayatta tek yapabilecegi sey olan, birini sevmeye adamisti. Ama o
adam, tiim diinyanin bildigi bir insan, yalnizca bir hayrani olarak kalacakti. O kadin,
bir yandan agkimi yasarken diger yandan kendi kendine, onun i¢in hazirlanmis bir
senaryoda rol aliyor gibiydi. Kaderinin, agkinin tek sahibi oldugunu diisiindiigiinde,
hayatinin yanildigin1 gdstermek i¢in onu sarsacak bir sinav hazirlar. Ve o giin, kendi
kendine soyledigi yalanlarin gercegi orttiigii, kalbinin acisinin biitiin bedenini sardigi

bir giin olur.

Kapi kilitlendi, hapishane ¢ikmazi diisiincesi ona ¢aresizlik hissi veriyordu. inanilmaz
bir agirhik yiiklendi gogsiine, sanki nefes almaktan aciz kalmisti.  Sirtindaki
omuzlarinda dev bir yiik tasiyormus gibi hissetti. Kendisini asagi ¢eken bir sey
vardi, caresizlik duygusu agirlastikca agirlasiyordu. Diinyanin her yerinde zuliim,
adaletsizlik ve siddet vardi. Ozgiirliigii elinden alinmis, bagimlilik yaratmis bir
hapishane hayati. Biitiin bu diisiinceler, karanlik ve karamsar bir ruh haliyle karigik

bir sekilde i¢inde dolaniyordu.

Kopekler agki diinyada temsil ediyor. Seni 6lesiye sevdiklerini hissettiriyorlar, her
zaman yaninda olacaklarini sdyliiyorlar. Cogu zaman kopekler insanlardan daha fazla
aski hak ediyorlar. Onlar sana hi¢cbir beklentiyle yaklasmazlar, sadece sevgi verirler.
Sana ne kadar sevildigini hissettirirler ve karsiliginda sadece biraz yemek ve sevgi

isterler.
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Iki saat boyunca karsimda oturan adanin yiiziinde belli belirsiz bir giiliimseme belirdi
ve sadece bir anligina -ama bir anlamda kesinleserek- bakislarimiz birbirine degdi.
Sonra agir agir bagim salladi. Ben de basimi salladim; fakat neye salladigim
bilmiyordum. Kendimizi bilinmeyen bir yolda, belirsiz bir gelecege siiriikleyen bu

gorlinmez giiciin ellerindeyiz, diye diisiindiim ve biraz daha soguk ter doktiim.

Kiitiiphane neredeyse bostu, sadece garip birkag¢ kisi mevcuttu. Ama o garip kisilerin
arasinda, birden, belirgin bir sekilde farkli birisi oldugunu hissetti. Bu kisi, karanlik bir
kosede, bir kitab1 elinde tutarak sessizce okuyordu. Nora, bu kisinin kendisine bir sey
sOylemeden Once onun yanina gitmek istedi. Ancak yaklastikca, bu kisinin yiiziiniin,

yiizii olmayan bir seyin yerine gectigini fark etti.

Kafas1 karismisti.  Once icinde yasadig1 diinyayr kaybetmisti, sonra da kendisini
yeniden yaratmak icin kendisine bir diinya insa etmeye calistyordu. Insanlarin, her
seyin ne kadar actmasiz oldugunu anlamalari i¢in bir sebepleri olmaliydi. Bu diinyada,
herkes her seyi yapabilirdi, ama her seyin bir bedeli vardi. Insanlar, bu bedeli

odemekten korktuklari siirece, diinyanin dogru islemesi miimkiin degildi.

Kendilerine yapilanlari unutmak i¢in birbirlerine sarildilar. Tiim sehir, ayn1 korkuyu
yastyordu. Ancak bu korku, yalmizca bir hastalik ya da salgin degildi. Bu, tiim
insanlarin diinyasini sarsan bir durumdu. Hastaligin, insanlar iizerindeki etkileri,
zamanla daha da kotiilesti. Bircok insan, hastaligin etkisiyle kor oldu. Tiim sehir,
birbirine karigmis, kor insanlarla doluydu. Herkes, korlesmenin neden oldugu korkuyu

yastyordu.

