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Abstract

Authorship analysis is a natural language processing field that aims to identify distinct charac-
teristics of authors in different textual contexts. Each natural language has specific attributes
that indicate the uniqueness of each author’s writing style. The increase of anonymous online
content highlights the importance of analyzing authorship. It has applications in legal linguis-
tics, criminal law, forensic investigations, and computer forensics.

This thesis makes a significant contribution to the analysis of Albanian authorship by focus-
ing on three essential tasks: authorship identification, genre classification, and gender iden-
tification. The primary objective of this work is to address the lack of data in the Albanian
language by compiling the first Albanian corpus for various tasks related to authorship. The
corpus represents different aspects of the written language through different textual sources,
such as literary writings, newsroom columns, and social media posts. We create an extensive
set of features from different categories to capture the characteristics of the authors’ writing
style. Machine learning and deep learning techniques are used to discover patterns that indi-
cate authorship, genre, and gender. Our approach uses two classification strategies to handle
multi-class problems.

This study provides a comprehensive empirical analysis of authorship through a series of ex-
periments. Experimental results are reported and further analyzed using learning curves, class
prediction error, and feature analysis. We use feature selection and dimensionality reduction
techniques to reduce the feature space and improve the model’s effectiveness. With careful
experimentation and analysis, this study enhances our understanding of authorship analysis in
Albanian, providing valuable insights for further investigations in natural language processing

and computational linguistics.

Keywords: authorship analysis - multi-class problem - cross-domain corpora - feature engineer-
ing - classification methods - author attribution - gender identification - genre classification -

natural language processing - low-resource language.



Abstrakt

Analiza e autorésisé éshté njé fushé e pérpunimit té gjuhés natyrore gé synon té identifikojé
karakteristikat e dallueshme té autoréve né kontekste té ndryshme tekstuale. Secila gjuhé naty-
rore ka atribute specifike qé tregojné vecantiné e stilit té té shkruarit té secilit autor. Rritja e
pérmbajtjes anonime né internet nxjerr né pah réndésiné e analizés s€ autorésisé. Ka aplikime
né gjuhésiné juridike, té drejtén penale, hetimet mjeko-ligjore dhe forenzikén kompjuterike.
Kjo tezé€ jep njé kontribut té réndésishém né analizén e autoréve né gjuhén shqipe duke u
fokusuar né tre detyra thelbésore: identifikimi i autorésisé, klasifikimi i zhanrit dhe identifikimi
i gjinisé. Objektivi parésor i késaj pune éshté té trajtojé mungesén e té dhénave né gjuhén
shgipe duke hartuar korpusin e paré né shqip pér detyra té ndryshme té lidhura me autorésiné.
Korpusi pérfagéson aspekte té€ ndryshme té gjuhés sé shkruar pérmes burimeve té ndryshme
tekstuale, si shkrimet letrare, rubrikat e redaksisé dhe postimet né mediat sociale. Ne krijojmé
njé grup té gjeré té vecorive nga kategori té€ ndryshme pér té kapur karakteristikat e stilit té té
shkruarit té autoréve. Teknikat e t&€ mésuarit té€ makinés dhe té mésuarit e thellé pérdoren pér
té zbuluar modele gé tregojné autorésing, zhanrin, dhe gjininé. Qasja joné pérdor dy strategji
klasifikimi pér té trajtuar problemet me shumé klasa.

Studimi jep njé analizé gjithépérfshirése empirike té autorésisé pérmes njé séré eksperimentesh.
Rezultatet eksperimentale raportohen dhe analizohen mé tej duke pérdorur lakoret e té€ mé-
suarit, gabimet e parashikimit té klasés, dhe analizén e vecorive. Ne pérdorim teknikat e pérzg-
jedhjes sé vecorive dhe reduktimit té dimensionalitetit pér té reduktuar hapésirén e vecorive
dhe pér té pérmirésuar efikasitetin e modelit. Me eksperimente dhe analiza té kujdesshme,
studimi pérmiréson té kuptuarit e analizés sé autorésisé dhe ofron njohuri té vlefshme pér

shqyrtime té métejshme né pérpunimin e gjuhés natyrore dhe gjuhésiné kompjuterike.
Fjalét kyce: analiza e autorésisé - problemi me shumé klasa - korpuse ndér-domenesh - inx-
hinieri e vecorive - metodat e klasifikimit - atribuimi i autorit - identifikimi i gjinisé - klasifikimi i

zhanrit - pérpunimi i gjuhés natyrore - gjuhé me burime té pakéta.
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ArncrpaxT

Ananmsara Ha aBTOPCTBOTO € II0JIe 01 00paboTKa Ha IPUPOIHH Ja3HK KOe HMa 33 e UJIeH-
TUPHITIPAIHE PA3TUIHI KAPDAKTEPUCTUKN Ha aBTOPH BO PA3JIHIHU TEKCTYAJTHI KOHTEKCTH.
Cekoj mpupo/ieH ja3uk nMa Crernuduaan arpudyTH KOW YKAKyBaaT HA YHHKATHOCTA HA
CTHJIOT HA MUTTYBaFhe HA CEKOj aBTOP. 3r0JEMYBAHETO HA AHOHUMHUTE OHJIAJH COPIKU-
HHU ja HaIJIacyBa BaykKHOCTA Ha aHAJIU3ATa HA aBTOPCTBOTO. VMa aliMKaiuu BO paBHATA
JIMHI'BUCTHUKA, KDUBUYHOTO PABO, (POPEH3UUKUTE UCTPArU U KOMIIjyTepcKaTa (POpeH3uKa.
OBaa Te3a /JaBa 3HAYAEH MPHIOHEC BO aHAIN3ATa HA AJOAHCKOTO aBTOPCTBO MpeKy ¢o-
KycHpame Ha TPU CYIITHHCKU 3aJa4M: HJICHTU(MHUKANHN]a HA aBTOPCTBOTO, YKAHPOBCKA
KIacudukanmja 1 pogoBa uiaentudgukanuja. llpumapuara 1men Ha oBaa pabora e ga ce
pery HeJA0CTATOKOT Ha MOAATONN HA aJI0AHCKHOT ja3WK ja3WK CO COCTABYBAME HA TPBUOT
aJTOAHCKN KOPIYC 32 PA3JIMIHA 33/Ia90 MOBP3aHN CO aBTOPCTBOTO. Kopmycor mpercraByBa
Pa3/IMYHU ACIEKTH HA IMUIIAHHOT JA3UK MPEKY Pa3IuIHUA TEKCTYATHH U3BOPH, KAKO IITO Ce
JINTEPATYPHU CIUCU, KOJIYMHU U 00jaBu Ha colujajnure mpexu. Hue cozjpaBame obemen
30Up HA KAPAKTEPUCTUKH O] PA3JUIHN KATETOPUU 33 Jla Ce JIOJ0BAT KaPAKTePUCTUKUTE
Ha ITHUIIYBAHETO HA aBTOPUCKHU CTUJI. TEeXHUKHUTE 33 MAIIUHCKO yUelbe U JITAD0OKO VUeHe
ce KOPHCTAT 3a Ja ce OTKpHjaT oOpacii MITO YKaXKyBaaT Ha aBTOPCTBO, »KaHp u moJ. Ha-
IITIOT TPHUCTAIN KOPUCTH JBE CTPATEruu 3a KJjacupukaimja 3a CIpaByBame co mpodiemMu
€O TIOBeKe KJIACH.

OBaa ctynmja 06e30emyBa ceondaTHa eMITPUCKA aHATN3a Ha aBTOPCTBOTO MPEKY cepuja
eKCIIEPUMEHTH. HKCIepuMeHTaTHUTE PE3Y/ITATH € MPUjaBeHU U JOMOJTHUTETHO CE aHAJ -
3UpaaT KOPUCTEJKN KPUBH 33 yUeHhe, KJIaca HA TPEITKa BO MPE/IBUIIYBALETO U aHAJIN3A HA
KapakTepucTuku. Hue KopucTtume m3060p Ha KapaKTePUCTUKH ¥ HAMAJIyBalbe Ha JUMEH-
3Mja CO TEXHUKHU 33 HaMaJyBalbe HA MPOCTOPOT 3a KAPAKTEePUCTUKHU M MOJ00PYBarbe Ha
edbexkTuBHOCTA HA MO/EOT. CO BHUMATETHO €KCIIEPUMEHTHPAE U aHAJN3A, OBAd CTY/IHja
ro moaobpyBa HaIeTo pa3dupame 3a aHAJIN3aTa Ha aBTOPCTBOTO Ha aJbaHckw, 00e306e/1y-
BajKM BpPEJIHU CO3HAHHU]ja 3a IMOHATAMOIIHHE UCTPaKyBaba BO 06paboTKaTa Ha IIPUPOJIHHOT

ja3uK 1 KOMIIjyTepCcKa JIMHI'BUCTHKA.
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Chapter 1

Introduction

Authorship analysis has significant relevance in information retrieval and linguistic analysis. It
is a field within NLP that examines authors’ previous works to identify the authorship of a given
text based on its language-related characteristics. The problem of determining the authorship
of a written text has existed since the beginning of the written word [73, 95].

Authorship analysis is considered a multi-class, single-label text classification problem. It
includes various methods and tasks and uses a feature set that shows a consistent pattern
across texts by the same author. Different groups of individuals exhibit identifiable linguistic
patterns in their speech and writing. The main focus of this thesis is the exploration of different
tasks of AA in the Albanian language. We aim to investigate the elements and methods that

demonstrate effectiveness in authorship-related tasks within the specific context of Albanian.

1.1 Aims of the research

The advancement of technology has impacted human interaction through digital platforms
such as social media, blogs, and news portals. Researchers are working on developing mod-
els using machine learning and information technology [173, 68, 26, 82, 163, 61].

Similar studies of AA have been performed in English literature [94, 22, 140] and other
languages [42, 93, 41, 52, 33, 97, 110, 171, 138, 164]. However, Albanian literature is a work in
progress in the context of AA [118]. Due to its under-resourced nature, the lack of Albanian

digital text content has been a limitation. This study aims to address the problem of AA in the
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Albanian domain, trying to overcome the gap in the field. Also, this research introduces a novel

corpus for AA in Albanian. The objectives of this thesis are outlined as follows:
e Compilation of a new corpus designed specifically for AA in the Albanian language.
¢ |dentification and extraction of an extensive array of features relevant to AAA tasks.

¢ |dentification of the optimal subset of stylometric features to capture the distinctive au-

thors’ writing patterns.

e Experimentation in different AA tasks using various features and traditional and DL-based

methods.

This research explores AA in Albanian literature and provides the foundation for more so-

phisticated methods in this unexplored linguistic field.

1.2 Research questions and hypotheses
We formulate a set of research questions for our investigation and provide valuable insights:

RQ1: How could a novel authorship analysis corpus be compiled for a low-resource lan-

guage like Albanian?

RQ2: Can the author, gender, and genre be identified from an Albanian text?

RQ3: Which linguistic features are crucial to determining the author’s writing style?
RQ4: Are there linguistic features that indicate gender?

RQ5: Do authors naturally use distinct classes of language styles for different genres?
RQ6: What is the best feature set to identify the author of a text document?

RQ7: What are the methods for authorship analysis used in other languages?

RQ8: What are the best methods for authorship analysis in Albanian?
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RQ9: How much data is sufficient to recognize authorial uniqueness?
We define three hypotheses for our research investigation:

H1: The novel Albanian authorship analysis corpus significantly impacts Albanian authorship-

related tasks.

H2: There are highly relevant feature groups to be used in training effective and efficient

machine learning models for each subtask of authorship analysis.

H3: Hand-crafted, task-adapted features-based traditional machine learning models will

outperform automatic feature extraction-based deep learning models.

We evaluate the validity of hypotheses through a series of experiments conducted on Al-
banian textual data. Using different methods, we uncover patterns and distinctive features in

Albanian texts that enhance our understanding of authorial characteristics.

1.3 Research methodology

AA relies on three fundamental components. The corpus of attributed texts from different
sources serves as training set for the model. An ensemble of textual features that represent
the distinct characteristics of an author’s writing style is essential for AA. The last element is
the selection of classification methods to predict the correct author based on the extracted
features.

The proposed framework is a three-phase approach that includes text analysis, feature ex-
traction, and author classification. The first step involves the analysis of the text in the corpus
to identify distinct attributes and prepare them for further analysis. The second step includes
the extraction of statistical information from the texts to represent the authors’ writing habits.
The third step uses the selected ML- and DL-based methods to predict the author of a given
text using the extracted features [61, 50, 43, 62]. This research introduces a novel and, to our
knowledge, the first Albanian AA corpus. This corpus is a collection of newsroom columns,

social media posts, and literary works of different genres.
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Authorship analysis is rooted in stylometry and focuses on determining an author’s writ-
ing style through numerical analysis of linguistic elements [90, 130]. Corpus analysis reveals
features that help define the original author of an anonymous document. Stylometric markers
measure various aspects of a writer’s style, including individual elements (n-grams), the charac-
ters and words they use (lexical) [116], how they organize sentences and paragraphs (structural)
[67], patterns used to compose chunks of the text (syntactic) [173, 161, 162], particular keywords
in the text (content-specific) [132], or specific elements for each author (idiosyncratic) [151].
These features contribute to the AA task, enabling the discrimination of authors based on their

writing styles and patterns.

1.4 Importance of the thesis

The rapid evolution of technology has introduced new ways of communication through the
Internet, social media, email, and other digital platforms [94, 151, 78, 133, 166]. These commu-
nication tools provide the advantage of anonymity, emphasizing the importance of this study.
Since the text is the primary evidence, it is essential to develop new methodologies to identify
authorship from digital data.

AA has a rich history and is used in authorship attribution, especially in the field of histori-
cal literature [159]. Researchers use authorship attribution to analyze anonymous or disputed
material, such as works attributed to Shakespeare [96] or the Federalist Papers [60]. However,
this field has a variety of applications, including legal linguistics, criminal law, forensic investi-

gations, and computer forensics, among others [21, 2, 133, 119, 8, 121].

1.5 Contributions of the thesis

This study significantly contributes to the field of AA in several aspects. First, it provides a new
resource for three tasks related to authorship in the Albanian language. These datasets are a
reference point for investigating Albanian AA, providing valuable opportunities for future re-

search. In addition to the new corpus, our work explores the process of feature engineering.
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We engineer an extensive array of hand-crafted features that capture different textual patterns
and stylistic aspects. This variety of features enables a more detailed analysis of the elements
that characterize tasks related to authorship. Furthermore, our study conducts experiments
across different configurations. The experimentation process explores the potential of the cre-
ated corpus and features in evaluating AA methods. These experiments enable us to identify
the most informative features and configurations. This study significantly contributes valuable

resources and insights for future investigations in this field.

1.6 Structure of the thesis

This thesis is organized into several chapters. The following is a summary of the content and ob-
jectives of each chapter: Chapter 2 reviews related work in the AA field, examining authorship-
related tasks, corpora in high- and low-resource languages, feature extraction, and authorship
detection methodologies. Chapter 3 introduces the first corpus of the Albanian language for
authorship analysis. We detail the data collection and creation of three distinct datasets. Chap-
ter 4 presents the feature engineering process, describing the techniques used to create an
extensive array of features for capturing different aspects of textual content and style. Chap-
ter 5 discusses the classification methods used in our study. We explore strategies for han-
dling multi-class classification and evaluate traditional ML- and DL-based techniques. Chapter
6 presents the experimental setup for authorship identification, providing an in-depth analysis
of the findings. Chapter 7 documents our experiments conducted in the field of authorship
genre classification, with the achieved results. Chapter 8 reports the experimental scenarios
and our findings in the authorship gender identification task. Chapter 9 provides a more gen-
eral discussion of our research findings. We validate the study’s hypotheses and discuss the
significance of our contributions to the field of AA. Chapter 10 concludes the thesis and out-

lines potential directions for future research in the field of AA.
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1.7 Conclusion

Authorship analysis is a significant topic in the modern era, characterized by the rapid growth
of anonymous sources of information. It is a pattern recognition problem that identifies text
features to distinguish one author from another. Our primary objective is to extract diverse
textual features from the data and detect the distinct writing patterns of different authors. The
essence of AA tasks is the selection of specific features as the most relevant indicators of the
writer’s style. This thesis explores the complex relationship between different writing styles,

textual patterns, and the unique features that make each author’s writing distinctive.



Chapter 2

Background and related work

This chapter reviews the related work to authorship analysis and its tasks. Section 2.2 overviews
diverse textual corpora used in different languages and the data pre-processing methods in
authorship tasks. Section 2.3 examines several features utilized in various authorship-related
tasks, including linguistic, domain-specific, psycho-linguistic, and stylometric attributes. The
methods employed for authorship detection are provided in Section 2.4. Section 2.5 considers
the methodologies used for authorship analysis and other related tasks in low-resource lan-

guages. Section 2.6 summarizes our findings and the insights gained from this review.

2.1 Authorship analysis and its related tasks

Determining the authorship of a written work through authorship analysis has been a research
topic for many years. As a result, this analysis is conducted in three main subtasks: authorship
profiling [48, 20, 85, 81], authorship verification [91, 125, 97, 126, 6], and authorship identifica-
tion [79, 110, 134, 129, 61, 64, 50, 159, 38, 151, 118].

Authorship attribution, also known as authorship identification, identifies the author of a
particular work by using its linguistic characteristics. However, in cases where accurate identi-
fication is not achievable, authorship profiling can help reduce the search space by identifying
variables such as gender or age to focus the analysis on a more specific group. ldentifying

whether the claimed author of a particular document actually wrote it is known as authorship
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verification. It can be performed by comparing the linguistic attributes of the documents in
guestion to determine if they are stylistically similar.

Author identification, verification, and profiling are similarity detection problems because
they measure the similarity between two written works. In these tasks, the writing styles of the
analyzed texts are compared to make predictions about their authorship. The field of AA has

developed and expanded recently, with researchers working on several real-world scenarios.

2.1.1 Authorship identification

Authorship identification is attributing the original author to a disputed text. This task is con-
sidered a text classification problem [62], in which documents’ writing styles are analyzed to
determine the potential author of a given piece of text. This task has a long history, with some
of the earliest studies focusing on the statistical analysis of writing style in Shakespeare [96]
and the Federalist Papers [60] in the 19th century. The methods used to determine the correct
author depend on stylistic elements that define a specific writer’s style. An authorship attribu-
tion framework consists of a dataset of texts written by different authors, a set of stylometric
features, and a classification model to identify the potential author of an anonymous text. The
dataset [110, 3, 112, 61] should represent the unique characteristics of the authors. The second
component involves extracting features from the text to distinguish texts written by different
authors [151]. The original author of the anonymous text [117] can be determined by training
a classification model [61] on the extracted features. Author identification can be helpful in
many contexts, including authenticating documents [27], detecting plagiarism, literary studies

[45, 91, 18, 122, 162, 42], and forensic investigations [21, 119, 15].

2.1.2 Authorship profiling

Authorship profiling aims to identify an author’s demographic characteristics based on their
writing style. These attributes include age, gender, and educational level [160, 145]. This task
is often used when the author of a text cannot be accurately identified through Aldn methods.

AP tries to identify patterns in the language usage of different demographic groups to predict
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the potential characteristics of an unknown author. Author profiling has a significant historical
background dating back to the 19th century. Researchers have worked to develop new meth-
ods for extracting demographic information from written texts. Authorship profiling involves
elements such as the dataset, feature set, and classification methods. The dataset is a collec-
tion of texts written by known authors [20, 21], with each text labeled with the demographic
information of the author. Choosing a dataset that represents the author’s characteristics is
essential for training and evaluating the AP model. A set of stylometric features is extracted
to differentiate between various demographic groups’ writing styles [89]. These features are
used to train a classification model to make predictions about the demographic characteristics
of an unknown author. Identifying a writer’s demographic characteristics can be valuable in
real-world applications, including forensic investigations and identifying behavioral patterns to

target specific user groups in social media marketing campaigns [85, 81].

2.1.3 Authorship verification

Authorship verification is a binary classification problem that determines whether an author
wrote a claimed text. The goal is to identify patterns in an author’s writing habits to make pre-
dictions about the attributed authorship of a text. The methodology used in AV includes the
same elements as the previous two AA tasks. First, a dataset of texts written by known au-
thors is required [91]. The texts are processed to identify relevant features to characterize the
authors’ writing style [91, 28]. The extracted features are used to train a classification model
[125, 126, 124] to predict the probability that the given author wrote the disputed texts. The
history of AV dates back to the 19th century, with early studies in stylometry focused on iden-
tifying the authors of literary works with contested authorship. This task is essential in various
contexts, including identifying cases of plagiarism, ensuring the authenticity of written works
[113], preventing and detecting illegal activity, and anonymous writing.

The following section examines various corpora in high- and low-source languages. The
wide range of text types within corpora significantly defines the scope and depth of studies

related to authorship.
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2.2 Corpora for different authorship-related tasks

In AA, the selection of corpora is essential in analyzing different aspects of written texts and
identifying authorship patterns. This section reviews different AA corpora in various languages,
focusing on different types of texts, data pre-processing techniques, and challenges related
to corpora in low-resource languages. A variety of corpora have been used for AA in many
languages, including English [53, 175, 137, 168], Spanish [137, 168], French [168], and Chinese
[178], among others. However, there is a lack of data for under-resourced languages, such as
Urdu [110, 138], Bengali [61, 62, 79], Arabic [64, 3], Albanian [118], and Turkish [141]. Research
on AA requires suitable corpora because the features and characteristics of the dataset affect

the study’s outcomes.

2.2.1 Corpora of different document types

This section explores the corpora of different text types and their relevance to different tasks
related to authorship across languages. Document types encompass a wide range of textual
sources, including literary works [178, 128, 64, 41, 130, 87, 118], news articles [110, 138, 129,
61, 43, 98, 123, 142], tweets [48, 3, 20, 9, 21, 7, 148, 114], emails [16, 172, 28], blog posts [79,
14, 153, 49, 38, 111, 145], and more [173, 134, 85, 97, 47, 119, 56, 167, 146, 147]. Each document
type has distinct linguistic features, enabling researchers to explore different writing habits and

stylometric aspects. Figure 2.1 visually represents the diverse document types in AA research.

Document Type
I
I T I |
literary text source b content
works publications code we cT)n en
| | | | ! |
novel poetry plays news short blogs
s Y articles texts
: 1
| chat | . |
tweets messages emails reviews

Figure 2.1: Different document types in AA corpora.
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Different text types have been used in various authorship-related tasks, such as author gen-
der identification [20, 85, 7, 148, 153], genre classification [178], author attribution [105, 106,
79, 110, 112, 173, 3, 64, 129, 61, 56, 118], author profiling [92, 167, 168, 145], and author verifi-
cation [91, 97, 28]. Table 2.2 presents an overview of the document types used in AA research
across various languages.

We categorize text types into three groups based on their characteristics: literary works
use figurative style, non-literary texts demonstrate a formal language and online media texts
use conversational language. Analyzing these datasets enables the exploration of authorship-
related tasks in different contexts.

Researchers have utilized literary texts to identify the authorship of disputed writings [79,
128, 62, 112, 64, 69, 80, 118] and to classify an author’s writings into specific genres [178]. Also,
literary works have been used to explore author verification [91] and author profiling [152, 92,
167], providing deeper insights into the characteristics and background of writers [153].

News articles have also been used, particularly in recent years, as the availability of digital
news articles has increased. Researchers have often investigated the identification of writers in
online news platforms [105, 106, 110, 134, 173, 129, 61, 50, 142], or to profile the characteristics
of writers [37].

Tweets, blog posts, and Facebook posts have also been used in the context of social media
and online communication. Researchers have tried to identify the authors of anonymous posts
[48, 3, 8, 49, 38], to study the writing styles of different authors to profile their demographic
characteristics [48, 21, 20, 148, 7, 169, 168, 145] or to verify the authorship of the texts [137, 27].

In addition to these text types, researchers have also used a corpus of short written texts,
such as emails [16, 172, 28, 37], reviews [167], discussions [97], or chat messages [85, 99], for
different AA tasks. These texts present unique challenges due to their shortness and informal-
ity. In AA research, short written texts are often used for author identification [172, 167, 99],
author profiling [85, 167, 37], or author verification [97, 28]. Table 2.1 presents an overview of

the diverse corpora used in AA studies.
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Table 2.2: Different document type corpora used for AA tasks in different languages.

g

™~ (7]

F, Tss . . 5 F 88T e s

L 2 2 |2 |2 |z |£ |8 & 2 |4 | |§ |8 |3

English v v vV VA AR VA VA A VA 4

Spanish v v v v v v v

Russian v v v v v

Japanese ve v

Chinese v v

German v v v v v

Dutch VA AN VA VA 4 v v v v

Greek v v v v v v

French v v v v v

Italian v v v

Portuguese v v v

Bengali v v v v

Urdu v v

Arabic v v v v

Turkish v v v v v

Swedish v v

Thai v v

Persian v v v

Mongolian v v

Telugu v

Albanian v v
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Table 2.1: Different document type corpora used for different AA tasks.

Document Type / AA Task AGnd | AGnr | Aldn AP AV
literary works v v v v v
news articles v v

text publications v

blog posts v v v v
tweets v v v v
emails v v v
reviews v v v v v
messages v v

discussions v

2.2.1.1 Data pre-processing for different document types

Different text types have been used for analysis in various authorship-related tasks. Researchers

often utilize different data pre-processing techniques to prepare the data for analysis. Data pre-

processing involves preparing the data for further analysis by cleaning and organizing it for the

specific task. Numerous techniques are available for pre-processing data in different AA tasks.

Table 2.3 presents different data preparation methods, considering the document types’ spe-

cific characteristics used in various AA studies.

Table 2.3: Data pre-processing methods used for different document types in
authorship-related tasks.

Technique Method Task Reference Document Type
lowercase conver- | Aldn [37], [134] emails, news stories, blog
sion posts
replacing chars Aldn, AGnd [3], [37] tweets, emails, news sto-
ries
removal of diacritic | Aldn [37], [110] emails, news stories

Data Cleaning

(continued on next page)
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Table 2.3: Data pre-processing methods used for different document types in
authorship-related tasks (continued).
Technique Method Task Reference Document Type
removal of punctua- | Aldn [3], [62] tweets, blog posts
tions
removal of digits Aldn [47], [62], [110], | movie reviews, message
[134] posts, news stories; blog
posts
removal of white | Aldn, AGnd [128], [85], [62], | literary works, chat mes-
spaces [134] sages, blog posts
removal of special | Aldn, AA [3],[48],[62], [134] | tweets, blog posts
chars
removal of blank | Aldn [62] blog posts
lines
removal of HTML | Aldn [62] blog posts
tags
removal of URLs Aldn [3], [47], [62], [9] tweets, movie reviews,
message posts, blog posts
removal of hashtags | Aldn [3], [62], [9] tweets, blog posts
removal of emojis Aldn [3] tweets
tokenization Aldn [119], [123], [79], | short written texts, literary
[49] works, news stories, blog
posts
Text Normalization
stemming Aldn, AGnd [56], [14] text publications, blog
posts
lemmatization Aldn [3], [119], [128] tweets, short written texts,
literary works
stop words Aldn, AGnd [3], [128], [85], | tweets, literary works, chat
[20], [110], [14] messages, news stories,
blog posts
function words Aldn [56] text publications
hapax legomenon Aldn, AGnd [85] chat messages

(continued on next page)
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Table 2.3: Data pre-processing methods used for different document types in
authorship-related tasks (continued).

Technique Method Task Reference Document Type

Data Reduction

news stories, blog posts

duplicate text Aldn, AP, AGnd, | [3], [47], [37], [62], | tweets, movie reviews,
AA [9], [41], [48], [40] | message posts, emails,

multi-topics Aldn [51] collection of articles

In addition, techniques such as feature engineering [115, 5, 12] and feature selection [45,
112] have been used to extract and identify relevant features from the text data. In the next
section, we will discuss feature extraction. Researchers have also experimented with function
words or stopwords, revealing that including them in the analysis resulted in improved out-
comes [105, 106, 122]. It is attributed to the fact that individual authors have little conscious
control over these linguistic elements in their writing. Studies conducted by [105, 106, 10, 129]
did not include any pre-processing steps in their analysis, as they used the TF-IDF text repre-
sentation scheme. Therefore, the raw text data were used directly in the AA model without

data cleaning.

2.2.2 Corpora in high-resource and low-resource languages

AA is conducted in various languages. The availability of resources and linguistic tools varies

considerably between high- and low-resource languages.

2.2.2.1 High-resource languages

High-resource languages have extensive linguistic resources, annotated textual data, and spe-
cific tools readily available for research. The availability of corpora from various domains, differ-
ent topics, and linguistic features makes it possible to understand the characteristics and unique
patterns of the authors’ writing style. Table 2.4 lists the high-resource language corpora used

in AA research. It displays the specific AA tasks, dataset size, language, and document type.
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Table 2.4: High-resource language corpora in authorship-related tasks.
Reference Name Document | Language # of Au- | #of Samples Task
Type thors
[153] Blog blog posts English 23 authors | 4284 journalistic | Aldn,
Dataset posts AGnd
[67], [145], | BLOGS10, blog posts English 10, 50 au- | subset of 71,000 | Aldn, AP,
[134] BLOGS50 thors blogs AGnd
[16], [172], | Enron emails English 158 users 200,399 mes- | AGnd, AV,
[28], [37] sages Aldn
[128] Gungor 50 literary English 45 authors | 25636 records Aldn
works
(novels)
[173]1, [47], | IMDbé2 movie English 62 users 62,000 movie | Aldn
[146], [134], reviews, reviews, 17,550
[147] message message posts
posts
[158], [147] IMDB1M posts and | English 22,116 204,809 posts, | Aldn
reviews users 66,816 reviews
[9] ISOT tweets English 100 au- | varying Aldn, AV
thors
[62], [153], | Literary literary English 16 authors 48 different nov- | Aldn, AV,
[152] Dataset works els AGnd
(novels)
[123], [72], | PAN-CLEF fragments English 25 authors | 250 examples Aldn
[69] 2012 of novels
[56] PLOS text publi- | English 203  au- | 1506 publications | Aldn
cations thors
[9] SMF tweets English 10K au- | 7.8M Tweets Aldn
thors
[123], [158], | Guardian collection English 13 authors | 444 documents Aldn
[98], [51] corpus of articles

(continued on next page)
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Table 2.4: High-resource language corpora in authorship-related tasks (contin-

ued).
Reference Name Document | Language # of Au- | #of Samples Task
Type thors
[123], [37], | RCV1 news English 2,361 109,433 texts Aldn,
[44], [98], articles authors AGnd
[43], [é7],
[135]
[129], [17], | Reuters C50 | news English 50 authors | 5000 documents | Aldn
[14], [50] Corpus articles
[67], [156], | CCAT10, news English 10, 50 au- | 100 documents | Aldn
[134], [173] CCAT50 articles thors per author
[53], [54], | TREC corpus | news English 7 authors 5600 documents | Aldn
[177] articles
[17]1,  [1m], | CASIS blog posts | English 1,000 4,000 blog sam- | Aldn
[49] authors ples
[112] English essays English 3 authors 27 essays Aldn
essays
corpus
[21] Twitter tweets English 40 users 120 to 200 tweets | AA
dataset per user
[48] Poli Corpus- | tweets Spanish 385 au- | 241,864 tweets AP, Aldn,
2020 thors AGnd
[119] Rus Idio | short writ- | Russian 5 authors 55 documents Aldn
Style Cor- | ten texts
pus
[92], [143], | Rus Person- | essays Russian 1145 re- | 1850 documents AP, Aldn,
[144] ality spondents AGnd
[114] Japanese tweets Japanese 10,000 2000 tweets per | Aldn
Dataset users user

(continued on next page)
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Table 2.4: High-resource language corpora in authorship-related tasks (contin-

ued).
Reference Name Document | Language # of Au- | #of Samples Task
Type thors
[178] Chinese cor- | literary Chinese 20 poets 11,289 poems AGnr
pus works
(poems)
[87] German literary German 2 authors 3 novels per au- | Aldn
Corpus works thor
(novels)
[167] CliPS reviews Dutch varying 749 documents AP, Aldn,
and essays AGNd,
AGnr
[20] Greek tweets Greek 463 users 45848 tweets AGnd
corpus
[157] Genre- varying Greek unknown 250 texts AGnr
based
Corpus

2.2.2.2 Low-resource languages

In contrast to high-resource languages, research in low-resource languages is challenging. The
need for linguistic tools in under-resourced languages hinders the development of extensive
and diverse corpora. Researchers must make further efforts to obtain textual data that is rele-
vant and representative of the problem at hand.

Despite these challenges, researchers have made significant efforts to explore AA and its
related tasks in low-resource languages. These corpora often include tweets [3, 7, 148], blog
posts [79, 62, 14, 80, 38], articles [138, 110, 61, 15, 142], and literary works [79, 62, 64, 80, 41,
130, 118]. Table 2.5 presents the corpora used in studies for low-resource languages, providing

the document type, language, dataset size, and the specific AA task.
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Table 2.5: Low-resource language corpora in authorship-related tasks.

