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ABSTRACT

This dissertation explores the insights into historical linguistic variation that can be
gained through automatically identifying registers in large historical corpora, as well
as the role of register variation in shaping these insights. Registers, i.e., situationally
defined text varieties, are central to interpreting linguistic variation. This thesis
investigates how existing annotated resources can be leveraged to enrich
unannotated datasets, how variation between and within registers affects prediction
reliability, and how linguistically interpretable features can deepen our
understanding of register-specific language use.

Across three studies, this thesis integrates supervised machine learning with
qualitative feature analysis, training models on the manually annotated Corpus of
Founding Era American English (COFEA) and applying them to the large,
heterogeneous Eighteenth Century Collections Online (ECCO). Study I models
register variation within COFEA and demonstrates the feasibility of automatic
register classification for historical texts, with feature analyses confirming that the
model acquires meaningful, register-specific patterns (e.g., verbal and interpersonal
features in letters). Study II extends the classification to ECCO, showing that models
trained on COFEA generalize to ECCO for well-defined registers (e.g., letters, cases)
but face challenges with hybrid categories, corpus-specific differences, and OCR-
induced noise. Model explainability method Integrated Gradients highlights shared
situational and linguistic cues behind both correct predictions and systematic
misclassifications. Study III shifts focus to intra-document variation, demonstrating
that text beginnings are most reliable for register prediction and that models capture
stable, meaningful linguistic patterns across text segments. Keyword analyses
confirm stable, linguistically motivated cues (e.g., interpersonal and informational
features in letters) that persist across text parts.

Together, the studies offer new methods for enriching historical corpora with
register information. Moreover, the results clarify how register variation shapes
model behavior and deliver interpretable linguistic insights that strengthen corpus
usability for research in historical linguistics, legal history, and digital humanities.

KEYWORDS: eighteenth-century English, historical computational linguistics,
register, metadata annotation, digital humanities
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TIVISTELMA

Viitoskirja tarkastelee, millaisia ndkokulmia historiallisen kielen variaatioon
saadaan, kun suurten historiallisten tekstikorpusten rekisterit tunnistetaan
automaattisesti, sekd miten rekisterivaihtelu vaikuttaa ndihin havaintoihin.
Rekisterit, eli tilanteisesti médrittyvat tekstilajit, ovat keskeisid kielen vaihtelun
tulkinnassa. Tutkimus selvittdd, miten luokiteltuja aineistoja voidaan hyodyntda
luokittelemattomien aineistojen tdydentdmisessd, miten rekisterien vélinen ja
sisdinen vaihtelu vaikuttaa ennusteiden luotettavuuteen, sekd miten kielelliset
piirteet voivat syventdd ymmarrysté rekisterikohtaisesta kielenkaytosta.
Viitoskirjan kolme osatutkimusta yhdistdvit koneoppimista ja kielenpiirteiden
laadullista tarkastelua. Koneoppimismallit koulutetaan késin luokitellulla Corpus of
Founding Era American English (COFEA) -korpuksella ja niitd sovelletaan laajaan,
luokittelemattomaan Eighteenth Century Collections Online (ECCO) -aineistoon.
Osatutkimus I mallintaa rekisterivariaatiota COFEA:ssa ja osoittaa automaattisen
luokittelun mahdollisuuden historiallisilla teksteilld. Kielenpiirteiden analyysi
puolestaan paljastaa rekisterikohtaisia sddnnonmukaisuuksia, kuten verbaalisia ja
interpersoonallisia piirteitd kirjeissd. Osatutkimus II laajentaa luokittelun ECCO:on
ja osoittaa, ettd COFEA:1la koulutetut mallit toimivat hyvin joissakin rekistereissa
(esim. kirjeet, oikeustapaukset), mutta haasteita tuovat hybridiluokat,
korpuskohtaiset erot ja OCR-virheet. Mallien selitettivyysmenetelmd Integrated
Gradients paljastaa, mitkd kielelliset piirteet ovat yhteisid sekd onnistuneille
ennusteille ettd toistuville virheille. Osatutkimus III tarkastelee dokumenttien
sisdistd vaihtelua ja osoittaa, ettd tekstien alut ennustuvat luotettavimmin ja ettd
mallit tunnistavat johdonmukaisia ja merkityksellisid kielellisid piirteitd eri
tekstiosissa. Avainsana-analyysi vahvistaa, ettd tietyt kielelliset piirteet (kuten
interpersoonalliset ja informatiiviset piirteet kirjeissd) sdilyvat 1dpi tekstin.
Tutkimus tarjoaa menetelmid historiallisten korpusten rikastamiseen rekisteri-
tiedolla ja osoittaa rekisterivariaation vaikutuksen koneoppimismalleihin. Samalla
se tarkastelee, miten korpusten kéytettdvyyttd voidaan parantaa historiallisessa
kielentutkimuksessa, oikeushistoriassa ja digitaalisissa ihmistieteissa.

ASIASANAT: 1700-luvun englanti, historiallinen laskennallinen Kkielitiede,
rekisteri, metadatan annotointi, digitaaliset ihmistieteet
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1 Introduction

In recent years, the humanities have seen a shift toward embracing big data (Ekbia
et al. 2015; Cha 2023). Over the years, the field has significantly advanced through
the digitization of vast quantities of historical documents, such as the digitized
historical newspaper collection of the National Library of Finland. These digitization
campaigns have revolutionized access to historical texts, providing researchers with
various resources for studying historical language and texts. For example, resources
like Eighteenth Century Collections Online (ECCO), which includes over 200,000
texts from the 18th century, offer unprecedented opportunities for studying historical
language use, cultural trends, and textual practices across disciplines, including
linguistics, history, literature, and law.

This influx of data presents both challenges and opportunities for researchers, as
the sheer volume of available information often lacks established methods for
effective analysis. The growing abundance of digital resources, combined with
advancements in computing power, has made the use of quantitative methods in
historical and linguistic disciplines more feasible, though still complex to implement
due to issues like incomplete digital collections and the need for specialized
analytical skills (Milligan 2022). However, despite the potential of these databases
and collections, many of them lack detailed metadata, particularly regarding
registers.

Registers, defined as situationally specific text varieties, such as letters, essays,
or news articles, are key predictors of linguistic variation and are essential for
contextualizing and interpreting modern and historical texts (Biber 2012; Wright
1994). Registers provide insights into the situational contexts and communicative
purposes of language use, thus shaping our interpretation of texts (Biber & Gray
2013). The analysis of registers is crucial for understanding how language functions
across different domains (Biber 1988; Biber & Conrad 2019). The absence of register
information limits the usability of these databases for comprehensive linguistic
analysis, highlighting the need for methods to automatically identify registers in
historical corpora and to reveal the linguistic patterns that define and differentiate
registers in historical English.

12



Introduction

Although register variation has been extensively studied in modern corpora,
research on early and late modern English registers remains relatively scarce. This
gap is particularly evident in large historical databases like ECCO, which lack
register annotations. ECCO and other large historical databases and corpora offer
opportunities to explore linguistic trends and patterns from the past. For instance,
they can be used to investigate how lexical associations in historical print corpora
reveal the social and semantic construction of concepts like “Protestant” in
eighteenth-century Britain (Regan 2022), or how reused text passages can be
systematically identified to uncover intertextual relationships and the circulation of
ideas across genres (Mahadevan et al. 2025). These corpora contain vast arrays of
texts that reflect the linguistic, social, political, and cultural contexts of their time.

However, the manual annotation of registers in such extensive datasets is
impractical due to the sheer volume of data. In particular, register identification
requires expert knowledge and careful analysis of situational and linguistic features,
making it a time-consuming and labor-intensive task. This process involves reading
and categorizing each text, which is not feasible for extensive datasets like ECCO.
Therefore, there is a need for automatic methods to identify and classify registers in
historical texts, thereby enhancing the usability of large historical corpora. At the
same time, automatic annotation methods face a bottleneck in that they require high-
quality, manually annotated training data, which are costly and time-consuming to
produce (Jenset & McGillivray 2017). This requirement creates a vicious cycle in
which the lack of annotated data hampers the development of automatic methods,
and the impracticality of manual annotation prevents the creation of the necessary
training data. Additionally, the challenge is compounded by the fact that we often do
not know what registers are present in these corpora or what their linguistic
characteristics look like. This lack of knowledge makes it difficult to define
annotation targets and train models effectively. As a result, there is a pressing need
for automatic approaches that can reliably identify and classify registers in historical
corpora, while overcoming the challenges posed by data heterogeneity and linguistic
variation. Addressing this issue is essential for enhancing the usability of large-scale
historical datasets and for advancing research in historical corpus linguistics.

This doctoral dissertation addresses the challenge of register annotation in
historical corpora, with a special focus on leveraging existing annotated data while
also considering the challenges posed by linguistic variation within late modern
English texts. The study focuses on two corpora: the Corpus of Founding Era
American English (COFEA), which contains manually annotated texts spanning a
wide range of registers, including newspapers, personal journals, and court cases,
and ECCO, a large but unannotated corpus. These corpora differ in structure,
content, and metadata availability, thus offering valuable testbeds for exploring
register classification across heterogeneous datasets.

13
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Methodologically, this research introduces a new approach that combines
qualitative linguistic analysis with quantitative machine learning (ML) techniques.
This work employs both pre-neural models and deep learning language models to
study register variation in ECCO and COFEA. These models are trained on COFEA
and applied to ECCO to evaluate their ability to generalize across corpora. This study
emphasizes the importance of interpreting predictions through linguistic features to
ensure that the models not only perform well but also provide meaningful insights
into register-specific language use. This approach has benefits for the linguistic
analysis of register, enabling a deeper understanding of historical language variation
and usage.