Dorian, resmin bir¢cok zaman kendisinden daha fazla yasadigini diisiindii; ¢iinkii onun
tizerindeki yagsam izlerini tastyordu. Kendi gengliginin ve giizelliginin oliimsiizligtint
elde edebilecegini diisiindii. Her zaman geng¢ kalacagim, ve resmim degisecek diye
diisiindii. Boylece yaslanmak, hastalanmak ve 6lmek onun i¢in anlamsiz hale geldi.

Ama sonunda, yanlig yolda ilerlediginin farkina varacakti.

Olmekte olan adamin yiiziinde sefkatli bir ifade vardi. Ona bu ifadeyi kazandiran,
yataginda yatarken onu bekleyen oliimle yiizlestigi icin degildi. Asil sebep, 6liime
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ragmen kalanlar1 diisiindiigii icindi. Bu adamin sadece birkag¢ giinii kalmigt1 ve farkli
insanlarla ilgili diisiinceleri gidip geliyordu. Eski arkadaglarindan bazilarini diisiindii.
Bazilarim1 hatirlayamiyordu, digerleri ise artik hayatta degildi. Aklina kizi da geldi.
Kendisine ¢cok benzeyen bir kizdi ve onun igin endiseleniyordu. Ikisi arasinda hep
bir uzaklik vardi ve bu uzakligir kapatamamislardi. Ama simdi 6liim yaklaginca, ona

yakinlagmak istiyordu. Belki de birbirlerini anlamaya baslayacaklardi.

Jean Valjean, yalmiz kalmak istiyordu. Kendisini a¢iga vurmak istemedi. Fakat
bu basarisiz oldu. Sikintis1 8ylesine biiytiktii ki, yanibasindaki insanlar bile ondan
etkilendi. Biraz daha zaman gecti ve nihayet bir giin, agir agir konugsmaya bagladi.
Konusmaya basladiktan sonra birseyler anlatmak istedigi belli oluyordu. Insanlar onu
dinlediler, konugsmasinin devaminda gozyaslarina boguldu. Bu yiizden soylediklerini
tam olarak anlayamadilar ama kendisini anlattig1 anlasiliyordu. Soyle dedi: Sana ¢ok
sey borcluyum. Bu benim sugum, ama sen bana iyi davrandin. Beni kovmadin, bana
ekmek verdin. Ben su¢luyum, beni hapiste tutabilirsin. Ama hayatim1 kurtardin. O
ylizden ne istersen yaparim. Benden ne istersen iste, her seyimi sana veririm. Sana

tesekkiir etmek istiyorum. Ne istersen yaparim, bana sadece hayatimi geri ver.
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Appendix-3: Paragraphs used for testing with participants

e T-1: Neden bu odada 6lmiis olmalar1 gerektigini bilmiyorum ama kesin olan bir sey
var, burada kétii bir seyler olmus. Birden, kapinin kilidi kirildi gibi bir ses duydu
ve sonra bir adamin fisiltis1 duyuldu. Seni burada tutacagim, dedi adam. Burada

Oleceksin.

* T-2: Onun gibi pek c¢ok insan da yagmuru seviyordu ama bugiin, yagmurda giizel bir
sey bulamiyordu. Aksine, yagmurun hiiziinlii havasi vardi. Icindeki hiiziinle basa
cikmaya calistyordu. O, hayatinda bircok kayip yasamistt ve bu kayiplarin izleri

kalbini acitiyordu.

* T-3: Seni sevmek, hayatimin anlami oldu. Seni diisiinmeden bir giin bile
geciremiyorum. Seninle her sey daha anlamli, daha giizel oluyor. Seni sevmek, hayatin

biitiin giizelliklerini kesfetmek gibi bir sey.

* T-4: Agk, insanin kalbinde dogan bir cicektir ve 6zenle sulanmasi gereken bir bitkidir.
Ama agkin cicedi, bazen ayrilikla solabilir. Insanin sevdigi kisiye duydugu ozlem,

kalbindeki agkin en biiyiik kanitidir.