Reference Name Document | Language # of Au- | #of Samples Task
Type thors
[80], [79], | BAAD16 literary Bengali 16 authors | 17,966 sample | Aldn
[62] works texts
[38], [79], | BAAD6 online Bengali 6 authors 2,100 sample | Aldn
[80] posts and texts
blog posts
[62] BACC-18 blog posts | Bengali 18 authors | 25,749 texts Aldn
[61] Articles of | articles Bengali 8 authors 1764 articles Aldn
political
writers
[110] UNAAC-20 news Urdu 94 authors | 21,938 news arti- | Aldn
articles cles
[110], [15] Urdu Cor- | articles Urdu 15 authors | 6,000 articles Aldn
pus
[138] Urdu Aldn | news Urdu 90 authors | 985 text samples | Aldn
corpus articles
[7] SDTwittC tweets Arabic 200 au- | 233926  replies | AGnd
thors (Male)
[3] their own tweets Arabic 45 authors | 71,397 tweets Aldn
[64] AAAT literary Arabic 7 authors 7 books (71 para- | Aldn
dataset works graphs)
[148] Turkish tweets Turkish 8071users | >=200 tweets per | AGnd
dataset user
[142] Milliyet news Turkish 9 authors 50 articles per au- | Aldn
dataset articles thor
[142] Kibris news Turkish 7 authors 50 articles per au- | Aldn
dataset articles thor
[142] Radikal news Turkish 7 authors 250 articles per | Aldn
dataset articles author

(continued on next page)
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Table 2.5: Low-resource language corpora in authorship-related tasks (contin-
ued).
Reference Name Document | Language # of Au- | #of Samples Task
Type thors
[85] Online chat | chat mes- | Turkish 1616 user | 218,742 chat mes- | AGnd
dataset sages accounts sages
[97] Intra- discussion | Swedish 7726 au- | 16 topics, 17 top- | AV
Domain, forums thors, ics, 2 topics
Domain 8755 au-
Shift, Cross- thors, 969
Domain authors
[99] Thai dataset | fanpage Thai 6 authors 25 messages per | Aldn
messages author
[139] Thai  Aldn | online doc- | Thai 200  au- | 547 documents Aldn
corpus uments thors
[130] Persian Cor- | literary Persian 40 authors | 5 documents per | Aldn
pus works author
[14] PMBC blogs Persian 32 authors | 4977 documents Aldn
[41] Mongolian literary Mongolian | 13 authors | 389 novels Aldn
dataset works
(novels)
[86] Telugu web pages | Telugu unknown 50 web pages per | AGnr
corpus 3-genre
[118] Albanian literary Albanian 4 authors 43 books Aldn
books works

2.3 Feature extraction

A critical component of AA analysis is feature engineering, which characterizes the distinctive-
ness of individual writing styles. People have consistent personal characteristics, leading to dis-

tinct writing habits. Writing style is an unconscious habit unique to each author, determined by



2.3. Feature extraction 21

grammar usage, word choice, and punctuation preferences. A deeper examination in language-
related charactreistics reveals that features can be classified into three categories: linguistic,
domain-specific, and psycho-linguistic features, as illustrated in Figure 4.1. These feature cate-

gories provide valuable insights into the diverse aspects of authorship.

pragmatic —— figurative language

semantic —— word dependencies

syntactic ——— phrases, syntactic relations
Linguistic morphological —— POS tag features
lexical —— Character-, word-based

phonetics ——— expressive lengthening

Feature Engineering Psycho-linguistic —— emotions, sentiments

rhythmic ——— repetition
idiosyncratic —— misspellings, slang words

Domain-specific topic modeling —— text topics
content-specific — text keywords

structural ——— sentences, paragraphs

Figure 2.2: Feature categories used in different authorship-related tasks.

Researchers have made progress in tasks like Aldn, AP, AV, and AGnr by examining different
sets of features. These tasks aim to reveal the attributes, stylistic patterns, and author-specific

characteristics associated with authorship.

2.3.1 Linguistic features

One of the fundamental set of features used in AA is linguistic features, with a wide range of

elements at different levels of text analysis. Researchers analyzed authors’ phonetic patterns,
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lexical and morphological features, syntactic structures, semantic attributes, and pragmatic
elements to understand their unique writing style. Phonetic elements provide insights into di-
alectal variations, while lexical features examine word-level attributes like vocabulary richness
and frequency. Morphological characteristics explore the author’s structure and word forms.
Syntactic structures focus on grammatical constructions and sentence structure. Semantic at-
tributes analyze meaning and word dependencies, and pragmatic elements consider discourse
structure and language use. Table 2.6 illustrates the extensive set of linguistic features consid-
ered when analyzing tasks related to authorship. These features encompass various language-

related characteristics of the author’s writing style, including grammar, vocabulary, and punc-

tuation.
Table 2.6: Set of linguistic features used in AA tasks.
No. Feature Task Reference
1 Phonetical Aldn, AP [48]
(1) expressive lengthening Aldn, AP [48]
(2) repeating letters for emphasis | Aldn, AP [48]
(3) assonance (phonetical repeti- | Aldn [64]
tion)
2. Lexical Aldn, AV, AGnd, | [7], [8], [122], [151], [6], [67], [139], [153], [24],
AP [109], [56], [5], [155], [64], [n1], [47], [48],
[129], [116], [21], [130], [134], [176], [15], [14]
Character-based Aldn, AGnd, AV, | [8], [6], [109], [5], [155], [11], [47], [21], [130],
AP [80], [7], [62], [44], [159], [110], [79], [153],
[37], [173], [99]
(1) total # of characters AV, Aldn, AGnd [6], [139], [110], [138], [153], [5], [155], [64],
[37], [13], [11], [129], [132], [99], [130], [87],
(6], [17]
(2) total # of letters Aldn, AV, AGnd | [8], [151], [139], [110], [149], [24], [5], [155],
(371, [11], [173], [132], [99]
(3) total # of vowels Aldn [8], [110], [138]
(4) total # of consonants Aldn [110]

(continued on next page)
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Table 2.6: Set of linguistic features used in AA tasks (continued).

No. Feature Task Reference
(5) total # of digits Aldn, AGnd, AV | [8], [139], [110], [149], [138], [153], [24], [5],
[155], [371, [13], [11], [173], [132], [99], [17]
(6) total # of white spaces Aldn, AV, AGnd [8]1, [139], [110], [138], [42], [5], [37], [13], [11],
[40], [132]
(7) total # of special characters Aldn, AV, AGnd [81, [139], [110], [149], [24], [5], [155], [37],

[13], [11], [40], [99], [134], [17]

(8) total # of punctuations

AGnd, Aldn, AV,
AP

[8], [151], [7], [110], [149], [112], [93], [61],
[100], [153], [42], [24], [5], [155], [13], [173],
[40], [129], [65], [99], [87], [134], [16], [17]

(9) total # of elongations AV, Aldn, AGnd [6], [5], [13], [11]

(10) character n-grams (most fre- | Aldn, AV, AP, | [26], [8], [122], [44], [149], [93], [3], [138],

quent) AGnr, AGnd [100], [109], [56], [155], [64], [119], [47], [40],
(48], [129], [142], [86], [131], [115], [4], [130],
[114], [15], [10], [125], [51], [126]

Word-based AGnd, Aldn, AV, | [8],[139],[7],[62], [44], [110], [20], [79], [153],

AP

[5], [155], [37], [11], [47], [173], [99]

(1) total # of words

Aldn, AGnd, AV,
AP

[8], [62], [110], [112], [138], [153], [24], [5],
[64], [37], [13], [11], [129], [21], [99], [130],
[871, [16], [17]

(2) total # of unique words

Aldn, AV, AGnd,
AP

[8], [6], [139], [62], [61], [138], [100], [153], [5],
[155], [13], [11], [116], [21], [99], [16]

(3) total # of capitalized words Aldn [8], [24]

(4) total # of hapax legomena AV, Aldn, AGnd [51, [155], [37], [13], [11], [173], [132], [17]
(5) total # of hapax dislgomena AV, Aldn, AGnd [5], [155], [37], [11], [132], [17]

(6) total # of elongated words AV, Aldn, AGnd [5], [13], [11]

(7) average word length

Aldn, AV, AGnd,
AP

(8], [151], [139], [112], [61], [138], [100], [153],
[5], [64], [37], [13], [11], [173], [129], [132], [66],
[21], [65], [99], [16]

(8) average # of characters per

word

Aldn, AGnd

[153], [173], [12], [87]

(continued on next page)
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Table 2.6: Set of linguistic features used in AA tasks (continued).
No. Feature Task Reference
(9) word length frequency distri- | AV, AGnd, Aldn [51, [37], [13], [11]
bution
(10) frequency of dictionary words | Aldn, AGnd, AP [153], [24], [134]
(11) frequency of long words Aldn, AGnd, AV, | [8],[110], [153], [5], [37], [11], [21], [99]
AP
(12) frequency of short words Aldn, AGnd, AV, | [8], [151], [153], [5], [37], [11], [21], [99]
AP
(13) LIWC features AGnd [37]
(14) vocabulary richness Aldn, AV, AGnd, | [140], [151], [138], [100], [153], [42], [155],
AGnr [110], [37], [13], [173], [132], [115], [14], [17]
(15) lexical density Aldn [110], [24]
(16) readability measures Aldn [110]
(17) the co-occurrence of word | Aldn [62]
pairs
(18) word n-grams (most fre- | Aldn, AP, AGnd, | [26], [122], [44], [110], [149], [93], [61], [3],
quent) AV [138], [123], [42], [109], [56], [155], [64], [47],
[40], [48], [129], [116], [142], [66], [65], [131],
[130], [114], [176], [15], [10], [14], [51], [126]
3. Morphological Aldn, AGnd, AV, | [119], [144], [162], [157], [134], [48], [4]
AGnr, AP
Morphems AGnd, AP, Aldn [144], [48], [4]
(1) stems and affixes Aldn, AP [13], [48], [142]
POS tag features AV, AGnd, Aldn, | [5], [144], [162], [134], [112], [128], [48], [4]
AP
(1) total # of POS tags Aldn, AV, AGnd, | [139], [3], [100], [56], [5], [40], [129], [161],
AP [142], [65], [131], [4], [130], [14]
(2) total # of function words AGnd, Aldn, AV [26], [151], [7], [100], [175], [5], [155], [64],
(371, [13], [11], [4], [87], [176], [17]
(3) total # of stop-words Aldn, AGnd [122], [149], [61], [153], [173], [40], [4], [16]
(4) total # of foreign words AV, Aldn [5], [134]

(continued on next page)
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Table 2.6: Set of linguistic features used in AA tasks (continued).

tences

No. Feature Task Reference
(5) total # of gender-specific | AGnd [37]
words
(6) frequency of abbreviations Aldn, AGnd, AV [153], [5], [37], [134]
(7) frequencies of POS tags Aldn [56], [65]
(8) POS n-grams (most frequent) | Aldn, AGnr, AP [8], [151], [119], [47], [5], [115], [114], [14], [51]
Gender features AV, Aldn, AP, | [5], [11], [48], [162]

AGnd

(1) # of feminine words AV, Aldn, AGnd [5], [11], [162], [99]
(2) # of masculine words AV, Aldn, AGnd [51, [11], [162], [99]
(3) # of apologetic words AGnd [11]
Number features AV, Aldn, AP [5], [48], [66]
(1) # of singular words; plural | Aldn, AGnd, AV [153], [5], [162], [66]
words
Grammatical person features AV, Aldn [5], [162]
(1) 1st person Aldn, AGnd, AV | [153], [5], [99]
(2) 2nd person; 3rd person AV, Aldn [5], [162]

4. Syntactic AGnd, Aldn, AV, | [8], [151], [6], [67], [139], [7], [153], [24], [5],

AP [155], [64], [37], [144], [11], [173], [129], [161],
[162], [130], [134], [176], [14]

(1) total # of syntactic phrases Aldn, AGnr [93], [64], [173], [129], [157], [176]
(2) frequencies of syntactic writ- | Aldn [129], [142]
ing rules
(3) frequency of question sen- | AV, AGnd [5], [371], [11]
tences
(4) frequency of exclamation sen- | AV, AGnd [5], [37], [11]

(5) syntactic relations of different

types

Aldn, AGnd, AV,
AP

[151], [153], [155], [144], [173], [162], [134]

(6) dependency relations

Aldn, AGnd, AV,
AP

[151], [153], [173], [40], [162], [176]

(continued on next page)
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Table 2.6: Set of linguistic features used in AA tasks (continued).

No. Feature Task Reference

5. Semantic Aldn, AP [62], [64], [173], [48], [129], [130], [176], [14]
(1) the # of active voice verbs Aldn [64], [176], [14]
(2) the # of passive voice verbs Aldn [64], [176], [14]

6. Pragmatical Aldn, AP [48]
(1) the use of figurative language Aldn, AP [48]
(2) discourse markers Aldn, AGnd, AP [93], [153], [48]
(3) courtesy forms (greetings or | AGnd, Aldn, AP [71, [48]

condolences)

2.3.2 Domain-specific features

Domain-specific features capture authorship characteristics in a specific context. Structural

features consider the organization and structure of the text. Content-specific features focus on

the text’s topic, such as specialized vocabulary, domain-specific terminology, or the presence

of topic-related concepts. In AA, idiosyncratic features capture an author’s distinctive stylistic

choices. These features include slang words, misspellings, or grammatical errors. Rhythmic

elements analyze patterns related to sentence rhythms. Social network-specific attributes con-

sider social media elements, emoticons, and terminology related to social networks. Table 2.6

presents the domain-specific characteristics considered during the analysis.

Table 2.7: Set of domain-specific features used in AA tasks.

No. Feature Task Reference
1 Structural Aldn, AV, AGnd, | [8], [6], [139], [5], [155], [64], [37], [102], [11],
AP [40], [21], [99], [134], [176], [14]
Sentence-based Aldn [110], [153], [173]
(1) total # of sentences Aldn, AV, AGnd (8], [61, 1391, [5], [155], [37], [11], [99], [176],

[62], [112], [24]

(continued on next page)
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Table 2.7: Set of domain-specific features used in AA tasks (continued).

No. Feature Task Reference
(2) total # of words per sentences | Aldn [8], [176], [24], [87]
(3) average sentence length Aldn, AV, AGnd, | [151], [112], [61], [100], [153], [13], [173], [129],
AP [66], [21], [65], [130]
(4) average # of words per sen- | Aldn, AGnd, AV, | [110], [112], [153], [132], [21], [12], [130], [87],
tence AP [139], [5], [37], [11], [99], [176]
(5) average # of characters per | Aldn, AV, AGnd [110], [132], [12], [130]
sentence
(6) sentences length frequency | AV, AGnd [5], [11]
distribution
(7) frequency of sentences begin- | Aldn, AGnd, AP [8], [37], [21], [24]
ning with upper case
(8) frequency of sentences begin- | Aldn, AGnd, AP [8], [37], [21]
ning with lower case
Paragraph-based Aldn [110]
(1) total # of paragraphs AV, Aldn, AGnd [5], [155], [37], [11], [62], [112]
(2) total # of sentences per para- | Aldn [110], [112], [155]
graph
(3) the # of words per paragraph Aldn [155]
(4) the # of characters per para- | Aldn [155]
graph
(5) the # of words per sentence Aldn [8], [176], [24], [87]
(6) average paragraph length Aldn [151], [112]
(7) average # of characters per | Aldn, AGnd, AV [110], [12], [5], [37], [11], [99]
paragraph
(8) average # of words per para- | Aldn, AV, AGnd [110], [112], [5], [37], [11], [99]
graph
(9) average # of sentences per | Aldn, AV, AGnd, | [110], [112], [5], [37], [11], [21], [99]
paragraph AP
Document-based Aldn [110]
(1) total # of lines AV, Aldn, AGnd [5], [155], [37], [11], [99]

(continued on next page)
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Table 2.7: Set of domain-specific features used in AA tasks (continued).
No. Feature Task Reference
(2) total # of characters Aldn [64]
(3) total # of words AV, Aldn [6], [64]
(4) total # of chunks (short | AV, Aldn, AGnd [5], [64], [11]
phrases)
(5) total # of sentences per docu- | Aldn, AGnd [110], [12]
ment
(6) total # of paragraphs per doc- | Aldn [110]
ument
(7) average document length Aldn [173]
(8) average word length per docu- | Aldn, AGnd [110], [153], [12]
ment
2. Content-specific Aldn, AV, AGnd [151], [5], [11], [173], [99], [134]
(1) total # of emotions Aldn, AGnd, AV | [153], [5], [144], [12], [99], [134]
(2) total # words in plural form AGnd [11]
(3) frequency of content specific | Aldn, AGnr, | [122], [173], [157], [134], [85]
keywords AGnd
(4) total # sentiment-bearing | AGnd, Aldn [11], [134]
words
(5) n-grams Aldn [173]
3. Topic modeling Aldn, AGnr, AV [122], [15], [178], [126]
(1) # of topical phrases Aldn, AV, AGnd [122], [5], [11]
4. Idiosyncratic Aldn, AP [151], [48], [21], [134]
(1) grammatical mistakes Aldn [134]
(2) misspellings AP, Aldn, AGnd [21], [134], [85]
(3) total # of slang words Aldn, AP, AGnd [21], [134], [85]
5. Rhythmic AV, Aldn, AGnr [159], [91], [88], [19]
(1) the use of repetition AV, AGnr [91], [88]
6. Social Network-specific Aldn, AP [48]
(1) emoticons Aldn, AP, AGnd [149], [24], [85]
(2) abbreviations Aldn, AGnd, AP [149], [153], [21]

(continued on next page)
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Table 2.7: Set of domain-specific features used in AA tasks (continued).

No. Feature Task Reference
(3) # of emojis per word Aldn [24]
(4) frequency of emojis AGnd, Aldn [71, [24]
(5) terminology related to social | Aldn, AP [48]
networks
(6) hashtags, mentions, and hy- | Aldn, AP [24], [48]
perlinks usage

2.3.3 Psycho-linguistic features

Psycho-linguistic features provide information about the author’s emotional perspective, social

and cognitive concepts, and other psychological aspects of their writing. Table 2.8 presents

various psychological elements used in the AA analysis.

Table 2.8: Set of psycho-linguistic features used in AA tasks.

Feature Task Reference
PSYCHO-LINGUISTIC AGnd, Aldn, AP [71, [37], [48]
(1) # of positive emotions AGnd, Aldn, AP [37], [144], [48], [12], [99]

(2) # of negative emotions

AV, AGnd, Aldn,

[5], [37], [144], [11], [48], [12], [99]

AP
(3) average # of positive emotions per | Aldn, AGnd [153]
sentence
(4) average # of negative emotions per | Aldn, AGnd [153]
sentence
(5) neutral sentiments and attitudes Aldn, AP [48]
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2.3.4 Stylometric features

Stylometric features are a sub-class of linguistic features that measure specific stylistic elements
within the text. These features include the length of the text, readability formulas, lexical di-
versity measures, word and sentence count, and number of syllables. Table 2.9 illustrates the

diverse stylometric aspects considered in the analysis.

Table 2.9: Set of stylometric features used in AA tasks.

Feature Task Reference
STYLOMETRY
(1) length of the text Aldn, AP [48]
(2) readability formulas Aldn, AP [110], [48]
(3) lexical diversity Aldn, AGnd, | [48], [151], [138], [100], [153], [42], [155], [110],
AGnr, AP, AV (371, [13], [173], [132], [115], [14], [17]
(4) number of sentences Aldn, AP, AV, | [48], [8], [6], [139], [5], [155], [37], [11], [99],
AGnd [176], [62], [112], [24]
(5) number of words Aldn, AP, AGnd, | [48], [8], [62], [110], [112], [138], [153], [24],
AV (5], [64], [37], [13], [11], [129], [21], [99], [130],
[87], [16], [17]
(6) number of words in uppercase Aldn, AP [81, [24], [48]
(7) number of syllables Aldn, AP, AGnr [48], [109], [86]
(8) punctuation symbols Aldn, AP, AGnd, | [48],[8], [151], [7], [110], [149], [112], [93], [61],
AV [100], [153], [42], [24], [5], [155], [13], [173],
[40], [129], [65], [99], [87], [134], [16], [17]

Word embeddings represent the word distributions that different authors use in the vector
space and have proven to be powerful techniques for analyzing authorship. Word embedding
models that have been effective in this task include Word2Vec [38, 62], GloVe [38, 62, 110],
Skip-Gram model [38, 80], BERT [48], and fastText [38, 80, 62, 110]. Various tasks in authorship

analysis have used these features to provide distinct perspectives on authorship characteristics.
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2.4 Authorship-detection methodologies

This section focuses on the relationship between methods, datasets, and features and how
their combination impacts the results in different authorship-related tasks. Researchers used
computational models and learning algorithms to identify linguistic patterns and features in
written texts. We investigated various methodologies that have demonstrated efficacy in un-
derstanding different aspects related to authorship. This study explores various authorship
detection techniques, highlighting their strengths and limitations and providing insights on se-
lecting the most effective method based on the task and available data. Figure 2.3 illustrates

the various methods used in authorship-related tasks.

Bayesian classifiers
Support vector machines

Tree-based classifiers

Machine-learning Regression

Nearest-neighbors
Ensemble algorithm

AA methods Clustering-based algorithm

Multi layer perceptron
Deep-learning < Recurrent neural network
Convolutional neural network

Figure 2.3: Methods used for AA-related tasks.

2.4.1 Machine learning-based methods

Machine learning provides powerful tools to learn patterns and features from data. Researchers
have used a variety of ML-based algorithms within the authorship detection domain. This sec-
tion explores various ML-based methods used for AA and its related tasks, including classifica-

tion algorithms and ensemble-based models.
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2.4.1.1 Classification-based algorithms

Classification algorithms are significant in analyzing authorship. They identify patterns within
textual data to categorize texts into predefined classes. Through this exploration, we aim to
investigate the characteristics, limitations, and applications of various classification algorithms
in authorship tasks. Table 2.10 presents methodologies used in tasks related to authorship in
different languages. It details the different types of algorithms, the data used for analysis, the

features extracted, and the performance achieved.

Table 2.10: Machine learning-based methods in authorship-related tasks: classi-

fication.
Reference | AA Dataset Number of | Language | Features Algorithm | Performance
task classes
[10] Aldn tweets 100 au- | English n-grams SVM, kNN 98%, 97%
thors
[14] Aldn news 50 authors | English n-grams, POS-tags, | kNN 63.11%
stories lexical, syntactic,
semantic, structural
features
[20] AGnd tweets 463 users Greek word features NB, kNN 69%, 57%
[64] Aldn books 7 authors Arabic n-grams, lexical, | DT 88.73%
syntactic, semantic,
structural elements
[81] AGnd SMS unknown English word features NB, DT 66.59%,
mes- 79.1%
sages
[85] AGnd chat 1616 users Turkish keywords, mis- | NB, SVM, | 65.2%,
mes- spelled words, | DT, LR 83.5%,
sages slang, emoticons, 79.5%,
gender-specific 83.2%
terms

(continued on next page)
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Table 2.10: Machine learning-based methods: classification (continued).
Reference | AA Dataset Number of | Language | Features Algorithm | Performance
task classes
[86] AGnr web 3 genres Telugu character n-grams NB, SVM 97.3%, 98%
pages
[110] Aldn news ar- | 94 authors | Urdu lexical features, n- | NB, SVM, | 74.5%, 55%,
ticles grams LR 86.9%
[112] Aldn essays 3 authors English word bigrams SVM 100%
[115] AGnr product 2 genres English n-grams, linguistic | NB, SVM, | 85%,
reviews features LR, kNN 87.84%,
87.63%,
79.37%
[128] Aldn literary 3 authors Bengali word unigrams NB, 97.60%
texts
[128] Aldn books 45 authors | English POS-based features | SVM, LR 77%, 74%
[129] Aldn news 50 authors | Persian lexical attributes, n- | NB 65.9%
stories grams, POS tags
[129] Aldn news 5 authors English lexical attributes, n- | kNN 82.4%
stories grams, POS tags
[134] Aldn blog 10 authors | English POS-related, lexical, | SVM 97%
posts syntactic, structural,
content-specific,
idiosyncractic,
morphological
features
[138] Aldn online 90 authors | Urdu lexical features, n- | kNN 94.03%
news grams
[151] Aldn emails 2 authors English lexical, structural, | SVM 87.43%
content-specific
features

(continued on next page)
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Table 2.10: Machine learning-based methods: classification (continued).

Reference | AA Dataset Number of | Language | Features Algorithm | Performance
task classes
[170] Aldn hotel 4,521users | English word n-grams SVM 90.5%
and
restau-
rant
reviews
[176] Aldn books 10 authors | English lexical, syntactic, lin- | SVM, kNN 97.52%,
guistic, morphologi- 79.63%
cal characteristics
[176] Aldn news 50 authors | English n-grams SVM 78.67%
stories

2.4.1.2 Ensemble machine learning algorithms

In AA, ensemble algorithms have become very effective tools that combine the insights from
several individual models to improve prediction performance. These techniques come in differ-
ent forms, such as bagging, boosting, and stacking, to address different aspects of classification
challenges. We investigate the application of ensemble algorithms in the context of AA and pro-
vide insights into their effectiveness and performance. Table 2.11 presents the ensemble-based

algorithms utilized in different tasks related to authorship.

Table 2.11: Machine learning-based methods in authorship-related tasks: ensem-
ble algorithms.

Reference | AA Dataset Number of | Language | Features Algorithm | Performance
task classes
[144] AGnd essays 1145  au- | Russian morphological, ExtraTrees | 72%
thors syntactic, emotion-
based features

(continued on next page)
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Table 2.11: Machine learning-based methods: ensemble algorithms (continued).
Reference | AA Dataset Number of | Language | Features Algorithm | Performance
task classes
[129] Aldn news ar- | 5 authors English lexical features, n- | RF 97.6%
ticles grams
[110] Aldn news ar- | 15 authors | Urdu multi-level text | RF 97.9%
ticles analysis
[151] Aldn emails 2 authors English lexical, structural, | RF 90.10%
content-specific
features
[85] AGnd chat 1616 users | Turkish word-based fea- | RF 79.1%
mes- tures
sages
[115] AGnr product 2 genres English n-grams, linguistic | RF 98%
reviews features
[86] AGnr web 3 genres Telugu character n-grams RF 98%
pages
[91] AV literary 2 classes Spanish rhythmic features RF 78.4%
texts
[151] Aldn emails 2 authors English lexical, n-grams, | Gradient 90.09%
structural, syntactic, | Boosting
content-specific
attributes
[149] Aldn chat 441 users English n-grams, POS- | Bagging 95.42%
mes- related, social | and Boost-
sages network-specific ing
features
[40] Aldn tweets 20 authors | English n-grams, syntactic | Stacked 85%
features ensem-
ble of LR
classifiers

(continued on next page)
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Table 2.11: Machine learning-based methods: ensemble algorithms (continued).
Reference | AA Dataset Number of | Language | Features Algorithm | Performance
task classes
[37] AGnd emails 50 authors | English lexical, syntactic, | AdaBoost 85.13%
structural features,
function words
[115] AGnr product 2 genres English n-grams, linguistic | AdaBoost 93.01%
reviews features
[91] AV literary 2 classes Spanish rhythmic features AdaBoost 88.3%
texts

2.4.2 Deep learning-based methods

Recently, DL-based methods have become effective for authorship analysis. They aim to ex-

tract complex relationships and patterns from textual data. However, these approaches often

require large amounts of data and significant computational resources for training and predic-

tion. Table 2.12 provides an overview of DL-based methods used in AA-related tasks in different

languages. It details the various algorithms, the data used for analysis, the features extracted,

and the performance results.

Table 2.12: Deep learning-based methods in authorship-related tasks.

Reference | AA task Dataset Number of | Language Algorithm Performance
classes

[66] Aldn news articles 5 authors Bengali MLP 90.2%

[38] Aldn online posts 6 authors Bengali CNN 92.9%

[50] Aldn news articles unknown English GRU 96.65%

[69] Aldn fragments  of | 25 authors English CNN, LSTM 78.76%

novels
[48] AGnd tweets 385 authors Spanish BERT 80.6%

(continued on next page)




2.5. AA systems for low-resource languages 37

Table 2.12: Deep learning-based methods in authorship-related tasks (continued).

Reference | AA task Dataset Number of | Language Algorithm Performance
classes

[178] Aldn poetry 2 authors Chinese Transformers 94.6%

[134] Aldn news articles 10 authors English Transformers 94%

2.5 AA systems for low-resource languages

Authorship-related tasks present significant challenges when dealing with low-resource lan-
guages due to the limited availability of training data. This problem has been the subject of
numerous studies. Misini et al. [104] have outlined various techniques applied in authorship-
related tasks across diverse languages. Table 2.13 provides a detailed analysis of AA tasks across
under-resourced languages, comparing datasets, features, methods, and performance and of-

fering insights into the evolution of methodologies.

2.6 Conclusion

We conclude the chapter by reviewing previous research on AA and its tasks. Extensive research
has been done on Aldn and AGnd tasks in many languages, demonstrating the applicability of
various ML methods. On the other hand, AV and AGnr represent less explored areas, offering
possible directions for future exploration.

Many experiments have been done with different groups of features in the task of author-
ship attribution, while psycho-linguistic features have played an important role in gender identi-
fication. Rhythmic and morphological features which represent literary elements and linguistic
structures, have been used primarily in author verification and genre classification tasks.

Methods include traditional ML algorithms and more recent DL techniques. Modern ap-

proaches are used in author and gender identification tasks. Different methods are used in
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languages with high resources, while specialized techniques are used in languages with low

resources to overcome the challenges of data scarcity.

Different types of documents, including literary works, online discussions, and formal doc-
uments, were used for different analysis objectives. High-resource languages often use ready-
made corpora, while low-resource languages focus on online texts such as tweets, news arti-
cles, and novels. These data provide valuable insights into various aspects of authorship.

Various features were used to capture authors’ unique writing patterns, including lexical,
structural, syntactic, and semantic elements. DL-based methods have been used with word
embedding models such as Word2Vec, BERT, and fastText, which effectively characterize writing
styles through authors’ unique distributions of words.

In conclusion, AA exploration reflects diversity in tasks, methodologies, and linguistic ele-
ments. This chapter is a foundation for subsequent chapters, evaluating methodologies and
contributing to a comprehensive understanding of the AA problem and related tasks. The dy-
namic nature of AA presents the potential for new knowledge, methods, and advancement of

understanding in the field.
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Chapter 3

Data collection and corpus creation

The chapter presents the book scanning and web scraping techniques and details the data col-
lection and corpus creation process in Section 3.2. Section 3.3 considers the data cleaning and
pre-processing techniques to prepare the data for further analysis. Section 3.4 provides an
overview of the corpora specifications. In conclusion, Section 3.5 concludes the chapter and

identifies potential directions for future research.

3.1 Introduction

Authorship analysis presents a significant challenge with considerable research within NLP. De-
spite the developments in analyzing authorship, the need for appropriate datasets for resource-
limited languages hinders the evaluation of existing methods. To overcome this gap, we inves-
tigate AA in the Albanian language.

Albanian is a specific category in the Indo-European language family. It has a long history of
literature and an expanding library of digital content, but there is limited research in this lan-
guage. The literature review highlights the need for an explicitly designed corpus to investigate
AA tasks in Albanian.

This chapter presents the methodology for compiling the novel AA dataset created for the
low-resource Albanian language. The corpus creation process in the next section answers the

following research question:
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1. How could a novel authorship analysis corpus be compiled for a low-resource language

like Albanian?

This chapter introduces the Albanian corpus (A3C3) explicitly designed for AA in Albanian.
This dataset addresses the limited availability of data to enable Albanian AA research. The cor-
pus is fundamental for analyzing authorship and identifying characteristic elements in Albanian
written content.

The corpus includes newsroom columns, social media posts, and literary writings. This va-
riety was selected to represent language use in various contexts, enabling the examination of
AA techniques across different writing styles. Newsroom columns were selected for their ex-
tensive vocabulary from various topics. They are easily accessible to the public at no cost and
with fewer restrictions on use. Newsroom columns have also been used in the classification
of Albanian texts [76, 77], the identification of fake news [34], our work in authorship identi-
fication [105, 106], and other AA tasks [110, 138, 173, 129, 50, 15, 66]. Literary works enable
the examination of AA techniques in more nuanced and figurative language. These texts [118]
exhibit a unique linguistic style and provide a variety of genres and themes. On the other hand,
the informal and spontaneous nature of social media posts provides a rich source of language
use. The variety in language patterns can provide valuable insights into the author’s style and

preferences.

3.2 Data collection methodology

Authorship analysis requires a collection of textual works that have been attributed to different
classes. Such corpora must be carefully chosen considering their size, the type of texts and
classes they represent, and their alignment with the research questions [63, 101]. The dataset
makes it possible to thoroughly analyze various AA strategies in different scenarios.

The data collection methodology uses a hybrid approach that combines web scraping and
book scanning techniques. As illustrated in Figure 3.1, the process involves several steps to cre-
ate the necessary datasets. The web scraping technique is used to extract textual content from

news websites and social media, resulting in a list of newsroom columns and social media posts.
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We used a different approach to data collection through book scanning. Various literary pieces
were digitized, including novels, poems, and short stories. Collected newsroom columns, social
media posts, and literary works were prepared for feature extraction and subsequent AA anal-
ysis. With mixed textual content, this collection is a valuable resource for analyzing Albanian

authorial characteristics and writing styles.

social media
posts

newsroom
columns
web scraping

a list of columns and
posts from social media

Bl&I&
using techniques \_'__

a list of literary works — .

data collection

f/’i1 @ from contemporary d

— i ata preparation
< . QX% literature authors prep
book scanning literary works

Figure 3.1: Process of building the A3C3 corpus.

3.2.1 Book scanning process

Our approach used book scanning to collect literary pieces from different contemporary au-
thors. This process transforms physical books into digital format by capturing images of the
pages and converting them to text using OCR technology. The process resulted in an extensive

corpus of numerous Albanian literary works.