The focus of the research is two-fold. First, it explores ways by which we can
use existing manually annotated data to train ML models for automatic register
identification. Second, it investigates the impact of linguistic variation within and
between registers on the accuracy of these models. By integrating qualitative and
quantitative approaches, this research not only aims to enhance the accuracy of
register classification but also to uncover the underlying linguistic features
characterizing different registers in the late modern era. Overall, this study
contributes to the field of historical linguistics by generating insights that can be
applied when processing or analyzing other historical corpora and studying
unannotated corpora.

1.1 Research Questions

This thesis and the included publications investigate the automatic identification and
analysis of registers in historical corpora and how linguistic variation affects these
registers and their predictions. Specifically, the following research questions (RQs)
guide this study:

* RQI: How can existing manually annotated register data from a curated
corpus like COFEA be leveraged to automatically annotate registers in a
heterogeneous corpus like ECCO?

* RQ2: How does variation between and within registers affect the register
predictions?

* RQ3: How can the examination of linguistic features enhance the
understanding of register-specific language use and contribute to metadata
enrichment in large historical corpora?

RQ1 explores the transferability and applicability of manually annotated register
data from one corpus to another from the same era and the process by which curated
data can be used to enrich unannotated datasets from the same historical period. RQ1
also reflects a practical concern: how to make use of limited annotated resources to

14



Introduction

improve the usability of much larger corpora. Following that, RQ2 attempts to
understand the impacts of register variation, both across different registers and
within individual register categories, on the reliability of register predictions.
Finally, RQ3 investigates how the detailed examination of linguistic features can
enhance our comprehension of register-specific language use, thereby providing a
more nuanced understanding of historical language variation.

By identifying consistent linguistic patterns associated with specific registers,
this study supports the broader goal of making sense of large, messy, and
heterogeneous datasets, such as ECCO. This has direct implications for bringing
more materials within reach for researchers by improving the searchability,
interpretability, and usability of existing historical text collections. Doing so enables
more targeted exploration and facilitates better interdisciplinary research across
linguistics, history, and digital humanities. More broadly, the RQs can be summed
up as exploring what kinds of insights into historical linguistic variation can be
gained through the automatic identification of registers and how register variation
influences these insights.

This dissertation consists of three studies, including two journal articles and one
book chapter in an edited volume, along with this thesis summary. While the
individual studies inevitably overlap in their coverage of the RQs, Table 1 highlights
which questions are most relevant to each study. The individual studies are presented
in more detail in Section 4.3, and the research questions are revisited in Section 5.1
in light of the aforementioned studies.

Table 1. Overview of the research questions in relation to the included studies.

RESEARCH QUESTIONS RQ1 RQ2 RQ3

Study |
Study I
Study Il

1.2 Structure of the Thesis

As mentioned previously, this dissertation consists of three previously published
studies and a summary. The main research is presented in the studies. The structure
of the thesis is as follows. Chapter 2 provides a theoretical foundation by exploring
the concept of register, distinguishing it from genre, and reviewing previous research
in the field, including corpus-based approaches and historical perspectives. Chapter
3 shifts focus to computational methods, offering an overview of ML in language
studies from traditional techniques to recent advances in deep learning and large

15
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language models (LLMs). It also discusses model explainability and the role of these
models in analyzing historical texts and register variation. Chapter 4 presents the
material and methodology used in this thesis. It describes the corpora, addresses
challenges related to historical data, and outlines the data preparation and model
training processes. This chapter also includes an overview of the three peer-reviewed
papers comprising the core of the thesis. Chapter 5 synthesizes the findings, revisits
the RQs, discusses limitations, and proposes directions for future research. Finally,
Chapter 6 concludes the thesis.

16



2 Register

Understanding how language varies across different contexts is a fundamental line
of research in corpus linguistics. One of the most influential frameworks for
capturing this variation is the concept of register, which refers to situationally and
culturally defined varieties of language that are shaped by the purpose, audience, and
communicative setting of a speech or a piece of text. Registers help explain why the
same language can produce vastly different linguistic patterns depending on the
context. Register is a key factor in predicting linguistic and functional variation in
general contexts (e.g., Biber 1988) and within specific subdomains, such as blogs
(Grieve et al. 2011), university student writings (Nesi & Gardner 2012), or historical
news (Biber & Gray 2013). Register analysis bridges the gap between linguistic
theory and empirical data by providing a framework for interpreting the functional
dimensions of language variation that can be observed in corpora, thereby allowing
researchers to explore how linguistic choices are systematically influenced by
contextual factors.

This chapter outlines the concept of register as a foundational element in corpus-
based studies of linguistic variation. It begins by defining what a register is, then
distinguishes it from related concepts such as genre, and finally reviews key studies
that have shaped the current understanding of register variation across different
domains.

2.1 What is a Register?

The term “register” began to be used by early twentieth-century anthropological
linguists, who applied the term in their studies of situational, social, and descriptive
analyses of non-Western languages and social contexts (Biber & Finegan 1994: 4—
5). By the late 1950s and 1960s, scholars were interested in how linguistic forms in
various languages were influenced by communicative purposes and situational
contexts, such as the study of American English address terms (Brown & Ford 1961)
and conversational language (Crystal & Davy 1969). To date, the term “register” has
become widely used and is often understood to mean language varieties related to
specific situational contexts and functional language use (Biber & Conrad 2019;
Crystal 1991; Ferguson 1994). The precise definition of register is not universally
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agreed upon, and various scholars and theoretical frameworks have offered differing
interpretations of the term.

Among the theoretical frameworks, Biber’s (2012) text-linguistic framework,
which refers to a theoretical and methodological approach for studying register
variation, offers a well-established approach that is particularly relevant for the
current thesis. This framework uses quantitative methods to study registers from a
comparative perspective and is based on two fundamental claims: 1) linguistic
features are functionally motivated and 2) linguistic features arise from the
communicative needs of different situations (Biber 2019). Registers within the text-
linguistic framework encompass functionally motivated variations in vocabulary,
syntax, and style. These features emerge more frequently in certain situational
contexts than others, as they are shaped by the communicative situation and are
better suited to that specific context (Biber & Conrad 2019). These contextual factors
include the relationships among participants (e.g., speaker and listener), the mode
(e.g., spoken or written), the medium (e.g., print, handwriting, or radio), and the
communicative purpose (e.g., entertaining, persuading, or informing) of the text.

Recently, a growing body of work in the text-linguistic framework has
conceptualized registers as culturally constructed categories of text rather than
scientifically defined ones, placing emphasis on the fact that their recognition is
rooted in shared linguistic and social conventions rather than fixed linguistic criteria
(Biber et al. 2020; Biber & Egbert 2023). Registers are often identified and labeled
based on shared social understandings of communicative situations, such as
academic writing, news reporting, or recipes. Although these register categories are
typically characterized by typical situational and linguistic features, the categories
are not defined by these characteristics (Biber & Egbert 2023). Recently, research
on registers has also acknowledged that register boundaries are not always clear-cut,
and there is a possibility that some texts do not represent any culturally recognized
register category, while others may have features of multiple registers (Biber &
Egbert 2018, 2023). These kinds of hybrid texts emerge particularly in contexts
wherein communicative practices are fluid or evolving, such as in digital discourse
on the web (Santini 2007). For instance, a blog post may combine elements of
narrative and informational writing and employ persuasive language.

In the text-linguistic framework, register features are inherently distributional
due to their functional nature, meaning that the features can appear in any register,
but are more common in specific registers (Biber & Conrad 2019). Registers are
characterized by linguistic elements that are distributed throughout the text,
frequently occurring in particular registers because they match the situational context
and communicative goals. However, studies have also begun to analyze registers in
situationally and linguistically continuous terms, leading to the formulation of a
more bottom-up approach. Registers can be thought of existing on a continuum and

18



Register

texts are coded for the extent to which they exhibit features associated with various
registers (Biber et al. 2020; Henriksson et al. 2024a).

Aside from the text-linguistic framework, another complementary view is
systemic functional linguistics (SFL), which assumes that registers are dynamic and
evolving configurations of language shaped by the social and situational contexts in
which communication takes place (Halliday & Hasan 1985; Matthiessen 2019). In
SFL, registers are viewed as configurations of contextually motivated language
choices that can be divided into three key variables: field (types of social activities),
tenor (relationships between participants), and mode (the channel of communication;
Halliday & Hasan 1985). These variables not only shape the lexical and grammatical
choices of the writer or speaker but also guide how meaning is constructed and
conveyed for different communicative purposes. For example, fairy tales typically
follow recognizable story patterns that are associated with specific contextual
variables, such as the field involves imaginary characters, the tenor is engaging or
cautionary, and the mode reflects language that is accessible to children (Rose 2023).

Despite the differences between the text-linguistic framework and SFL’s view
on registers, as well as other scholars’ conceptualization of the term (see, e.g., Reid
1956; Ferguson 1968), the overarching characteristics are shared. In general, these
definitions agree that registers can be defined by linguistic or situationally contextual
characteristics. In this thesis, I will be using Biber’s text-linguistic framework from
a corpus linguistics perspective.

2.2 Register versus Genre

The distinction between genre and register is often unclear, and these are often
treated as synonymous in studies that model different text varieties due to their
overlapping definitions (for an overview, see, e.g., Lee 2001). Registers are
commonly used in corpus and text-linguistic studies (e.g., Biber & Conrad 2019),
whereas genres are typically used in literary and discourse analysis (e.g., Swales
1990), as well as text classification research (e.g., Sharoff 2018).