* T-5: Kendimi yitik hissettim, kaybolmus bir geminin kaptan1 gibi. Ama biliyorum
ki, agkin bana 6grettigi her seyi hatirlayacagim. Onun varlig1 bana bircok sey ogretti.

Diinyanin giizelliklerini, insanlarin farkliliklarini, hayatin kisa siiresini.

e T-6: Tekrar yiiriimeye basladi ama kalbi hala hizli atiyordu. Eve ulasip kapiyi
actifinda rahat bir nefes aldi. Kapiyr kapatt1 ve bir an i¢in gozlerini kapatti. Neden

korktugunu bilemiyordu ama i¢inde bir seylerin farkli oldugunu hissetmisti.

e T-7: Her insanin hayatinda bir karanlik taraf vardir. O taraf, kendini her firsatta
hatirlatir ve sizi yutmak istedigini soyler. Ne kadar direnirseniz direnin, o karanlik

taraf sizi asla birakmaz.
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T-8: Gozlerimi kapattim ve o eski giinlere gittim. O zamanlar, tiim diinya benim
oniimde acik gibi goriiniiyordu. Ama simdi, yillar gectik¢ce, o umut dolu gen¢ adam

kaybolmus gibi hissediyorum. Hayat beni yipratti ve umudumu kaybettirdi.

T-9: Jane kedi kopek fark etmeksizin hayvanlari sevmezdi, ama bu yavru gormezden
gelemeyecegi kadar sevimliydi. Yanina yaklasarak ona dokundu ve bir ¢iglikla geri

cekildi. Yavru her yerinden kanliydi.

T-10: Baylar, bayanlar, ben mahvoldum! Boyle diyor da bagka bir sey demiyor,
bir yandan da sapkami cigniyordum. Birka¢ adim 6temde bir polis durmusg, bana

bakiyordu; sokagin ortasina dikilmis, bagka seye degil, sadece bana bakiyordu.

T-11: Karanlifin derinliklerine daldigimda, ruhumda bir ¢irpinis hissediyorum.

Zihnimin karmasasi, icimdeki umutsuzlugun girdabina siiriikliiyor beni.

T-12: Duygusal sogukluk, her sayfada bizi sararak i¢imize isledi. Gelecegin karanlik

yliziine taniklik ederken duygu karmasasiyla bogustuk.

T-13:  Kirik kanatlarimi umut tohumlariyla onariyorum. Icimde yeseren
umut, kalbimdeki c¢igceklerin agmasina neden oluyor. Hayatin sundugu firsatlar

kucaklayarak, gelecege dair umutla ilerliyorum.

T-14: Gece yarisi sessizligi i¢inde, korkunun izleri siritmda dolagtyor. Korkuyla dolu
bir diisiince, ruhumda endisenin karanlik golgesini yaratiyor. Ayak izlerimi takip eden

bir tehdit, icimdeki sikintiy1 arttirtyor.

T-15: Icimdeki cesaret yolculugumda beni ileriye dogru iter. Zorluklarm iistesinden
gelme istegi, maceraya atilmami saglar. Kendimi kesfetme yolunda, i¢sel doniisiimiin

safagina dogru ilerlerim.

T-16: Denizin dalgalariyla yiiz yiize gelirken, umutsuzlugun adasinda kaybolurum.
Hayatta kaybettiklerim, icimde bir bosluk birakir. Icsel yolculugum, umutsuzlugun

karanlik sularinda bir pusula gibi yol gosterir.
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T-17: Birlikte gecirdigimiz o anlar, yasadiimiz her duyguyla doluydu. Askimizin
yogunlugu, kalbimizi kavururken gozyaslarimizla birlesti ve bizim i¢in anlamini hig¢

yitirmeyen bir aniya doniistii.

T-18: Yalmzlik ve anlam arayisi, i¢cimizi saran bir boglugun hissiyle bizi ele gecirdi.

Yabancilagsma, her satirda bir adim daha atmamiza sebep oldu.

T-19: Askin yikici etkileri, her bir ciimlede bizi sarip sarmaladi. Icimizde yiikselen

duygular, sevginin zorlu yollarini kesfetmemizi sagladi.