3.2.1.1 Literary works

Considering the need for a corpus, we focused on selecting books for scanning within the Uni-
versity of Prizren’s library. This repository has an extensive collection of contemporary literary
pieces in Albanian and was an ideal source for our objective.

The book scanning process began with carefully selecting books from the library’s collection
and identifying volumes by prominent writers of contemporary Albanian literature. We focused
on authors with a significant writing presence within the library. The authors chosen from

modern literature represent different literary styles and genres.
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After selecting the writings from contemporary authors, the books were scanned using the
Viisan scanner with the Cambook application. The Viisan scanner can transform significant
volumes of printed books and manuscripts into digital form. Cambook software uses a high-
resolution camera to capture the details of each page within a book.

We used a strategic method to handle the copyright issues during the book scanning. The
approach was systematic, scanning every five pages of the book. This approach effectively
limited the collected content following copyright rules while enabling the creation of a repre-
sentative set of the author’s writing style.

The sequential scanning took about a month, resulting in a complete and accurate scan
of all the selected books. This approach ensured the quality and accuracy of the digitization
process. After scanning, books were saved as digital files, with a separate image file for each
page. The next step was to convert the image files to text format using UTF-8 encoding, which
is compatible with Albanian text. We used OCR technology to convert the scanned images into
editable text. The OCR process was performed using the CamBook application’s integrated
software designed to accurately recognize text in several languages, including Albanian.

Following the OCR procedure, we performed a manual evaluation to ensure the quality of
the text files. This validation examined the scanned pages to identify any missing text, inaccu-
racies in the OCR output, or potential errors from the scanning process. Corrections, whenever
necessary, were made manually, either re-scanning the specific pages or manually editing the
scanned files. As a result, the corpus of literary texts is a valuable resource for studying AA in

Albanian. Figure 3.2 illustrates the book scanning process.

3.2.2 Web scraping process

Web scraping enables the efficient extraction of substantial textual content from online sources.
We created a custom web scraper to automate website information retrieval. The web scrap-
ing procedure used a semi-automated approach, combining automated data extraction with

manual source identification to produce a thorough and effective process.
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Figure 3.2: Process of building the A3C3 corpus (literary works).

3.2.2.1 Newsroom columns

The web scraping technique was used to collect the newsroom column data across diverse

websites. First, we identified target web pages by searching online news portals that regularly

publish Albanian newsroom columns. We selected multiple news websites to ensure a diverse

set of columns. Among the primary sources selected for data collection were "javanews.al,"

"shenja.tv," "telegrafi.com," "koha.net," "syri.net," and "portalb.mk." The automated part of

the web scraper used the "selenium" Python library to extract data from selected web pages.

A list of column links is retrieved from particular web portals to ensure the collected data is

unique by removing duplicates. After receiving the list of column links, the web scraper goes

through each link and extracts the content of the corresponding columns. This process involved
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sending HTTP requests to specific websites and extracting content from the columns by parsing
the resulting HTML code. The data was saved in a CSV file with UTF-8 encoding compatible with
the Albanian text.

We have extracted the metadata for the columns, including the title, author, and date.
Then, data pre-processing was applied to the scraped data to eliminate irrelevant information
and format it correctly under the corpus’s specifications. It included removing URLs, HTML tags,
and whitespaces from the text. To maintain the integrity of the corpus, columns hidden behind
subscriptions or registrations, referred to as premium content, were excluded. It ensured that
the resulting corpus was accessible to the public.

The web scraper facilitated the data collection process by reducing manual work and gen-
erating a significant volume of data in a short time. The result was a large and diverse corpus
of Albanian columns designed explicitly for AA research. Figure 3.3 illustrates the web scraping

procedure.

3.2.2.2 Social media posts

We followed a multi-step approach to collect a corpus of social media posts from Facebook
pages. It included identifying numerous active user profiles of native Albanian speakers who
regularly share content in the Albanian language.

To build a corpus for authorship investigations in Albanian, we identified a collection of
Facebook pages attributed to public figures and everyday users. It provided profiles related to
ongoing events and trending topics.

We used web scraping for data collection from Facebook pages through specialized soft-
ware tools. The Python-based library Facebook page scraper was employed to automate this
process. Considering Facebook’s requirement for user login to access its content, we used a
proxy service to simulate a user’s presence during the data collection. The script was executed
for each user profile, accessing Facebook posts through a proxy service to configure the con-
nection. To ensure a balanced load on the server and prevent possible blocks, we incorporated

an intentional delay of seconds between requests.
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Figure 3.3: Process of building the A3C3 corpus (newsroom columns).

The scraping process began with a preliminary task: counting the posts associated with
each user. Some user profiles were private, and we excluded them from the data collection
process. Using the web scraper, we extracted different data elements from each post. These
included the textual content of the post, the author’s name, timestamp, and some associated
metadata, including indicators such as likes, shares, and comments. The received data was
stored in CSV files using UTF-8 encoding compatible with Albanian text. The collected data un-
derwent cleaning and pre-processing, eliminating non-textual elements such as images, HTML
tags, and extra white spaces. To maintain the quality of the corpus, we eliminated some irrele-
vant data, including non-Albanian content and posts shared by multiple users. Data collection

and corpus creation resulted in a novel Albanian dataset designed for AA research. Figure 3.4
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Figure 3.4: Process of building the A3C3 corpus (social media posts).

Theicons used in the visual representations of the corpus creation for each dataset, feature
engineering (Chapter 4), and methodology for AA tasks (Chapter 5) are sourced from the Noun

Project [127].

3.3 Data cleaning and pre-processing techniques

The dataset we used for our experiments combines social media posts, newsroom columns,
and literary works written in Albanian. The corpus underwent pre-processing to maintain data
quality and consistency [30]. The first phase involved data cleaning to prepare the data for

subsequent analysis, as described in Section 3.2. These operations include removing irrelevant
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information, duplicate and null values, and correcting errors resulting from the OCR process.
In addition, we processed the data to keep the complete information and the nuances of the
author’s writing style. By maintaining the original structure of lowercase letters, punctuation,

and other special characters, it was possible to preserve the linguistic patterns of the authors.

3.4 Corpus description and organization

The A3C3 corpus is a collection of newsroom columns, social media posts, and literary writ-
ings. Subsequent chapters elaborate on the specifications for each dataset and explore exper-
iments on authorship analysis and related tasks. The specifications describe three basic levels
of language-related data from the corpus: corpus size, authorship-related task statistics, and
POS-related data.

Prior studies have examined the POS tagging in Albanian [75, 74, 83]. However, this cor-
pus extracts the POS-related information using an internally developed POS tagger. The tagger
was trained on a wide range of texts written in Albanian using deep learning and achieved an
impressive F1 score of 97%. The tagset in the corpus includes 58 distinct POS tags, such as ab-
breviations, adjectives, adverbs, articles, conjunctions, interjections, nouns, cardinal and deci-
mal numbers, prefixes and suffixes, pronouns, prepositions, particles, verbs, and punctuation.
These tags provide insights into the words’ grammatical classification and contextual function.

The A3C3 corpus is an extensive collection of texts in Albanian from different domains for
authorship analysis and research. The corpus presents a valuable resource for investigating
the AA field and its tasks in the Albanian language. Appendix A provides representative text

samples of the corpus.

3.5 Conclusion and future work

Albanian has received limited research as a linguistically underrepresented language in NLP.
To address this problem, we presented the first reference corpus specifically designed for AA

in Albanian. Our efforts focused on creating a diverse and representative corpus of literary



50 Chapter 3. Data collection and corpus creation

works, newsroom columns, and social media posts. Mixing these text types has resulted in a
rich dataset that captures different writing styles, genres, and linguistic patterns. The diver-
sity in our corpus makes it possible to better understand the relationship between different
writing styles and linguistic characteristics. The corpus aims to advance research in a linguisti-
cally underrepresented context by revealing different aspects of authorship. It bridges the gap
between language and technology, providing valuable insights into the Albanian literary and
digital context.

Continuous progress and expansion of the corpus, including an extensive set of genres and
language styles, will ensure its relevance. Creating language resources from our corpus will
expand its impact within the research community. Future work promises diverse opportunities

to advance AA and computational linguistics within the context of the Albanian language.
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Chapter 4

Feature engineering

This chapter explores the feature engineering process for authorship analysis in Albanian. In
Section 4.2, we detail the process of extracting a set of crafted features, including linguistic,
domain-specific, psycho-linguistic, and stylometric attributes. Section 4.3 outlines the lan-
guage models utilized for experiments. The feature selection techniques described in Section
4.4 reduce the dimensionality of the feature space to improve the model’s effectiveness. Fi-

nally, in Section 4.5, we conclude the chapter and provide future directions in exploring AA.

4.1 Introduction

Authorship analysis task identifies the author of a written work based on stylistic features.
Feature engineering is a critical process in this task, which involves extracting different text
features to identify unique characteristics of writers. We carefully select a set of features to
extract meaningful patterns about an author’s writing style, linguistic elements, and psycho-
logical characteristics.

This study focused on three feature categories: linguistic, domain-specific, and psycho-
linguistic features (Figure 4.1). Linguistic elements include a language’s lexicon, morphology,
and syntax. Domain-specific features consider the context of the text, such as gender-related
or social network attributes. Psycho-linguistic features represent the psychological elements

present in the text. This research aims to identify language-related patterns and distinctive
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writing characteristics specific to each writer by analyzing various aspects of authorship in the
syntactic
Linguistic < morphological
lexical

Feature engineering Psycho-linguistic

Albanian language.

rhythmic

idiosyncratic

content-specific
Domain-specific . i

social network-specific

gender-related

structural

Figure 4.1: Feature categories used in different authorship-related tasks.

4.2 Feature extraction

The feature extraction process in this study involves several steps. Figure 4.2 illustrates the
feature extraction pipeline. First, we calculate the most frequent words in the dataset, repre-
senting the dominant lexical elements. Then, using POS tagging, we analyze the author’s syn-
tactic preferences. Understanding grammatical writing rules and processing syntactical chunks
provide significant information about the author’s writing patterns and sentence structure. In
addition, the feature extraction process includes searching for gender-related POS tags and

words, content-specific word categories, and LIWC vocabulary words. Appendix B provides lists
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of specific words in the feature set. The data is organized into folders and prepared for subse-

guent analysis. The feature extraction process enables authorship analysis, revealing different

characteristics and patterns within textual data.
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Figure 4.2: Process of feature engineering.

4.2.1 Linguistic features

Linguistic features represent the fundamental category of attributes, including lexical, mor-

phological, and syntactic aspects of language. Its elements are detailed in Figure 4.3. Lexical

features provide information about an author’s vocabulary diversity and patterns when select-

ing words. On the other hand, morphological features examine the structure and formation of

words, including inflections, prefixes, suffixes, and word stems. The syntactic analysis includes

patterns of syntactic and grammatical structures.

4.2.2 Domain-specific features

Domain-specific features provide valuable information in identifying the author of a text within

a specific context. Figure 4.4 represents the features within the domain-specific category.

Gender-based features identify patterns in linguistic differences between male and female
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Figure 4.3: Linguistic features used in different authorship-related tasks.
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authors. Social network-specific characteristics analyze writing patterns on social media plat-
forms, including elements such as hashtags, mentions, emoticons, and URL links. On the other
hand, idiosyncratic features display unique linguistic patterns or traits specific to individual au-
thors, such as slang terms. Rhythmic features examine the emphasis and punctuation patterns
in a text to identify the rhythm and repetition style of the writer. Content-specific features pro-
vide domain-specific information related to the analyzed text. These features include specific
terminology or language related to a particular field. Structural features provide information

about the organization of an author’s writing and the general text structure.
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lines, sentences
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Figure 4.4: Domain-specific features used in different authorship-related tasks.
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4.2.3 Psycho-linguistic features

Psycho-linguistic features explore the author’s psychological state, emotional expressions, and
cognitive and social processes. Figure 4.5 illustrates different psycho-linguistic features used
in tasks related to authorship. LIWC features are used in the psycho-linguistic analysis of text
based on psychological and linguistic dimensions. These characteristics include positive and

negative emotions, cognitive processes, and social elements.

Psycho-linguistic

LIWC features
[ I I T T T 1
positive negative neutral sentiment social cognitive time
emotions emotions emotions score processes processes concepts

Figure 4.5: Psycho-linguistic features used in different authorship-related tasks.

4.2.4 Stylometric features

Stylometric attributes capture various aspects of an author’s writing style, including writing
habits, punctuation patterns, and syntactic elements. Figure 4.6 shows the stylometric features

used in different authorship tasks.

Feature Extraction

Linguistic Domain-specific Psycho-linguistic
|
|
Stylometry
|
I T T T T T T 1
lexical word syntactic POS punctuation capitalization  function structural
richness  frequencies  patterns  distributions usage features words elements

Figure 4.6: Stylometric features used in different authorship-related tasks.

Table 4.1 presents the complete set of extracted features carefully selected for their rele-
vance to the AA tasks. These features were manually engineered and programmed with careful

attention and precision.
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Table 4.1: Proposed feature sets and description.

Nr. Features Total nr-F

1 LINGUISTIC FEATURES

1.1. Lexical features / Character-based
total number of characters (1), lowercase letters (1), lowercase letters-digraphs (1), upper- | 18
case letters (1), uppercase letters-digraphs (1), vowels (1), consonants (1), digits (1), white
spaces (1), special characters (1), punctuations (1), elongation characters (1), diacritics (1),
pronouns short forms (1), diphthongs (1), non-alphabetic characters (1), non-punctuation
characters (1), non space characters (1)
percentage of lowercase letters (1), lowercase letters-digraphs (1), uppercase letters (1), | 17
uppercase letters-digraphs (1), vowels (1), consonants (1), digits (1), white spaces (1), spe-
cial characters (1), punctuations (1), elongation characters (1), diacritics (1), pronouns short
forms (1), diphthongs (1), non-alphabetic characters (1), non-punctuation characters (1), non
space characters (1) out of total characters
Herfindahl index of characters (1), lowercase letters (1), uppercase letters (1), vowels (1), | 9
consonants (1), digits (1), special characters (1), punctuations (1), diacritics (1)
Gini index of characters (1), lowercase letters (1), uppercase letters (1), vowels (1), conso- | 9
nants (1), digits (1), special characters (1), punctuations (1), diacritics (1)
Entropy of characters (1), lowercase letters (1), uppercase letters (1), vowels (1), consonants | 9
(1), digits (1), special characters (1), punctuations (1), diacritics (1)
frequency of character lowercase unigrams (36), most common character lowercase bi-and | 345
trigrams (2*100), character uppercase unigrams (36), digits (0-9) (10), special characters
(%,$,&) (23), punctuations (., ? ! ...) (9), diacritics (8), pronouns short forms (m’, n’, s’) (3),
diphthongs (ai, au, ei, eu, io, oi, ua, ue) (20)

1.2. Lexical features / Word-based
total number of words (1), unique words (1), capitalized words (1), uppercase words (1), ha- | 11
pax legomena (1), hapax dislegomena (1), elongated words (1), syllables (1), complex words
(1), long words (1), short words (1)
percentage of unique words (1), capitalized words (1), uppercase words (1), hapax legomena | 8

(1), hapax dislegomena (1), elongated words (1), syllables (1), complex words (1), long words

(1), short words (1) out of total words

(continued on next page)
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Table 4.1: Proposed feature sets and description (continued).
Nr. Features Total nr-F
ratio of capitalized words (1), uppercase words (1), hapax legomena (1), hapax dislegomena | 9
(1), elongated words (1), syllables (1), complex words (1), long words (1), short words (1) to
number of unique words
Herfindahl index of capitalized words (1), uppercase words (1), elongated words (1), complex | 6
words (1), long words (1), short words (1)
Gini index of capitalized words (1), uppercase words (1), elongated words (1), complex words | 6
(1), long words (1), short words (1)
Entropy of capitalized words (1), uppercase words (1), elongated words (1), complex words | 6
(1), long words (1), short words (1)
most frequent word unigrams (50), bigrams (30), and trigrams (20), elongated words (20), | 220
complex words (20), long words (20), word length frequency distribution (m length words)
(60)
vocabulary richness - type-token ratio (1), Yule’s K (1), Honore’s R (1), Simpson’s D (1), Sichel’s | 7
S (1), Brunet's W (1), Entropy measure (1)
average number of characters (1), vowels (1), consonants (1), elongation characters (1), syl- | 7
lables (1), diacritics (1), pronouns short forms (1) per word
1.3. Morphological features / POS-related
total number of function words (1), content words (1), stopwords (1), conjunctions (2), ab- | 28
breviations (1), suffixes and prefixes (1), adjectives (1), adverbs (1), articles (2), interjections
(2), nouns (1), proper nouns (1), cardinal numbers (1), pronouns (1), prepositions (2), parti-
cles (2), modal verbs (2), imperative verbs (1), past participle verbs (1), auxiliary verbs (2),
verbs (1)
percentage of function words (1), content words (1), stopwords (1), conjuctions (2), abbrevi- | 28

ations (1), sub-words (1), adjectives (1), adverbs (1), articles (2), interjections (2), nouns (1),
proper nouns (1), cardinal numbers (1), pronouns (1), prepositions (2), particles (2), modal
verbs (2), imperative verbs (1), past participle verbs (1), auxiliary verbs (2), verbs (1) out of

total words

(continued on next page)




4.2. Feature extraction

59

Table 4.1: Proposed feature sets and description (continued).

Nr.

Features

Total nr-F

ratio of function words (1), content words (1), stopwords (1), conjuctions (2), abbreviations
(1), sub-words (1), adjectives (1), adverbs (1), articles (2), interjections (2), nouns (1), proper
nouns (1), cardinal numbers (1), pronouns (1), prepositions (2), particles (2), modal verbs
(2), imperative verbs (1), past participle verbs (1), auxiliary verbs (2), verbs (1) to number of

unique words

28

Herfindahl index of function words (1), content words (1), stopwords (1), conjunctions (2),
abbreviations (1), suffixes and prefixes (1), adjectives (1), adverbs (1), articles (2), interjec-
tions (2), nouns (1), proper nouns (1), cardinal numbers (1), pronouns (1), prepositions (2),
particles (2), modal verbs (2), imperative verbs (1), past participle verbs (1), auxiliary verbs

(2), verbs (1)

28

Gini index of function words (1), content words (1), stopwords (1), conjunctions (2), abbre-
viations (1), suffixes and prefixes (1), adjectives (1), adverbs (1), articles (2), interjections (2),
nouns (1), proper nouns (1), cardinal numbers (1), pronouns (1), prepositions (2), particles
(2), modal verbs (2), imperative verbs (1), past participle verbs (1), auxiliary verbs (2), verbs

(1)

28

Entropy of function words (1), content words (1), stopwords (1), conjunctions (2), abbrevi-
ations (1), suffixes and prefixes (1), adjectives (1), adverbs (1), articles (2), interjections (2),
nouns (1), proper nouns (1), cardinal numbers (1), pronouns (1), prepositions (2), particles
(2), modal verbs (2), imperative verbs (1), past participle verbs (1), auxiliary verbs (2), verbs

(1)

28

frequency of POS unigrams (42), bigrams, and trigrams (2*20)

82

average number of content words (1), function words (1), stopwords (1), conjunctions (2),
abbreviations (1), suffixes and prefixes (1), unique pos types (1), adjectives (1), adverbs (1),
articles (2), interjections (2), nouns (1), proper nouns (1), cardinal numbers (1), pronouns (1),
prepositions (2), particles (2), modal verbs (2), imperative verbs (1), past participle verbs (1),

auxiliary verbs (2), and verbs (1) per sentence

29

(continued on next page)
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Table 4.1: Proposed feature sets and description (continued).

Nr.

Features

Total nr-F

average number of content words (1), function words (1), stopwords (1), conjunctions (2),
abbreviations (1), suffixes and prefixes (1), unique pos types (1), adjectives (1), adverbs (1),
articles (2), interjections (2), nouns (1), proper nouns (1), cardinal numbers (1), pronouns (1),
prepositions (2), particles (2), modal verbs (2), imperative verbs (1), past participle verbs (1),

auxiliary verbs (2), and verbs (1) per line

29

lexical density (1), ratio of unique words and unique pos types (1)

1.4.

Morphological features / Inflectional forms

total number of feminine gender pos types (1), masculine gender pos types (1), singular
words (1), singular adjectives (1), singular nouns (1), singular all verbs (1), singular auxilary
verbs (1), singular verbs (1), plural words (1), plural adjectives (1), plural nouns (1), plural all
verbs (1), plural auxilary verbs (1), plural verbs (1), 1st person pos types (1), 2nd person pos

types (1), 3rd person pos types (1)

17

percentage of feminine gender pos types (1), masculine gender pos types (1), singular words
(1), singular adjectives (1), singular nouns (1), singular all verbs (1), singular auxilary verbs
(1), singular verbs (1), plural words (1), plural adjectives (1), plural nouns (1), plural all verbs
(1), plural auxilary verbs (1), plural verbs (1), 1st person pos types (1), 2nd person pos types

(1), 3rd person pos types (1) out of total words

17

ratio of feminine gender pos types (1), masculine gender pos types (1), singular words (1),
singular adjectives (1), singular nouns (1), singular all verbs (1), singular auxilary verbs (1),
singular verbs (1), plural words (1), plural adjectives (1), plural nouns (1), plural all verbs (1),
plural auxilary verbs (1), plural verbs (1), 1st person pos types (1), 2nd person pos types (1),

3rd person pos types (1) to number of unique words

17

Herfindahl index of feminine gender pos types (1), masculine gender pos types (1), singular
words (1), singular adjectives (1), singular nouns (1), singular all verbs (1), singular auxilary
verbs (1), singular verbs (1), plural words (1), plural adjectives (1), plural nouns (1), plural all
verbs (1), plural auxilary verbs (1), plural verbs (1), 1st person pos types (1), 2nd person pos

types (1), 3rd person pos types (1)

17

(continued on next page)
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Table 4.1: Proposed feature sets and description (continued).

Nr.

Features

Total nr-F

Gini index of feminine gender pos types (1), masculine gender pos types (1), singular words
(1), singular adjectives (1), singular nouns (1), singular all verbs (1), singular auxilary verbs
(1), singular verbs (1), plural words (1), plural adjectives (1), plural nouns (1), plural all verbs
(1), plural auxilary verbs (1), plural verbs (1), 1st person pos types (1), 2nd person pos types

(1), 3rd person pos types (1)

17

Entropy of feminine gender pos types (1), masculine gender pos types (1), singular words
(1), singular adjectives (1), singular nouns (1), singular all verbs (1), singular auxilary verbs
(1), singular verbs (1), plural words (1), plural adjectives (1), plural nouns (1), plural all verbs
(1), plural auxilary verbs (1), plural verbs (1), 1st person pos types (1), 2nd person pos types

(1), 3rd person pos types (1)

17

average number of feminine gender pos types (1), masculine gender pos types (1), singular
words (1), singular adjectives (1), singular nouns (1), singular all verbs (1), singular auxilary
verbs (1), singular verbs (1), plural words (1), plural adjectives (1), plural nouns (1), plural all
verbs (1), plural auxilary verbs (1), plural verbs (1), 1st person pos types (1), 2nd person pos

types (1), and 3rd person pos types (1) per sentence

17

average number of feminine gender pos types (1), masculine gender pos types (1), singular
words (1), singular adjectives (1), singular nouns (1), singular all verbs (1), singular auxilary
verbs (1), singular verbs (1), plural words (1), plural adjectives (1), plural nouns (1), plural all
verbs (1), plural auxilary verbs (1), plural verbs (1), 1st person pos types (1), 2nd person pos

types (1), and 3rd person pos types (1) per line

17

1.5.

Syntactic features

total number of syntactic features (1)

Herfindahl index of syntactic features (1)

Gini index of syntactic features (1)

Entropy of syntactic features (1)

frequency of nominal, verbal, prepositional, adjectival, and adverbal chunks (I-O-B tags)

(9), syntactic writing rules (911)

920

DOMAIN-SPECIFIC FEATURES

21.

Gender-based

(continued on next page)
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Table 4.1: Proposed feature sets and description (continued).

Nr.

Features

Total nr-F

total number of feminine adjectives (1), feminine nouns (1), masculine adjectives (1), mas-
culine nouns (1), feminine pronouns (1), masculine pronouns (1), feminine suffixes (1), mas-
culine suffixes (1), affective adjectives (1), exclamation words (1), expletive words (1), hedge
words (1), intensive adverbs (1), judgmental adjectives (1), uncertainty verbs (1), indepen-

dence related words (1), assertion words (1)

17

percentage of feminine adjectives (1), feminine nouns (1), masculine adjectives (1), mascu-
line nouns (1), feminine pronouns (1), masculine pronouns (1), affective adjectives (1), ex-
clamation words (1), expletive words (1), hedge words (1), intensive adverbs (1), judgmental
adjectives (1), uncertainty verbs (1), independence related words (1), assertion words (1) out

of total words

15

ratio of feminine adjectives (1), feminine nouns (1), masculine adjectives (1), masculine
nouns (1), feminine pronouns (1), masculine pronouns (1), affective adjectives (1), excla-
mation words (1), expletive words (1), hedge words (1), intensive adverbs (1), judgmental
adjectives (1), uncertainty verbs (1), independence related words (1), assertion words (1) to

number of unique words

15

Herfindahl index of feminine adjectives (1), feminine nouns (1), masculine adjectives (1),
masculine nouns (1), feminine pronouns (1), masculine pronouns (1), affective adjectives (1),
exclamation words (1), expletive words (1), hedge words (1), intensive adverbs (1), judgmen-
tal adjectives (1), uncertainty verbs (1), independence related words (1), assertion words

(1)

15

Gini index of feminine adjectives (1), feminine nouns (1), masculine adjectives (1), mascu-
line nouns (1), feminine pronouns (1), masculine pronouns (1), affective adjectives (1), ex-
clamation words (1), expletive words (1), hedge words (1), intensive adverbs (1), judgmental

adjectives (1), uncertainty verbs (1), independence related words (1), assertion words (1)

15

Entropy of feminine adjectives (1), feminine nouns (1), masculine adjectives (1), masculine
nouns (1), feminine pronouns (1), masculine pronouns (1), affective adjectives (1), excla-
mation words (1), expletive words (1), hedge words (1), intensive adverbs (1), judgmental

adjectives (1), uncertainty verbs (1), independence related words (1), assertion words (1)

15

(continued on next page)
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Table 4.1: Proposed feature sets and description (continued).

Nr.

Features

Total nr-F

average number of feminine adjectives (1), feminine nouns (1), masculine adjectives (1),
masculine nouns (1), feminine pronouns (1), masculine pronouns (1), affective adjectives (1),
exclamation words (1), expletive words (1), hedge words (1), intensive adverbs (1), judgmen-
tal adjectives (1), uncertainty verbs (1), independence related words (1), assertion words (1)

per sentence

15

average number of feminine adjectives (1), feminine nouns (1), masculine adjectives (1),
masculine nouns (1), feminine pronouns (1), masculine pronouns (1), affective adjectives (1),
exclamation words (1), expletive words (1), hedge words (1), intensive adverbs (1), judgmen-
tal adjectives (1), uncertainty verbs (1), independence related words (1), assertion words (1)

per line

15

2.2,

Social network-specific

total number of emoticons (1), emojis (1), hashtags (1), mentions (1), hyperlinks (1), lexicons

with terminology specific to social networks (1)

percentage of emoticons (1), emojis (1), hashtags (1), mentions (1), hyperlinks (1), terms

related to social networks (1) out of total words

ratio of emoticons (1), emojis (1), hashtags (1), mentions (1), hyperlinks (1), terms related to

social networks (1) to number of unique words

Herfindahl index of emoticons (1), emojis (1), terms related to social networks (1)

Gini index of emoticons (1), emojis (1), terms related to social networks (1)

Entropy of emoticons (1), emojis (1), terms related to social networks (1)

frequency of emoticons (1), emojis (9), lexicons with terminology specific to social networks

(56)

average number of emoticons (1), emajis (1), terms related to social networks (1), hashtags

(1), mentions (1), hyperlinks (1) per sentence

average number of emoticons (1), emojis (1), terms related to social networks (1), hashtags

(1), mentions (1), hyperlinks (1) per line

2.3.

Idiosyncratic

total number of slang words (1)

percentage of slang words (1) out of total words

ratio of slang words (1) to number of unigue words

(continued on next page)
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Table 4.1: Proposed feature sets and description (continued).

Nr.

Features

Total nr-F

Herfindahl index of slang words (1)

Gini index of slang words (1)

Entropy of slang words (1)

average number of slang words per sentence (1)

average number of slang words per line (1)

2.4.

Rhythmic

the use of repetition - anaphora (1), anadiplosis (1), diacope (1), epanalepsis (1), epiphora
(1), epizeuxis (1), polysyndeton (1), symploce (1), aposiopesis (1), repeating interrogative sen-
tences (1), repeating exclamation sentences (1), repeated vowels count (1), repeated con-

sonants count (1), repeated letters count (1), assonance (phonetical repetition) (1)

15

2.5.

Content-specific

total number of apologetic words (1), dialectic words (1), archaisms (1), lexicons of inter-
national concepts (1), abstract concepts (1), courtesy forms (greetings or condolences) (1),

indefinite articles (1), definite articles (1), discourse markers (1)

percentage of apologetic words (1), dialectic words (1), archaisms (1), lexicons of interna-
tional concepts (1), abstract concepts (1), courtesy forms (greetings or condolences) (1), in-

definite articles (1), definite articles (1), discourse markers (1) out of total words

ratio of apologetic words (1), dialectic words (1), archaisms (1), lexicons of international con-
cepts (1), abstract concepts (1), courtesy forms (greetings or condolences) (1), indefinite ar-

ticles (1), definite articles (1), discourse markers (1) to number of unique words

Herfindahl index of apologetic words (1), dialectic words (1), archaisms (1), lexicons of inter-
national concepts (1), abstract concepts (1), courtesy forms (greetings or condolences) (1),

indefinite articles (1), definite articles (1), discourse markers (1)

Gini index of apologetic words (1), dialectic words (1), archaisms (1), lexicons of international
concepts (1), abstract concepts (1), courtesy forms (greetings or condolences) (1), indefinite

articles (1), definite articles (1), discourse markers (1)

Entropy of apologetic words (1), dialectic words (1), archaisms (1), lexicons of international
concepts (1), abstract concepts (1), courtesy forms (greetings or condolences) (1), indefinite

articles (1), definite articles (1), discourse markers (1)

(continued on next page)
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Table 4.1: Proposed feature sets and description (continued).

Nr.

Features

Total nr-F

average number of apologetic words (1), dialectic words (1), archaisms (1), lexicons of inter-
national concepts (1), abstract concepts (1), courtesy forms (greetings or condolences) (1),

indefinite articles (1), definite articles (1), discourse markers (1) per sentence

average number of apologetic words (1), dialectic words (1), archaisms (1), lexicons of inter-
national concepts (1), abstract concepts (1), courtesy forms (greetings or condolences) (1),

indefinite articles (1), definite articles (1), discourse markers (1) per line

2.6.

Structural features

total number of lines (1), blank lines (1), maximum length of words (1), minimum length of

words (1), number of separators between paragraphs (1)

sentence length frequency distribution (m length sentences) (397)

397

2.7

Structural features / Sentence-based

total number of sentences (1), sentences beginning with upper case (1), sentences beginning
with lower case (1), short sentences (1), long sentences (1), maximum length of sentences

(1), minimum length of sentences (1)

average number of words (1), characters (1), white spaces (1), vowels (1), consonants (1),
elongation characters (1), digits (1), special characters (1), punctuations (1), non-alphabetic
characters (1), non-punctuation characters (1), non-space characters (1), unique words (1),
capitalized words (1), uppercase words (1), hapax legomena (1), hapax dislegomena (1), elon-

gated words (1), syllables (1), long words (1), and short words (1) per sentence

21

average number of words (1), characters (1), white spaces (1), vowels (1), consonants (1),
elongation characters (1), digits (1), special characters (1), punctuations (1), non-alphabetic
characters (1), non-punctuation characters (1), non-space characters (1), unique words (1),
capitalized words (1), uppercase words (1), hapax legomena (1), hapax dislegomena (1), elon-

gated words (1), syllables (1), long words (1), and short words (1) per line

21

2.8

Structural features / Document-based

Gunning fog readability index (1), Flesch-Kincaid readability test (1)

PSYCHO-LINGUISTIC FEATURES

LIWC features

(continued on next page)
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Table 4.1: Proposed feature sets and description (continued).
Nr. Features Total nr-F
total number of words related to positive emotions (1), words related to negative emotions | 6
(1), words related to neutral emotions (1), social processes (1), cognitive processes (1), time
concepts (1)
percentage of words related to positive emotions (1), words related to negative emotions | 6
(1), words related to neutral emotions (1), social processes (1), cognitive processes (1), time
concepts (1) out of total words
ratio of words related to positive emotions (1), words related to negative emotions (1), | 6
words related to neutral emotions (1), social processes (1), cognitive processes (1), time
concepts (1) to number of unique words
Herfindahl index of words related to positive emotions (1), words related to negative emo- | 6
tions (1), words related to neutral emotions (1), social processes (1), cognitive processes (1),
time concepts (1)
Gini index of words related to positive emotions (1), words related to negative emotions | 6
(1), words related to neutral emotions (1), social processes (1), cognitive processes (1), time
concepts (1)
Entropy of words related to positive emotions (1), words related to negative emotions (1), | 6
words related to neutral emotions (1), social processes (1), cognitive processes (1), time
concepts (1)
average number of words related to positive emotions (1), words related to negative emo- | 6
tions (1), words related to neutral emotions (1), social processes (1), cognitive processes (1),
time concepts (1) per sentence
average number of words related to positive emotions (1), words related to negative emo- | 6
tions (1), words related to neutral emotions (1), social processes (1), cognitive processes (1),
time concepts (1) per line
sentiment score (1) 1
Total:
2,881

We used a variety of imperative and reflective programming paradigms to compile the ex-

tensive array of extracted features. This approach enabled the execution of all user-defined

functions embedded within the code (Code Listing B.1in Appendix B).
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Linguistic elements, domain-specific attributes, and language-based psychological patterns
provide information on the distinct linguistic patterns and stylistic features that characterize
an author’s writing. The stylometric analysis is related to other linguistic dimensions, including
different categories of features. The array of hand-crafted features in AA involves linguistic,
domain-specific, and psycho-linguistic variables to analyze different aspects of authorship, such

as writing style, domain knowledge, and psychological elements.