From a discourse analytical perspective, specifically within the systemic
functional linguistics framework, genre is a higher-level construct that can be
understood as culturally shared patterns of meaning that guide how texts (and other
semiotic modalities, such as gestures and images) are produced and understood
within a community (Martin & Rose 2008). Genre is realized through different
contextual and functional variables, field, tenor, and mode, that are called registers.
Therefore, within this framework, registers serve as the linguistic means through
which genres are enacted. While genre provides the overarching social purpose and
structural organization of a text, register determines the specific linguistic choices
that align with the situational context.
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In corpus linguistics, specifically in text linguistics studies, the approach tends
to be more data driven. Unlike in the hierarchical framework in SFL, corpus-based
studies treat registers and genres as separate entities. Biber and Conrad (2019), for
example, differentiate genre from register by highlighting the former’s focus on
specialized expressions and the rhetorical organization of texts. Unlike register-
based features, genre-specific linguistic elements are not pervasive throughout a text;
instead, they appear as specialized expressions in specific parts of the text, such as
the conventional ways to begin or end a letter (Biber & Conrad 2019). Therefore,
genre features are conventional, whereas register features are functional.

In this dissertation, we follow the long tradition of corpus linguistics and
examine text varieties through their linguistic and situational features from a register
perspective. By focusing on register rather than genre, the thesis emphasizes
functional variation over structural conventions. This approach allows for a more
nuanced analysis of historical texts, especially those that do not conform neatly to
established genre categories but still exhibit distinct communicative functions.
However, when discussing previous works, we include studies that refer to either
genre or register, recognizing that many past works do not clearly differentiate
between the two terms.

2.3 Previous Research on Registers

This section provides an overview of the foundational and evolving research on
registers in corpus linguistic studies. It outlines the theoretical underpinnings of
register studies, explores patterns of variation across and within registers, presents
key methodological frameworks for studying registers, and highlights important
contributions to the study of historical registers.

2.3.1 Foundations of Register Studies in Corpus Linguistics

Rather than relying on introspective or anecdotal evidence, register studies are
grounded in empirical data drawn from carefully constructed corpora. In particular,
corpus linguistic register studies rely on large corpora that are systematically
compiled and manually annotated with the aim of representing a wide range of
communicative situations. These corpora are designed to capture a broad spectrum
of language use and typically include texts from multiple registers, such as academic
prose, news articles, fiction, letters, drama, speeches, and sermons.

One of the foundational contributions to this field was the development of multi-
register corpora, such as the Brown Corpus (see Francis & Kucera 1967) and
ARCHER: A Representative Corpus of Historical English Registers. These corpora
were compiled with the explicit goal of representing a wide range of text types, each
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selected to reflect distinct communicative purposes. The Brown Corpus and
ARCHER each include one to three million words across twelve to fifteen different
registers. The inclusion of diverse registers enables researchers to systematically
compare linguistic patterns and to identify how language use varies in accordance
with situational factors. Notably, representativeness and balance have long been
fundamental principles in the construction of corpora for register studies.

Each register is characterized by a unique distribution of lexico-grammatical
features that reflect the communicative function of the register. These features
include, for instance, different grammatical structures (e.g., past tense or passives),
lexical choices (e.g., stance markers), and discourse patterns (e.g., referential
expressions; Biber 2012). The distribution of these features across registers is not
random but reflects the communicative goals and constraints of each context. For
example, academic writing tends to favor nominalizations and passive constructions
to convey objectivity and abstraction, while conversation often features contractions,
first-person pronouns, and interactive markers (Biber 2006; Biber et al. 2002).

In addition to the availability of register-specific corpora, Biber’s (1988)
introduction of the multidimensional analysis (MDA) approach was an important
advancement in the study of registers, as it provided a novel method for exploring
contemporary and historical register variation. Biber (1988) examined the co-
occurrence patterns of various linguistic features, which formed the basis for
dimensions of variation. In turn, these dimensions were interpreted to reflect
different communicative functions in speech and writing. The MDA approach is
structured into three steps: 1) describing the situational characteristics of the register,
2) detailing the linguistic features of the register, and 3) interpreting the functional
relationship between these characteristics and features (Biber & Conrad 2019). The
MDA is inherently based on the text-linguistic register framework, as it
systematically analyzes the situational and linguistic characteristics of registers to
uncover the functional motivations behind language use in varying contexts.

In addition to MDA, Geometric Multivariate Analysis (GMA; Diwersy et al.
2014), which is based on MDA, has emerged as a method for interpreting and
visualizing register variation across corpora. As such, GMA enables researchers to
map texts into a multidimensional space based on linguistic features, revealing
patterns of variation that are often obscured in purely statistical models. This
technique has been applied to study register variation across varieties of English. For
example, Neumann and Evert (2021) used GMA to distinguish registers in ICE
corpora, while Frenken et al. (2025) confirmed the method’s stability and
replicability across nine English varieties.

Recent developments have also emphasized the use of keyness analysis and
keyword extraction as alternative or supplementary methods employed in register
analysis. These techniques are particularly useful in identifying salient linguistic
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markers that distinguish registers, especially in large and diverse corpora. Keyness
analysis, traditionally based on frequency comparisons between target and reference
corpora, has evolved to incorporate dispersion-based metrics, thus offering a more
nuanced view of lexical prominence. For example, Gries (2021) proposed a two-
dimensional approach combining frequency and dispersion to improve the
identification of register-specific keywords. Similarly, Egbert and Biber (2019)
advocated for dispersion-sensitive keyword analysis to better capture the
distributional characteristics of lexical items across texts. Keyword-based methods
have also been applied to specialized domains. For instance, Larsen et al. (2025)
used text-dispersion keyness analysis to develop subregister-specific word lists for
legal contracts, thereby demonstrating how register-sensitive keyword extraction can
enhance domain-specific vocabulary resources. Another approach is the sibling-texts
keyword analysis (Cvréek & Berrocal 2025), which distinguishes between topic-
related and register-related keywords by comparing parallel keyword analyses across
texts with similar register profiles.

While MDA provides a holistic view of variation, it requires extensive manual
coding and statistical expertise. Keyword-based methods can offer more targeted
insights, especially when combined with statistical modeling, but may overlook
deeper functional relationships. A growing body of research has applied ML
techniques to register analysis, enabling automatic classification and large-scale
annotation. This line of research underscores the ongoing evolution of register
studies in the digital age — a development that will be discussed in more detail in
Chapter 3.5. By combining traditional corpus methods with computational
approaches, this study aims to uncover patterns of variation that are not easily
captured through manual analysis alone. The integration of keyword-based and
computational methods enables this thesis to address complex questions about
register diversity and internal variation, thus contributing to more inclusive and
scalable models of register analysis.

23.2 Register Variation

The study of registers has evolved over time, with various approaches contributing
to our understanding of language variation across different contexts. Corpus
linguistics has played a central role in this development, enabling studies
concentrating on various aspects of variation. For example, some studies have
inspected diachronic change in registers throughout a given period, whereas others
have studied synchronically specific registers in more detail.

The specificity of the definition of a register can also vary, as studies have
examined broader registers, such as newspaper texts, or more specific ones, such as
editorial columns. Defining registers is possible at multiple levels; for instance, a
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register within academic prose can be narrowly defined as textbooks, or even more
specifically as the methods sections of research papers (see, e.g., Egbert 2015; Gries
20006).

The granularity or specificity of the definition of a register depends on the extent
to which a study examines the situational characteristics of individual texts. At its
widest scope, register analysis has explored differences between spoken and written
language, uncovering fundamental parameters of variation, such as interactivity,
planning, and contextual dependency (Biber 2012). These macro-level comparisons
have been instrumental in establishing foundational dimensions of linguistic
variation, such as informational density, narrative structure, and degree of
involvement. Additionally, research has frequently addressed more specific text
varieties, such as lectures, office hours, textbooks, or course management texts
(Biber 2006). Some approaches have taken this even further, conceptualizing register
at highly detailed levels. For example, studies have explored disciplinary variation
in journal articles, revealing how fields such as biology, history, and linguistics differ
in their use of passives, stance markers, and nominalizations (Gray 2015). Similarly,
student writing has been examined across registers, such as argumentative essays,
lab reports, and reflective writing, thereby highlighting how register and educational
level influence linguistic choices (Staples et al. 2016).

In the literature, registers have often been studied as separate entities, with
linguistic features analyzed within isolated categories, such as academic writing or
conversation. While this approach has generated valuable insights, it has also led to
a somewhat fragmented understanding of register variation. Recent work has
emphasized the need to consider continuous situational spaces and overlapping
features across registers, challenging rigid boundaries and encouraging more
nuanced models of register variation (Biber et al. 2020)

While individual registers and the variation between registers have been
extensively studied, recent research has revealed that significant intra-linguistic
variation also exists within register categories typically viewed as well-defined (e.g.,
Egbert & Gracheva 2023; Goulart et al. 2022). Certain registers, such as academic
prose, conversation, news reporting, and fiction, are typically considered stable due
to their clearly defined communicative purposes and consistent linguistic patterns.
This dual perspective of variation, both between registers and within individual
registers, offers complementary insights in which each register possesses unique
linguistic features, yet individual texts within the same register can still exhibit
considerable variation (Biber & Egbert 2023).

Although variation within individual registers is acknowledged, document-
internal register variation remains largely unexplored. This is especially relevant for
long-form texts, such as historical literary works, novels, or full-length academic
monographs, that often encompass multiple communicative purposes and stylistic
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shifts across different sections. For example, a novel may alternate between narrative
passages, character dialogue, and embedded documents (e.g., letters or newspaper
clippings), each exhibiting distinct linguistic features and potentially aligning with
different registers. Similarly, a historical treatise might blend expository,
argumentative, and anecdotal segments, reflecting shifts in stance, audience
engagement, and information density. These internal shifts challenge the assumption
of register homogeneity within a single document and call for more fine-grained,
segment-level analyses (e.g., Egbert & Mahlberg 2020). Study III in the current
thesis, which focuses on this very issue, examines register variation within long
historical texts and explores how internal shifts in linguistic features reflect changes
in register.