T-20: Karanlik ve dehset icimize isledi. Her climlede tiiylerimizi lirperten bir gerilim

hissiyle bizi siiriikledi.

T-21: Bilgelik ve yasam deneyimleri, her satirda bizi icine ¢ekerek diisiinmeye sevk

etti. Hayatin anlamin1 sorgularken duygu dolu bir yolculuga ciktik.

T-22: Ik bulusmada yasanan heyecanla birlikte, kalbin ritmi hizlamr. Gozlerdeki

bakislar, ellerin temasinda hissedilen sicaklik tutkunun habercisidir.

T-23: Umutsuzlugun ortasinda bile bir umut 15181 parlar. Zorlu zamanlarda insanin
icindeki direng, inan¢ ve umut, hayata tutunma giiclinii verir. Gelece8e dair umutla,

her yeni giine adim atariz.

T-24: Cinsellik, tutku ve yasak arzularla dolu bir diinyanin kapilarini acar.
Goriilmemis duygusal sinirlar1 zorlarken, bedenler birbirine siki sikiya sarilir. Agk

ve tutku arasindaki ince ¢izgide dolasirken, karanligin cazibesine kapiliriz.

T-25: Askin golgesinde, kiskanglik alevlenir ve insanoglunu kontrol etmek i¢in her

tiirlii sinir1 zorlar. Bir anda icimize isleyen bu duygu, trajik olaylara sebep olabilir.

T-26: Melankoli, sessizligin derinliklerinde yankilanan bir ezgidir. I¢ diinyamizda
yankilanan bu ezgi, hayatin anlamini sorgularken duygusal bir yogunlukla bizi kusatir.

Bir piyano notasi gibi, sessizligin icinde kirilgan bir sekilde calar.

T-27: Fakat bu agk, onun gururunu da zedeliyordu. Bu iki duygu arasinda gidip
gelirken bir yandan da ¢6ziim bulmaya calisiyordu.
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T-28: Hem korku hem de isyan dolu bir kalple, yasak aski ve 6zgiirliik arzusunu icinde
tastyordu. Icindeki bu celigkiler, onu gercegi aramaya ve karanligin icinde umut 15181

yakmaya yonlendiriyordu.

T-29: Kan ve topragin kokusu burun deliklerime doldu. I¢imdeki korku, savasin aci
gercekleriyle birlesti. Ileriye dogru adim atarken kalbim hizla carpmaya basladi, sanki

oliimle dans ediyormugum gibi.

T-30: Sahile dogru yiiriirken icimde bir bogluk hissi vardi. Dalgalarin kiyiya vuran
sesleri, yalmizligimi daha da derinlestiriyordu. varolusumu sorguluyor, anlamsizligin

icinde kayboluyordum.

T-31: Burnuma dolan igrenc¢ kokular, midemi bulandiriyordu. Insanlarin iizerindeki
cliriimiigliik, tim duyularimi zehirliyordu. Bu koku, beni bir sekilde ¢ekiyordu ve

meraka kapiliyordum.

T-32: Umutsuzluk ve caresizlik, kalbimde agir bir yiik gibi hissettirdi. Ancak,
kahramanlarin inanglarinin 1s1ginda dogan umut damlaciklari, icime yeni bir enerji

veriyordu. Umut nehrinin kiyisinda ayakta durmaya calistyordum.

T-33: Adaletin ¢ig8liklar1 kulaklarimda yankilaniyordu. Irkc¢iligin kok saldigi bir
toplumda, masumiyetin ¢ignendigine tanik olmak, i¢cimde farkli duygular yaratiyordu.

Adaletin zaferi i¢in savagsmaktan bagka ¢arem yoktu.

T-34: Zamanin akisi, her seyi sarip sarmalayan bir melankoli yaratiyordu. Nesiller

boyu siiren yalnmizlik, icimde bir 6zlem hissi uyandiriyordu.

T-35: Insanhigin yikimim gozlemek, i¢imde bir umutsuzluk firtinas1 yaratiyordu.