4.3 Language models

This section describes language models used to represent text data. Our experiments use three
text representation models: TF-IDF, Word2Vec, and CountVetorizer.

The TF-IDF (Term Frequency-Inverse Document Frequency) [154] model is a widely em-
ployed method in feature extraction. The model calculates the frequency of tokens in a docu-
ment and their inverse frequency in the corpus to assign weights to words. TF-IDF generates a
feature matrix of the word’s relevance score for each document.

Word2Vec [103] is another language model in NLP that defines the semantic relationships
between words in a corpus. The model creates vector representations for each token to capture
word relations in text data.

CountVectorizer [55] calculates the occurrence of each token in the corpus. This approach
converts a collection of text documents into a matrix of word counts. The matrix helps analyze
the usage of individual words and their significance in the text.

The text representation models are used in experiments to extract meaningful features and
patterns. Each model represents a distinct aspect of the dataset to characterize the author’s

writing style.

4.4 Feature selection

Feature selection is a helpful technique for improving the effectiveness of the model’s per-

formance when using the feature set. It reduces feature dimensionality and computational
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complexity by retaining the most relevant and informative attributes. The study investigates
feature selection strategies to identify discriminative features for efficient analysis [31].

Feature importance from machine learning models [120]. Ensemble approaches use rank-
ing mechanisms to provide information about the relevance of features—feature importance
scores generated by the XGBoost model guide feature selection by identifying features with
significant authorship information.

Recursive feature elimination (RFE) [36] is an iterative process that systematically removes
the less relevant features from the dataset. By considering the impact of removing each feature
on the model’s performance, RFE identifies the feature subset that contributes to accurate AA.

SHapley Additive exPlanations (SHAP) [150, 136] is a machine learning method that uses
game theory concepts to interpret the model decisions. It represents the contribution of each
feature to the prediction and helps in understanding their influence on the model’s output. The
method is applied to feature importance analysis to enable the interpretability of ML models.

Principal Component Analysis (PCA) [1] is a dimensionality reduction technique that trans-
forms original data into linear feature combinations known as principal components. The method
makes it possible to visualize relationships and latent patterns in the data, like authorship clus-
ters or trends.

Autoencoders [84, 57]. Our investigation uses autoencoders for feature learning and di-
mensionality reduction to explore latent representations of authors’ writing styles. The learned
representations identify complex relationships and non-explicitly engineered features. The
model is classified as a neural network and will be further explored in the subsequent chapter.

We refine our models using various feature selection methodologies to minimize irrelevant
attributes and reduce the computational complexity. This process reduces dimensionality by
focusing on relevant data elements for efficient authorship detection across diverse linguistic

settings.
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4.5 Conclusion and future work

This chapter presented a wide range of manually crafted features for authorship analysis. We
explored a variety of linguistic attributes, domain-specific characteristics, psycho-linguistic di-
mensions, and stylometric patterns that characterize an author’s writing style in different lin-
guistic scenarios.

Language models in feature engineering extend the process by utilizing numerical repre-
sentation techniques and pre-trained models to capture complex relationships in the data. The
feature selection process helps increase the model’s efficiency and interpretability.

Subsequent chapters investigate the application of model-generated and manually engi-
neered features with different classification techniques, highlighting their effectiveness in vari-
ous authorship tasks and scenarios. Future exploration should expand the array of hand-crafted
features to identify unique patterns for specialized topics and genres. Further research into
pre-trained language models for specific authorship tasks could provide more contextual rep-
resentations. Furthermore, exploring cross-linguistic and cross-domain feature extraction can

provide new insights into authorship analysis.
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Classification methods

The chapter explores multi-class strategies to handle multiple classes in Section 5.2. Section 5.3
presents the traditional machine learning algorithms and state-of-the-art deep learning meth-
ods selected for the experimental framework. We conclude the chapter in Section 5.4 and

provide the potential directions for further research.

5.1 Introduction

Machine learning and deep learning classification methods are critical to understand the rela-
tionship between language and authorship. These methods try to identify data patterns that
define the writer’s unique style to classify data points into predefined classes.

This chapter explores multi-class classification strategies in authorship analysis problems. In
multi-class classification, texts correspond to multiple classes, genres, or authors. The following
section presents their concepts, advantages, and considerations in classification tasks.

Machine learning techniques offer a variety of algorithms that can effectively capture pat-
ternsin an author’s writing style. They learn to identify variations and characteristics in the data
and apply this information to differentiate texts written by various authors. On the other hand,
deep learning methods have transformed the AA field. They use neural networks to capture
complex relationships in textual data. These techniques automatically extract features from
raw data, facilitating the identification of linguistic elements in the text. ML- and DL-based

techniques with prepared data and engineered features enable experimentation in different
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classification tasks. Different configurations in experimental analysis provide valuable insights

and interpretations from textual data.

5.2 Multi-class classification strategies

Multi-class classification handles situations with multiple classes. It is essential in various AA
problems since the closed set of potential authors is extensive when attributing texts to their

corresponding classes. Figure 5.1illustrates machine learning algorithms classified according to

naive_bayes
tree
] Inherently neighbors
Multi-class _—" iti-class svm
algorithms
g linear_model

svm

multi-class strategies.

Multi-class
classification

One-vs-One gaussian_process

Multi-class

: svm
strategies ensemble
One-vs-Rest linear_model
gaussian_process

Figure 5.1: Multi-class classification strategies (according to scikit-1earn library documentation).

One-versus-One (OvO) and One-versus-Rest (OvR) are popular strategies for multi-class
classification in AA. These strategies provide techniques to handle multi-class complexity in

classification algorithms [108].
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5.21

One-versus-One strategy

The OvO strategy simplifies multi-class tasks into binary problems, where a binary classifier is

trained for each pair of classes. There are N*(N-1)/2 binary classifiers for N classes, and the ma-

jority voting method determines the final predicted result. As a result, the number of required

classifiers grows exponentially with the number of classes. It requires careful consideration of

computational resources. The OvO strategy has several advantages [108, 32, 46]:

1.

Binary classification simplicity: OvO simplifies multi-class problems into binary classifica-
tion scenarios, enabling faster training and prediction processes using traditional binary

classification algorithms.

Class imbalance handling: OvO helps handle imbalanced class distributions. Binary clas-
sifiers focus on specific class pairs, limiting the effect of imbalanced data and improving

classification performance.

Handling non-linear boundaries: OvO enables the creation of complex decision bound-
aries between classes, which is especially useful for writing styles with complex patterns

that are not easily separable.

OvO offers numerous advantages, but it is crucial to understand potential challenges:

1.

Computational complexity: Binary classifiers grow exponentially with the number of
classes, which increases memory requirements and computational complexity when han-

dling multiple classes.

Ambiguity and confusion: Multiple binary classifiers making different predictions for the

same input can lead to ambiguous situations in OvO.

Risk of misclassification: The process of providing the final prediction combines the bi-
nary classifier’s results. Due to "ties" in the vote counts, the risk of misclassification in-

creases in classes with similar characteristics.

The OvO strategy in AA simplifies multi-class problems into binary ones and addresses class

imbalances. Still, it requires careful handling of computational requirements and complexity.
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5.2.2 One-versus-Rest strategy

The OvR strategy uses a binary classifier to categorize samples into predefined classes, distin-
guishing each class from others. The class with the highest confidence score is used to deter-
mine the final prediction. Authorship analysis uses the OvR strategy to classify authors based
on their writing style, using a binary classifier for each author to differentiate their style from

the rest. The OVR strategy has several advantages when applied to AA [108, 32, 46]:

1. Simplicity: OVR is straightforward. It considers each author as an individual binary clas-

sification task, ensuring simplicity in the training and prediction procedures.

2. Computational efficiency: Training several individual binary classifiers requires fewer re-
sources compared to the OvO approach. This makes it a helpful option when there are

limited resources available and when dealing with a large number of classes.

3. Distinct author profiles: OvR can identify unique author characteristics by differentiating

each author’s writing style from the rest.
In addition, we should take into consideration the difficulties associated with OvR:

1. Imbalanced classes: Class imbalance is a significant concern in the OvR strategy when
particular authors have a limited number of instances. This problem could potentially

influence the performance of classifiers in minority classes.

2. Class overlap: Misclassifications can occur when stylistic similarities cause decision re-

gions to overlap in the feature space.

3. Class ambiguity: OvR may need help differentiating the writing styles of similar authors,

potentially causing confusion between classes.

OVR is a straightforward and efficient method for multi-class classification. However, it still
has to deal with issues like class imbalance, ambiguity, and confusion. Addressing these prob-

lems can improve its effectiveness in identifying unique characteristics in writing styles.
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The selection of OvO and OvR strategies depends on the dataset size, the available compu-
tational capabilities, and the nature of the classification problem. These techniques are essen-

tial in AA for correctly assigning texts to their classes in a multi-class scenario.

5.3 Classification models

Authorship analysis aims to accurately classify texts into their respective classes based on lin-
guistic attributes. Classification methods help understand and identify patterns of language
use and writing habits in text data. This section discusses machine learning and deep learning

methods in authorship analysis tasks to extract meaningful patterns from textual data [29].

5.3.1 Machine learning-based models

This section considers several ML-based algorithms used in our experiments. These include
ensemble methods like XGBoost and Random Forest, Logistic Regression and Ridge Classifier as
linear models, and Linear Support Vector Classifier. ML-based algorithms were selected based
on an extensive evaluation of various methods, comparing their performance across different
configurations.

XGBoost [35] is an ensemble algorithm that uses gradient boosting to handle complex data
relationships and analyze authorship in scenarios with multiple classes. Logistic Regression [23]
is a linear model that provides information about the probability distributions across different
classes. The algorithm is adaptable for multi-class analysis. The Ridge Classifier [59] improves
generalization by introducing regularization to the linear model. It is particularly useful in multi-
class classification settings with OvO and OvR strategies to handle multiple classes. Linear SVC
[39] effectively handles high-dimensional data and class separation, improving its performance
in multi-class classification problems. Random Forest [58] is an ensemble of decision trees that
captures complex relationships and overcomes the limitations of a single model, resulting in

more reliable results.
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Our investigation maintains default model parameters to reflect their inherent strengths
for consistency and comparison. The models are applied across two multi-class classification

strategies, OvO and OVR, for effective multi-class authorship analysis.

5.3.2 Deep learning-based models

This section extends the investigation by using deep learning techniques that have significantly
transformed the field of NLP. Our study utilized fasttext, autoencoders, and transformer models
to understand new aspects of authorship analysis and its related tasks.

Fasttext [25, 70, 71] was utilized for AA tasks due to its ability to capture hidden patterns in
text data. It effectively handles out-of-vocabulary words and semantic relationships in authors’
writings, which makes it suitable for different linguistic analyses.

The study uses autoencoders [84, 57] to capture complex relationships and hidden fea-
tures. The model inputs the feature set into the encoder part, resulting in a compressed repre-
sentation in the bottleneck layer. The trained autoencoder effectively learns abstract features,
reduces dimensionality, and transfers knowledge to other authorship-related tasks.

Our research investigates the use of transformers [165] in analyzing authorship. These mod-
els capture long-range dependencies and contextual relationships within data points. They also
use pre-trained language models such as BERT to extract characteristics that contribute to an-
alyzing authorship.

Figure 5.2 and Figure 5.3 provide an overview of the architectural configurations of autoen-
coders and transformers.

Deep learning models were selected through experimentation and evaluation of their per-
formance in the AA domain. Using fasttext, autoencoders, and transformers, we present new
insights and findings in understanding authorial patterns across literary works, newsroom columns,
and social media posts.

Figure 5.4 shows the methodology used for authorship-related tasks. The figure presents
a visual overview of the critical steps of our approach to achieve our objectives in exploring

authorship analysis and its tasks across various settings.
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5.4 Conclusion and future work

This chapter considered various ML- and DL-based methods to analyze authorship in Albanian.
We identified the best-performing algorithms in this context through extensive experimenta-
tion and provided a reliable foundation for further research. The study explored multi-class
classification strategies, OvO and OVR, to handle scenarios with multiple classes.

This investigation provides potential directions for future research. Transfer learning tech-
niques can address limited data issues in various situations, enabling models trained in other
languages or domains to adapt to Albanian AA tasks. We can further fine-tune model parame-
ters, explore advanced architectures, and integrate domain knowledge.

This work conducts experiments on authorship-related tasks using classification methods
and integrates them with hand-crafted features and language models to create a robust ap-

proach to authorship analysis.
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input_2 input: | [(None, 1283)]
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Figure 5.2: The architecture of autoencoder model.
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input_2 input: | [(None, 1000)]
InputLayer | output: | [(None, 1000)]
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Figure 5.3: The architecture of transformer-based model.
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Figure 5.4: The methodology employed for authorship-related tasks.
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Authorship identification task in Albanian

This chapter aims to relate the theory and practical experimentation of authorship identifi-
cation [106, 105, 107]. Section 6.2 discusses the foundational elements of our experiments,
including the corpus, hand-crafted features, classification methods [120], and evaluation met-
rics for model evaluation. Section 6.3 presents the experimental results of our investigations,
considering class prediction errors, feature analysis, and feature selection [174]. In Section 6.4,
we compare with earlier studies to underscore the significance and originality of our work. The
study’s findings provide valuable insights and potential directions for future research in Section

6.5.

6.1 Introduction

Authorship identification is crucial in computational linguistics and text analysis. This task aims
to identify unique authorship characteristics and patterns in written works to conclude their
authorship. In previous chapters, we discussed the theory behind the task, which guides the
experimental investigation and analysis of attributing authorship.

Authorship identification is a branch of research that combines linguistics, computational
analysis, literature, and forensics to investigate the characteristics of human writing through
text. Recent progress in machine learning, natural language processing, and computational

linguistics has significantly transformed the methods for authorship identification.
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Substantial prior research using various approaches has focused on authorship identifica-
tion. Examining this volume of work helps understand field evolution and identify areas for
future contributions.

Our research investigates manual feature engineering, machine learning, and deep learn-
ing in Albanian and addresses open issues to enhance authorship identification. The objective
of this study is to assess the robustness and generalizability of classification models by deter-
mining authorship among a closed set of authors from different linguistic contexts, genres, and
time periods.

Our experiments aim to evaluate the effectiveness of different algorithms and methodolo-
gies in authorship identification and to understand the elements that define authors’ writing

styles. This chapter revisits the research questions and hypotheses from Chapter 1.

1. Can the author be identified from an Albanian text?

2. Which linguistic features are crucial to determine the author’s writing style?
3. What is the best feature set identifying the author of a text document?

4. What are the best methods for authorship analysis in Albanian?

5. How much data is sufficient to recognize authorial uniqueness?

This research contributes by compiling a novel corpus for classifying authorship, using di-
verse textual works for analysis, and demonstrating its potential across specific contexts. A sig-
nificant contribution is the manual engineering of hand-crafted features that, through experi-
ments, uncover authorial patterns in Albanian texts and provide valuable insights into language-
related characteristics. Our research methodology involves cross-validation with previous stud-

ies to demonstrate the relevance and originality of our contributions to authorship analysis.

6.2 Experimental setup

This section outlines the experimental setup, corpus, classification methods, and selected fea-

tures for defining authors’ writing characteristics and evaluating the methods’ effectiveness.
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6.2.1 Materials

This subsection provides a detailed overview of dataset characteristics, hand-crafted features,

and various models used for textual data representation.

6.2.1.1 Data preparation

Chapter 3 provides a detailed overview of the A3C3 corpus. This section outlines the corpus’s
statistics about various NLP attributes. The A3C3 corpus is a diverse collection of newsroom

columns, social media posts, and literary writings, as detailed in Table 6.1.

Table 6.1: The corpus size and authorship statistics of the A3C3 corpus.

Level / Features Literary | Columns | Posts All writings
Corpus size

total number of samples 576 569 426 1,107
average number of words 7,295.61 | 8,608.14 | 8,168.46 | 10,562.32
average number of unique words 308.05 | 252.41 307.49 265.89
average word length (in characters) 579 5.92 6.18 5.94
average sentence length (in words) 16.20 22.93 20.32 19.63
average unique words per sentence 0.68 0.67 0.77 0.49
average number of sentences 45.02 37.55 40.20 53.81
average syllables per word 1.91 2.05 2.14 2.02

max length word 69 36 98 98
Authorship-related task statistics

total number of authors 30 52 44 122
average number of samples per author 19.20 10.94 9.68 9.07
average number of tokens per author 243.06 | 165.54 185.65 86.59
average number of unique words per author | 10.27 4.85 6.99 2.18

POS-related information
lexical density (proportion of content words) | 49.94 49.16 50.40 49.82

average number of function words (TBN) 47.24 47.22 45.49 4672
average number of verbs (TBN) 12.16 10.46 9.55 10.80
average number of nouns (TBN) 19.04 18.96 20.24 19.36
average number of adjectives (TBN) 5.63 6.48 6.66 6.23
average number of adverbs (TBN) 4.67 414 3.14 4.06
average number of pronouns (TBN) 4.05 476 7.06 5.13

TBN = Token-Based Normalization.
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The A3C3 corpus is a valuable resource for research and analysis in Albanian. It contains

11,692,491 words and 294,284 unique tokens, representing a wide range of linguistic domains.

6.2.1.2 Combination of author-related hand-crafted features

An extensive set of language-related features have been manually engineered. This feature
set mainly includes linguistic attributes because they can capture language usage patterns that
the written texts manifest. The extensive set of linguistic features constitutes a foundational

element in our approach.

6.2.1.3 Language models

This section describes text representation models, which convert raw text into numerical ma-

trices for experimental analysis. These models include CountVectorizer, TF-IDF, and Word2Vec.

6.2.2 Classification methods and parameter settings

The experiments employ machine learning algorithms, including ensemble techniques, linear
models, and Support Vector Machines. They use OvO and OvR multi-class classification strate-
gies to address authorship identification with multiple classes. The study maintains model pa-
rameters in default configurations for comparative analysis. The research also includes state-of-
the-art deep learning techniques like fastText, autoencoders, and transformers to understand

new aspects of authorship patterns.

6.2.3 Evaluation metrics

The study used cross-validation to evaluate the effectiveness of the selected methods. The
models were trained using a 5-fold technique, and their performance was evaluated using the
F1 score. We applied the weighted averaging scheme of the F1 score was applied, due to class

imbalance, with weights defined proportionally to instance counts for each class.
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6.3 Author identification results

This section reports the results of our experiments, which were designed to evaluate the effi-
ciency of different ML-based methods in identifying authorship patterns in Albanian texts. We
examine the learning curves and errors in class predictions for each classification algorithm to

evaluate their reliability, ability to generalize, and areas for improvement.

6.3.1 Experimental results

We provide an overview of the classification results from our experiments on the recently in-
troduced A3C3 corpus. This dataset investigates data variations in attributing authorship to
different text types, including literary works, newsroom columns, and social media posts. We
also used a combined configuration to evaluate the reliability of our methods by incorporating
all text data.

The study uses two levels of text analysis, including chapter- and paragraph-level, to eval-
uate the performance of classification methods with different text sizes. We employed eight
distinct feature configurations to represent the characteristics of text data. This approach con-
tributes to a comprehensive understanding of authorship identification by presenting our ex-
perimental findings in various aspects, methods, and contexts. The research aims to optimize
authorship attribution in Albanian texts by defining a minimal feature set that reduces compu-
tational complexity and maintains accuracy.

Literary works. The first experiments were performed on literary works employing vari-
ous classification methods and feature settings, as presented in Table 6.2. The TF-IDF model
is the most effective for feature extraction and text representation in model-generated fea-
tures. The model achieved a perfect F1 score of 1.00 using the OvR strategy, LR, and LinSVC
algorithms at the chapter level. At the paragraph level, we notice a dropout of 0.05 using the
LR algorithm with the TF-IDF model. A substantial drop in classification performance of 0.08 is
observed when using the Word2Vec language model with the Ridge algorithm. This reduction

in results can be attributed to the shorter length of literary texts at the paragraph level, which
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increases the variability and negatively impacting the algorithms’ classification performance.
The CountVectorizer model performs similarly, while Word2Vec's performance is lower due to
the lack of data, limiting generalization to new instances in smaller datasets. The Ridge algo-
rithm with the OvR multi-class strategy obtains an F1 score of 0.997 at the chapter level with
hand-crafted features. This trend demonstrates the model’s efficacy in classifying authorship.
The distinct genres of these literary writings ensure a clear distinction between them, which
contributes to the higher and more consistent accuracy scores in the classification of literary
works.

Table 6.2: Comparing accuracy: Performance of ML-based algorithms on literary works classification.
Bold indicates the top-performing results in each experimental setup.

One-versus-One One-versus-Rest
Level of analysis | XGB LR-CV | RC-CV | LinSVC | RF XGB LR-CV | RC-CV | LinSVC | RF
Chapter-level
TF-IDF 0.959 | 0.999 | 0.999 | 0.999 | 0.972 || 0.991 | 1.000 | 0.999 | 1.000 | 0.967
CountVec 0.964 | 0.988 | 0.996 | 0.993 | 0.893 || 0.995 | 0.999 | 0.999 | 0.999 | 0.985
Word2Vec 0.957 | 0.974 | 0.997 | 0.995 | 0.976 || 0.986 | 0.978 | 0.953 | 0.996 | 0.976
FE 0.968 | 0.979 | 0.995 | 0.967 | 0.953 || 0.992 | 0.979 | 0.997 | 0.984 | 0.980
Paragraph-level
TF-IDF 0.914 | 0.996 | 0.997 | 0.995 | 0.886 || 0.976 | 0.941 | 0.999 | 0.999 | 0.963
CountVec 0.922 | 0.970 | 0.984 | 0.979 | 0.914 || 0.981 | 0.995 | 0.995 | 0.997 | 0.963
Word2Vec 0.925 | 0.955 | 0.984 | 0.980 | 0.915 || 0.952 | 0.962 | 0.870 | 0.982 | 0.919
FE 0.936 | 0.961 | 0.977 | 0.902 | 0.891 || 0.978 | 0.979 | 0.989 | 0.953 | 0.935

TF-IDF = Term Frequency-Inverse Document Frequency; CountVec = Count Vectorizer; Word2Vec = Word
to Vector; FE = Feature Engineering (hand-crafted features); XGB = eXtreme Gradient Boosting; LR-CV =
Logistic Regression Cross Validation; RC-CV = Ridge Classifier Cross Validation; LinSVC = Linear Support
Vector Classification; RF = Random Forest.

Newsroom columns. Table 6.3 presents similar experimental settings applied to the news-
room columns subset of the original corpus. The table demonstrates results that are consistent
with previous experiments. Ridge classifier accuracy decreases more at the paragraph level in
newsroom columns due to shorter and fragmented paragraphs. In such a situation, the model
struggles to capture relevant information.

Social media posts. Table 6.4 presents the experimental results in the dataset of social me-

dia posts. However, the outcomes are consistent with the findings observed in previous tables.
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Table 6.3: Comparing accuracy: Performance of ML-based algorithms on newsroom columns classifica-
tion. Bold indicates the top-performing results in each experimental setup.

One-versus-One One-versus-Rest
Level of analysis | XGB LR-CV | RC-CV | LinSVC | RF XGB LR-CV | RCCV | LinSVC | RF
Chapter-level
TF-IDF 0.891 | 0.993 | 0.998 | 0.998 | 0.947 || 0.972 | 0.958 | 0.998 | 0.997 | 0.936
CountVec 0.896 | 0.946 | 0.987 | 0.979 | 0.946 || 0.976 | 0.991 | 0.996 | 0.997 | 0.954
Word2Vec 0.871 | 0.956 | 0.987 | 0.977 | 0.921 || 0.937 | 0.975 | 0.896 | 0.981 | 0.936
FE 0.897 | 0.939 | 0.976 | 0.857 | 0.900 || 0.968 | 0.987 | 0.992 | 0.882 | 0.942
Paragraph-level
TF-IDF 0.825 | 0.980 | 0.987 | 0.977 | 0.869 || 0.919 | 0.924 | 0.994 | 0.993 | 0.876
CountVec 0.819 | 0.932 | 0.937 | 0.929 | 0.864 || 0.927 | 0.961 | 0.983 | 0.989 | 0.861
Word2Vec 0779 | 0.902 | 0.926 | 0.898 | 0772 || 0.828 | 0.869 | 0.892 | 0.909 | 0766
FE 0.837 | 0.878 | 0.919 | 0792 | 0783 || 0.918 | 0.945 | 0.963 | 0.865 | 0.838

TF-IDF = Term Frequency-Inverse Document Frequency; CountVec = Count Vectorizer; Word2Vec = Word
to Vector; FE = Feature Engineering (hand-crafted features); XGB = eXtreme Gradient Boosting; LR-CV =
Logistic Regression Cross Validation; RC-CV = Ridge Classifier Cross Validation; LinSVC = Linear Support
Vector Classification; RF = Random Forest.

The brevity of social media posts resulted in a minor reduction in performance compared to
other data sources.

Cross-domain. The final stage of our experiments is performed in a combined setting with
all texts. Due to the large number of classes, the binary classifiers required by the OvO strategy
increased exponentially. Consequently, we use the OvR strategy in the cross-domain scenario.
Table 6.5 records the results of this evaluation, which are consistent with findings observed in
the previous tables.

In the following series of experiments, we used three DL-based models, fastText, autoen-
coders, and transformers, to identify authorship. The results achieved in the A3C3 dataset are
presented in Table 6.6. We observe lower F1 scores in DL-based models than the results with
model- and manually-engineered features in various scenarios. It suggests further improve-
ment in the architecture configurations and hyperparameter optimization to surpass traditional
ML techniques. The transformer-based model shows decreased scores in newsroom columns
and social media posts compared to previous results. Its effectiveness is evident in tasks with

fewer classes due to data availability per class. The autoencoder-based model experiences a
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Table 6.4: Comparing accuracy: Performance of ML-based algorithms on social media posts classifica-
tion. Bold indicates the top-performing results in each experimental setup.

One-versus-One One-versus-Rest
Level of analysis | XGB LR-CV | RC-CV | LinSVC | RF XGB LR-CV | RC-CV | LinSVC | RF
Chapter-level

TF-IDF 0.891 | 0.991 | 0.996 | 0.992 | 0.907 || 0.970 | 0.947 | 0.999 | 0.999 | 0.974
CountVec 0.903 | 0.946 | 0.977 | 0.970 | 0.906 || 0.976 | 0.979 | 0.998 | 0.996 | 0.968
Word2Vec 0.830 | 0.917 | 0.947 | 0.935 | 0.869 || 0.889 | 0.899 | 0.887 | 0.947 | 0.880
FE 0.860 | 0.879 | 0.947 | 0770 | 0.851 || 0.949 | 0.972 | 0.985 | 0.788 | 0.902
Paragraph-level

TF-IDF 0.814 | 0.963 | 0.978 | 0.967 | 0.814 || 0.903 | 0.903 | 0.991 | 0.992 | 0.915

CountVec 0.824 | 0.894 | 0.919 | 0.918 | 0.816 || 0.917 | 0.949 | 0.979 | 0.979 | 0.909
Word2Vec 0735 | 0.816 | 0.863 | 0.844 | 0744 || 0778 | 0788 | 0.830 | 0.856 | 0.730
FE 0.802 | 0.818 | 0.853 | 0717 | 0734 || 0.876 | 0.912 | 0.945 | 0770 | 0.776

TF-IDF = Term Frequency-Inverse Document Frequency; CountVec = Count Vectorizer; Word2Vec = Word
to Vector; FE = Feature Engineering (hand-crafted features); XGB = eXtreme Gradient Boosting; LR-CV =
Logistic Regression Cross Validation; RC-CV = Ridge Classifier Cross Validation; LinSVC = Linear Support
Vector Classification; RF = Random Forest.

Table 6.5: Comparing accuracy: Performance of ML-based algorithms on cross-domain classification.
Bold indicates the top-performing results in each experimental setup.

Level of analysis | Set of features | XGB LR-CV | RC-CV | LinSVC | RF

Chapter-level TF-IDF 0.984 | 0.999 | 0.999 | 0.999 | 0.935
CountVec 0.956 | 0.999 | 0.999 | 0.999 | 0.889
Word2Vec 0.926 | 0.993 | 0.950 | 0.993 | 0.957
FE 0.944 | 0.968 | 0.994 | 0.930 | 0.942

Paragraph-level | TF-IDF 0.890 | 0.996 | 0.970 | 0.994 | 0.754
CountVec 0.908 | 0.993 | 0.954 | 0.996 | 0.760
Word2Vec 0.831 | 0.970 | 0.846 | 0.962 | 0.849
FE 0.879 | 0.873 | 0.969 | 0.916 | 0.816

TF-IDF = Term Frequency-Inverse Document Frequency; CountVec = Count Vectorizer; Word2Vec = Word
to Vector; FE = Feature Engineering (hand-crafted features); XGB = eXtreme Gradient Boosting; LR-CV =
Logistic Regression Cross Validation; RC-CV = Ridge Classifier Cross Validation; LinSVC = Linear Support
Vector Classification; RF = Random Forest.

reduction of 0.155 in the cross-domain scenario in both levels of text analysis. On the other
hand, the fastText model demonstrates its ability to capture meaningful information and gen-

eralize effectively in different settings. The model yields comparable results to those reported
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in ML-based experiments.

Table 6.6: Comparing accuracy: Performance of DL-based algorithms on cross-domain classification.
Bold indicates the top-performing results in each experimental setup.

Models fasttext autoencoders transformers
Level of analysis Chapter | Paragraph | Chapter | Paragraph | Chapter | Paragraph
Literary works 0.994 0.975 0.996 0.970 0.993 0.953
Newsroom columns | 0.972 0.940 0.982 0.903 0.868 0.754
Social media posts | 0.946 0.901 0.973 0.899 0.874 0.786

All writings 0.980 0.951 0.956 0.801 0.881 0.863

The Ridge algorithm was selected for further investigation due to its consistent performance
in different configurations. In the chapter-level analysis, we examined the algorithm’s effec-
tiveness using the OvR multi-class classification strategy in four different scenarios. The anal-
ysis excludes words that can indicate authorship, such as n-grams and capitalized words, from
the engineered features and language models. These words correspond to artistic characters
or prominent figures from online sources. This experimentation considers the effect of these

words on classification, with results presented in Table 6.7.

Table 6.7: Comparing accuracy: Performance of the Ridge classifier on cross-domain classification.

Form of analysis no-ngrams no-uppercase

Data FE TF-IDF | CountVec | Word2Vec
Literary works 0.989 0.994 0.993 0.967
Newsroom columns 0.979 0.982 0.983 0.953
Social media posts 0.936 0.968 0.943 0.815
All writings 0.980 0.970 0.936 0.922

The study found no significant decrease in results after removing n-grams from manually-
crafted attributes. We achieved the most reliable performance in the literary works dataset.
The impact of reducing the usage of capitalized words was evident in different scenarios. The
Word2Vec model demonstrated a different trend in literary works and newsroom column datasets.
The improvement in the model’s performance was evident after excluding the capitalized words

from the text. With the exclusion of these words, the model focused on linguistic patterns and
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contextual relations, enhancing its ability to capture more significant details. The experimen-
tal findings reveal valuable insights into the performance of different methods across various

configurations.

6.3.2 Learning curves

This subsection uses learning curves to illustrate the relationship between training and cross-
validated test scores. The Ridge algorithm with the OvR strategy is used on different training
sample sizes. As illustrated in Figure 6.1, the training result consistently outperforms the val-
idation score, reducing the difference over learning. This improvement can be attributed to
increased training data and diverse examples, enabling the model to capture more relevant

patterns in data points.
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Figure 6.1: Learning curve for author-based all writings chapter-level classification using Ridge classifier
and feature engineering.
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The figure represents the learning curve for cross-domain classification and indicates a con-

sistent improvement in the learning capability of the model in other datasets.

6.3.3 Class prediction error analysis

This subsection investigates the performance of ML-based models in accurately identifying au-
thorship through the analysis of class prediction errors. This study introduces a new confusion
matrix to represent classification model performance, which shows correct and incorrect pre-
dictions for each author. Considering the large number of classes, traditional confusion matri-
ces would be complex and unmanageable, so continuous error plots are used to communicate
information.

Literary works. Our model shows reliable performance, demonstrating its effectiveness
in handling diverse data instances. It is supported by the low error rate in the literary works
dataset presented in Figure 6.2. The analysis highlights the generalization ability of the model
and the high accuracy of the features and techniques. Continuous error analysis in literary
works demonstrates some struggles to accurately attribute authorship within the same genres
due to similar language-related patterns and narrative styles.