2.3.3 Historical Perspectives on Register Studies

Historical register studies have played a crucial role in understanding how language
use evolves across time and communicative contexts. Several studies have especially
used MDA to analyze the evolution of English registers over different periods. One
of the foundational studies in this area is that of Biber and Finegan (1989), who
examined the diachronic development of three registers (letters, essays, and fiction)
from 1650 to 1950. Their analysis revealed distinct patterns of linguistic change,
demonstrating how registers diverge in their use of features, such as elaboration,
involvement, and narrative style. Later, Biber and Finegan (1997) expanded their
earlier diachronic studies (Biber & Finegan 1989, 1992) to include additional
registers, such as drama and medical writing, thus illustrating how different
communicative domains evolve in different directions.

Gonzalez-Alvarez and Pérez-Guerra (1998) extended the historical scope further
back, analyzing five English registers from the fifteenth to the seventeenth centuries.
Their findings highlighted a shift in communicative orientation in which science and
drama developed more oral-like features, while education and fiction became
increasingly literate. Interestingly, the register of letters remained relatively stable,
suggesting that some communicative functions maintain continuity despite the
occurrence of broader linguistic shifts. Geisler (2002) focused on the nineteenth
century, identifying a divide between non-expository and expository registers. They
found that non-expository registers (e.g., fiction, letters, and drama) tended to
become more concrete and interactional, whereas the expository register history
evolved to be elaborated and more narrative. This contrast underscores how register
development is shaped not only by linguistic trends but also by changing social and
epistemological functions of the text.

More recent research has emphasized the value of register-specific analysis in
historical linguistics. For instance, Kytd (2019) argued that focusing on individual
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registers provides a more accurate picture of historical language use than attempting
to generalize across entire periods. This approach has been adopted in studies of
specialized registers, such as English medical writing (Taavitsainen et al. 2022),
letters (Bergs 2004), and law reports (Fanego et al. 2017). Additionally, Culpeper
and Kyt6 (2010) have contributed to the study of historical spoken interaction by
emphasizing the importance of speech-related genres, such as dialogues and trial
transcripts. Their work complements the traditionally text-focused orientation of
historical corpus linguistics and highlights the need to consider orality in diachronic
studies.

Efforts have also been made to compile multi-genre corpora that support the
study of linguistic variation across registers and time periods. For instance, the
Historical Corpus of Dutch (Van De Voorde et al. 2023) offers a richly layered
dataset that encompasses a wide range of genres from Early and Late Modern Dutch.
Similarly, Murphy (2019) developed a genre classification scheme for Early English
Books Online, focusing on Shakespearean texts and their contemporaries. This effort
highlights the need for more granular classification within large historical text
collections. However, a discrepancy remains between the registers that have been
extensively researched and those that are potentially available in historical archives
and corpora. Most corpus-based studies have focused on a relatively narrow set of
registers, such as fiction, letters, drama, and scientific writing, largely because these
registers are well-preserved, accessible, and frequently included in curated corpora,
including ARCHER, the Helsinki Corpus, and the Corpus of English Dialogues.

However, historical archives contain a much broader spectrum of textual
materials that remain underexplored even though they could be considered registers.
These include administrative records, commercial documents, technical manuals,
ephemeral texts (e.g., pamphlets and posters), household guides, travel writing, and
marginalia. Such materials often reflect everyday language use, specialized
discourse communities, and non-elite communicative practices, offering valuable
insights into linguistic variation that is not otherwise captured by literary or scholarly
genres. Recent research has begun to acknowledge this gap. For example, Pescuma
et al. (2023) emphasizes the need to investigate register phenomena across diverse
modalities, time periods, and cultural contexts, calling for broader empirical
coverage to include registers that have traditionally been excluded from corpus
design due to classification challenges or lack of standardization.

Building on these insights, the present study contributes to the expanding field
of historical register analysis by exploring how computational approaches,
particularly ML, can be used to study and identify registers in large-scale historical
corpora. This work argues that while traditional corpus-based methods have laid the
groundwork for understanding register variation, ML offers new possibilities for
uncovering patterns in underexplored registers. This approach not only aligns with
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recent calls for more inclusive and empirically grounded studies of register diversity
but also provides a methodological bridge between historical linguistics and
contemporary computational techniques.
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3 Machine Learning in Language
Studies

ML algorithms usually predict patterns or make predictions from data. These
algorithms are generally divided into two categories: supervised and unsupervised
learning. Supervised learning involves training a model on a labeled dataset in which
each instance has input features paired with an output label. The objective is to learn
a mapping function from inputs to outputs that can be generalized to predict the
labels of unseen instances (Bishop 2006). The process of supervised learning
typically involves three steps: 1) selecting relevant features from data, 2) training the
machine learning model on labelled examples, and 3) using the trained model to
predict new and unlabeled data. Supervised learning can be used for tasks, such as
part-of-speech tagging, where the model learns from a corpus of labeled sentences
to predict the part of speech for each word in new sentences (see, e.g., Marquez et
al. 2000; Plank et al. 2016). Other examples of supervised learning include, for
instance, error detection in which models are trained to classify and detect errors in
learner language (see, e.g., Yannakoudakis et al. 2011; Farag et al. 2018), sentiment
analysis in which models are trained to classify text as positive or negative (see, e.g.,
Pang et al. 2002; Xu et al. 2019), and grammatical relation identification in which
models are trained to identify functional relations between constituents in a clause
(see, e.g., Chen & Manning 2014; Tiedemann & Agi¢ 2016).

Unsupervised learning, in contrast, involves training an algorithm on a dataset
without labels. The aim is to find structures or groupings within a set of data points
based on their similarities or co-occurrences (Bishop 2006). The main applications
of unsupervised learning include clustering, association rule learning, and
dimensionality reduction. Clustering is the process in which unlabeled data, such as
texts or sentences, are grouped into clusters based on the similarities or differences
the model finds in the data (see, e.g., Zhang et al. 2010). Association rule learning is
a technique that finds associations between parameters of a dataset, such as in market
basket analysis or identification of word co-occurrences (see, e.g., Ghous et al.
2023). Dimensionality reduction algorithms decrease the number of features while
retaining the essential structure and information within the data (see, e.g., van der
Maaten et al. 2009).
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The key differences between supervised and unsupervised learning algorithms
lie in the data requirements and objectives: Supervised learning focuses on predictive
accuracy with labeled data, while unsupervised learning focuses on discovering
patterns or structures in unlabeled data. On the one hand, supervised learning
methods generally provide high accuracy but the cost- and labor-intensive creation
of manually labelled data poses challenges when large amounts of data are required
to train the models (Huang & Zhao 2024). On the other hand, unsupervised learning
algorithms may be more cost effective and useful in exploratory analysis, but
algorithms rely on assumptions about the data, and the usefulness and
meaningfulness of the results depend largely on the interpretation of the researcher
(Kolge & Jadhav 2018).

As a middle ground between supervised and unsupervised learning, semi-
supervised learning leverages a small set of labeled data while also utilizing a large
amount of unlabeled data to improve accuracy to reduce reliance on labeled data.
Another approach to ML is reinforcement learning in which the algorithm learns
from interacting with its environment. Rather than learning from labeled examples,
the algorithm is rewarded or penalized based on its actions (Bishop 2006). Through
trial and error and by exploring different actions, the algorithm learns which actions
produce the best long-term outcomes.

Having introduced different types of ML techniques, the remainder of this
chapter delves into the development, advancements, and implications of ML,
especially in relation to historical linguistics, beginning with the introduction of pre-
neural approaches of ML in Section 3.1. This is followed by an exploration of LLMs
and deep learning architectures in Section 3.2. Section 3.3 discusses the nature and
importance of model explainability, while Section 3.4. presents the applications of
deep learning language models to historical data. Finally, Section 3.5 concludes by
discussing register studies using deep learning language models.

3.1 Pre-Neural Machine Learning

Before deep neural networks, statistical approaches to corpus linguistics enabled
significant advances in computational corpus research. Pre-neural ML approaches
typically rely on manually engineered features, such as part-of-speech tags or
syntactic dependencies, that have been manually encoded to the data. These feature-
driven approaches are often limited by the quality of the data and their labels.
Nevertheless, algorithms such as decision trees, naive Bayes classifiers and Support
Vector Machines (SVMs) offer powerful tools for analyzing language data on a
larger scale. These tools facilitate the automatic classification of linguistic features,
such as part-of-speech tagging (Marquez & Rodriguez 1998); the identification of
patterns in syntactic and semantic structures, such as word sense disambiguation
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(Dixit et al. 2015); and the development of predictive models for text classification
(Hsu 2020).

Among pre-neural models, SVMs (Vapnik 1998) were particularly important in
text classification and regression tasks. In a classification situation, SVMs help
predict the category to which a datapoint belongs. The objective is to find the optimal
line (or hyperplane) that separates different categories in the data. This line is chosen
based on the closest points from each category, called support vectors. The optimal
hyperplane maximizes the distance between these points and the line, thus ensuring
a clear separation between categories (Vapnik 1998).

In corpus linguistics, linear SVMs were often preferred for their interpretability
and efficiency. Linear SVMs assume a linear relationship between the input feature
and the output variable, which aligns well with many text categorization tasks that
tend to be linearly separable. Because SVMs learn linear threshold functions, they
are particularly well-suited for identifying clear boundaries between textual
categories (Joachims 1998).

The robustness of SVMs to irrelevant features and their ability to generalize well
from limited annotated data made them a popular choice prior to the rise of neural
models. While the present thesis primarily explores more advanced models for
register classification, understanding the principles and applications of SVMs, as
detailed in Study I, offers valuable perspective on the evolution and comparative
effectiveness of different classification techniques. In particular, linear SVMs can be
used to rank how important each feature is for the model’s performance (Guyon &
Elisseeff 2003) and evaluate the importance of different linguistic features in
distinguishing between classes (Kyroldinen & Laippala 2023). Each feature is
assigned a weight, which the model utilizes to determine the class label. By
identifying the most important features and their impacts on model performance, we
can understand the data’s linguistic characteristics and evaluate the importance of
different linguistic features.