Gozlerimle gordiigiim manzaralar, gelecege dair korku ve endiselerimi artirtyordu.

T-36: Duygusuz bir toplumun icinde, bosluk hissiyle bogusuyordum. Mutluluk
haplariyla donatilmig bir diinyada, gercek hislerimden uzaklasiyor, yasamin anlamini

sorguluyordum. Insanlik adina bir isyan atesi icimde yanip duruyordu.
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T-37: Gregor Samsa’nin bedeninde meydana gelen doniisiim, icinde bir sagkinlik ve
dehset yaratiyordu. Kendini yabancilagsmig bir diinyada bulan Gregor, i¢ catismalar

yastyordu.

T-38: Frodo Baggins’in i¢inde bir agirlik hissediyordu. Tasidig1 yiiziik, diinyay1

karanligin pencesinden kurtarmak i¢in verdigi miicadeleyi yansitiyordu.

T-39: Meg, Jo, Beth ve Amy’nin i¢inde kardeslik bagina dair sevgi ve mutluluk vardi

. Yagdiklar1 zorluklara ragmen birbirlerine destek oluyorlardi.

T-40: Gozyaslarim yanagimi islatirken, icimdeki aciyr dindiremiyordum. Kalbim
kirilmigt;, hayatimin en zor kararin1 vermek zorundaydim. Icimdeki karmasayi

diisiinerek, gelecegim i¢in bir umut 15181 aradim

T-41: Igindeki karanhik bulutlar dagilmiyordu. Uzun bir siiredir bir hayal bile
kuramamisti. Yiiregindeki umut 15181 giderek solmaya baglamis, onu bogan karanlik

bir sis haline gelmisti.

T-42: Agkin biiyiisiinii, her hiicresinde hissediyordu. Gozlerindeki parilti, sevdasinin

izlerini tagityordu. Bu gii¢clii duygu, hayatina anlam katiyordu, onu yiiceltiyordu.

T-43: Hep bir seylerin eksik oldugunu hissediyordu. Icindeki bosluk, yiiregini
sikiyordu. Bir par¢anin kayip oldugunu biliyordu ve bu eksiklik, huzursuz bir ruh

haline doniisiiyordu. Kayip olan1 aramak, i¢sel bir yolculuga ¢ikmak zorundaydi.

T-44: Yillar gectikce, gecmisteki hatalarin yiikii artiyordu. Pismanlik duygusu,
kalbinde derin izler birakmisti. Gec¢misteki yanlhis kararlar1 diizeltmek yeni bir

baglangi¢ yapma cesaretini buldu.

T-45: Bir zamanlar giivendi8i insanin ihanetine ugramisti. Kalbindeki yara, derin bir
hiizne doniismiistii. Ihanetin acisi, onu bir kez daha inanmaktan alikoyuyor, kirik bir

giiveni tamir etmek i¢in bir miicadele veriyordu
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T-46: Kelimelerin ahenk icinde olmasi ona ilham veriyordu.  Yaraticiliginin
kanatlarina binerek diislere yolculuk yapiyordu. Sozciiklerin biiyiisiine kapilip, yeni

diinyalar yaratiyordu.

T-47: Gozyaslari, yiiregindeki acinin bir ifadesiydi. Kedere gomiilen kalbi, huzuru

yeniden bulmak i¢in ¢cabaliyordu.

T-48: Bellegi, kaybolan anilarla doluydu. Icindeki ge¢misin izleri, kaybolmaya yiiz
tutan hatiralar1 canlandirtyordu. Kayip anilarla yiizlesmek, kendi kimligini yeniden

insa etmek i¢in bir adimdi

T-49: Gece yaratiklarinin, kan emici varliklarin ve korkung olaylarin mekanidir.

Kasaba halki, yasadiklar1 dehsetin farkina varirken, hayatta kalma miicadelesine girer.

T-50: Yoksul, zavalli basit insanlardi. Simdiye kadar bir ¢cok derdi, kederi birlikte
yasamiglardi. O yilizden artik yakinmamay1 da 6grenmislerdi. Orada Oylece durup,

baglarin1 egmis, aciya katlaniyorlardi.
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