Newsroom columns. In newsroom columns, errors in classification are associated with a
specific author, as presented in Figure 6.3. It shows that the model has difficulty appropri-
ately identifying the author’s writing style. It can be attributed to similar linguistic elements
and particular topics. The model accurately differentiates between columns of other authors,
considering potential misclassifications due to shared linguistic attributes, specific topics, and
limited training data for particular authors.

In literary works and newsroom columns, misclassifications were reported within the same
gender category without confusion between male and female authors.

Social media posts. The distribution of errors in Figure 6.4 suggests that authors on social
media focus on similar topics or subject matter, consequently confusing in classifying author-

ship.
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Figure 6.2: Continuous error for author-based literary chapter-level classification using Ridge classifier
and feature engineering.

Cross-domain. The incorrect classifications in the cross-domain scenario shown in Figure
6.5 mainly occur between authors within the same dataset. This trend demonstrates authors’
unique creative and figurative language in their literary writings, distinct from the formal lan-
guage used in newsroom columns and informal communication used in social media posts.

Literary language, distinct from other content types, can sometimes be confused with jour-
nalistic expressions in specific genres like analysis and criticism. Political opinions may result in
misclassifications across columns and posts. However, formal language standards and similar

thematic considerations can result in misclassifications in the cross-domain context.

6.3.4 Feature analysis

This study examines the importance of features in authorship classification using SHAP values

and waterfall plots for each dataset. The SHAP waterfall plots visualize feature significance,
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Figure 6.3: Continuous error for author-based columns chapter-level classification using Ridge classifier
and feature engineering.

with each bar representing the features’ impact on the model’s output for a specific input. The
plot shows that certain features significantly influence the model’s predictions.

Literary works. The analysis of literary works reveals that linguistic features like conso-
nants, syntactic phrases, and punctuations significantly contribute to authorship identification,
as illustrated in the SHAP waterfall plot in Figure 6.6.

The authors displayed unique patterns in consonant usage, highlighting the unique pho-
netic and stylistic variations that differentiate them in the literary domain.

Syntactic phrases, including nominal, verbal, and prepositional phrases, are crucial for struc-
turing sentences in natural language. They provide helpful information about how authors cre-
ate their works. Different authors demonstrated various levels of complexity and variance in

their syntactic structures, highlighting different stylistic preferences.
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Figure 6.4: Continuous error for author-based posts chapter-level classification using Ridge classifier and
feature engineering.

Exclamation marks can represent expressive tendencies, and commas may indicate sen-
tence construction and punctuation style preferences. These features reflect the author’s artis-
tic and creative aspects.

According to the SHAP analysis, specific characteristics negatively impact the model’s pre-
dictions; this indicates a recurring pattern across authors. A variable that demonstrates a neg-
ative impact is the 'punctuations Herfindahl index’ variable, which suggests the presence of a
shared writing standard or stylistic preference.

In general, the analysis reveals that linguistic features, such as phonetic attributes, syn-
tactic elements, and punctuation habits, significantly influence the determination of authorial
patterns in literary texts. These features provide a deeper understanding of authors’ writing
habits and styles, highlighting the importance of linguistic characteristics in literary texts and

authorship identification.
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Figure 6.5: Continuous error for author-based all writings chapter-level classification using Ridge classi-
fier and feature engineering.

Newsroom columns. The "exclamation" feature and other lexical and morphological fea-
tures, indicated an impact on the model’s predictions in newsroom columns. It is shown in the
SHAP waterfall plot in Figure 6.7.

Uppercase digraphs, stopword entropy, and complex words significantly influence the model’s
performance in classifying newsroom columns. The exclamation variable is essential in repre-
senting the emotional elements of the text. It suggests that columnists use this punctuation to
change the mood and tone of their writing.

Stopword entropy shows the variation in using stopwords for different authors, highlighting
nuances in writing style and content. The 'percentage of complex words’ feature characterizes
the proportion of complex words in the text and suggests variations in linguistic complexity in

newsroom columns.
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Figure 6.6: SHAP waterfall plot for author-based literary chapter-level classification using XGBoost clas-

sifier and feature engineering.

The high average of hapax legomena per sentence negatively impacts the model’s predic-

tion. This feature reflects the diversity of vocabulary used in the text, making it difficult for

the model to capture a consistent pattern specific to an author and attribute the text to that

individual writer.

The newsroom column corpus demonstrates unique linguistic and stylistic elements, each

influencing the model’s predictions. These attributes contribute essential information for suc-

cessful authorship attribution in the newsroom column dataset.
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Figure 6.7: SHAP waterfall plot for author-based columns chapter-level classification using XGBoost clas-
sifier and feature engineering.

Social media posts. Morphological, lexical, and structural features are essential in the

model’s predictive decision in social media texts. Figure 6.8 shows the SHAP waterfall plot

adapted explicitly for social media content.

The 'third-person ratio’ measures the proportion of third-person POS tags. This feature has

a significant impact on the model’s performance. A higher score indicates a distinct character-

istic of authors in social media texts regarding their unique narrative perspectives.

The distribution of negative particles in social media texts can influence the tone and sen-

timent of the text, indicating a pessimistic or critical attitude.
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Figure 6.8: SHAP waterfall plot for author-based posts chapter-level classification using XGBoost classi-
fier and feature engineering.

Short sentences significantly affect readability and attention in social media content, sug-
gesting a dynamic or concise communication style.

The percentage of white spaces in the text can indicate organization, format, or layout pref-
erences, characterizing the overall structure and content presentation to the public. The use of
proper nouns varies substantially in social media posts. Authors use a diverse array of proper
nouns corresponding to different topics, making it more difficult for the model to attribute
authorship adequately.

The study highlights the significance of linguistic and structural features in understanding
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social media writing and authorship styles. It emphasizes the role of conciseness, sentiment,
and attention in attributing written work to distinct authors, providing insights into the unique
elements that define their writing style.

Cross-domain. The cross-domain analysis reveals that linguistic and structural features sig-
nificantly contribute to the model’s predictions. Figure 6.9 presents the SHAP waterfall graph,

illustrating feature significance analysis for the mixed scenario.
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Figure 6.9: SHAP waterfall plot for author-based all writings chapter-level classification using XGBoost

classifier and feature engineering.

The 'characters Herfindahl index’ measures the distribution and concentration of specific

characters, indicating dominant usage within authors’ writings. It can suggest unique writing
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styles and influence the model’s performance in classifying authorship.

The 'long sentence count’ affects the text’s structure and complexity, as authors may have
distinct habits in crafting long and complex sentences, demonstrating the importance of sen-
tence structure in different contexts.

The analysis reveals that certain features are crucial in authorship attribution for different
text types, as they represent fundamental aspects of an author’s style in different scenarios.
This information helps with successful attribution in the cross-domain corpus and extends our
understanding of authorship classification.

The visualization of feature importance to the model decision-making process through SHAP
summary plots for each dataset is provided in Appendix C.1.3. Feature importance scores ob-
tained using the XGBoost ranking system are presented in Appendix B.5.

However, certain features have a minimal effect on the model’s predictive results. These
features characterize common linguistic characteristics and provide less informative elements.
The following section explores some feature selection techniques to minimize the presence of

these features and reduce the model’s complexity without affecting its performance.

6.3.5 Feature selection

To improve the model’s effectiveness, we performed feature selection evaluations on four
dataset scenarios: literary works, columns, social media posts, and a cross-domain dataset.
The objective was to determine the most relevant subsets of features to optimize model per-
formance. We used the Ridge classifier with hand-crafted features and applied RFE to the cross-
domain scenario.

RFE is an iterative feature elimination process that repeatedly examines the model’s per-
formance. The x-axis corresponds to the number of features, and the y-axis represents the
cross-validation score of the model. The RFE approach highlights performance evolution with
each gradual increase in the number of features.

Assignificant element of these curves is the determination of two key points. First, we define

the exact number of features with which the Ridge model achieves maximum performance.
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Second, we set the threshold number of features that indicate a tolerance drop in performance
of 0.02 from the peak, marked with a dashed line on the curves. This threshold demonstrates
the compromise between feature inclusion and model performance reliability.

The figures below (Figure 6.10, Figure 6.11, Figure 6.12, and Figure 6.13) illustrate the rela-
tionship between features and the model’s performance in literary, column, social media, and
cross-domain contexts, respectively. These figures provide valuable information on how fea-
ture selection affects the Ridge model’s performance on each dataset. We can identify the
minimal number of features needed for effective model performance and determine the im-

pact of feature space on model reliability.
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Figure 6.10: RFE for author-based literary chapter-level classification using Ridge classifier and feature
engineering.

We also provide a table with the results of the RFE approach to feature selection across dif-
ferent settings. The information presented in Table 6.8 indicates the exact number of features
with the best F1 score for each dataset. The threshold set on the model F1 score with a drop of
0.02 defines the number of features for optimal model outcomes.

The study aimed to identify informative feature subsets (Appendix B.5) in different text data

using RFE. The analyses demonstrate the impact of feature selection on the Ridge algorithm'’s
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Figure 6.13: RFE for author-based all writings chapter-level classification using Ridge classifier and feature

engineering.

Table 6.8: Feature selection outcomes using RFE in a cross-domain configuration.

Corpora Number of fea- | F1-score Number of fea- | F1-score
tures tures (threshold) | (threshold)

Literary works 1071 0.993 215 0.974

Newsroom columns | 1263 0.974 318 0.954

Social media posts 898 0.944 336 0.924

All writings 1265 0.967 553 0.947

performance, providing insights into optimal feature sets for each dataset. This investigation

validates the Ridge model’s reliability and performance in authorship attribution, enhancing its

effectiveness in this task.

6.3.6 Dimensionality reduction

This section presents the process of dimensionality reduction using PCA and autoencoder mod-

els. Similar to the feature selection section, we present the results of these techniques in the

tables below.
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We first performed experiments in the PCA model (Table 6.9) to define the number of com-
ponents needed to maintain 1.0 of the data’s total variance. Next, we determined the number
of components with the highest F1 score and set a threshold with a performance drop of 0.02
from the peak. Appendix C.1.1 provides the performance curves illustrating the model perfor-

mance scores for the number of components in each dataset.

Table 6.9: Dimensionality reduction outcomes using PCA in a cross-domain configuration.

Corpora Number of | Number of | Fi-score Number of | F1-score
components | components | (best) components | (thresh-
- PCA cu- | (best) (threshold) old)
mulative
variance=1.0
Literary works 517 502 0.985 281 0.969
Newsroom columns | 537 532 0.943 443 0.924
Social media posts 532 516 0.919 293 0.900
All writings 516 507 0.853 477 0.837

The autoencoder model uses the same approach for dimensionality reduction (Table 6.10).
We include the complete feature set in this process and constantly increase the number of
features by 50. The performance curves for the autoencoder model, which show the model’s

effectiveness with different feature subsets for each dataset, are provided in Appendix C.1.2.

Table 6.10: Dimensionality reduction outcomes using autoencoders in a cross-domain configuration.

Corpora Best point | Best F1-score | Threshold | Threshold | Epochs,
point F1-score early stop-
ping (avg)
Literary works 650 0.996 100 0.987 24
Newsroom columns | 1100 0.988 200 0.972 21
Social media posts | 1000 0.981 150 0.965 28
All writings 1200 0.990 450 0.971 20

As the tables show, the autoencoder model experiences superior performance with a lim-
ited set of features and minimal training epochs enabled by the early stopping mechanism.
The PCA model enables us to understand the structure and relationship between the data

by reducing the feature space.
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Figure 6.14 shows the PCA model visualization for literary texts. It represents the distribu-
tion of data clusters in a two-dimensional space determined by the first two principal compo-
nents (PC1 and PC2). The visualization presents the structure of the data and simplifies the

identification of possible literary clusters or particular writing patterns.
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Figure 6.14: Illustration of literary works data via PCA dimensionality reduction.

The analysis exhibits the presence of overlapped clusters in newsroom columns and social
media posts. These findings, illustrated in Figure 6.15 and Figure 6.16, indicate similar topic
dominance distinct from the literary scenario. The data points from newsroom columns and
social media posts show recurring discussion patterns in both domains.

The cross-domain scenario in Figure 6.17 shows a significant overlap among data points,
indicating a shared variation in authorship patterns across different contexts.

This subsection explored the application of PCA and the autoencoder to the dimensionality
reduction process while maintaining relevant information. The selection of the dimensionality
reduction technique influenced the model performance and provided significant implications

for further research.
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Figure 6.15: lllustration of newsroom columns data via PCA dimensionality reduction.

6.4 Comparison with previous works

Cross-validation with previous studies is critical to our research methodology, comparing our

experimental findings to those reported in previous research (Table 6.11). This investigation

discusses the reliability, originality, and improvement of our results within the field of author-

ship attribution in Albanian. This analysis indicates the ongoing nature of the research and the

significance of our contributions.

Table 6.11: Comparative analysis with prior studies in cross-domain classification
settings (top-performing results).

Reference | Document | Language | Number of | Number of | Features Method Performance
type authors samples

[79] literary Bengali* 16 17,966 sub-word Transfer 0.998 Fi
works features learning score

(continued on next page)
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Table 6.11: Comparison with previous works (continued).
Reference | Document | Language | Number of | Number of | Features Method Performance
type authors samples
[79] online Bengali* 6 2,100 sub-word Transfer 0.9536 F1
posts features learning score
[69] fragments | English 25 250 syntactic CNN, LSTM 0.9888
of novels features accuracy
[118] books Albanian* | 4 43 syntactic Dmitri 0.9302
structure, Khmelev accuracy
linguistic algorithm
elements
[139] online Thai* 200 547 lexical, StyloThai-LSS | 0.9102
docu- structural, accuracy
ments syntactic
features,
PoS tags
[64] books Arabic* 7 7 lexical, Logistic 0.8873
structural, Model Tree accuracy
semantic,
syntactic
features,
n-grams,
function
words,
assonance
[15] articles Urdu* 15 6,000 lexical LDA, SQRT- | 0.93 F1-
features, cosine measure
n-grams, similarity
topic (proposed
modeling method)
Our literary Albanian 30 576 full set of | OVRRC-CV 0.997 F1
method works features score

(continued on next page)
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Table 6.11: Comparison with previous works (continued).

Reference | Document | Language | Number of | Number of | Features Method Performance
type authors samples

Our newsroom | Albanian 52 569 full set of | OVR RC-CV 0.992 F1

method columns features score

Our social me- | Albanian 44 426 full set of | OVR RC-CV 0.985 F1

method dia posts features score

Our all  writ- | Albanian 122 1,107 full set of | OVRRC-CV 0.994 F1

method ings features score
(mixed)

6.5 Conclusion and future work

The investigation of the authorship identification task in various written works in Albanian pro-

vided a valuable perspective on the field’s potential and limitations. This study analyzed literary

works, newsroom columns, and social media posts with an extensive examination of language-

related characteristics and ML-based methodologies. The findings from our analysis provide

valuable information that demonstrates the careful design of our experiments to address the

formulated research questions:

1. Can the author be identified from an Albanian text?

Our research includes an extensive investigation using various classification algorithms

and a specifically created set of language-related elements. The complete set of at-

tributes consists of numerous functions that define the authors’ unique writing style and

characteristics. The results indicate the effectiveness of selected methods and the dis-

criminatory ability of linguistic features. Our findings highlight the potential of authorship

identification in Albanian texts.

2. Which linguistic features are crucial to determine the author’s writing style?
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Figure 6.16: lllustration of social media posts data via PCA dimensionality reduction.

The study analyzes stylometric features in Albanian texts to identify the unique patterns
that characterize an author’s writing habits. It reveals that sound distribution, structural
traits, punctuation preferences, POS tags, capitalization, and syntax are critical elements
in defining authorial styles. These features contribute to a comprehensive understanding

of an author’s writing style in Albanian texts.

What is the best feature set identifying the author of a text document?

The research reveals that there is no universally optimal feature set for attributing au-
thorship, as its effectiveness depends on the domain and characteristics of the text doc-
uments. The results indicate the significance of creating features in line with the require-

ments and specifics of the task.

What are the best methods for authorship analysis (authorship identification) in Alba-

nian?
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Figure 6.17: Illustration of all writings data via PCA dimensionality reduction.

Our investigation considers the task of authorship attribution in written texts to identify
reliable methods in the Albanian language. A significant observation is the efficiency of
the Ridge linear model and its ability to handle datasets with an extensive set of features.
Other promising methods involve autoencoders for data compression and feature learn-
ing and FastText to capture contextual relationships in the data. These methods have
the potential to analyze Albanian authorship and understand the nuances of written lan-

guage.

5. How much data is sufficient to recognize authorial uniqueness?

The research explores the learning curve and its contribution to understanding the rela-
tionship between the varying size of training data and the model’s capability to capture
authorship patterns. A valuable observation is the effect of the gap between training
and validation scores and the need for more data for model generalization. The research

highlights a critical point: no fixed universal data threshold guarantees recognition of
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authorial uniqueness. The sufficiency of a dataset depends on the task complexity and

language-related characteristics.

This research enables authorship classification and demonstrates the importance of specific
features in identifying writing patterns in Albanian texts. The analysis of feature selection and
dimensionality reduction processes revealed their ability to improve model effectiveness while
maintaining significant information. Our study indicates the adaptability of methodologies that
can be extended to other languages and contribute to cross-linguistic analyses in the field.

This investigation provides the foundation for further progress in Albanian authorship iden-
tification. It suggests expanding the dataset’s representativeness by including written texts
from various authors and refining the ensemble of features to improve discriminatory power.
The goal is to explore authorship identification in Albanian further and provide significant in-

formation on natural language processing and computational linguistics.
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Chapter 7

Genre classification task in Albanian

This chapter explores genre classification in Albanian texts and combines theory with empir-
ical analysis. Section 7.2 outlines the experimental elements, including the corpus, selected
features, and methodologies [120]. The section also presents the metrics used for the mod-
els’ performance evaluation. Section 7.3 reports the results from our experiments and focuses
on feature analysis and selection to reduce dimensionality [174]. In Section 7.4, we compare
the study with previous works, highlighting its relevance and originality within the research
field. The chapter concludes with a discussion of our findings and future research objectives in

Section 7.5.

7.1 Introduction

The genre classification task categorizes texts into specific genres, such as dramas, novels, po-
ems, and more, based on their writing style and theme-related characteristics. This task is
significant for NLP and text analysis. Numerous studies in NLP, machine learning, and literary
analysis have focused on genre classification. Various techniques, including traditional ML al-
gorithms and modern DL methods, have been investigated to perform this task.

We explore this task with extensive experimentation in the context of the Albanian lan-
guage. Our experiments contribute novel insights and progress in this field, particularly in the
Albanian language. This research extensively investigates genre classification, experimenting

with various crafted features, methods, and model architectures.
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This study aims to evaluate the effectiveness of cutting-edge genre classification methods
and examine feature engineering and selection to identify informative characteristics for dif-
ferent genres. To achieve these goals, we provide a series of experiments designed to explore
different aspects of genre classification and contribute important information to the field.

This chapter addresses the research questions and hypotheses presented in Chapter 1. We

aim to provide a reliable foundation for presenting and interpreting our findings.

1. Can the genre be identified from an Albanian text?
2. Do authors naturally use distinct classes of language styles for different genres?

3. What are the best methods for authorship analysis (genre classification) in Albanian?

We significantly contribute to the AA context by compiling the first-of-its-kind corpus de-
signed explicitly for genre classification in Albanian texts. Our study’s experiments and analy-
ses are built on this corpus of varied and representative written works. Cross-domain analysis
demonstrates the robustness of our model and its reliability across various domains.

The experimentation framework significantly contributes to Albanian text genre classifica-
tion by providing new perspectives into feature analysis, modern techniques, and genre-related
writing patterns. The fundamental aspect of our contribution is the manual engineering of
hand-crafted features that represent characteristics of various genres in the text. Using new vi-
sualization tools, we identified relevant features that contribute to the decision-making process
of classification methods. Experiments reveal language-related characteristics crucial for genre
classification and identify linguistic variations in Albanian writings. The research methodology
extends to the cross-validation of our findings with prior works to validate their significance

within the authorship analysis field.

7.2 Experimental setup

This section outlines the elements of our exploration, including the recently designed corpus,

selected features, and the techniques used to identify unique patterns in literary genres. We
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also present evaluation metrics to evaluate the performance of selected methods in genre cat-

egorization.

7.2.1 Materials

This section provides a detailed review of the dataset’s specifications, manually engineered

features, and various language models essential for text representation.

7.2.1.1 Data preparation

The A3C3 corpus, created explicitly for authorship analysis tasks, is introduced in Chapter 3.
This subsection summarizes statistics about the various NLP attributes. The corpus is a mixed
collection of newsroom columns, social media posts, and literary texts. Its details, including
corpus size, genre-related statistics, and POS data, are presented in Table 7.1.

The A3C3 corpus is a comprehensive dataset with 20,185,632 words and 423,285 unique
tokens, covering various aspects of language use habits. It is a valuable resource for studying

genre classification when considering textual content in the Albanian language.

7.2.1.2 Combination of genre-related hand-crafted features

The genre classification task relies on an extensive ensemble of features, primarily linguistic at-
tributes. These features encompass various characteristics, such as lexical, morphological, and
syntactic structures. Numerous attributes are designed for specific literary genres and linguistic
contexts. Analyzing these features is crucial for authorship-related research, providing a deep

understanding of text genres.

7.2.1.3 Language models

This section outlines the text representation models essential for transforming raw text into
numerical data for experimental analysis. These language models include CountVectorizer, TF-

IDF, and Word2Vec.
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Table 7.1: The corpus size and genre-related statistics of the A3C3 corpus.

Level / Features Literary | Writings
Corpus size

total number of samples 392 1,936
average number of words 5,72778 | 9,354.34
average number of unique words 290.09 | 185.08
average word length (in characters) 5.63 5.94
average sentence length (in words) 15.58 1979
average unique words per sentence 0.79 0.39
average number of sentences 367.62 | 472.61
average syllables per word 1.84 2.03
max length word 69 98
Genre-related task statistics

total number of genres 5 3
average number of samples per genre 78.40 645.33
average number of tokens per genre 1,145.56 | 3,118.11
average number of unique words per genre 58.02 61.69
POS-related information

lexical density (proportion of content words) 49.84 49.74
average number of function words (token-based normalization) | 48.03 46.82
average number of verbs (token-based normalization) 13.41 10.86
average number of nouns (token-based normalization) 18.85 19.32
average number of adjectives (token-based normalization) 5.09 6.20
average number of adverbs (token-based normalization) 5.03 4.05
average number of pronouns (token-based normalization) 2.89 8.24

7.2.2 Classification methods and parameter settings

The research uses a variety of ML- and DL-based techniques, which were methodologically se-
lected after a careful performance evaluation to ensure their effectiveness and relevance within
our experimental framework. Various algorithms from different categories are used in experi-
ments, including XGBoost and Random Forest ensemble techniques, linear models like Logistic
Regression and Ridge Classifier, and Linear Support Vector Classifier. We use two multi-class

classification strategies, OvO and OVR, to deal with multiple classes. The model parameters
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are kept in default settings for comparative examination. The research also employs state-of-
the-art DL techniques like fastText, autoencoders, and transformers to expand the scope of
analysis. These methods automatically extract features from text data, capturing complex re-

lationships and genre-related patterns in writing styles.

7.2.3 Evaluation metrics

The study used a cross-validation scheme to evaluate the performance of our models. The
models were trained using a 5-fold cross-validation technique and evaluated using the F1 score,
which takes the average of precision and recall. Weighted averaging was applied to the F1score

to handle imbalanced data distributions.

7.3 Genre identification results

This section documents the experiments performed to evaluate the efficiency and quality of
the A3C3 dataset. We experiment with different ML-based algorithms to identify genre-related
variations in Albanian texts. The study analyzed learning curves and class prediction errors for
each classification algorithm to evaluate their performance in different training and validation
stages. This analysis evaluated the model’s robustness, generalizability, and areas for further

improvement.

7.3.1  Experimental results

This subsection presents classification results from our extensive experimentation on the A3C3
dataset using different methods and configurations. The corpus includes various literary gen-
res, such as drama, novella, poetry, short story, and novel, and a mixed scenario to examine
the model’s robustness.

We analyze texts at chapter and paragraph levels to evaluate the effectiveness of algorithms

on classification accuracy for different text sizes. Our analysis uses eight distinct feature settings
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to capture different textual characteristics. This approach provides an overview of our exper-
imental findings across different levels, methodologies, and scenarios, contributing to a deep
understanding of genre classification. The objective is to identify the minimal feature set for
effective genre classification to simplify the process and maintain accuracy.

Literary works. The first set of experiments focuses on the literary text dataset. The results
of these experiments are presented in Table 7.2. The TF-IDF model is the most promising for
feature extraction when using language models. It achieves an F1 score of 1.00 using the OvO
multi-class strategy and the Ridge classifier at the chapter level. Three algorithms, LR-CV, RC-
CV, and LinSVC, demonstrate similar performance. The CountVectorizer and Word2Vec models
also achieved comparable results. However, at the paragraph level, dropout rates increase,
especially when using the Word2Vec model with different algorithms. This low-performance
level is due to the limited ability for generalization to unseen instances in smaller datasets. The
best results are obtained with the OvR multi-class strategy when using manually engineered
features; the Ridge and LR algorithms show a significant F1 score of 0.987. The extensive set of

features contributes substantially to effective genre classification.

Table 7.2: Comparing accuracy: Performance of ML-based algorithms on literary genres classification.
Bold indicates the top-performing results in each experimental setup.

One-versus-One One-versus-Rest
Level of analysis | XGB LR-CV | RC-CV | LinSVC | RF XGB LR-CV | RC-CV | LinSVC | RF
Chapter-level

TF-IDF 0.968 | 0.999 | 1.000 | 0.999 | 0.958 || 0.989 | 1.000 | 1.000 | 1.000 | 0.995
CountVec 0.972 | 0.994 | 0.999 | 0.996 | 0.993 || 0.988 | 0.997 | 0.999 | 0.997 | 0.999
Word2Vec 0.959 | 0.974 | 0.982 | 0.975 | 0.957 || 0.966 | 0.975 | 0.977 | 0.975 | 0.958
FE 0.964 | 0.982 | 0.949 | 0.923 0.930 || 0.977 | 0.987 | 0.987 | 0.964 0.935
Paragraph-level

TF-IDF 0.935 | 0.994 | 0.995 | 0.994 0.907 || 0.955 | 0.996 | 0.999 | 0.996 0.955
CountVec 0.943 | 0.979 | 0.986 | 0.981 0.940 || 0.963 | 0.988 | 0.993 | 0.990 0.958
Word2Vec 0.912 | 0.945 | 0.945 | 0.938 | 0.899 || 0.917 | 0.948 | 0.931 | 0.936 | 0.901
FE 0.945 | 0.966 | 0.952 | 0.914 | 0.886 || 0.957 | 0.974 | 0.976 | 0.932 | 0.891

TF-IDF = Term Frequency-Inverse Document Frequency; CountVec = Count Vectorizer; Word2Vec = Word
to Vector; FE = Feature Engineering (hand-crafted features); XGB = eXtreme Gradient Boosting; LR-CV =
Logistic Regression Cross Validation; RC-CV = Ridge Classifier Cross Validation; LinSVC = Linear Support
Vector Classification; RF = Random Forest.
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Cross-domain. The next stage of the experiments extends our analysis to include all text
data types. In this situation, the classification includes various texts in the linguistic context,
such as literary works, newsroom columns, and social media posts. Table 7.3 outlines the re-
sults of this investigation. The study achieved an F1 score of 1.00 across multiple algorithms at
the chapter level with different feature settings. This performance is consistent across model-
generated and manually engineered attributes, with no significant decrease noticed at the
paragraph level. Figure 7.10 illustrates the separation between data points, demonstrating the

model’s effectiveness in recognizing unique characteristics among diverse linguistic domains.

Table 7.3: Comparing accuracy: Performance of ML-based algorithms on cross-domain classification.
Bold indicates the top-performing results in each experimental setup.

One-versus-One One-versus-Rest
Level of analysis | XGB LR-CV | RC-CV | LinSVC | RF XGB LR-CV | RC-CV | LinSVC | RF
Chapter-level
TF-IDF 0.998 | 1.000 | 1.000 | 1.000 | 0.999 || 0.999 | 1.000 | 1.000 | 1.000 | 1.000
CountVec 0.998 | 0.999 | 1.000 | 0.999 | 0.999 || 0.999 | 1.000 | 1.000 | 1.000 | 1.000
Word2Vec 0.999 | 1.000 | 1.000 | 1.000 | 0.999 || 0.999 | 1.000 | 1.000 | 1.000 | 1.000
FE 0.999 | 0.999 | 1.000 | 0.997 | 0.999 || 1.000 | 1.000 | 1.000 | 0.998 | 0.999
Paragraph-level
TF-IDF 0.991 | 0.999 | 0.999 | 0.999 | 0.993 || 0.995 | 0.999 | 0.999 | 0.999 | 0.993
CountVec 0.992 | 0.998 | 0.996 | 0.998 | 0.994 || 0.995 | 0.999 | 0.997 | 0.999 | 0.994
Word2Vec 0.998 | 0.999 | 0.998 | 0.999 | 0.997 || 0.998 | 0.999 | 0.998 | 0.999 | 0.998
FE 0.996 | 0.998 | 0.999 | 0.993 | 0.991 || 0.998 | 0.999 | 0.999 | 0.993 | 0.991

TF-IDF = Term Frequency-Inverse Document Frequency; CountVec = Count Vectorizer; Word2Vec = Word
to Vector; FE = Feature Engineering (hand-crafted features); XGB = eXtreme Gradient Boosting; LR-CV =
Logistic Regression Cross Validation; RC-CV = Ridge Classifier Cross Validation; LinSVC = Linear Support
Vector Classification; RF = Random Forest.

Table 7.4 presents the subsequent set of experiments. We evaluated the performance of
DL-based methods on our dataset, using fastText, autoencoders, and transformers in Albanian
genre classification. The difference we observed in classifying texts from various sources is
also evident when using DL-based methods. It supports the identification of distinct regions
between these data points.

The Ridge classifier is used for further analysis due to its consistent performance across var-

ious experimental scenarios. The OvR multi-class classification strategy is applied to investigate
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Table 7.4: Comparing accuracy: Performance of DL-based algorithms on cross-domain classification.
Bold indicates the top-performing results in each experimental setup.

Models fasttext autoencoders transformers

Level of analysis | Chapter | Paragraph | Chapter | Paragraph | Chapter | Paragraph

Literary genres 0.981 0.976 0.992 0.969 0.996 0.977
All writings 1.000 0.999 1.000 0.996 1.000 0.999

the model’s efficacy in two scenarios at the chapter level.

We expand the analysis by excluding specific words that influence literary genre classifi-
cation, including n-grams and capitalized words. These words could represent characters or
personages in literary works. The aim was to evaluate their impact on the classification pro-

cess, as detailed in Table 7.5.

Table 7.5: Comparing accuracy: Performance of the Ridge classifier on cross-domain classification.

Form of analysis | no-ngrams no-uppercase

Data FE TF-IDF | CountVec | Word2Vec
Literary works 0.978 0.974 0.948 0.950
All writings 1.000 1.000 0.999 1.000

The exclusion of n-grams from manually generated attributes did not significantly decrease
the results. On the other hand, when using language model features for literary genre clas-
sification, the Ridge algorithm’s performance dropped significantly, indicating the impact of
reducing the presence of capitalized words in different literary genres.

The research findings reveal the effectiveness of different methods on various datasets and
settings, demonstrating consistency in some methods and limitations in others across specific

scenarios.

7.3.2 Learning curves

This section provides learning curves illustrating the relationship between training and cross-
validated test scores. The Ridge estimator was used with the OvR strategy for different training

sample sizes. Figure 7.1 and Figure 7.2 visualize the learning curves for two distinct scenarios in
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the genre classification task. The figures show that the training score consistently outperforms
the validation score. However, this gap decreases during learning, indicating improved gen-
eralization to unseen data instances. This phenomenon is due to the increased training data
variety, which allows the model to capture more detailed and reliable patterns in the data distri-
bution. The figures represent learning curves for literary genre classification and cross-domain

scenarios.

Learning Curve for RidgeClassifierCV
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Figure 7.1: Learning curve for genre-related literary chapter-level classification using Ridge classifier and
feature engineering.

7.3.3 Class prediction error analysis

This subsection analyzes class prediction errors to examine the effectiveness of ML-based mod-
els in accurately attributing genre to texts. The visualization of these errors provides insightful
information about the model’s performance, revealing misclassifications and identifying error-

prone classes.
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Figure 7.2: Learning curve for genre-related all writings chapter-level classification using Ridge classifier
and feature engineering.

Literary works. The model demonstrates a low error rate in the classification of literary
genres, as shown in Figure 7.3. The model accurately categorizes literary genres, demonstrat-
ing its effectiveness in various settings. However, there is constant confusion between novels
and stories. The misclassification of novels with stories is complex due to the content, themes,
and narrative style similarities. Novels may have specific characteristics that overlap with those
found in stories, creating confusion in the classification process. This trend is illustrated in Fig-
ure C.17 in Appendix C.2.3. Genre classification can be challenging due to ambiguity in narrative
style, content structure, and thematic elements, with some stories similar to novels.

Cross-domain. The Ridge algorithm achieved a perfect F1 score in cross-domain writings,
with no significant confusion between different sources (Figure 7.4). The SHAP summary plot
C.18 in Appendix C.2.3 illustrates the clear distinction between them, supporting this evidence.