SVMs have been successfully applied in a large body of corpus linguistic
research. For example, SVMs have been used in identifying different types of text,
such as web genres (e.g. Pritsos & Stamatatos 2018) and in performing general text
classification (Joachims 1998). Laippala et al. (2021) also used SVMs to
automatically distinguish between various registers across the unrestricted web.
Beyond genre and register classification, SVMs have been employed in information
extraction tasks by identifying entities and relationships within unstructured text
(Isozaki & Kazawa 2002; Hong 2005). SVMs have also been used in authorship
attribution tasks to distinguish authors with varying linguistic features (full word
forms and grammatical tags) in German newspapers (Diederich et al. 2003). SVMs
are particularly well-suited for linguistic research because they are known for their
strong generalization capabilities (Sun et al. 2009), even when dealing with high-
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dimensional textual data. Hence, SVMs are deemed effective for analyzing different
linguistic features, such as part-of-speech distributions, lexical features, and
dependency relations.

While pre-neural ML methods relied on manually engineered features, the
introduction of the word2Vec (Mikolov et al. 2013) technique marked an important
shift towards neural ML. Word2Vec and similar methods, such as GloVe
(Pennington et al. 2014), represented a new paradigm in which the model
automatically learned vector representations of words from raw text and captured
semantic and syntactic relations without the need for manual feature engineering.
Following the distributional hypothesis (Harris 1954; Miller & Charles 1991), these
vector representations of words, or embeddings, positioned a word in a continuous
vector space in which words used in similar context gained similar representations.
In corpus linguistic research, embedding models have been used to study the
semantic similarity of words (Schnabel et al. 2015), diachronic shift in word
meanings (Hamilton et al. 2016), and collocational patterns by identifying
statistically significant word pairings and their semantic associations (Weeds et al.
2004). Overall, these new models foreshadowed the deep learning methods that
would redefine computational approaches to language and text research.

3.2 Deep Learning and Large Language Models

The rise of deep learning in natural language processing (NLP) represented a
significant change in ML approaches. Where pre-neural models relied on manually
engineered features, deep learning introduced architectures capable of learning
hierarchical representations of linguistic data directly from raw text. These advances
in ML have made deep learning language models indispensable in NLP and digital
humanities. Deep learning involves the use of artificial neural networks composed
of multiple layers. Each layer transforms the input data it receives into increasingly
abstract representations, allowing the network to gradually capture more complex
features and patterns and eventually learn and make decisions (Madhiarasan &
Louzazni 2022). Early deep learning architectures, such as recurrent neural networks
(RNNs) and convolutional neural networks (CNNs), offered improvements in
modeling sequential or structured linguistic data, but their impact was limited by
various training difficulties (Mikhaeil et al. 2022; Li et al. 2022). These limitations
hindered the performance of language models on key NLP tasks such as machine
translation, summarization, and question answering (Sutskever et al. 2014).

A breakthrough came with the introduction of the Transformer architecture
(Vaswani et al. 2017). Unlike earlier models that processed sequences step-by-step,
Transformers brought into practice a mechanism known as “self-attention”, which
allowed a model to look at all words in the sentence at once and weigh the relevance
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of each word regardless of their position in the sentence (Vaswani et al. 2017). As
this approach moved beyond assigning single, fixed embedding to each word, this
enabled the generation of context-sensitive representations. This was particularly
impactful in terms of handling linguistic phenomena (e.g., polysemy) and affirming
the notion that the meaning of a word could now be inferred from its surrounding
context (Gari Soler & Apidianaki 2021).

The emergence of the Transformer architecture has led to the development of
numerous pre-trained language models that are first trained on extensive raw text
data coming from the internet. After the initial pre-training, the models are usually
fine-tuned with smaller datasets for specific tasks. This transfer learning method
enables the model to use existing knowledge and adapt to a wide range of different
tasks, such as part-of-speech tagging (Chiche & Yitagesu 2022), sentiment analysis
(Chan et al. 2023; Lyu et al. 2024), named entity recognition (Amin & Neumann
2021), or genre and register classification (Kuzman et al. 2023; Chen & Wang 2023).

The massive datasets the models are trained on are sourced from platforms, such
as Wikipedia, Common Crawl, social media, and news websites, although the exact
composition of these datasets is often opaque, particularly for proprietary models.
Furthermore, most of these data are heavily dominated by the English language,
which reflects its availability and accessibility. The predominance of English and
Western-centric content in training corpora has led to models that perform
disproportionately well on high-resource languages and cultural contexts. In
comparison, some models tend to underperform on low-resource or marginalized
languages that often lack the large, digitized corpora necessary for effective model
training. This issue has prompted growing interest in developing language models
for low-resource languages and in creating more balanced datasets that reflect global
linguistic diversity (Joshi et al. 2020).

Nevertheless, pre-trained, contextualized language models based on the
Transformer architecture have become essential tools for NLP research. One of the
first models to apply the Transformer to bidirectional (looking at both the left and
right context of a word simultaneously) language understanding was the
Bidirectional Encoder Representations from Transformers (BERT; Devlin et al.
2019). BERT’s success has not only led to its widespread adoption but also paved
the way for the development of numerous other pre-trained language models, such
as RoBERTa (Liu et al. 2019), ELECTRA (Clark et al. 2020), and DistilBERT (Sanh
et al. 2020), which build upon BERT’s architecture while introducing various
improvements.

After BERT’s introduction, a growing body of research known as BERTology
has emerged, mainly analyzing and understanding the internal workings of BERT
and its variants, resulting in over 150 studies in less than a year (Rogers et al. 2020).
The adaptability of Transformer-based models has facilitated their integration into
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multilingual and cross-lingual NLP tasks. For instance, models such as mBERT
(Devlin et al. 2019) and XLM-R (Conneau et al., 2020) have extended the
capabilities of their monolingual counterparts by being trained on diverse linguistic
corpora, allowing them to perform well across multiple languages.

Building on these foundations, more recent developments have shifted toward
generative LLMs, such as GPT-4 (OpenAl et al. 2023) and LLaMA (Touvron et al.
2023). These models can produce coherent and contextually appropriate text from
natural language input, making them highly versatile across various tasks, including
summarization, question answering, and creative writing. An important development
in working with these models is prompting, which involves crafting input
instructions to modify the model’s output. Prompting has become central to
interacting with generative models, enabling users to perform complex tasks without
the need for additional training or fine-tuning. This thesis, however, does not make
use of generative models. This decision and its implications are further discussed in
Section 5.3.

Meanwhile, corpus linguistics research has also benefited from LLMs. For
instance, in machine translation, deep learning models offer context-sensitive
outputs that align more closely with natural language use than earlier rule-based or
statistical approaches (Lai 2024; Zhang et al. 2024). These models also facilitate
automatic corpus annotation, such as part-of-speech tagging (Bobojonova et al.
2025) and semantic role labeling (Li et al. 2025). In discourse analysis, these models
assist in detecting discourse markers (Mishev et al. 2023) and rhetorical structures
(Kim et al. 2025) across large datasets. Furthermore, because of their capacity to
model language variation over time, they are considered valuable tools for
diachronic studies, including the analysis of lexical semantic shifts (Periti &
Montanelli 2024).

Deep learning and LLMs have dramatically expanded methodological
possibilities for corpus linguistics, thus offering powerful tools for analyzing,
annotating, and interpreting linguistic data at scale. However, these complex models
make it difficult to interpret which linguistic information is being encoded or why
certain predictions are made (Pan et al. 2023). This limitation raises questions about
transparency, validity, and reproducibility, which are central concerns in linguistics.
Although several techniques have been explored to address this issue, no universally
accepted solution has emerged. The following section explores in more detail the
various ways to address these concerns by focusing on model explainability.

3.3 Model Explainability

Contemporary language models are often referred to as “black boxes” due to their
complex and opaque nature. These models’ internal workings are not easily
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interpretable, thus highlighting the need for model explainability’ methods. Model
explainability refers to the ability to understand and interpret ML model decisions.
These explainability methods help researchers uncover the rationale behind a
model’s decisions ensuring greater transparency and trust. In text classification tasks
like register classification model explainability is important for understanding why
and how the model makes its predictions. Explainability techniques help to see which
words or phrases in the text are important and influence the model’s decisions.

Simple models, such as SVM or linear regression, were some of the first
interpretable models used in ML. These models are generally easier to interpret and
feature easy-to-follow decision-making processes. The models are often considered
inherently interpretable, as their structure allows for a global understanding of how
input features influence predictions. In the case of linear SVMs, the weight assigned
to each feature directly reflects its contribution to the decision boundary, making it
possible to trace and explain the model’s reasoning, as explained in Section 3.1. For
instance, linear SVMs have been used to identify which semantic features contribute
to the perceived complexity of online health materials, with lexical difficulty and
syntactic complexity linked to more difficult texts, as well as features like personal
pronouns or common verbs that are associated with easier ones (Xie et al. 2021).

At the same time, techniques such as Abstract Feature Importance (AFI) offer
fast, dataset-independent measures of feature relevance (Pal et al. 2022), while
visualization tools like color-based nomograms make model decisions more
accessible to non-experts (Van Belle et al. 2016). Because of their transparency,
SVMs are considered a valuable tool not only for classification tasks but also for
linguistic analysis, wherein understanding which features drive distinctions between
registers or genres is important.