The class prediction error analysis in genre classification provided significant information



7.3. Genre identification results 121
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Figure 7.3: Class prediction error analysis for genre-related literary chapter-level classification using
Ridge classifier and feature engineering.

for identifying areas where the models may have difficulty distinguishing between closely re-
lated genres. By analyzing these errors, we understand the challenges of genre classification in

Albanian writings.

7.3.4 Feature analysis

This section provides a detailed analysis of features for classifying genres in Albanian texts. The
study uses SHAP values and generates separate waterfall plots for each dataset to understand
the importance of these features and their impact on the genre classification task. SHAP water-
fall plots illustrate feature importance, with each bar corresponding to a feature and its length

indicating its impact on the model’s output for a given example.
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Figure 7.4: Class prediction error analysis for genre-related all writings chapter-level classification using
Ridge classifier and feature engineering.

Literary works. The linguistic characteristics of literary texts and how those features relate
to the genre can influence the classification of literary genres. Figure 7.5 presents the SHAP
waterfall plot related to literary genres.

The 'average singular nouns per sentence’ feature helps classify literary genres by indicating
the average number of singular nouns per sentence. Literary works often include a rich vocab-
ulary and diverse use of language, including singular nouns, to describe characters, locations,
or objects. Literary genres with a higher average number of singular nouns per sentence may
represent more complex and rich language, which helps with classification.

Proper nouns, like character names, place names, and titles, are frequently capitalized in lit-
erary works, indicating their presence in narrative pieces. However, their impact can vary based

on the dataset, the classification algorithm, and the variety of literary genres in the dataset.
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Figure 7.5: SHAP waterfall plot for genre-related literary chapter-level classification using XGBoost clas-
sifier and feature engineering.

The classification of literary genres is influenced by their unique linguistic and stylistic char-

acteristics, as illustrated in Figure C.17 in Appendix C.2.3. Poetry is a distinctive genre with a

unique structure, often characterized by short, fragmented sentences or lines. It is reflected in

the 'sentence count’ feature, distinguishing it from other genres with longer and more complex

sentences. The drama genre frequently uses dialogue and dramatic devices, such as apsiope-

sis and colons, to create dramatic effects in plays and works. These devices help emphasize

specific points and indicate dialogue within the narrative and dialogic structure. Novellas are
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narratives that provide rich character development, often using dialectical words to indicate
distinct speech patterns. Short stories often have a unique style with capitalized words for
emphasis, which the higher count of these words can identify. Novels are longer works that
frequently involve many characters, locations, or entities. Because of the extensive narrative,
proper nouns, which are names of people, places, etc., are likely to be more frequent in this
genre. These features represent distinctive linguistic and stylistic elements in genre texts, en-
abling accurate genre classification in written works.

Cross-domain. Specific linguistic and stylistic features are essential in classifying various
text types. The 'sentences beginning with uppercase count’ feature significantly affects the

classification of different texts due to different writing styles and patterns (Figure 7.6).
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Figure 7.6: SHAP waterfall plot for genre-related all writings chapter-level classification using XGBoost
classifier and feature engineering.

The SHAP summary plot shows that 'sentences beginning with uppercase count’ signifi-
cantly contribute to the classification of literary texts, as illustrated in the stacked feature im-

portance visualization in Figure C.18, Appendix C.2.3. Sentence case is a standard convention in
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well-written prose, following formal grammar rules. Social media posts often use hashtags to
categorize content, indicating the topic’s scope. The 'hashtags percentage’ feature measures
the percentage of text with hashtags, making it a relevant feature that distinguishes posts from
other data points. Newsroom columns typically use a formal and objective tone to discuss pub-
lic events, issues, or personalities. They often use third-person pronouns, particularly when
discussing public figures or everyday situations.

Classification models consider an ensemble of features and their linear combinations; no
single attribute can determine classification. The suitable combination of these features en-
ables accurate genre classification in a mixed-domain corpus and contributes to a deeper un-
derstanding of genre-related features. Appendix C.2.3 provides detailed SHAP summary plots
for each dataset, visualizing feature impact on the model’s decision-making process. Appendix
B.5 presents feature importance scores.

Some features have a minimal impact on the model’s predictions. Excluding these less rel-
evant attributes, which exhibit similar patterns across multiple genres, helps reduce model

complexity without affecting the model’s performance.

7.3.5 Feature selection

We performed feature selection analyses with literary works and the cross-domain corpus to
improve the model’s effectiveness for classifying genres. The goal was to identify the most
informative features to optimize the model’s performance using the Ridge classifier and RFE in
a cross-validated scenario.

This section presents RFE curves for each dataset, detailing the iterative feature elimination
process and its impact on model performance. The x-axis corresponds to feature count, while
the y-axis represents the model’s cross-validated score, providing insights into performance
evolution with varying numbers of features.

These curves define two critical points: the exact number of features at which the Ridge

model achieves its highest score and a threshold that indicates a performance drop of 0.02
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from the peak, as marked by the dashed line. This threshold indicates the balance between
feature inclusion and the stability of model performance.

Figure 7.7 illustrates the impact of different feature subsets on the Ridge model’s perfor-
mance in the literary domain. On the other hand, Figure 7.8 represents feature relevance in

the cross-domain dataset and its impact on diverse text types.
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Figure 7.7: RFE for genre-related literary chapter-level classification using Ridge classifier and feature
engineering.

The figures provide observations into the impact of feature selection on Ridge model per-
formance, helping to identify the optimal number of features for superior predictive accuracy.
Table 7.6 summarizes the results of our RFE-based feature selection process. This table presents
the exact number of features for each domain with the highest F1 score and a threshold with a

performance drop of 0.02.

Table 7.6: Feature selection outcomes using RFE in a cross-domain configuration.

Corpora Number of fea- | F1-score Number of fea- | F1-score
tures tures (threshold) | (threshold)

Literary genres 725 0.986 85 0.967

All writings 208 0.999 5 0.988
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Figure 7.8: RFE for genre-related all writings chapter-level classification using Ridge classifier and feature
engineering.

We aimed to determine the most effective subsets of features in different domains (Ap-
pendix B.5), analyzing stylometric characteristics. We used RFE to systematically evaluate how

various feature subsets affected the model’s performance.

7.3.6 Dimensionality reduction

This section uses PCA and autoencoder models to reduce the dimensionality of the feature
space. The following tables summarize the results obtained from these models. For the PCA
model with results presented in Table 7.7, we first experimented to determine the number of
components for 100% of the data variance. After that, we identify the number of components
that give the optimal result, with a minimal drop in performance of 0.02 from the peak. Per-
formance curves of the PCA model, showing its effectiveness on the number of components
for each corpus, are detailed in Appendix C.2.1.

The autoencoder model employs a similar dimensionality reduction methodology (Table

7.8), using the complete feature set and gradually increasing the number by 50. A threshold
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Table 7.7: Dimensionality reduction outcomes using PCA in a cross-domain configuration.

Corpora Number of | Number of | Fi-score - | Number of | Fi-score -
components | components | Best score | components | Threshold
- PCA cu- | -Best score - Threshold | score
mulative score
variance=1.0

Literary genres | 570 558 0.983 95 0.964

All writings 552 74 1.000 2 0.986

point of 0.02 is set for a reasonable reduction in predictive accuracy. Performance curves for

each dataset are provided in Appendix C.2.2, with varying feature subsets.

Table 7.8: Dimensionality reduction outcomes using autoencoders in a cross-domain configuration.

Corpora Best point | Best F1-score | Threshold | Threshold | Epochs, early
point F1-score stopping  (aver-
age)
Literary genres | 650 0.996 150 0.983 13
All writings 400 0.999 50 0.999 16

The tables show that the autoencoder model outperforms the PCA model with minimal
features and training epochs. However, even with two features, the PCA model achieved an
impressive F1 score of 0.986 in cross-domain data. It demonstrates its reliability and effective-
ness in identifying significant variations in text data, even with reduced feature space.

The dimensionality reduction technique of PCA generates data visualizations that facilitate
the identification of patterns in the data’s structure and relationships.

The PCA model visualization for literary genres in Figure 7.9 shows the distribution of data
points in a two-dimensional space. The PCA visualization reveals distinct features in the poetry
and drama genres, indicating differences from other literary genres. However, overlaps in the
data clusters for novella, novel, and story genres indicate similarities or shared characteristics.

The cross-domain scenario illustrates three distinct clusters in regions without overlaps in
data (Figure 7.10). This trend indicates substantial variations within each data cluster.

The subsection discussed the effectiveness of PCA and autoencoders in reducing feature

dimensionality while preserving relevant information. It examined the impact of dimensionality
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Figure 7.9: lllustration of literary genres data via PCA dimensionality reduction.

reduction techniques on model performance and provided significant information for further

analysis.

7.4 Comparison with previous works

Our research methodology involves cross-validation with previous studies, as presented in Ta-
ble 7.9. This approach compares our experimental results with the results reported in prior
research. Cross-validation emphasizes the continuity of research and the importance of our

findings in the authorship analysis domain.

7.5 Conclusion and future work

The research investigated genre classification in Albanian texts, examining the effectiveness of

various methods. It highlights the importance of distinct linguistic features and demonstrates



130 Chapter 7. Genre classification task in Albanian

Principal Component Plot

Il Literary [ ]

°
Columns @
BN Posts °‘ b ‘o : :. ® ®
X V0, ®
d ®
* T .
... .
(Y g'
O
& )
)

PCy

Figure 7.10: lllustration of all writings data via PCA dimensionality reduction.

the complexities of the genre classification task in Albanian. The findings contribute to the field
of authorship analysis and provide a foundation for future progress in this field. We designed

our experiments to address the following research questions:

1. Can the genre be identified from an Albanian text?

The study investigated the genre classification of Albanian texts using different algorithms
and explicitly designed language-related features. The research findings indicate that

genre classification in Albanian texts is possible and validate the effectiveness of our ap-

proach.

2. Do authors naturally use distinct classes of language styles for different genres?

This study explored writers’ linguistic patterns while crafting texts in various genres. Care-
ful analysis identifies genre-related characteristics such as capitalization preferences, sen-
tence structure, vocabulary choices, and punctuation patterns. These findings demon-

strate how authors adapt linguistic choices based on their writing genre, revealing unique
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Table 7.9: Comparative analysis with prior studies in cross-domain classification settings (top-performing

results).

Reference | Document | Language | Number of | Number of | Features Method Performance

type genres samples

[115] product re- | English 3 2,121 CF (char | Random 0.99 F-

views (book and PoS | Subspace measure
dataset) n-grams, (Random

discrimina- | Forest)

tive words

frequency,

AA fea-

tures)

[115] product re- | English 3 1,638 CF (char | Bagging 0.98 F-

views (cam- and PoS | (Random measure
era dataset) n-grams, Forest),

discrimina- | Random

tive words | Subspace

frequency, (Random

AA fea- | Forest)

tures)

[86] web pages | Telugu* 3 150 syllable SVM, RF 0.98 F-
extraction measure
algorithm
to extract
char n-
grams

our literary gen- | Albanian 5 392 - transformers | 0.996 F1

method res score

our all writings | Albanian 3 1,936 full set of | OVR RC-CV, | 1.000 F1

method (mixed) features LR-CV score

our all writings | Albanian 3 1,936 - fasttext, au- | 1.000 F1

method (mixed) toencoders, | score

transformers

genre-specific attributes.

3. What are the best methods for authorship analysis (genre classification) in Albanian?

An analysis was conducted to determine the most effective methods in the Albanian lin-
guistic context. The research findings demonstrate the reliability of the Ridge model for
genre classification in handling linguistic complexities. In addition to traditional machine
learning, transformers capture complex textual patterns, demonstrating superior perfor-

mance in the Albanian language scenario.

Analyzing language-related and stylometric features explicitly for each linguistic domain
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contributes to understand different aspects of classifying genres. The examination of feature
selection and dimensionality reduction methods enhances model efficiency while preserving
critical information. Although the research focused on Albanian, the findings can be extended
to other languages, resulting in cross-lingual progress in the field.

Future research in Albanian genre classification aims to expand the dataset, improve model
reliability, and identify more contextual linguistic patterns. We also aim to refine feature engi-
neering and explore unique domain-specific attributes in Albanian to increase model discrimi-

natory effectiveness, contributing to natural language processing and text analysis.
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Chapter 8

Gender identification task in Albanian

This chapter overviews the research’s fundamental elements, including the new corpus, se-
lected features, methods [120], and metrics used to evaluate the models’ performance in au-
thorship gender identification task in Section 8.2. Section 8.3 records experimental results and
provides an in-depth feature analysis and selection [174]. A comparative analysis is conducted
on prior research in Section 8.4, focusing on the relevance and advancement of our findings
within the field of study. The chapter concludes with a review of research findings and potential

directions for future research in Section 8.5.

8.1 Introduction

Authorship gender identification is a text analysis method that tries to identify an author’s gen-
der based on content-related attributes, linguistic structures, and context-specific characteris-
tics in written texts. The gender identification task focuses on understanding the relationship
between language use and gender personality. This task provides valuable insights into how
language represents gender. It has practical applications in various fields, including sociolin-
guistic studies and forensic linguistics.

Statistical models, machine learning algorithms, and linguistic analysis are extensively uti-
lized in this field to identify gender-specific patterns. This study focuses on adapting existing
methodologies to improve the efficacy and model performance of gender identification exper-

iments, specifically in the Albanian language scenario. We aim to contribute empirical findings
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that expand the understanding of gender manifesting in language across different domains and
genres, revealing gender-related linguistic characteristics.

The investigation aims to enhance our understanding of the complex relationship between
gender and language through an extensive experimental approach. This chapter revisits the

research questions from Chapter 1.

1. Can the gender be identified from an Albanian text?
2. Are there linguistic features that indicate gender?

3. What are the best methods for authorship analysis (gender identification) in Albanian?

This research presents diverse Albanian textual works for gender identification analyses and
experiments. Cross-domain validation demonstrates the model’s flexibility and applicability in
various scenarios. The extensive experimentation and analysis significantly contribute to gen-
der classification in Albanian texts by providing valuable insights into gender-related writing
patterns. Our main contributions include the compilation of the novel corpus and the man-
ual engineering of linguistic features crafted to represent distinctive gender characteristics.
Using new visualization techniques, we identified the ensemble of features that significantly
contribute to gender classification. The experiments reveal language-related characteristics
that are essential for gender identification. Our research methodology involves cross-validation

with previous studies to validate its relevance within the authorship analysis field.

8.2 Experimental setup

This section presents the novel dataset, outlines the selected features for analysis, and dis-
cusses the methodologies used to capture gender-specific characteristics. Also, we describe

the metrics used to evaluate the performance of our models.
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8.2.1 Materials

This subsection provides the specifications of our datasets, the hand-crafted features we've

selected, and the language models for text data representation.

8.2.1.1 Data preparation

The A3C3 corpus is designed explicitly for authorship analysis and includes newsroom columns,
social media posts, and literary texts. The corpus creation process is detailed in Chapter 3. Table
8.1 presents its specifications and statistics related to various NLP features. The table includes
three aspects of language-related information: size, gender-related statistics, and POS data.
The A3C3 corpusis a diverse collection of 26,874,527 words and 339,080 unique tokens. The

dataset is a valuable source for investigating gender identification in the Albanian language.

8.2.1.2 Combination of gender-related hand-crafted features

The gender classification task relies on a complete set of features detailed in Table 4.1 within
Chapter 4. These features cover a text’s lexical, morphological, and syntactic aspects of the
language use. This combination of features is carefully engineered and selected, and it serves

as the foundation for further experimental analyses.

8.2.1.3 Language models

This section provides the language models used for effectively representing textual data. These
models transform raw textual content into numerical matrices for practical analysis. Our exper-
iments use three well-known models for text representation, including TF-IDF, CountVetorizer,

and Word2Vec.
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Table 8.1: The corpus size and gender-related statistics of the A3C3 corpus.

Level / Features Literary | Columns | Posts Writings
Corpus size

total number of samples 338 654 879 1,239
average number of words 5,840.57 | 8,426.85 | 7,095.80 | 10,841.70
average number of unique words 306.05 206.20 20274 192.35
average word length (in characters) 572 5.89 6.16 5.89
average sentence length (in words) 16.09 22.40 19.97 20.74
average unique words per sentence 0.84 0.55 0.57 0.37
average number of sentences 363.06 376.18 355.34 522.86
average syllables per word 1.88 2.04 2.13 2.02
max length word 51 66 98 66
Authorship-related task statistics

total number of gendres 2 2 2 2
average number of samples per gender 169 327 439.5 619.5
average number of tokens per gender 2,920.29 | 4,213.43 | 3,547.90 | 5,420.85
average number of unique words per gender | 153.02 103.1 101.37 96.17

POS-related information
lexical density (proportion of content words) | 49.46 49.03 50.39 49.34

average number of function words (TBN) 4777 476 45.58 4718
average number of verbs (TBN) 12.80 1.09 974 11.01
average number of nouns (TBN) 18.38 1.90 20.22 19.05
average number of adjectives (TBN) 5.28 6.24 6.55 6.16
average number of adverbs (TBN) 5.01 4.26 3.23 4.20
average number of pronouns (TBN) 9.07 4.19 7.46 8.46

TBN = Token-Based Normalization.

8.2.2 Classification methods and parameter settings

The study uses various ML- and DL-based methods selected after extensive evaluation to ensure
their effectiveness within our experimental approach. This selection includes XGBoost and Ran-
dom Forest ensemble techniques, Logistic Regression and Ridge Classifier linear models, and
Linear Support Vector Classifier. The research uses state-of-the-art DL-based techniques, such
as fastText, autoencoders, and transformers, to explore AA in Albanian texts. These techniques
reveal intricate patterns and relationships, enabling the identification of linguistic structures

and gender-specific markers.
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8.2.3 Evaluation metrics

The experiments used a 5-fold cross-validation method to evaluate the performance of the
methods. The evaluation uses the F1 score, a precision and recall metric. Due to class imbal-
ance, weighted averaging of the F1 score was applied, with weights defined in proportion to

example counts for each class.

8.3 Gender identification results

In this section, we report the experiments performed to evaluate the practicality and effec-
tiveness of the A3C3 corpus. In addition to the experimental results, we analyzed the learning
curves and class prediction errors. This investigation evaluated the algorithms’ performance
in various training and validation phases. It assessed the model’s reliability and generalizabil-
ity and identified potential areas for improvement. This extensive examination contributes to
improving gender classification techniques, especially in the less studied area of the Albanian

language.

8.3.1 Experimental results

This section investigates gender attribution using various methods and configurations. The
A3C3 dataset, created from diverse sources like literary works, newsroom columns, and social
media posts, is used to analyze gender-related characteristics. A mixed scenario with all text
types validates the method’s robustness, providing a deep understanding of the classification
results.

We analyze text at two different size levels: the chapter level and the paragraph level. The
aim is to evaluate the impact of different levels of text size on classification performance. The
analysis uses eight different feature settings to represent distinct features of written language.

This methodology provides an overview of our empirical findings across various dimensions,
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methodologies, and scenarios and contributes to a deeper understanding of gender classifica-
tion in Albanian written works. The focus is on identifying the minimal feature set for effective
gender identification.

Literary works. The experiment sequence begins with the literary works dataset. Table
8.2 displays the results of different classification algorithms and feature settings in identify-
ing gender. The TF-IDF model demonstrates superior performance in feature extraction, with
impressive results achieved at the chapter level using LR-CV, RC-CV, and LinSVC. Comparable
performance scores are obtained with CountVectorizer and Word2Vec. However, an increased
dropout rate is observed at the paragraph level when using the Word2Vec model with different
algorithms. It is evident in smaller datasets, where word embeddings need more support to
capture data variation adequately. As a result, the limited capacity to generalize to unseen data
results in reduced performance. The Ridge algorithm achieves an impressive F1 score of 0.991
when applying the complete set of hand-crafted features at the chapter level. This feature set

enables accurate data classification and analysis for effective gender identification.

Table 8.2: Comparing accuracy: Performance of ML-based algorithms on literary works classification.
Bold indicates the top-performing results in each experimental setup.

Level of analysis | Set of features | XGB LR-CV | RC-CV | LinSVC | RF

Chapter-level TF-IDF 0.988 | 1.000 | 1.000 | 1.000 | 0.996
CountVec 0.989 | 0.999 | 0.999 | 1.000 | 0.998
Word2Vec 0.989 | 0.997 | 0.999 | 0.996 | 0.990
FE 0.986 | 0.995 | 0.993 | 0.980 | 0.962

Paragraph-level | TF-IDF 0.970 | 0.998 | 0.998 | 0.998 | 0.965
CountVec 0.972 | 0.993 | 0.996 | 0.994 | 0.971
Word2Vec 0.955 | 0.978 | 0.975 | 0.969 | 0.936
FE 0.964 | 0.982 | 0.985 | 0.961 | 0.914

TF-IDF = Term Frequency-Inverse Document Frequency; CountVec = Count Vectorizer; Word2Vec = Word
to Vector; FE = Feature Engineering (hand-crafted features); XGB = eXtreme Gradient Boosting; LR-CV =
Logistic Regression Cross Validation; RC-CV = Ridge Classifier Cross Validation; LinSVC = Linear Support
Vector Classification; RF = Random Forest.

Newsroom columns. Table 8.3 presents experimental results focusing on newsroom columns.

We observe a consistent results trend within this context, similar to previous tables. The Ridge
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classifier’s performance decreases significantly at the paragraph level, primarily due to the
columns’ shorter and fragmented structure. The limited paragraph content impacts the model’s

ability to capture sufficient information, reducing prediction accuracy.

Table 8.3: Comparing accuracy: Performance of ML-based algorithms on newsroom columns classifica-
tion. Bold indicates the top-performing results in each experimental setup.

Level of analysis | Set of features | XGB LR-CV | RC-CV | LinSVC | RF

Chapter-level TF-IDF 0.975 | 0.999 | 0.999 | 0.999 | 0.979
CountVec 0.976 | 0.996 | 0.997 | 0.995 | 0.988
Word2Vec 0.981 | 0.986 | 0.989 | 0.986 | 0.977
FE 0.974 | 0.983 | 0.991 | 0.964 | 0.940

Paragraph-level | TF-IDF 0.942 | 0.988 | 0.991 | 0.988 | 0.942
CountVec 0.947 | 0.979 | 0.976 | 0.978 | 0.949
Word2Vec 0.934 | 0.949 | 0.947 | 0.948 | 0.922
FE 0.934 | 0.956 | 0.961 | 0.857 | 0.874

TF-IDF = Term Frequency-Inverse Document Frequency; CountVec = Count Vectorizer; Word2Vec = Word
to Vector; FE = Feature Engineering (hand-crafted features); XGB = eXtreme Gradient Boosting; LR-CV =
Logistic Regression Cross Validation; RC-CV = Ridge Classifier Cross Validation; LinSVC = Linear Support
Vector Classification; RF = Random Forest.

Social media posts. The following experiment sequence analyzes the dataset of social me-
dia posts, with results consistent with previous findings. However, due to the concise nature of
social media posts, the results of these experimental series showed a slight performance drop
compared to the other settings, as shown in Table 8.4.

Cross-domain. The study expands the examination to include the entire corpus. The classifi-
cation analysis utilizes texts from various domains, such as literary works, newsroom columns,
and social media posts, with the results reported in Table 8.5. The experimental findings in
gender classification show that performance is generally lower when considering all types of
texts together compared to individual textual data. The data variation exhibited by numerous
linguistic attributes, word usage, writing habits, and speech formality influences the model’s
performance in detecting gender-related patterns. Domain knowledge inclusion and additional

feature engineering may be needed to enhance the model’s effectiveness.



140 Chapter 8. Gender identification task in Albanian

Table 8.4: Comparing accuracy: Performance of ML-based algorithms on social media posts classifica-
tion. Bold indicates the top-performing results in each experimental setup.

Level of analysis | Set of features | XGB LR-CV | RC-CV | LinSVC | RF

Chapter-level TF-IDF 0.967 | 0.994 | 0.995 | 0.994 | 0.925
CountVec 0.969 | 0.989 | 0.989 | 0.990 | 0.969
Word2Vec 0.943 | 0.964 | 0.956 | 0.964 | 0.925
FE 0.950 | 0.973 | 0.972 | 0.900 | 0.890

Paragraph-level | TF-IDF 0.924 | 0.973 | 0.972 | 0.972 | 0.894
CountVec 0.927 | 0.961 | 0.952 | 0.960 | 0.915
Word2Vec 0.873 | 0.895 | 0.884 | 0.895 | 0.853
FE 0.896 | 0.906 | 0.923 | 0.814 | 0.819

TF-IDF = Term Frequency-Inverse Document Frequency; CountVec = Count Vectorizer; Word2Vec = Word
to Vector; FE = Feature Engineering (hand-crafted features); XGB = eXtreme Gradient Boosting; LR-CV =
Logistic Regression Cross Validation; RC-CV = Ridge Classifier Cross Validation; LinSVC = Linear Support
Vector Classification; RF = Random Forest.

Table 8.5: Comparing accuracy: Performance of ML-based algorithms on cross-domain classification.
Bold indicates the top-performing results in each experimental setup.

Level of analysis | Set of features | XGB LR-CV | RC-CV | LinSVC | RF

Chapter-level TF-IDF 0.959 | 0.986 | 0.989 | 0.984 | 0.883
CountVec 0.960 | 0.980 | 0.983 | 0.979 | 0.912
Word2Vec 0.937 | 0.954 | 0.950 | 0.953 | 0.918
FE 0.939 | 0.960 | 0.959 | 0.915 | 0.871

Paragraph-level | TF-IDF 0.900 | 0.945 | 0.944 | 0.945 | 0.821
CountVec 0.904 | 0.936 | 0.912 | 0.934 | 0.814
Word2Vec 0.864 | 0.864 | 0.860 | 0.864 | 0.817
FE 0.871 | 0.893 | 0.909 | 0.788 | 0.804

TF-IDF = Term Frequency-Inverse Document Frequency; CountVec = Count Vectorizer; Word2Vec = Word
to Vector; FE = Feature Engineering (hand-crafted features); XGB = eXtreme Gradient Boosting; LR-CV =
Logistic Regression Cross Validation; RC-CV = Ridge Classifier Cross Validation; LinSVC = Linear Support
Vector Classification; RF = Random Forest.

We used DL-based methods to evaluate the corpus in the following experiments, as pre-
sented in Table 8.6. We experimented with fastText, autoencoders, and transformers to demon-
strate their effectiveness in handling gender identification difficulties. The performance scores
obtained with these methods were comparable to those achieved with model-generated fea-

tures and manually crafted attributes for different text types. However, in the cross-domain
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setting, they demonstrated lower F1 scores. As noted in the previous chapter, the transformer
model’s effectiveness is evident for tasks with fewer classes, as the data volume within each
class significantly impacts model performance. The fastText model reliably performed across
various linguistic contexts in the entire corpus, demonstrating its ability to capture and general-
ize within different scenarios. However, the autoencoders model has lower F1 scores, possibly

due to architectural limitations or hyperparameter tuning.

Table 8.6: Comparing accuracy: Performance of DL-based algorithms on cross-domain classification.
Bold indicates the top-performing results in each experimental setup.

Models fasttext autoencoders transformers
Level of analysis Chapter | Paragraph | Chapter | Paragraph | Chapter | Paragraph
Literary works 0.994 0.987 0.997 0.978 1.000 0.997
Newsroom columns | 0.992 0.981 0.988 0.944 1.000 0.981
Social media posts | 0.976 0.965 0.967 0.896 0.992 0.968
Writings 0.952 0.920 0.953 0.887 0.976 0.937

The Ridge classifier has been selected as the primary classifier for further investigations
due to its robust performance in various experimental settings, particularly in chapter-level
text analysis across four dataset settings.

The study aimed to evaluate the impact of certain words, such as n-grams and capitalized
words, on gender classification by excluding them from hand-crafted features and language
models. These words generally represent artistic characters or public figures in various written

texts. Table 8.7 presents the results of this examination.

Table 8.7: Comparing accuracy: Performance of the Ridge classifier on cross-domain classification.

Form of analysis no-ngrams no-uppercase

Data FE TF-IDF | CountVec | Word2Vec
Literary works 0.988 0.991 0.976 0.987
Newsroom columns 0.972 0.987 0.972 0.973
Social media posts 0.942 0.945 0.937 0.931
All writings 0.944 0.924 0.921 0.889

The investigation found that removing n-grams from manually engineered features did not

significantly impact results. However, we observed a performance drop in the Ridge algorithm
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when classifying gender using model-generated features. It highlights the importance of capi-
talized words across various textual sources. The literary works dataset consistently provided
the most reliable performance across different scenarios and configurations.

The experimental results provide valuable insights into the performance of different meth-
ods across different textual data and configurations. Some methods demonstrated robustness
in different scenarios, and others revealed context-specific limitations, highlighting the need

for customized approaches in gender classification tasks.

8.3.2 Learning curves

This section presents learning curves to illustrate the relationship between training and cross-
validated scores. The Ridge algorithm’s performance is evaluated across different training sam-
ple sizes. Figure 8.1 and Figure 8.2 show that the training score consistently outperforms the
validation score, with the performance gap decreasing over the learning process. This trend
indicates an improvement in the model’s generalization ability for previously unseen data in-
stances. This improvement is due to the increasing variety of training data, which enables the
model to capture more meaningful patterns in the distribution of data points. Learning curves
provide valuable insights into the model’s generalization and learning process, particularly in

the cross-domain scenario, revealing the data variations in gender classification.

8.3.3 Class prediction error analysis

This subsection analyzes class prediction errors to examine ML-based models’ performance
predicting the writer’s gender from text data. It illustrates incorrect classifications made by the
model, which improves our understanding of its performance by revealing error-prone classes.

The study visualizes class prediction errors within the cross-domain scenario, as the error
rate for misclassifying gender remains consistent across other subsets of the A3C3 corpus. The
model constantly shows a low error rate in gender identification for various writing types, as
presented in Figure 8.3. This linearity indicates the model’s robustness and effectiveness in

classifying different text data examples.
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Figure 8.1: Learning curve for gender-related literary chapter-level classification using Ridge classifier
and feature engineering.

Misclassifications in the author’s gender identification task arise from the complexity of ac-
curately predicting an author’s gender based on text. Factors contributing to these confusions
include variations in writing styles, gender-neutral language, diverse linguistic contexts, and
model limitations.

The class prediction error analysis in gender classification provides valuable insights into the
model’s abilities and potential challenges, expanding our understanding of the task’s variations

and complex nature.

8.3.4 Feature analysis

This section examines the features utilized in the gender identification of Albanian texts, as de-

fined in Chapter 4. We aim to understand the importance and impact of these features on this
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Learning Curve for RidgeClassifierCV

1.00 @ @ & @ \ @ @ L @ L

0.98

0.96

Score

0.92

0.90 —8— Training Score

Cross Validation Score

500 1000 1500 2000 2500 3000
Training Instances

Figure 8.2: Learning curve for gender-related newsroom columns chapter-level classification using Ridge
classifier and feature engineering.

classification task. The study uses SHAP scores and waterfall plots to evaluate the significance
of individual features in gender identification across various textual domains.

SHAP waterfall plots visually illustrate the importance of features, with each bar represent-
ing a specific feature and its influence on the model’s predictions. These plots reveal distinctive
features with a significant positive or negative impact on the classification output.

Literary works. The analysis reveals that linguistic attributes, such as parenthesis, punctua-
tion, and consonants, are crucial for gender identification in literary works. The SHAP waterfall
plot, as shown in Figure 8.4, illustrates the effect of these features.

Literary works exhibit unique narrative patterns, with some authors using parentheses more
often. Authors use parentheses to express comments or insights in their writing, which differs
between males and females. Literary texts include artistic and figurative language, resulting in

varying punctuation preferences. Female authors may use more punctuation to express their
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Figure 8.3: Class prediction error analysis for gender-related all writings chapter-level classification using
Ridge classifier and feature engineering.

emotions, while male authors use punctuation differently to communicate a specific attitude
or rhythm. The 'average number of punctuation marks per sentence’ feature represents these
stylistic variations. This feature helps identify patterns in punctuation usage by male and female
authors and contributes to accurate gender classification in literary texts.

Word usage and sound distribution in writing texts can vary depending on gender. Male and
female authors use consonants differently to create a specific tone or feeling in their creations.
The 'average consonants per word’ feature can identify a stylistic preference for male authors
by using more complex consonant words.

Newsroom columns. The frequency and pattern of capitalization contribute to gender-
specific writing patterns in newsroom columns. Capitalized words correspond to a distinct

writing convention, as shown in the SHAP waterfall plot in Figure 8.5. Male and female writers
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Figure 8.4: SHAP waterfall plot for gender-related literary chapter-level classification using XGBoost clas-
sifier and feature engineering.

emphasize different aspects of a particular topic, resulting in a varying frequency of capitalized
words.

The ’syntactic phrases Herfindahl index’ feature reveals the various and lengthy sentence
structures that different authors use to express their ideas. It can be attributed to the author’s
gender, highlighting the unique preferences of each gender in sentence structure.

Social media posts. The SHAP waterfall plot in Figure 8.6 for social media posts analyzes
feature importance based on gender-based variations in various linguistic characteristics.

Single quotes in written speech can represent a specific voice or expression, often used by



8.3. Gender identification results

147

18.119 = capitalizedWordsRatio_LF

1.65 = punctuationsPercentage LF

0.24 = syntacticPhrasesHerfindahlindex_SynF
5 = exclamation

0.606 = articlesPOSEntropy_1MF

2.064 = personlstRatio_1MF

9 = personlstCount_1MF

18 = specialCharactersCount_LF

0 = singleQuote

2.513 = auxiliaryVerbsEntropy_MF

0.231 = averagePersonlstPerSentence_1MF
16.767 = definiteWordsPercentage_CSF
1.086 = personlstPercentage_1MF

2 = NMP ART PPOS

2.051 = averagePunctuationsPerSentence_SF
0 = PRP NMS CNJS

0.917 = intensiveAdverbsRatio_GF

46.683 = functionWordsPercentage_1MF

flx) =0.952

33.244 = vowelsPercentage LF  —0.01 ‘

1261 other features

0.6
E[f(X)] =0.539

0.7 0.8 0.9

1.0

Figure 8.5: SHAP waterfall plot for gender-related columns chapter-level classification using XGBoost
classifier and feature engineering.

social media users to share and quote content from various sources. Some authors may use

single quotes to express sarcasm or irony or highlight specific words. The frequency of single

quotes contributes to distinctive linguistic characteristics and gender-specific writing patterns

that help identify the gender of social media users.

People frequently use language as a form of individual expression, intentionally selecting

nouns and adjectives that reflect their personality or gender identity. The 'masculine adjective
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Figure 8.6: SHAP waterfall plot for gender-related posts chapter-level classification using XGBoost clas-
sifier and feature engineering.

count’ and 'feminine noun percentage’ features significantly influence gender identification in

social media posts relating to language usage patterns and gender-specific content representa-

tion. Male authors may use more adjectives associated with determination or strength, while

female writers may use adjectives associated with affection or empathy. These specific markers

help define the author’s gender.

Cross-domain. Figure 8.7 illustrates the SHAP waterfall plot, analyzing feature importance

in the cross-domain scenario.
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Figure 8.7: SHAP waterfall plot for gender-related all writings chapter-level classification using XGBoost
classifier and feature engineering.

The sentence structure and capitalization patterns are other writing characteristics that vary
between male and female writers. Capitalized words at the beginning of sentences are related
to formal writing and grammatical rules, with choices determined by educational or creation
standards.

Gender-related writing habits can influence verb phrase usage, with male and female au-
thors having distinct preferences for communicating actions, emotions, or ideas. One individual

might prefer short verb phrases, while the other might use more adverbs or modifiers for more
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detailed expressions. The structure of verb phrases and the frequency of active or passive voice
in the writing can affect the author’s narrative perspective, indicating gender differences.

These characteristics in Albanian texts suggest that they capture different characteristics
of an author’s gender in various contexts. Understanding the importance of these features
increases the model’s ability to classify gender in different textual sources correctly.

The SHAP summary plots for each dataset in Appendix C.3.3 present a detailed visualization
of feature contributions to the model’s predictions. Appendix B.5 provides a deeper under-
standing of each feature’s significance.

Some features have a minimal impact on the model’s predictions, providing a recurring pat-
tern across different classes. Excluding these features helps reduce computational complexity

while maintaining the algorithm’s efficacy.

8.3.5 Feature selection

This section discusses the feature selection approach to determine the most informative fea-
ture subset and enhance the model’s effectiveness. We used the Ridge algorithm and hand-
crafted features with RFE in a cross-validated configuration.

The figures in this section represent an RFE curve for a specific subset of the original corpus,
illustrating the impact of the iterative feature elimination process on the model’s performance.
The x-axis corresponds to the number of features, while the y-axis represents the model’s cross-
validated score with different features.

These curves define two critical points: the peak performance number of features and a
threshold number of features with a performance drop of 0.02 from the peak. This threshold
indicates the balance between feature inclusion and model stability, providing information on
feature significance.

Figure 8.8 illustrates the Ridge model’s performance for different feature subsets in the
literary domain. Similarly, Figure 8.9 provides insight into the impact of feature selection on
model performance in the newsroom columns dataset. Figure 8.10 focuses on social media

posts and represents the interaction between features and the model’s performance. Finally,
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Figure 8.11 visualizes the features’ importance and effect on model performance with different

text types.
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Figure 8.8: RFE for gender-related literary chapter-level classification using Ridge classifier and feature

engineering.

The RFE-based feature selection process yields the optimal feature count with the highest
F1 score for each dataset and the required number of features for a threshold F1 score with a

performance drop of 0.02. Table 8.8 summarizes these outcomes.

Table 8.8: Feature selection outcomes using RFE in a cross-domain configuration.

Corpora Number of fea- | F1-score Number of fea- | F1-score
tures tures (threshold) | (threshold)

Literary works 790 0.995 47 0.975

Newsroom columns 445 0.976 102 0.957

Social media posts 947 0.950 98 0.930

All writings 1262 0.949 177 0.929

The study aimed to identify the most informative feature combinations in various text data,
considering their distinctive language-related and stylometric attributes. This extensive anal-

ysis provides insights into optimal feature configurations for each domain and contributes to
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the robustness of our gender identification model across various textual sources.

engineering.
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Figure 8.11: RFE for gender-related all writings chapter-level classification using Ridge classifier and fea-
ture engineering.

8.3.6 Dimensionality reduction

The section explores the use of PCA and autoencoder models to reduce the dimensionality of
the feature space. The following tables present the summarized results.

For the PCA model with results presented in Table 8.9, we conducted experiments to de-
termine the number of components to retain 100% of the data variance. Next, we identify the
component count that results in the highest F1 score and the number of features for a perfor-
mance drop of 0.02 from the peak. The performance curves in Appendix C.3.1 illustrate the
effectiveness of the PCA model corresponding to the number of components for each dataset.

The autoencoders model is additionally used for dimensionality reduction (Table 8.10), ex-
perimenting with the complete feature array, and increasing the feature count by 50. A thresh-
old point is set to achieve a tolerable reduction while maintaining an informative subset of
features. Appendix C.3.2 provides performance curves for the autoencoder-based model.

The results presented in previous tables indicate that the autoencoder model yields impres-

sive performance scores with minimal features and reduced training epochs.
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Table 8.9: Dimensionality reduction outcomes using PCA in a cross-domain configuration.

Corpora Number of | Number of | Fi-score | Number of | F1-score -
components | components | - Best | components | Threshold
- PCA cu- | -Bestscore | score - Threshold | score
mulative score
variance=1.0

Literary works 540 417 0.990 36 0.972

Newsroom columns | 542 537 0.970 68 0.952

Social media posts 550 524 0.948 189 0.928

All writings 544 520 0.932 117 0.913

Table 8.10: Dimensionality reduction outcomes using autoencoders in a cross-domain configuration.

Level of analysis Best point | Best F1-score | Threshold | Threshold | Epochs,
point F1-score early

stopping
(average)

Literary works 600 0.998 50 0.994 24

Newsroom columns | 550 0.990 50 0.972 26

Social media posts | 1250 0.975 150 0.956 4

All writings 850 0.965 150 0.945 33

The study provides a PCA visualization for the cross-domain scenario due to the consistent
pattern in data structure across four distinct corpora. Visualizing data points in this context
helps understand data clusters and their relationships.

Figure 8.12 illustrates the distribution and relationships of data points in a two-dimensional
space. The distribution of data points provides valuable information about potential gender-
related clusters and distinct stylometric patterns.

In the cross-domain scenario, the data clusters representing male and female authors over-
lap, demonstrating similarities in their written content. However, despite the overlap, clear
clusters are evident, demonstrating the existence of linguistic patterns specific to each gender.
The trend observed in data groups highlights the complexity of author gender classification,
as writing styles may share similar characteristics but also contain specific gender-specific fea-

tures.
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The section demonstrates the effectiveness of PCA and autoencoders in reducing feature
dimensionality while maintaining significant information and highlights the impact of the di-

mensionality reduction technique on model performance.

8.4 Comparison with previous works

The research methodology involves cross-validation with prior work to examine our experimen-
tal findings. The comparative analysis is outlined in Table 8.11. This analysis provides insights
into the research’s contributions, including the robustness of our results, new findings, and
improvements. Cross-validation emphasizes the continuing aspect of research and the signifi-

cance of our work in authorship analysis.
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Table 8.11: Comparative analysis with prior studies in cross-domain classification settings (top-
performing results).

Reference | Document | Language | Number of | Number of | Features Method Performance

type authors samples
[20] tweets Greek 463 45,848 word-based | SVM (linear) | 070  accu-
features racy
(TF-IDF
encoding)
[85] chat mes- | Turkish* 1,616 218,742 keywords, SVM (linear) | 0.835 accu-
sages misspelled, racy
slang and
emoticon
words, dis-
criminating
words
[81] short mes- | English - 55,835 word-based | Decision 0.791 accu-
sages (SMS) TF-IDF  (n- | Tree (J48) racy
gram)
our literary Albanian 30 338 - transformers | 1.000 F1
method works score
our newsroom Albanian 52 654 - transformers | 1.000 F1
method columns score
our social me- | Albanian 44 879 - transformers | 0.992 F1
method dia posts score
our all writings | Albanian 122 1,239 - transformers | 0.976 F1
method (mixed) score

8.5 Conclusion and future work

This study explored the gender identification task in Albanian texts using a range of ML- and DL-
based techniques. It demonstrates the effectiveness of different configurations and feature sets
and identifies an ensemble of linguistic elements significantly impacting gender classification.
The research findings contribute to authorship analysis and deepen our understanding of the
gender identification task within the Albanian linguistic scenario. The results have provided

valuable information from our experiments to address the following research questions:

1. Can the gender be identified from an Albanian text?

The study investigates the relationship between linguistic characteristics and gender iden-

tification in Albanian texts, analyzing various linguistic features and methods to identify
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gender-related patterns. The experimental outcomes indicate the potential to identify

an author’s gender across different sources and textual contexts.

2. Are there linguistic features that indicate gender?

The study examines numerous language-related features in Albanian as indicators of an
author’s gender, contributing to understanding gender-specific language use. It identifies
patterns related to gender in punctuation preferences, capitalization standards, syntactic
structures, specific adjectives, and nouns. These features reveal consistent gender pat-

terns in various texts and demonstrate the relevance of gender-related linguistic analysis.

3. What are the best methods for authorship analysis (gender identification) in Albanian?

The research identified effective methods for capturing gender-related markers in Al-
banian authorship analysis. The Ridge linear model can handle diverse feature sets.
As state-of-the-art models, transformers show promising results in Albanian texts while
identifying the author’s gender. The findings affirm the research question and indicate

exciting possibilities in Albanian authorship analysis.

The experimental findings contribute valuable information to the Albanian gender identifi-
cation task and provide potential directions for further research in other textual domains. This
research highlights the importance of linguistic analyses to examine different aspects of gender
identification in Albanian and establish a foundation for future investigations.

Future research in gender identification of Albanian texts aims to expand the dataset to
include texts from different sources and contexts, increasing the robustness of the model. An-
other aspect is the refinement of feature engineering and the exploration of domain-specific
characteristics unique to the language. Adapting the methodology to a multi-lingual scenario
offers cross-lingual pattern investigation, aiming to advance gender identification in the Alba-

nian language and beyond with valuable insights and significant contributions.
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Final discussion

Thisinvestigation presented significant findings with substantial contributions to the field. Learn-
ing curves revealed that no fixed universal data threshold ensures the recognition of authorial
uniqueness. The trends in learning curves demonstrated significant improvements in general-
ization over time, with a decreasing difference between the training and validation scores.

Class prediction error analysis exposed different aspects of model performance in tasks re-
lated to authorship. Specifically, authors of the same genre exhibit common linguistic patterns,
narrative styles, and thematic focuses in identifying authorship, leading to misclassifications
within the dataset. In genre classification, we observed a constant confusion between novels
and short stories due to their similarities in content, themes, and narrative styles. However,
there is a clear difference in mixed-text settings. Gender identification demonstrated the ex-
istence of writing styles not strictly related to gender by revealing style diversity, gender neu-
trality, and distinctive domain features.

Feature analysis identified distinct linguistic elements contributing to the model’s effective-
ness in different tasks. The model performance and feature importance analyses demonstrated
the complexity of different authorship analysis tasks in Albanian.

The experiments were designed to validate the hypotheses presented in the study, provid-
ing a robust experimental approach that enhances the relevance of the research’s contributions

to the field.

1. The novel Albanian authorship analysis corpus significantly impacts Albanian authorship-

related tasks.
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Our findings strongly support the hypothesis that the novel AAA corpus significantly im-
pacts authorship analysis in Albanian. The novel corpus expands our analysis with diverse
linguistic styles, genres, and themes. This dataset enables models to learn from diverse
linguistic patterns and styles in Albanian texts. The models generalize effectively and
make reliable predictions across various text data, contributing to the effectiveness of

Albanian authorship analysis.

2. There are highly relevant feature groups to be used in training effective and efficient ma-

chine learning models for each subtask of authorship analysis.

The research indicates that specific linguistic and stylometric features significantly im-
prove the models’ ability to identify unique patterns in tasks related to authorship. The
feature analysis supports this hypothesis, highlighting the impact of various features in
meeting task specifications for optimal results. In authorship identification within literary
works, consonants, syntactic phrases, exclamation marks, and commas capture phonetic
distinctions, sentence structures, and punctuation preferences. Newsroom columns use
exclamation marks, uppercase digraphs, stopwords, and complex words to characterize
unique stylistic patterns and content choices. Social media posts use third-person words,
negative particles, and short sentences to represent narrative perspective, author tone or
sentiment, and concise communication styles. In cross-domain writings, the distribution
of characters and long sentences reflects text composition and narrative complexity. For
genre classification in the literary corpus, poetry’s sentence count signifies its structure,
stories’ capitalized words reflect narrative style, colons in dramas indicate dialogue or
specific points, dialectical words in novellas reflect distinct speech patterns, and novels
use proper nouns for rich character development. In the cross-domain corpus, capital-
ization patterns reflect formal and stylistic conventions in literary works; columns use the
third-person narrative style for an objective tone; and social media posts use hashtags to
label content. In gender identification within literary texts, parentheses, punctuations,
and consonants reflect unique narrative styles, emotional nuances, and gender-specific

moods. Newsroom columns use capitalized words for emphasis, syntactic phrases for
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linguistic structures, and exclamation marks to denote emotions. In social media posts,
single quotes represent specific tones, while masculine adjectives and feminine nouns
contribute to gender-specific expressions. In the cross-domain scenario, sentence case
signifies formal writing and grammar, and verb phrases reflect gender-related commu-
nication preferences in expressing actions, emotions, or ideas. These features capture

authorial voices and styles in different linguistic contexts.

Hand-crafted, task-adapted features-based traditional machine learning models will out-

perform automatic feature extraction-based deep learning models.

This research provides documentation of outcomes in evaluating the performance of tra-
ditional ML- and DL-based methods in the authorship analysis domain. Hand-crafted fea-
tures capture different aspects of language patterns and stylometric elements for various
tasks related to authorship. On the other hand, DL-based methods automatically learn
representations and characteristics from text data without explicit manual engineering.
Research findings indicate that ML-based algorithms with task-adapted features perform
better on specific authorship analysis tasks and configurations. The study showcases the
efficacy of manual-generated features in providing linguistic and stylistic data for author-

ship analysis, aiding the model in identifying text data patterns.

In the study of Albanian AA, we experienced situations that presented limitations, expand-

ing our understanding of linguistic complexity. The complex morphological structure and di-

alectal variations of the Albanian language result in significant difficulties in identifying stan-

dardized language-related features. This phenomenon affected the performance of the mod-

els. The diverse genres provided diversity, requiring genre-specific analyses and feature en-

gineering. The lack of ready-made datasets limited the depth of the study, impacting model

training and evaluation. These limitations indicate the complexities of authorship analysis in

Albanian and suggest further research and exploration to address these challenges.
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Conclusion and future work

10.1 Conclusion

Authorship analysis in low-resource languages, such as Albanian, has presented various diffi-
culties. To address this, we created the first Albanian corpus adapted to authorship challenges
with different types of texts. This dataset provided a solid foundation for further analyses and
investigations.

Our analysis used various ML and DL-based methods to evaluate the effectiveness of differ-
ent feature settings and configurations. A significant contribution is feature engineering, which
represents different characteristics and patterns in authors’ writing patterns and styles. The re-
search on feature selection and dimensionality reduction techniques demonstrated their po-
tential to increase model effectiveness while preserving relevant information. This exploration
of authorship analysis in different linguistic domains in Albanian provided essential information
into the challenges and possibilities of the field.

This study experimentally presents the potential to identify authorship, genre, and gen-
der in Albanian written works. Our research provides promising results on a diverse dataset,
demonstrating the methods’ reliability and generalization ability. The existence of distinctive
patterns and characteristics in language use helps with effective authorship identification, un-
derstanding of gender-related features, and genre differentiation.

The study identified authorial patterns, gender indicators, and genre attributes through a

detailed analysis of hand-crafted features. The analysis reveals elements that define author
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writing habits in Albanian, ranging from sound distribution, structural elements, punctuation
choices, and POS tags. Our findings indicate that no universally specific feature set exists for
authorship analysis. Instead, the features’ impact on the model’s performance differs based on
context, domain, and text characteristics. The experimental results demonstrate the reliability
of the linear Ridge model, considering linguistic variations. This study employed cutting-edge
methods such as autoencoders, transformers, and FastText. Impressive results in cross-domain
data demonstrate the potential of our research and contribute to authorship analysis in Alba-
nian texts.

This research demonstrates the implicit complexities of the Albanian language within its

context and suggests further investigation and advancement in this area.

10.2 Future work

This research contributes to a deep understanding of authorship styles and provides a robust
foundation for future research. However, some directions are given for enhancing the effective-
ness of methods for specific tasks related to authorship, with explicit emphasis on authorship
identification, genre classification, and gender identification.

The dataset’s continued development and extension aim to maintain its significance and
include texts from various genres, linguistic styles, and periods. Furthermore, it supports the
investigation of cross-domain authorship analysis and the promotion of multi-lingual research.

The expansion of domain-specific and psycho-linguistic features for specific tasks related
to authorship provides more adaptive feature representations. Research into cross-domain
and cross-linguistic feature extraction provides new opportunities for authorship analysis. Fur-
thermore, transfer learning techniques can help adapt models trained in other languages or
domains to Albanian authorship analysis tasks.

The findings from this research have provided a foundation for authorship analysis tasks.
Future efforts may include tuning model settings, integrating advanced model architectures,

and examining the significance of domain knowledge.
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Sample texts from the corpus

A.1 Author-related data

Table A.1: Representative excerpts from the corpus of literary works.

Literary works

Dhe Bajrami doli nga dera, i bindur pér ato qé kish menduar dhe i kénaqur pér até gé kishte
béré.

- Oh, unazé!

Madje, sfidimi i tij na ge kthyer né njéfaré zbavitjeje.

Syté i gené zgurdulluar tej masés dhe ge gati t'i hidhej plakés; sepse i dukej gé ajo me ato

ushtrimet e saj po ja.
Xhexhoja ngjiti shkallét.

Né kété ményré tregimi Hijet né kuverté krijon njé klithje deni né skaj, njé klithje pé€r human-

itetin qé ka arritur né kufirin e zhdukjes.

Era ulérinte si mallkim i tokés spanjolle dhe téré batalioni Ish strukur ndér shtrojera e guva,

ledhe té péshtjella me gjethe.
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Table A.2: Representative excerpts from the corpus of newsroom columns.

Newsroom columns

Do té duhet kohé pér ta rindértuar stereotipin, i cili i lidhte racat, religjionet, apo etnité e

caktuara me krimin dhe i amnistonte disa té tjera kjo.

Kryesorja, éshté se kohét e fundit, kané ardhur duke i parafruar si kurré mé paré géndrimet
e tyre né skenén politike mbarékombétare. E pikérisht, kétu ku duket se ndodhet pika mé
e fugishme qé i bashkon, éshté edhe pika mé e dobét e kufirit gé i ndan ata jo thjeshté si

programe, si filozofi, si kahje né spektrin politik, si qasje, si frymé apo si gérmé.

Eshté formé e pastér korrupsioni, madje edhe njé tufé lule, kur té tjeré nxénés té varfér nuk
e pérballojné dot ta blejné, kthehet né tmerr dhe ofendim pér ta, korrupsion qé vazhdon prej

vitesh, denonconi té gjithé ata qé abuzojné me emrin e larté té mésuesit dhe ju kérkojné dhu-

rata dhe ju rrjepin.

Table A.3: Representative excerpts from the corpus of social media posts.

Social media posts

Kah me ja mbaijt tash ne gé kujtuam se shpétuam?Jam e mllefosur, sepse vec né Albinin dhe

né Vjosén kam pas shpresé.
E fundit ne Europe.

Mbrémé, ka nisur shtrimi me zhavorr i rrugés, né ményré gé kalimi i kémbésoréve dhe lévizja

e veturave té jeté mé e lehté.

Asnjé gindarké pér shuarjen e gindra zjarreve né gjithé Shqipériné duke shkaktuar vdekje,
djegie pyjesh, kullotash, dhe duke véné né rrezik fshatra té térée, etj !
Qofté kjo festé gézim pér té gjithé!

Integrimi i té gjithé pjesétaréve té shogérisé pa dallime éshté rrénjésor pér zhvillim kolektiv,
prandaj i lumté Down Syndrome Kosova gé po ua mundéson té rinjéve me sindromén Down

njé jeté té tillé.
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A.2 Genre-related data

Table A.4: Representative excerpts from the corpus of drama genre.

Drama

MIKELI: Deri kétu arrin té shkojé “krenaria” jote, Petrit?
Sulejmani: Bejtash aga, cka don prej meje.

SADIKU: C’lidhje ka vdekja e Markusit me fejesén toné?
Rrushja: Tashti do ta heq uné. Kam sjellé lajme.
Bardhoku: Kah po ia mban késhtu?

Mé ndihmon, Xhafer, t'i coj kéto placka né akshihane.

Mirépo jam nané, o Murrash.

Tuci: Kadale, kadale, mos u nxej!

Table A.5: Representative excerpts from the corpus of poetry genre.

Poetry

Edhe uné dashurova dhe né jeté pata fat,
lexoj para popullit.

As mua nuk mé njohin té tjerét

Sa heré gé ia behén

Jo pérkundrazi

Té varreve té stérgjyshérve

né zot hetuan gjarpérin

Mbeta lakuriq rrugéve

viset e tua kreshnike nuk i shkeli dot njeri.
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Table A.6: Representative excerpts from the corpus of novella genre.

Novella

Zaltén, shumé prej jush keni zbritur nga skena dhe jeni mplakur, prandaj flisni késhtu".
Seanca mbyllet, tha ai.

- Jo dhe aq, ikim!- tha ajo. Ato dy dité kaluan si né éndérr mes kénaqésisé sé shoqérisé sé
Mirit gé ish mé i Eémbél e mé i dashur se kurré dhe etheve té kérkimit té ndonjé shenje qé té

vértetonte dyshimet e saj.

Pirgu, sic na e pérshkroi ai, éshté jo fort i larté, sa dy shtate njeriu, dhe nga ana ushtarake s’ka

kurrfaré vlere pérballé Murit toné, por tmerri gé dérgon éshté sa i njéqind késhtjellave bashké.
Kjo gjé e preku dhe e malléngjeu.
- Me kujdes, me kujdes, - u dégjua zéri i infermieres, gé kishte shérbimin até dité.

Fjalét e saj, si gugitje péllumbeshe, ishin jo vetém té dashura, por edhe té zgjuara, té€ matura,

ajo ishte e mencur, e ditur dhe shpirtmadhe.

Table A.7: Representative excerpts from the corpus of novel genre.

Novel

Ngaqé gjaté njé pjese té shtegtimit vémendja i shpérgendrohej sa andej kéndej, pérheré e mé
tepér Gjorgut po i dukej se udhét gé pérshkonte ai ishin pa vazhdimési, plot boshlléqe apo

kapércime té médha.

Shpérblimi pér veprat e mira, do té jeté lumturia e pérhershme, pa vuajtje; kurse ferri, si dicka

e kundért.
Tradhtaré i ndyré!

Se sa e ¢cmojné banorét e kétushém tokén ku mund té mbjellésh ckado qofté gé rritet dhe
bulézon, déshmojné edhe varrezat gé nuk jané té vendosura né njé vend, por nga té katér
anét e fshatit, népér vendet pérplot gurishte ku vetém ata e diné sa e véshtiré éshté té hapésh

varr pér té ndjerin.
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Table A.8: Representative excerpts from the corpus of story genre.

Story

Dredhoi kah shkallét.

Dhe kur zu té shkundet si ai mani i nunit, buzégesha.

- Ka nga ata gé digjen né zjarr dité e naté.

Po kjo velje e tij ne nuk na fyeu aspak.

- Sa vesh té miré keni, - kishte théné me admirim.

Hé, mo, e ke paré?

Té pranishmit té téré qgeshén bile njéri e pyeti: - A éshté e vérteté xha Bit?!
Kétu, pér njé kohé&, mendimi iu pre.

Edhe kur takoheshim né qytet (ai banonte né gytet se uné téré jetés kam banuar né fshat), ne
takoheshim né klub dhe, kur géllonim té gemé té dy koké pér koké, digjnim vajguri me hallet

e botés.




168 Appendix A. Sample texts from the corpus

A.3 Gender-related data

Table A.9: Representative excerpts from the corpus of male gender.

Male

Cfaré béra?

Pér shembull hakerat iraniané u pérpogén té vendosin njé faré disipline me skandalet.
Shqipéria dhe Kosova bashképunojné ngushté.

As gé béhet fjalé!

Késhtu, rimbushet me tym e mjegull Lugina e Betonté e Kosovés.

Si risim propozoi gé fill mbas gjimnastikés té térhigej secili né vete dhe té lexonte dy-tri fage té
zgjedhuna ndér libra autorésh té pazhigla e ideologji té€ caktueme té shekujve nandémbédhjet

e njézet.

Mijafton té marrésh né analizé (pa u ndalur shumé) drejtuesit politiké né qarqge, pér té kon-

statuar sa e ka telendisur Partiné Demokratike, amatori politik dhe aktori Basha.

Table A.10: Representative excerpts from the corpus of female gender.

Female

Por ajo, e kujdesshme dhe e vetédijshme pér rolin gé kishte, nuk zuri né gojé asgjé té tillé.
Kétu dua té ndalem tek pozita shumé inferiore e gjuhés shqgipe né pérdorimin zyrtar té saj.
Por, ka vetém njé regjion, pér té cilin nuk diskutohet.

- Né kété oré?

E djaloshi, me syté e mbyllur shtréngon me té dy duart timonin e autobusit dhe shkel pérplot
vetébesim dhe krenari papucen e gazit.

Ato jané krijesa té thjeshta, formojné natyrshém ekosistemin e tyre, i cili ka njé ndjeshmeéri

shumé té larté.
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feature sets

B.1 Linguistic features
B.1.1  Morphological features

Table B.1: List of particles included in the morphological feature set.

Particles

edhe duke vetém bash tepér more gofté madje sesa mbase

deri gjer sikur gati ndoshta sidomos afro  pikérisht vallé qysh

Table B.2: List of prepositions included in the morphological feature set.

Prepositions

né me pér mé nga pos deri gjaté gjer larg nén
sipas midis tek ndér mes ndaj rreth mbas kundér jashté pas

para mbi népér prej drejt prané sipér pérpara

169
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Table B.3: List of conjuctions included in the morphological feature set.

Conjuctions

edhe kur por pra apo vetém prej ose nése sikur  ku né
ndaj sic kurse sepse sesi pasi prané andaj pérpara meqé si as
dhe nga se po gé sa

Table B.4: List of interjections included in the morphological feature set.
Interjections
a!'? he.he.. he pa ish ¢j ou shét oj more bis bah bam
or ua ua!? urra hé oh ptu ee eh oo vaj aha mori
oi eu ah ori ith hém au of uf ysh ehu psht pis
uj ore uh hej ura jau mor ehe oho bérr ohu

Table B.5: List of stopwords included in the morphological feature set.

Stopwords
edhe kishte éshté ishte duke gjaté késhtu ashtu  béré tani
shumé kété prej vetém tyre sikur  pastaj deri kétu gjitha
mund  jané paré  heré gjithé  veté gené madhe ndonjé sepse
kané miré  kishin ishin népér marré jeté kemi késaj toné
tijetér para  disa kéto duhet fund cili atje kurré dicka
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B.2

B.2.1

Domain-specific features
Content-specific features

Table B.6: List of abstract concepts included in the content-specific feature set.

Abstract concepts

jeté puné kohé (qetési fjalé histori dashuri drejté art liri trim

frik€ uraté tmerr faj egér vdekje frymé zemér gaz

Table B.7: List of archaisms included in the content-specific feature set.

Archaisms

ves méri brat ulk oskan delme ulka brisa mriké oleum

satem kjaj rinos famulli klaj frané familia bérraké gluha zagorje

Table B.8: List of international concepts included in the content-specific feature set.

International concepts

histori  kimi kesh rimé person art bar krim komunist
letrare gjeneral organ graf tiran limit grup kafe ballkan
familje profesor test nato parti tekst shkollé univers magji

Table B.9: List of discourse markers included in the content-specific feature set.

Discourse markers

dhe pér se po qgé ashtu kaq késhtu pastaj vec
edhe pas por pra para kurse sepse pasi atéheré pérpara

vetém ende tjetér nése tepér sipas megé ndérsa prandaj sesa
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B.2.2

Gender features

Table B.10: List of affective adjectives included in the gender feature set.

Affective adjectives

miré geté bukur  qarté lumtur  kéndshme mrekullueshme
émbél page shenjté gézuar kénaqur gatshém gjakftohté

pushtuar hyjnor freskét tronditur

Table B.11: List of assertion words included in the gender feature set.

Assertion words

garté pikérisht  patjetér sigurisht plotésisht konkretisht besueshém

natyrisht njéherésh térésisht

Table B.12: List of independence-related words included in the gender feature set.

Independence-related words

liri pavarési clirim personalitet  sovran vetéqeverisje
autonomi individualitet sundues vetévendosje sovranitet decentralizim

vetébesim emancipim suprem

Table B.13: List of judgmental adjectives included in the gender feature set.

Judgmental adjectives

miré bukur habitshme hijshme cuditshém  mrekullueshém
trishtuar imagjinar kéndshém tmerrshém frikshém jashtézakonshém
padurueshme trondités urryer shkélgyer = mérzitshme mesatare

fantastike mesatar
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B.2.3 Social-network features

B.3

Table B.14: List of social media terms included in the social-network feature set.

Social media lexicons

kérko tag lajm lidhje grup link live kérkim ndjekur vlerésim

ndjek post like fotografi ndiq koment mesazh storie status  etiketé

Psycho-linguistic features

Table B.15: List of cognitive processes included in the psycho-linguistic feature set.

Cognitive processes

puné mendim  shkak cudi kujdes bisedé kritiké kujtesé
kuptim dyshim lidhje kujtim problem ndérmend vetédije mésim
besim céshtje  tregim menduar studim  vémendje zbulim  bazé
pérfundim déshmi shprehje kuptuar rréfim nxé

Table B.16: List of neutral emotions included in the psycho-linguistic feature set.

Neutral emotions

drejté asnjénés  sistematik faktik thjeshté mesatarisht zakonshém
neutral moderuar paanshém réndom normal tipik barabarté
pérgjithshém objektiv natyror formal  réndomté indiferent

Table B.17: List of time concepts included in the psycho-linguistic feature set.

Time concepts

eré dje oré dité kohé atéheré herét kaluar nesér vjetér
tash tani naté vjet pastaj shkuar fillim méngjes lindje shekull

sot cast shpejt viti mot menjéheré mbrémje muaj nesérm stiné
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Table B.18: List of positive emotions included in the psycho-linguistic feature set.

Positive emotions

gaz liri trim dashuri shpirti  géndrim  geshje pérpjekje
fuqi zemeér drejtési  éndje pasuri  respekt kénagési page
réndési dije géllim  lidhje kujtim  wvullnet shpirtérore getésim
vleré shéndet rregull  besim magji vémendje thellési térési
nur gézim intelekt bukuri  déshiré pavarési prani forcé
durim  zhvillim guxim  shpresé kujtesé ndihmé

Table B.19: List of negative emotions included in the psycho-linguistic feature set.

Negative emotions

zi mjeré  krim keq hidhur  pikéllim sulm dhembje
mani  zét turp méri  zor mérzi shkreté  trishtuar
thaté ligé friké shuar tmerr trishtim fatkegési shgetésim
ulur dyshim rrezik vetmi vraré  ndoté mundim  vetmuar
gabim varur dhimbje bosh varfér tmerrshme dénim ankth

Table B.20: List of social processes included in the psycho-linguistic feature set.

Social processes

puné nder liri lufté urim mésim marréveshje gabim
mendim shtim bind friké hapur pushim forcé pérpjekje
veprim  kuptim kénag lidhje besim shembull  durim zhvillim
drejtim  besoj krijim  gézim mbledhje ndértim  shgetésim zgjedhje
déshiré  guxim bisedé shpresé bashkim clirim kalim rréfim
ndihmé ndryshim marrje géndrim udhétim respekt shprehje
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B.4 Calculation of the feature set

Code Listing B.1: Calculating the complete set of extracted features.

functions = globals ()

user_defined_functions_LF = [name for name,
func in functions.items ()
if not name.startswith("__")
and inspect.isfunction (func)

and name.endswith (" _LF")]

for feature_name in user_defined_functions_LF:
features_names.append(feature_name)

for feature_names_freq in user_defined_functions_LF_freq:
returnValue = functions[feature_names_freq](str(""), str(folder))
keys = list(returnValue.keys())
for e in keys:

features_names.append(e)

for txt, label, pos in zip(X, y, POS):

feature_res_| = []

for name in user_defined_functions_LF:

feature_res_|I|.append(functions[name](str (txt)))

for name in user_defined_functions_LF_freq:
returnValue = functions[name](str(txt), folder)
values = list (returnValue.values())
for e in values:

feature_res_|.append(e)
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B.5 Feature importance scores

Table B.21: Feature importance scores for author-related literary works in the chapter level.