However, with the rise of more complex neural network models, several methods
for explaining the models’ decisions have been developed to shed light on their inner
workings. In particular, these models are explained locally with post-hoc explanation
methods that inform us how each feature in the data individually affects the model’s
decisions and the results, rather than understand the whole behavior of the model.
To this end, several model-agnostic explanation methods have been developed to
explain any ML models, including Local Interpretable Model-agnostic Explanations
(LIME) and SHapley Additive exPlanations (SHAP). LIME (Ribeiro et al. 2016)
works by creating a simple and interpretable surrogate model that approximates how
the complex black box model behaves around a specific data point. This helps in

Although model interpretability and explainability are sometimes distinguished in the
literature, this work uses explainability to emphasize methods that help clarify the
behavior of complex language models, without delving into interpretability as a
separate concept.
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understanding the most important features for a specific prediction and the model’s
local decision-making process. LIME has been widely used in tasks like medical text
classification, sentiment analysis, and fake news detection (Lebefia et al. 2024;
Kiefer 2022; Ahmed et al. 2022). SHAP (Lundberg & Lee 2017) uses Shapley values
from game theory to optimally assign importance values to each input feature and
determines how much each feature affects the model’s predictions. SHAP has been
applied to visualize how individual words or tokens influence outcomes in various
tasks, such as sentiment analysis, spam detection, and document categorization
(Zhang et al. 2023; Occhipinti et al. 2022; Zhao et al. 2020). While SHAP provides
more robust and consistent results, it can be computationally intensive, whereas
LIME is faster but may suffer from instability and sensitivity to sampling choices
(Dey & Chowdhury 2024).

Another widely used explainability method, Integrated Gradients (IG;
Sundararajan et al. 2017), integrates the model’s output gradients with respect to its
inputs and assigns contributions to each feature involved in the prediction. Unlike
SHAP and LIME, IG is a model-specific technique that mainly works for neural
network models by measuring how changes in input features affect the model’s
prediction, starting from a baseline input and gradually moving to the actual input.
Hence, IG is especially useful for deep learning models by helping highlight which
words or tokens have the most influence on the final decision (Sundararajan et al.
2017). IG has been used in tasks like sentiment analysis, text classification, and
detection of sociopsychological semantic markers (Sanyal & Ren 2021; Ribeiro et
al. 2024; Aghababaei et al. 2025).

Building on these explainability techniques, recent approaches like the Stable
Attribution Class Explanation method (SACX; Ronnqvist et al. 2022) aim to address
the limitations of deep learning models in generalizing across text classification tasks
(Laippala et al. 2021; Petrenz & Webber 2011). In particular, SACX enhances
interpretability with stable explanations by aggregating IG attributions across
documents and models, thereby identifying consistently predictive features. By
aggregating attributions across documents, the method identifies the most influential
keywords associated with each class. In turn, the process of aggregating across
multiple models highlights consistently assigned keywords that demonstrate stability
and reliability in classification. The resulting extracted keywords offer valuable
insights into the defining linguistic characteristics of each text class (i.e., registers in
the context of this thesis). Incorporating methods like SACX into historical register
research highlights the critical role of explainability in uncovering model behavior
and underlying language patterns. Such integration not only enhances the
interpretability of classification outcomes but also supports more transparent
analyses of historical language data. Section 4.2.2 presents the practical details of
the model explainability methods (IG and SACX) used in the present thesis.
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3.4 Deep Learning Language Models
in the Study of Historical Texts

While most deep learning language models are pre-trained on modern English web
data, the growing availability of digitized historical corpora has opened new
possibilities for training models that are more sensitive to historical language use.
This shift is facilitated by the creation of several large-scale historical datasets, such
as a corpus of historical Swedish newspapers from 1645 to 1926 (Adesam et al.
2019), an English multi-genre corpus covering the period from 1810 to 2009
(Alatrash et al. 2020), and a collection of Korean travel diaries between the sixteenth
and the nineteenth centuries (Yang et al. 2023).

The study of historical texts is affected by linguistic challenges (e.g., spelling
variation, vocabulary change, and differing orthography) that traditional NLP tools
may struggle to handle effectively (Piotrowski 2012). In response, and with the
recent availability of large digitized historical corpora in various languages,
researchers have begun developing deep learning language models that are
specifically tailored to specific languages and time periods. Many of these
historically specific LLMs were first trained for English varieties. For instance,
Manjavacas and Fonteyn (2021) presented a Transformer-based model that was pre-
trained on texts from 1450 to 1950 obtained from numerous historical text
collections. Likewise, Rastas et al. (2022) developed a Transformer-based model that
was pre-trained on eighteenth-century texts from the ECCO dataset. Other languages
have also been of recent interest in the development of Transformer-based language
models, including early modern French (Gabay et al. 2022), Dutch from 1500 to
1950 (Manjavacas & Fonteyn 2022b), and German from Old High German (c. 750)
to New High German (c. 1999; Beck & Kollner 2023). Additionally, multilingual
historical models have been introduced to support cross-linguistic research. For
example, Schweter et al. (2022) developed a Transformer-based multilingual
language model that was pre-trained on German, English, French, Finnish, and
Swedish texts from the seventeenth to the twentieth centuries.

With the rise of generative LLMs, historical language processing has shown both
promises and limitations. While these models can handle tasks like part-of-speech
tagging in Old Occitan, their performance has been found to be hindered by non-
standard orthography and weak cross-lingual transfer learning (Schoffel et al. 2025).
While LLMs have outperformed traditional handwriting recognition systems and
offer near-human accuracy on eighteenth- and nineteenth-century English texts
(Humphries et al. 2024), they struggle with the post-correction of “noisy” historical
transcripts of 10 European languages ranging from tenth century Greek to twentieth-
century French (Boros et al. 2024). In translation and summarization tasks, LLMs
like GPT-4 have produced strong results for Latin and Early New High German
(Volk et al. 2024), outperforming earlier approaches. However, safety filters in these

35



Liina Repo

models can unintentionally block sensitive content, thus preventing full translations
for languages like Ottoman Turkish (Tekgurler 2025).

Research has shown that models specifically pre-trained on historical data from
scratch outperform general-purpose models for applications involving historical
texts (Beck & Kollner 2023; Manjavacas & Fonteyn 2022a, 2022b). This is likely
due to their ability to internalize the unique linguistic patterns and domain-specific
features of historical language use, which are often poorly represented in modern
corpora. While modern LLMs such as GPT-4 are powerful and versatile, domain-
specific models still seem to have an advantage in specialized historical applications
(Chen et al. 2024). However, pre-training models from scratch is computationally
expensive and resource-intensive, making it inaccessible for many researchers and
institutions. As a result, fine-tuning existing models or using smaller, targeted pre-
training strategies remains a practical alternative.

3.5 Studying Registers with Deep Learning
Language Models

In quantitative corpus linguistics, Biber’s text-linguistic register framework is a
widely used methodology for analyzing text varieties. While it is primarily known
for its application in the MDA of registers, this framework has also been used for
automatic text classification where genre perspective is often used.

Several studies have also used deep learning to identify web texts in different
languages. For example, Laippala et al. (2023) explored automatic register
classification in English web texts, Skantsi and Laippala (2023) inspected the web
registers in Finnish, whereas Repo et al. (2021) studied Swedish and French web
registers. Ronnqvist et al. (2021) explored multilingual fine-tuning by combining
data from several languages, thereby yielding modest improvements over
monolingual training. Their approach also enhanced zero-shot performance when
using multilingual models instead of English-only ones. Laippala et al. (2022)
extended this work by applying the best-performing multilingual model to eight
additional languages, thus confirming its generalizability across diverse linguistic
contexts. Furthermore, Henriksson et al. (2024) introduced the multilingual CORE
corpora, a dataset comprising over 72,000 documents annotated with a 25-class
register taxonomy across 16 languages. By fine-tuning Transformer models in
monolingual, multilingual, and zero-shot settings, they demonstrate that multilingual
models outperform monolingual ones, especially for languages with limited training
data.

Although web text studies are plentiful, deep learning models have been utilized
with other kinds of data. For instance, literary genre classification using large
collections of full-length texts from Project Gutenberg have been explored with
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different deep learning approaches, demonstrating that these models can distinguish
between genres such as fiction, poetry, and drama by modeling the structural and
sequential characteristics of entire texts (Goyal & Prem Prakash 2022). Worsham
and Kalita (2018) introduced the Gutenberg Dataset for genre identification and
emphasized the importance of modeling the hierarchical and compositional nature
of long literary documents.

The abovementioned studies exemplify the strengths of deep learning
approaches in register classification, particularly in multilingual and low-resource
settings. They also demonstrate how models can generalize across languages,
enabling zero-shot and multilingual classification without requiring extensive
manual annotation in each target language. This scalability and adaptability mark an
advantage over traditional linguistic methods, which typically require language-
specific feature engineering and expert-driven annotation. However, linguistic
approaches offer certain degree of interpretability and theoretical grounding that ML
learning models often lack. While deep learning models can classify registers with
high accuracy, they do so without explicitly modeling communicative purpose or
linguistic function. This limits their usefulness for explanatory or theory-driven
research, in which understanding why a text belongs to a particular register is as
important as performing the classification itself. Additionally, deep learning models
often struggle with extremely long texts, given that maintaining coherence and
capturing long-range dependencies across hundreds of thousands of words remains
a significant challenge for many of the model architectures. Moreover, predictive
modeling offers benefits like allowing for the comparison of model accuracies and
performance across corpora (Shmueli 2010). The current thesis reflects such
distinctions and considers how predictive and explanatory approaches can
complement each other in register analysis.
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This chapter outlines the empirical foundation and analytical procedures of this
study. It begins by introducing the two primary corpora used, highlighting their
composition, historical scope, and relevance to the study’s RQs. Particular attention
is given to the challenges posed by historical data, including issues of digitization,
orthographic variation, and metadata inconsistencies. A brief overview of previous
linguistic research conducted on these corpora situates the present study within the
broader scholarly context. The second part of the chapter details the methodological
framework, including data preparation steps, feature extraction, and the application
of ML models for classification and interpretation. Finally, the chapter provides an
overview of the three peer-reviewed studies comprising the core of the dissertation.

4.1 Material

This section provides a detailed overview of the materials used in this thesis. The
data came from two different late modern English corpora — COFEA and ECCO.
Chapters 4.1.1 and 4.1.2 introduce the two corpora in more detail, respectively,
whereas Chapter 4.1.3 discusses some challenges related to the data. Chapter 4.1.4
introduces previous studies that have utilized COFEA and ECCO.

4.1.1 COFEA

COFEA is a relatively recently created corpus that encompasses written works from
1760 to 1799, that come from a variety of sources and registers. The corpus, which
aims to represent American English from the Founding Era, has been constructed
while considering corpus-based legal interpretation of documents from the Founding
Era (Hashimoto 2023). In particular, the original meaning of the US Constitution is
of interest for the legal community, and COFEA has been used in these studies for
quantitative and generalizable evidence for word meaning (Hashimoto 2023). These
and other studies using COFEA are discussed in more detail in Chapter 4.1.4.
COFEA includes over 127,000 texts, containing a total of over 138 million
words. To accurately reflect Founding Era American English for legal interpretation
and to ensure comprehensive coverage, researchers recognized the need for a large
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and register-diverse corpus. The collection process of the texts was assisted by
subject area experts who aided in finding databases with Founding Era texts of
various registers (Hashimoto 2023). Currently COFEA includes texts from Evans
Early Imprint Series (Evans), the National Archives Founders Papers Online project
(Founders), Hein Online’s U.S. Treaties and Agreements Library, U.S.
Congressional Documents, American Indian Law Collection, and Session Laws
Library (Hein), Farrand’s Records of the Federal Convention of 1787 (Farrand’s),
US Statutes at Large, Elliot’s Debates (Elliot’s), and Harvard Law School’s Caselaw
Access Project (CAP). Evans includes a variety of documents from both ordinary
Americans and the elites, whereas the Founders database houses the correspondence,
papers, and personal writings of the Founding Fathers. Hein, US Statutes at Large,
and CAP all feature various legislative documents. Farrand’s and Elliot’s collections
include texts documenting the creation of the US Constitution. These databases were
selected for their diverse language use, including legal and nonlegal materials, and
texts ranging from highly literate to highly oral, thus ensuring a representative and
generalizable sample for studying language from the Founding era (Hashimoto
2023).

Although the texts in COFEA were collected from databases with a diverse range
of texts and registers, the texts within these databases have not been specifically
annotated to indicate their respective registers. Thus, the texts were manually
annotated by trained coders. As described in Hashimoto (2023), the register
annotation process consisted of three comprehensive steps: 1) generating and
refining register categories, 2) conducting manual annotation, and 3) performing
accuracy verification. The annotations were double coded, and a third coder was
involved to resolve any disagreements between the coders. The full list of register
categories can be found in Table 2, and the codebook for training human coders on
these categories is available at Hashimoto (n.d.). The data includes personal texts
(e.g., letters and diary entries), less personal texts (e.g., books and pamphlets), and
more formal legal texts (e.g., treaties and legal cases). There are also two technical
categories, namely, Not English, which includes texts written in languages other than
English (primarily French), and No Text, which includes empty entries or those
containing only metadata from the original source database. Additionally, a separate
category called Undetermined covers texts that do not align with the other registers,
such as poems, epitaphs, and songs. At the time of the publication of the studies in
this thesis, the manual annotation of registers in COFEA was an ongoing process.
The data used in Studies I, II, and III include a subset of COFEA texts. A detailed
description of this subset is provided in Chapter 4.2.1.
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Table 2. Register categories in COFEA.

Book Law and Statute Proceedings Narrative Fiction Book
Cases Letter Proposal Narrative Non-fiction Book
Contract Newspaper Speech Non-narrative Non-fiction Book
Debate Pamphlet Treaty Not English

Essay Personal Record Undetermined No Text

The registers in COFEA are broadly similar to those found in other large historical
corpora from the Founding Era, such as ARCHER, the Corpus of Early American
Literature (CEAL; Hoglund & Syrjdnen 2016), and the Corpus of Late Modern
British and American English Prose (COLMOBAENG; Fanego 2012). For example,
ARCHER features journals/diaries, legal opinions, scientific prose, personal letters,
and news reportage, while CEAL includes political writings, religious texts, fiction,
and biographies. COLMOBAENG, though more limited in scope, focuses on prose
like philosophical and academic writing, and on fictional and historical prose.

Most of the texts in COFEA were already in machine-readable format when
collected and were digitized using various optical character recognition (OCR)
technologies, but texts from Founders and Evans were manually transcribed
(Hashimoto 2023). The digitization processes introduced various OCR errors to the
texts due to the age and diverse format and quality of the documents, leading the
corpus creators to use custom Python scripts to automatically correct some recurring
errors (Hashimoto 2023). Despite the correction, various OCR errors remain in the
texts. The potential issues of OCR errors are discussed further in Chapter 4.1.4.

41.2 ECCO

ECCO houses over 200,000 texts printed between 1701 and 1800, making it the
largest online repository of works from this period (Gregg 2020). ECCO is a
database with a rich and varied history that affects its composition. ECCO was first
published in 2003 as a digitized collection of facsimiles, but it originated from a
microfilm collection produced between 1982 and early 2000s, whose contents, in
turn, were selected based on a catalogue of books called the Eighteenth-Century
Short Title Catalogue from the 1970s (eventually renamed the English Short Title
Catalogue or ESTC; Gregg 2020). ECCO was made by scanning these microfilm
reels to black and white digital images of the book pages and then using OCR engines
to automatically produce text transcripts of each page. The quality of the transcripts
varies greatly due to different scanning methods and programs used at different
times. The problems caused by this process will be further discussed in Chapter
4.1.3.
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While the ESTC has catalogued works from two thousand public and private
libraries from all over the world, the microfilming series is based on only around
twenty libraries, the most notable of which is the British Library, with approximately
67% of all books in ECCO and 83% of Part I being reproductions sourced from the
British Library’s holdings (Holahan 2021; Spedding 2011). Other notable source
libraries include the Bodleian, Harvard, Cambridge, Huntington, and the National
Library of Scotland.

ECCO is claimed to include “every significant English and foreign language title
printed in the United Kingdom during the eighteenth century, along with thousands
of important works from the Americas” (Gale 2016). However, ECCO is a collection
that continues to grow. Following the initial release of ECCO with over 135,000
texts in 2003, Part II of ECCO was released in 2009, which added some 50,000 titles
to the collection. At present, Part III, with an additional 90,000 titles, is also planned
to be launched in the future. As a whole, the collection has been evaluated to contain
over 50% of the titles included in the ESTC, which is the most comprehensible
metadata source for British publications from the early modern era (Tolonen et al.
2021).

ECCO includes a wide range of printed materials, from brief pamphlets to
complete books, covering diverse fields, such as religion, philosophy, law, fine arts,
literature, and language. The database, however, lacks internal order and metadata
on the texts, making it rather difficult to query. The texts in ECCO are not annotated
with register information but are organized into eight subject categories derived from
the original categorization of the microfilm reels (Gregg 2020). These eight
categories are 1) Religion and Philosophy; 2) Literature and Language; 3) History
and Geography; 4) Fine Arts and Antiquities; 5) Social Science; 6) Science,
Technology, and Medicine; 7) Law (Criminal, National, and International); and 8)
General Reference and Miscellaneous. According to Holahan (2021) the top 3
categories in ECCO are Literature and Language with 28% of the collection,
Religion and Philosophy (25%), and Social Sciences (18%).

For more information on the development and composition of ECCO, see
especially Gregg (2020), Holahan (2021), and Tolonen et al. (2021; 2022). Studies
IT and III use texts from the ECCO dataset. Chapter 4.2.1 provides a detailed
description of this subset used in the two studies.

4.1.3 Challenges in Data

COFEA and ECCO are not without their limitations. For instance, both are heavily
biased toward the language of white, educated, and literate men. Many historical
corpora and databases are skewed towards including texts from dominant
sociocultural groups (Gregg 2020; Hauswedell et al. 2020). This skew often results
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in the underrepresentation of marginalized communities, including women, people
of color, and those from lower socioeconomic backgrounds (Earhart 2012). COFEA
aims to represent American English from the Founding Era, but it is especially
skewed towards texts from individuals involved in the drafting of the US
Constitution due to their language being well preserved and often deemed more
crucial for Constitutional interpretation (Hashimoto 2023).

ECCO, with its layered history, was not designed to be a balanced and carefully
selected collection of texts, let alone a text corpus. Consequently, there are many
skews in the data (e.g., Tolonen et al. 2021, 2022). For instance, ECCO contains
mainly texts printed in England, and, to a lesser extent in Ireland and Scotland.
Additionally, ECCO shows a preference for the late eighteenth-century texts, with a
noticeable increase in publications during the final two decades. Furthermore, exact
dates for some documents are not certain, resulting in estimates peaking at even five
and ten years.