Rank | Feature Score Rank | Feature Score

1 graveAccent 0.128634 || 31 repeatedConsonantsCount_RF 0.006208
2 underscore 0.076144 || 32 comma 0.006091
3 adjectivesCount_1MF 0.073273 || 33 numberSingularRatio_1MF 0.0059

4 genderFeminineCount_1MF 0.034916 || 34 PRTV PCL1VS3 0.005838
5 averageVerbsPluralPerSentence_1MF 0.033483 || 35 averageSpecialCharactersPerSentence_SF | 0.005798
6 averageDigitsPerSentence_SF 0.023245 || 36 pastParticipleVerbsCount_1MF 0.005782
7 longSentencesCount_SF 0.023134 || 37 numberPluralPercentage_1MF 0.005659
8 complexWordsEntropy_LF 0.02276 38 averagePunctuationsPerSentence_SF 0.0053

9 PREL 0.017668 39 averagePerson3rdPerSentence_1MF 0.005127
10 averagelndefiniteWordsPerSentence_CSF 0.017091 40 uppercaseWordsEntropy_LF 0.004876
1 elongationCharactersCount_LF 0.016603 || 41 capitalizedWordsRatio_LF 0.004759
12 articlesPOSHerfindahlindex_1MF 0.015061 42 averageNounsSingularPerSentence_1MF | 0.004615
13 averageAbstractConceptsPerSentence_CSF 0.012973 || 43 adjectivesRatio_1MF 0.004566
14 conjunctionsPOSPercentage_1MF 0.012798 || 44 assertionWordsPercentage_GF 0.004562
15 pastParticipleVerbsPercentage_1MF 0.012453 || 45 lowercaselettersPercentage_LF 0.004302
16 averageConjunctionsPOSPerSentence_1MF 0.01118 46 syllablesPercentage_LF 0.004108
17 NFS PPOS 0.01107 47 syntacticPhrasesCount_SynF 0.003975
18 exclamation 0.010938 || 48 complexWordsHerfindahlindex_LF 0.003787
19 nounsCount_1MF 0.010727 49 averageAssertionWordsPerSentence_GF 0.003674
20 complexWordsPercentage_LF 0.010425 || 50 averageAtrticlesPerSentence_MF 0.003405
21 PDEM NMS 0.010178 51 socialProcessesPercentage_PLF 0.003261
22 subWordsRatio_1MF 0.009326 || 52 averageSubWordsPerSentence_1MF 0.00321
23 averageCharactersPerWord_LF 0.008539 || 53 shortWordsRatio_LF 0.003154
24 averageConsonantsPerWord_LF 0.008155 || 54 definiteWordsRatio_CSF 0.003106
25 NP CNJC 0.007858 || 55 auxiliaryVerbsHerfindahlindex_MF 0.003064
26 punctuationsPercentage_LF 0.007624 || 56 VS3 0.002958
27 auxiliaryVerbsSingularPercentage_1MF 0.00732 57 posTypeHerfindahlindex_1MF 0.002909
28 specialCharactersEntropy_LF 0.006961 || 58 nounsFeminineRatio_1GF 0.002802
29 properNounsCount_1MF 0.00635 59 I-NPh 0.002767
30 sentencesBeginningWithLowercaseCount_SF | 0.006246 || 60 + 156 other features 0.17327542
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Table B.22: Feature importance scores for author-related newsroom columns in the chapter level.

Rank | Feature Score Rank | Feature Score

1 singleQuote 0.031193 31 averageSpecialCharactersPerSentence_SF 0.006569
2 functionWordsRatio_1MF 0.023907 || 32 questionMark 0.006418
3 CNJS 0.019347 || 33 masculineSuffixWordsCount_GF 0.006349
4 fullStop 0.018233 34 abbreviationsRatio_1MF 0.005974
5 averageProperNounsPerSentence_1MF 0.018045 || 35 syllablesRatio_LF 0.005751
6 ART NMP 0.017371 36 adverbsRatio_1MF 0.005739
7 punctuationsCount_LF 0.017057 37 sichelsS_LF 0.005579
8 allVerbsSingularRatio_1MF 0.016318 38 averageShortWordsPerSentence_SF 0.005454
9 VS1 0.014792 || 39 averageDigitsPerSentence_SF 0.005431
10 PRTS VS3 0.014724 || 40 particlesPOSRatio_1MF 0.005243
1 capitalizedWordsCount_LF 0.013273 1 punctuationsPercentage_LF 0.005198
12 complexWordsRatio_LF 0.01153 42 internationalConceptsRatio_CSF 0.005146
13 wordLength3 0.01148 43 abbreviationsCount_1MF 0.005082
14 averageNounsSingularPerSentence_1MF 0.010484 || 44 averageVowelsPerWord_LF 0.00496
15 longWordsCount_LF 0.010003 || 45 numberPluralCount_1MF 0.004724
16 abstractConceptsHerfindahlindex_CSF 0.009976 || 46 punctuationsEntropy_LF 0.004703
17 capitalizedWordsHerfindahlindex_LF 0.009498 || 47 averageCaptalizedWordsPerSentence_SF 0.004669
18 mentionsPercentage_SNF 0.009399 || 48 exclamation 0.004623
19 averageWhiteSpacesPerSentence_SF 0.009167 || 49 sentencesBeginningWithLowercaseCount_SF | 0.004594
20 personardPercentage_1MF 0.009079 || 50 pronounsPercentage_1MF 0.004536
21 averagelnternationalConceptsPerSentence_CSF | 0.008858 || 51 doubleQuote 0.004504
22 averageArticlesPOSPerSentence_1MF 0.008217 || 52 specialCharactersPercentage_LF 0.004493
23 averageEmojisPerSentence_SNF 0.008011 || 53 yulesKkMeasure_LF 0.004453
24 lowercaselettersPercentage_LF 0.007936 || 54 ADV 0.004423
25 averageConsonantsPerWord_LF 0.007794 || 55 entropyMeasure_LF 0.004231
26 averageParticlesPOSPerSentence_1MF 0.007442 || 56 longWordsPercentage_LF 0.004186
27 capitalizedWordsRatio_LF 0.007279 || 57 syllablesPercentage_LF 0.004159
28 properNounsPercentage_1MF 0.007161 58 VAUXP3 0.004092
29 punctuationsHerfindahlindex_LF 0.006698 || 59 averageArticlesPerSentence_ MF 0.003998
30 minLengthSentence_SF 0.006605 || 60 + 259 other featrues 0.372242281
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Table B.23: Feature importance scores for author-related social media posts in the chapter level.

Rank | Feature Score Rank | Feature Score

1 wordLength39 0.089035 || 31 adverbsRatio_1MF 0.005526
2 averageVerbsPerSentence_1MF 0.028468 || 32 articlesCount_MF 0.0052

3 adjectivesSingularCount_1MF 0.02772 33 fleschKincaidGradeLevel_SF 0.005155
4 shortWordsCount_LF 0.020888 || 34 uppercaselettersCount_LF 0.005122
5 tilde 0.020143 || 35 charactersEntropy_LF 0.005083
6 punctuationsPercentage_LF 0.019391 36 prepositionsCount_MF 0.00489
7 definiteWordsRatio_CSF 0.015748 37 particlesHerfindahlindex_MF 0.004595
8 graveAccent 0.014045 || 38 stopwordsHerfindahlindex_MF 0.004552
9 conjunctionsPOSCount_1MF 0.01294 39 person3rdCount_1MF 0.00447
10 wordLength16 0.012882 || 40 exclamation 0.004468
1 hashtagsRatio_SNF 0.012875 || 41 wordLength21 0.004461
12 nounsMasculineCount_1GF 0.012689 || 42 averageAllVerbsSingularPerSentence_1MF 0.004454
13 lowercaseDigraphsCount_LF 0.012437 || 43 averageGenderFemininePerSentence_1MF 0.004425
14 wordLength23 0.011535 44 complexWordsRatio_LF 0.004415
15 dialecticWordsCount_CSF 0.01119 45 nounsCount_1MF 0.004296
16 questionMark 0.011033 46 averageNonSpaceCharactersPerSentence_SF | 0.004226
17 averageAdjectivesPerSentence_1MF 0.010821 47 adjectivesFeminineCount_1GF 0.004194
18 verticalBar 0.009902 || 48 shortWordsEntropy_LF 0.004186
19 socialProcessesCount_PLF 0.007663 || 49 PINT 0.004144
20 verbsEntropy_1MF 0.00759 50 PPOS 0.004133
21 epanalepsisCount_RF 0.007312 || 51 uppercaseDigraphsCount_LF 0.004086
22 shortWordsRatio_LF 0.007008 || 52 adjectivesPluralPercentage_1MF 0.004042
23 averageFunctionWordsPerSentence_1MF | 0.006465 || 53 stopwordsRatio_MF 0.003966
24 stopwordsEntropy_1MF 0.006434 || 54 PRTC 0.003906
25 averageStopwordsPerSentence_MF 0.006165 || 55 averageLongWordsPerSentence_SF 0.003804
26 capitalizedWordsPercentage_LF 0.006041 || 56 definiteWordsHerfindahlindex_CSF 0.003793
27 averageNounsPerSentence_1MF 0.005854 || 57 entropyMeasure_LF 0.003677
28 averagePunctuationsPerSentence_SF 0.00579 58 posTypeHerfindahlindex_1MF 0.003663
29 wordLength17 0.005743 || 59 punctuationsEntropy_LF 0.003598
30 allVerbsSingularRatio_1MF 0.005561 || 60 + 277 other features 0.323559263
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Table B.24: Feature importance scores for author-related all writings in the chapter level.

Rank | Feature Score Rank | Feature Score
1 wordLength39 0.089035 || 31 wordLength17 0.005288
2 averageVerbsPerSentence_1MF 0.028468 || 32 averageVerbsPerSentence_1MF 0.005232
3 adjectivesSingularCount_1MF 0.02772 33 hashSign 0.004595
4 shortWordsCount_LF 0.020888 || 34 articlesPOSHerfindahlindex_1MF 0.004297
5 tilde 0.020143 || 35 hashtagsRatio_SNF 0.004119
6 punctuationsPercentage_LF 0.019391 36 punctuationsPercentage_LF 0.003868
7 definiteWordsRatio_CSF 0.015748 37 averageNounsSingularPerSentence_1MF 0.003849
8 graveAccent 0.014045 || 38 uppercaselettersPercentage_LF 0.003711
9 conjunctionsPOSCount_1MF 0.01294 39 posTypesToUniqueWordsRatio_1MF 0.003687
10 wordLength16 0.012882 || 40 capitalizedWordsCount_LF 0.003661
1 hashtagsRatio_SNF 0.012875 || 41 conjunctionsPercentage_MF 0.003594
12 nounsMasculineCount_1GF 0.012689 || 42 functionWordsRatio_1MF 0.003573
13 lowercaseDigraphsCount_LF 0.012437 || 43 sentencelLength2 0.0035
14 wordLength23 0.011535 44 averageConsonantsPerUniqueWord_LF 0.003479
15 dialecticWordsCount_CSF 0.01119 45 shortWordsPercentage_LF 0.003266
16 questionMark 0.011033 46 averageElongatedCharactersPerWord_LF 0.003226
17 averageAdjectivesPerSentence_1MF 0.010821 47 internationalConceptsPercentage_CSF 0.003221
18 verticalBar 0.009902 || 48 verbsPercentage_1MF 0.003093
19 socialProcessesCount_PLF 0.007663 || 49 sentencesBeginningWithLowercaseCount_SF | 0.003078
20 verbsEntropy_1MF 0.00759 50 fullStop 0.003072
21 epanalepsisCount_RF 0.007312 || 51 I-NPh 0.003069
22 shortWordsRatio_LF 0.007008 || 52 consonantsEntropy_LF 0.003058
23 averageFunctionWordsPerSentence_1MF | 0.006465 || 53 sentencesBeginningWithUppercaseCount_SF | 0.00301
24 stopwordsEntropy_1MF 0.006434 || 54 genderFeminineRatio_1MF 0.003004
25 averageStopwordsPerSentence_MF 0.006165 55 NFS ART NP 0.002974
26 capitalizedWordsPercentage_LF 0.006041 || 56 emojisPercentage_SNF 0.002951
27 averageNounsPerSentence_1MF 0.005854 || 57 adverbsCount_1MF 0.00294
28 averagePunctuationsPerSentence_SF 0.00579 58 VS3 0.002859
29 wordLength17 0.005743 || 59 PRTS VS3 0.002825
30 allVerbsSingularRatio_1MF 0.005561 || 60 + 494 other features 0.302529782
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Table B.25: Feature importance scores for genre-related literary works in the chapter level.

Rank | Feature Score Rank | Feature Score

1 sentencesCount_SF 0.135703 31 adjectivesFeminineCount_1GF 0.003777
2 properNounsCount_1MF 0.065557 || 32 verbsSingularRatio_1MF 0.003692
3 dialecticWordsCount_CSF 0.061706 || 33 verbsSingularHerfindahlindex_1MF 0.003658
4 capitalizedWordsCount_LF 0.055506 || 34 asterisk 0.003639
5 lowercaselettersPercentage_LF 0.028965 || 35 vowelsPercentage_LF 0.003542
6 aposiopesisCount_RF 0.02877 36 PCL1VS3 NFS 0.003501
7 uppercaseWordsRatio_LF 0.018591 37 slash 0.003423
8 capitalizedWordsRatio_LF 0.014639 || 38 diacriticsCount_LF 0.003404
9 averageVowelsPerUniqueWord_LF 0.011197 39 wordLength2 0.003382
10 sentencesBeginningWithLowercaseCount_SF | 0.007731 40 particlesPOSEntropy_1MF 0.003367
1 vowelsEntropy_LF 0.007517 1 averageElongatedCharactersPerUniqueWord_LF | 0.003317
12 discourseMarkersCount_CSF 0.007445 || 42 rightParenthesis 0.003259
13 syntacticPhrasesCount_SynF 0.007278 || 43 punctuationsCount_LF 0.003206
14 PRP NFS 0.007092 || 44 auxiliaryVerbsSingularRatio_1MF 0.003166
15 auxiliaryVerbsSingularCount_1MF 0.00667 45 averagePastParticipleVerbsPerSentence_1MF 0.003165
16 complexWordsHerfindahlindex_LF 0.006636 || 46 VS3 CNJS 0.003132
17 uniqueWordsCount_LF 0.006424 || 47 averageCaptalizedWordsPerSentence_SF 0.003106
18 hapaxLegomenaPercentage_LF 0.006261 || 48 averageProperNounsPerSentence_1MF 0.00309
19 singleQuote 0.005948 || 49 capitalizedWordsPercentage_LF 0.003073
20 averagelLongWordsPerSentence_SF 0.005769 || 50 graveAccent 0.00303
21 person3rdEntropy_1MF 0.005651 || 51 genderMasculineCount_1MF 0.002998
22 repeatedConsonantsCount_RF 0.00541 52 consonantsEntropy_LF 0.002992
23 PRTN VAUXS3 VPCP 0.005332 || 53 syllablesCount_LF 0.002924
24 PRP NFS PRP 0.00532 54 NFS ADJFS 0.002888
25 doubleQuote 0.005044 || 55 charactersEntropy_LF 0.002799
26 PRTC ADV 0.004903 || 56 complexWordsEntropy_LF 0.002798
27 uppercaselettersPercentage_LF 0.004544 || 57 abstractConceptsHerfindahlindex_CSF 0.002746
28 imperativeVerbsPercentage_1MF 0.004359 || 58 exclamation 0.002724
29 nounsPluralPercentage_1MF 0.004152 || 59 stopwordsCount_MF 0.002724
30 uppercaseWordsPercentage_LF 0.004017 || 60 + 26 other features 0.05814571




B.5. Feature importance scores 181
Table B.26: Feature importance scores for genre-related all writings in the chapter level.

Rank | Feature Score Rank | Feature Score
1 sentencesBeginningWithUppercaseCount_SF | 0.311804 || 4 averageHashtagsPerSentence_SNF | 0.036279
2 person3rdCount_1MF 0.246745 || 5 person3rdPercentage_1MF 0.024564
3 hashtagsPercentage_SNF 0.235696

Table B.27: Feature importance scores for gender-related literary works in the chapter level.
Rank | Feature Score Rank | Feature Score
1 leftParenthesis 0.184222 || 25 intensiveAdverbsPercentage_GF 0.007616
2 rightParenthesis 0.038852 || 26 averageFemininePronounsPerSentence_GF 0.007534
3 numberSingularRatio_1MF 0.025002 || 27 abstractConceptsPercentage_CSF 0.007375
4 averageConsonantsPerUniqueWord_LF 0.018378 28 auxiliaryVerbsHerfindahlindex_MF 0.00735
5 auxiliaryVerbsSingularHerfindahlindex_1MF | 0.017897 29 digitsPercentage_LF 0.007218
6 nounsFeminineHerfindahlindex_1GF 0.017462 30 averageHapaxLegomenaPerSentence_SF 0.006446
7 digitsCount_LF 0.017306 || 31 VS2 VPCP 0.006132
8 averageElongatedCharactersPerSentence_SF | 0.015951 32 averageSpecialCharactersPerSentence_SF 0.006128
9 consonantsHerfindahlindex_LF 0.014483 || 33 internationalConceptsPercentage_CSF 0.006119
10 interjectionsHerfindahlindex_MF 0.014169 34 digitsEntropy_LF 0.006096
1 socialMediaLexiconsPercentage_SNF 0.011948 35 punctuationsPercentage_LF 0.006084
12 averageElongatedCharactersPerWord_LF 0.011946 || 36 ADV NFS 0.006079
13 averageConsonantsPerWord_LF 0.01138 37 doubleQuote 0.006063
14 sentencesCount_SF 0.010524 || 38 particlesHerfindahlindex_MF 0.005914
15 definiteWordsEntropy_CSF 0.010112 39 stopwordsPercentage_MF 0.005832
16 PCL1 VAUXS3 VPCP 0.009875 || 40 internationalConceptsCount_CSF 0.00561
17 lowercaselettersPercentage_LF 0.009453 || 41 femininePronounsPercentage_GF 0.005513
18 averagePunctuationsPerSentence_SF 0.009163 || 42 complexWordsRatio_LF 0.005461
19 exclamation 0.009005 || 43 positiveEmotionsCount_PLF 0.00534
20 slangWordsHerfindahlindex_IF 0.008887 || 44 averageAuxiliaryVerbsPOSPerSentence_1MF 0.005151
21 charactersHerfindahlindex_LF 0.008535 || 45 discourseMarkersPercentage_CSF 0.00515
22 elongatedWordsHerfindahlindex_LF 0.008296 || 46 discourseMarkersRatio_CSF 0.004893
23 sentencesBeginningWithUppercaseCount_SF | 0.008119 47 averageAuxiliaryVerbsSingularPerSentence_1MF | 0.004845
24 sentencelLength27 0.007751
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Table B.28: Feature importance scores for gender-related newsroom columns in the chapter level.

Rank | Feature Score Rank | Feature Score

1 capitalizedWordsRatio_LF 0.102061 31 averageSpecialCharactersPerSentence_SF | 0.005003
2 personistRatio_1MF 0.041366 || 32 averageConsonantsPerUniqueWord_LF 0.004894
3 personistCount_1MF 0.032513 33 socialMedialLexiconsCount_SNF 0.004875
4 averagePerson1stPerSentence_1MF 0.021309 || 34 doubleQuote 0.004852
5 singleQuote 0.019695 || 35 articlesRatio_MF 0.004822
6 atSign 0.014871 36 comma 0.004805
7 properNounsPercentage_1MF 0.012462 || 37 exclamation 0.00479
8 mentionsPercentage_SNF 0.012168 38 auxiliaryVerbsPOSHerfindahlindex_1MF 0.00476
9 averageAllVerbsSingularPerSentence_1MF | 0.010965 || 39 auxiliaryVerbsEntropy_MF 0.004672
10 ART NP ART 0.01036 40 cardinalNumbersRatio_1MF 0.004577
17 averageNumberSingularPerSentence_1MF | 0.01021 1 articlesPOSCount_1MF 0.00434
12 graveAccent 0.00919 42 NFS PIND 0.004329
13 PRTV PRTS VMOD 0.008738 || 43 posTypeEntropy_1MF 0.004295
14 elongatedWordsPercentage_LF 0.008462 || 44 averageDialecticWordsPerSentence_CSF | 0.004289
15 punctuationsPercentage_LF 0.008096 || 45 asterisk 0.00427
16 entropyMeasure_LF 0.00792 46 masculinePronounsPercentage_GF 0.004228
17 specialCharactersCount_LF 0.007534 || 47 PPER 0.0042
18 personistPercentage_1MF 0.007405 || 48 PREL PCL1 0.004188
19 B-VPh 0.007352 || 49 ADIMS 0.00415
20 articlesPOSEntropy_1MF 0.007198 50 averagePunctuationsPerSentence_SF 0.004083
21 auxiliaryVerbsPluralCount_1MF 0.007078 || 51 verbsEntropy_1MF 0.004024
22 properNounsRatio_1MF 0.006923 || 52 NMS ART NFS 0.003913
23 syntacticPhrasesHerfindahlindex_SynF 0.006868 || 53 NP NP 0.003884
24 functionWordsCount_1MF 0.006275 || 54 shortWordsHerfindahlindex_LF 0.003786
25 lowercaseDigraphsCount_LF 0.006058 || 55 I-VPh 0.003743
26 functionWordsPercentage_1MF 0.005882 || 56 genderFeminineCount_1MF 0.003642
27 personistHerfindahlindex_1MF 0.005304 || 57 interjectionsPOSRatio_1MF 0.003592
28 particlesEntropy_MF 0.005189 58 articlesPOSHerfindahlindex_1MF 0.003489
29 nounsSingularCount_1MF 0.005098 || 59 functionWordsHerfindahlindex_1MF 0.003426
30 NMP ART ADJMP 0.00507 60 + 43 other features 0.123215741
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Table B.29: Feature importance scores for gender-related social media posts in the chapter level.

Rank | Feature Score Rank | Feature Score

1 singleQuote 0.066766 || 31 stopwordsEntropy_1MF 0.004386
2 definiteWordsCount_CSF 0.034267 || 32 allVerbsSingularPercentage_1MF 0.004266
3 CNJC 0.020873 || 33 averagePronounsPerSentence_1MF 0.004259
4 conjunctionsPOSCount_1MF 0.011326 34 syntacticPhrasesCount_SynF 0.00399
5 masculinePronounsCount_GF 0.010623 35 comma 0.003967
) femininePronounsCount_GF 0.00942 36 NMP ART NMS 0.003911
7 conjunctionsCount_MF 0.008989 || 37 particlesPOSCount_1MF 0.003858
8 mentionsPercentage_SNF 0.008571 38 averageConsonantsPerSentence_SF 0.00377
9 mentionsRatio_SNF 0.006765 || 39 adjectivesFemininePercentage_1GF 0.003728
10 adjectivesCount_1MF 0.00676 40 PRT 0.003718
1 properNounsCount_1MF 0.006578 || 41 averageGenderMasculinePerSentence_1MF | 0.003665
12 sentencelength3 0.006134 || 42 PDEM NMS 0.003664
13 shortWordsEntropy_LF 0.006128 || 43 pronounsCount_1MF 0.003645
14 assonanceCount_RF 0.005976 || 44 nounsPluralPercentage_1MF 0.003621
15 hashtagsRatio_SNF 0.005567 || 45 punctuationsCount_LF 0.003611
16 nounsPluralCount_1MF 0.005453 || 46 uniqueWordsPercentage_LF 0.003602
17 timeConceptsEntropy_PLF 0.005449 || 47 cognitiveProcessesHerfindahlindex_PLF 0.003601
18 epizeuxisCount_RF 0.005443 || 48 negativeEmotionsPercentage_PLF 0.003583
19 ADIMS 0.005201 || 49 diacriticsPercentage_LF 0.003449
20 B-NPh 0.005181 || 50 PRP NP NP 0.003432
21 averageNonAlphabeticCharactersPerSentence_SF | 0.00515 51 stopwordsRatio_MF 0.003275
22 VPCP PRP 0.004932 || 52 nounsFemininePercentage_1GF 0.00323
23 doubleQuote 0.004915 || 53 wordLength39 0.003222
24 specialCharactersPercentage_LF 0.004796 || 54 genderFeminineRatio_1MF 0.003159
25 genderMasculineCount_1MF 0.004775 || 55 underscore 0.00309
26 adjectivesSingularCount_1MF 0.004722 || 56 longWordsCount_LF 0.003053
27 wordLength1 0.004647 | 57 averageHapaxDislegomenaPerSentence_SF | 0.003035
28 PCL1 VAUXS3 0.004513 || 58 NFP NFS 0.003019
29 averageFunctionWordsPerSentence_1MF 0.004467 || 59 wordLength3 0.003003
30 hashtagsPercentage_SNF 0.004391 || 60 + 39 other features 0.104951247
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Table B.30: Feature importance scores for gender-related all writings in the chapter level.

Rank | Feature Score Rank | Feature Score
1 capitalizedWordsPercentage_LF 0.048862 || 31 asterisk 0.004443
2 sentencesBeginningWithUppercaseCount_SF 0.037454 || 32 punctuationsEntropy_LF 0.00432
3 stopwordsRatio_MF 0.019972 33 ART ADV 0.004161
4 hashtagsPercentage_SNF 0.012024 || 34 punctuationsPercentage_LF 0.004094
5 hashSign 0.011683 35 charactersEntropy_LF 0.003986
6 doubleQuote 0.008983 || 36 ART ADJFP CNJC 0.003864
7 discourseMarkersRatio_CSF 0.008892 | 37 particlesPOSCount_1MF 0.003815
8 1-VPh 0.008694 || 38 lowercaseLettersPercentage_LF 0.003801
9 person3rdRatio_1MF 0.008515 39 underscore 0.003792
10 stopwordsPercentage_MF 0.008264 || 40 averageCaptalizedWordsPerSentence_SF 0.00372
11 averageElongatedCharactersPerWord_LF 0.008249 || 41 prepositionsPOSPercentage_1MF 0.003703
12 B-VPh 0.007868 | 42 NFS ART NP 0.003623
13 averageHashtagsPerSentence_SNF 0.007709 || 43 specialCharactersHerfindahlindex_LF 0.003601
14 hashtagsRatio_SNF 0.007082 || 44 nounsEntropy_1MF 0.003567
15 functionWordsHerfindahlindex_1MF 0.006923 || 45 averageElongatedCharactersPerSentence_SF | 0.003529
16 mentionsPercentage_SNF 0.006901 || 46 properNounsPercentage_1MF 0.003433
17 leftParenthesis 0.006735 || 47 PPOS 0.003359
18 B-AdjPh 0.006119 || 48 uncertaintyVerbsCount_GF 0.003351
19 singleQuote 0.006054 || 49 longSentencesCount_SF 0.00335
20 rightParenthesis 0.005835 || 50 averageDiscourseMarkersPerSentence_CSF | 0.003265
21 averageMentionsPerSentence_SNF 0.005767 51 NP ART 0.00325
22 elongationCharactersCount_LF 0.005709 || 52 punctuationsCount_LF 0.003233
23 exclamation 0.005605 || 53 indefiniteWordsRatio_CSF 0.003095
24 atSign 0.005549 || 54 sentencelLength23 0.003027
25 stopwordsCount_MF 0.005408 || 55 averageAuxiliaryVerbsPerSentence_MF 0.00298
26 elongationCharactersPercentage_LF 0.005171 56 capitalizedWordsRatio_LF 0.002969
27 person3rdPercentage_1MF 0.005122 || 57 adverbsRatio_1MF 0.00295
28 tilde 0.004994 || 58 averageConsonantsPerSentence_SF 0.00292
29 particlesCount_MF 0.004646 || 59 uncertaintyVerbsRatio_GF 0.002902
30 averageElongatedCharactersPerUniqueWord_LF | 0.004482 || 60 + 118 other features 0.225559992
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Appendix C

Feature analysis and model performance

visualizations

C.1 Author identification task

C.1.1  Dimensionality reduction using PCA

F1-score vs. Number of Components Point: 502
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Figure C.1: PCA for author-related literary chapter-level classification using Ridge classifier and feature
engineering.
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F1-score vs. Number of Components Point: 532
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Figure C.2: PCA for author-related columns chapter-level classification using Ridge classifier and feature

engineering.
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Figure C.3: PCA for author-related posts chapter-level classification using Ridge classifier and feature
engineering.
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Figure C.4: PCA for author-related all writings chapter-level classification using Ridge classifier and fea-
ture engineering.

C.1.2 Dimensionality reduction using autoencoder-based model
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Figure C.5: Autoencoder-based model for author-related literary chapter-level classification using Ridge
classifier and feature engineering.
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Fl-score vs. Latent Dimensions
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Figure C.6: Autoencoder-based model for author-related columns chapter-level classification using
Ridge classifier and feature engineering.
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Figure C.7: Autoencoder-based model for author-related posts chapter-level classification using Ridge
classifier and feature engineering.
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Fl-score vs. Latent Dimensions
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Figure C.8: Autoencoder-based model for author-related all writings chapter-level classification using
Ridge classifier and feature engineering.
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C.1.3 Feature analysis using SHAP
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Figure C.9: SHAP summary plot for author-based literary classification using XGBoost classifier and fea-
ture engineering.
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Figure C.10: SHAP summary plot for author-based columns classification using XGBoost classifier and
feature engineering.
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Figure C.11: SHAP summary plot for author-based posts classification using XGBoost classifier and feature
engineering.



C.1. Author identification task 193

: High
charactersHerfindahlindex_LF + Eh
person3rdRatio_1MF -—@
exclamation . -—-+
sentencesBeginningWithLowercaseCount_SF E +-
averagePersonlstPerSentence_1MF . :.."u
averageUniqueWordsPerSentence SF -%—-
conjunctionsPercentage_MF *
uppercaseDigraphsCount_LF +-
internationalConceptsPercentage_CSF ‘- °
contentWordsEntropy_1MF :}- §
wordLength13 -* %
numberSingularRatio_1MF { -
prepositionsCount_MF +
sentencesBeginningWithUppercaseCount_SF mﬁ#—
numberSingularPercentage_1MF +
vowelsPercentage_LF : ‘}-
averageHedgeWordsPerSentence_GF —0—
averagelnternationalConceptsPerSentence_CSF ' I."
minus f:
shortWordsEntropy_LF +=
Low
-20 0 20

SHAP value (impact on model output)

Figure C.12: SHAP summary plot for author-based all writings classification using XGBoost classifier and
feature engineering.
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C.2 Genre identification task

C.2.1 Dimensionality reduction using PCA
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Figure C.13: PCA for genre-related literary chapter-level classification using Ridge classifier and feature
engineering.
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F1-score vs. Number of Components
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Figure C.14: PCA for genre-related all writings chapter-level classification using Ridge classifier and fea-
ture engineering.

C.2.2 Dimensionality reduction using autoencoder-based model

Fl-score vs. Latent Dimensions
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Figure C.15: Autoencoder-based model for genre-related literary chapter-level classification using Ridge
classifier and feature engineering.
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F1l-score vs. Latent Dimensions
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Figure C.16: Autoencoder-based model for genre-related all writings chapter-level classification using
Ridge classifier and feature engineering.
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C.2.3 Feature analysis using SHAP
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Figure C.17: SHAP summary plot for genre-related literary classification using XGBoost classifier and fea-
ture engineering.
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Figure C.18: SHAP summary plot for genre-related all writings classification using XGBoost classifier and
feature engineering.
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Figure C.19: PCA for gender-related literary chapter-level classification using Ridge classifier and feature

engineering.
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Figure C.20: PCA for gender-related columns chapter-level classification using Ridge classifier and fea-
ture engineering.
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Figure C.21: PCA for gender-related posts chapter-level classification using Ridge classifier and feature

engineering.
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Figure C.22: PCA for gender-related all writings chapter-level classification using Ridge classifier and
feature engineering.

C.3.2 Dimensionality reduction using autoencoder-based model
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Figure C.23: Autoencoder-based model for gender-related literary chapter-level classification using
Ridge classifier and feature engineering.
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Figure C.24: Autoencoder-based model for gender-related columns chapter-level classification using
Ridge classifier and feature engineering.
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Figure C.25: Autoencoder-based model for gender-related posts chapter-level classification using Ridge
classifier and feature engineering.
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Figure C.26: Autoencoder-based model for gender-related all writings chapter-level classification using
Ridge classifier and feature engineering.
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C.3.3 Feature analysis using SHAP
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Figure C.27: SHAP summary plot for gender-related literary classification using XGBoost classifier and
feature engineering.
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Figure C.28: SHAP summary plot for gender-related columns classification using XGBoost classifier and
feature engineering.
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Figure C.29: SHAP summary plot for gender-related posts classification using XGBoost classifier and fea-
ture engineering.
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Figure C.30: SHAP summary plot for gender-related all writings classification using XGBoost classifier
and feature engineering.
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