With regards to the present thesis, OCR errors are an important factor to
consider. Both COFEA and ECCO contain, to varying degrees, OCR errors resulting
from different causes. For instance, the quality of British printing in the eighteenth
century was often quite poor, leading to transcription errors from broken, poorly
inked, or warped lines of type (Wendorf 2022). Additionally, eighteenth-century
texts include typographical features, such as the long “s” (([}), ligatures, and ornate
capital letters, that have caused challenges for the OCR software of the time. In long-
term scanning processes, such as for ECCO, the tools and OCR software used have
changed, leading to varying levels of noise in different parts of the database. Tolonen
et al. (2021) note that OCR errors are especially notable in Part I of ECCO,
sometimes to the degree that the digitized text is even incomprehensible to humans.
Various projects have made an effort to increase the accuracy of the texts in ECCO
that have undergone OCR. For instance, notable efforts include the ongoing
Eighteenth Century Collections Online Text Creation Partnership (ECCO-TCP),
which has manually produced transcriptions for some 3,000 texts in ECCO.
Additionally, the Early Modern OCR Project (eMOP) has developed new algorithms
and software to improve OCR for early modern texts, and a crowd-sourced manual
OCR correction tool TypeWright by 18thConnect has been created to mitigate OCR
problems. COFEA is also manually being rated for OCR accuracy so that low
accuracy texts can be targeted for manual correction (Hashimoto 2023). The
automatic post-correction of OCR errors in historical texts with LLMs has been an
interest in recent research, but the results vary (Kanerva et al. 2025). This topic will
be revisited in Chapter 5.3 when discussing the limitations of this thesis.

Despite the availability of ECCO-TCP, which offers manually corrected
transcriptions, its coverage is limited in terms of the number of texts, and they are
all from ECCO Part 1. To ensure a sufficiently large and diverse dataset for robust
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analysis, the present study opted to use the un-corrected texts from the whole ECCO
dataset.

414 Previous Research on ECCO and COFEA

This section provides a brief overview of previous research on ECCO and COFEA.
ECCO has been the focus of various studies that have investigated the composition
of the database itself or used it as data for various linguistic research questions.
Meanwhile, COFEA is a relatively new corpus that has been used in studies
conducting legal research rather than linguistic research.

ECCO is valued for its massive scale and representation of eighteenth-century
anglophone print culture and has attracted significant research attention. Several
studies have focused on the composition and nature of ECCO. For instance, Tolonen
et al. (2021; 2022) provide a foundational overview of the corpus, examining the
diversity and imbalance of genres, publication metadata, and reprint practices. Their
analyses reveal that a substantial portion of ECCO consists of reprints, thus leading
to duplication that skews corpus composition. The overrepresentation of certain texts
and genres, such as petitions and bills, and the exclusion of genres like almanacs and
proclamations also contribute to an uneven genre balance. Their works emphasize
the need for corpus criticism and awareness, especially given ECCO’s reliance on
OCR-processed texts and limited metadata (see Holahan 2021; Spedding 2011;
Gregg 2020).

At the same time, more linguistically targeted studies have explored lexical and
stylistic variation. Tithonen et al. (2023), for instance, applied regression modeling
to trace Scotticisms across Scottish and English publications in ECCO, revealing
insights into regional linguistic identity during the Enlightenment period. Textual
reuse has been another major focus, with Rosson et al. (2023) and Ryan et al. (2023)
developing sequence-alignment and intertextuality tools to map shared language
across texts. Their works enhance our understanding of discourse circulation and
literary influence in early print culture. Additionally, Regan (2022) studied semantic
change and knowledge transmission by analyzing diachronic shifts in the distribution
of some words in ECCO, highlighting how evolving lexical associations reflect
broader intellectual trends in eighteenth-century Britain.

ECCO’s uneven OCR quality and inconsistent metadata remain -critical
concerns. For instance, Hill and Hengchen (2019) compared linguistic metrics in raw
OCR data and it’s cleaned counterpart in ECCO, demonstrating a significant impact
on the quantitative analysis of historical documents. Nevertheless, despite problems
with OCR, recent studies have demonstrated that many quantitative methods that are
commonly used in corpus linguistics and digital humanities remain reasonably
accurate when applied to the database (Hill & Hengchen 2019; Liimatta et al. 2023).
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In contrast to ECCO’s broader scope, COFEA provides a more controlled and
balanced view of American English in the late eighteenth century. The corpus is
designed to support inquiries into legal language and civic discourse, and COFEA
has been used especially in the legal community to study the original meaning of the
Constitution and other statutory laws in the Founding Era. For instance, Cunningham
and Egbert (2020) studied the original meaning of the term “emolument” by
examining over 2,800 instances of the word in COFEA using multiple computational
methods to determine its typical usage during the Founding Era. Miller and
Obelgoner (2020) tracked the original meaning of the phrase “executive power” as
used in the Constitution. Using COFEA, they analyzed linguistic patterns and
historical discourse surrounding the term. Lee and Phillips (2019) applied corpus
linguistic methods to investigate the phrase “natural born citizen” using COFEA to
analyze collocations, frequency data, and contextual usage, thereby determining
whether the phrase was treated as a legal term of art or an ordinary expression.

The influence of this corpus extends beyond academia. COFEA has been
referenced in two cases before the United States Supreme Court (Carpenter v. United
States 2018; Lucia v. SEC 2018) and two circuit court cases (District of Columbia
v. Trump 2019; Wright v. Spaulding 2019). These references underscore COFEA’s
growing role in judicial reasoning and its credibility as a source for originalist
interpretation. For a more thorough list of publications using COFEA, see Hashimoto
(2023).

4.2 Methodology

This study employs a multi-faceted methodological framework that integrates corpus
linguistics with NLP techniques to investigate register variation in late modern
English texts. The approach is grounded in the use of domain-specific language
models and text classification, complemented by model interpretability techniques
and keyword extraction procedures. The methodology is designed to ensure
linguistic interpretability, aligning with best practices in both corpus-based and
computational linguistic research.

Historical corpora such ECCO are characterized by their heterogeneity, lack of
consistent metadata, and linguistic variation across time, registers, and
communicative purposes, as mentioned earlier. Thus, traditional rule-based
approaches, and those requiring extensive manual annotation are insufficient for
capturing the nuanced, often implicit register distinctions in such data. In this regard,
ML offers a scalable, inductive framework capable of learning patterns directly from
the data, without requiring exhaustive manual annotation or rigid a priori
categorization.
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SVMs were employed in the ecarly stages of this research to establish
interpretable and robust baselines for register identification. As mentioned in
Chapter 3.1, SVMs are well-suited for high-dimensional linguistic data and have
demonstrated strong performance in text classification tasks. In addition, their ability
to provide clear decision boundaries and feature weights made them particularly
valuable for initial experiments during which interpretability and diagnostic insights
were prioritized.

Register distinctions often hinge on contextual cues, discourse structure, and
subtle shifts in communicative function that are not easily captured by pre-neural
ML models and rule-based corpus linguistic approaches. To address this, I used
Transformer-based models, especially fine-tuned variants of BERT, which are
designed to capture the linguistic contexts of words. Register is inherently a multi-
dimensional construct, influenced by lexico-grammatical choices, discourse
structure, and communicative intent. Transformer-based models that are capable of
learning from raw text are uniquely positioned to uncover linguistic patterns that
correspond to register distinctions.

4.2.1 Data Preparation

For the experiments in Studies I-111, I prepared a sub-corpus of COFEA that includes
over 110,000 texts that were hand-coded for various registers introduced in Chapter
4.1.1. Before the classification, the dataset was pre-processed by removing
punctuation, duplicate entries, and empty texts. Some registers with a very small
number of texts, that is non-narrative non-fiction books and narrative non-fiction
books, were excluded from the analysis, along with those in the Undetermined
category due to ambiguous labeling.

For the SVM classification in Study I, the COFEA sub-corpus was
grammatically tagged with the Northern Arizona University (NAU) Tagger. The
grammatical tags generated by the NAU Tagger are based on Biber’s (1988) work,
which identified specific grammatical features deemed important for registerial
variation. The tagger provides detailed grammatical information, including part-of-
speech labels, person, number, and semantic domain.

For the register classification of ECCO, two coders manually annotated 300 texts
across 15 different register categories. This annotation process was iterative and
developed from the bottom up. However, the register categories and guidelines from
COFEA were referenced when applicable. The coders independently annotated the
texts, and their work was cross verified to ensure consistency. By comparing these
annotations, we can measure how much the annotators agree with each other, which is
known as inter-annotator agreement (IAA). Disagreements between annotators can be
solved by establishing a consolidated consensus set of annotations. In this case,
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measuring alignment between each annotator and the consensus set can be done using
metrics, such as accuracy, which represents the proportion of similarly annotated
examples out of all examples. For measuring agreement between two annotators
without a resolved consensus, a Cohen’s Kappa (Cohen 1960) measure is often used,
as it also considers agreement by chance. Before unifying the annotations, we
measured the IAA using Cohen’s Kappa coefficient, resulting in a score of 0.67, which
indicates a fairly good level of agreement. As the ECCO texts were drawn from
published volumes, they often contain paratextual elements, such as title pages and
forewords, that can interfere with register classification. To ensure that the model
focused on the main body of the text, all paratextual materials preceding the core
content were removed from the 300-text subsample during preprocessing.

Figure 1 presents the proportion of hand-coded registers in the ECCO and
COFEA subsamples. As shown in Figure 1, the register category letter is the most
common register in COFEA, comprising over 80% of the dataset, whereas treatise is
the most common register category in the ECCO subsample. While ECCO and
COFEA largely share the same register categories, the texts within these categories
can differ significantly across the datasets. These differences may stem not only from
dataset composition, but also from the situational characteristics of the registers and
their production circumstances, as well as the inherent complexity of manual
annotation, including inconsistencies among annotators and annotation procedures.

Proportion of registers in ECCO and COFEA
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Figure 1. Proportion of manually annotated registers in the ECCO and COFEA subsamples.
Adapted from Repo et al. (2024).
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For the keyword analysis in Study III, the ECCO subsample was further expanded
by extracting unannotated texts and automatically assigning them a register with a
model that was fine-tuned with COFEA texts. To support register modeling and
analysis of different text sections, each document in ECCO and COFEA datasets was
divided into five equal-length segments: beginning, beginning-middle, middle,
middle-end, and end. This procedure is further detailed in Study III.

422 Model Training and Interpretation of Model Decisions

Given the complexity of linguistic variation across registers and the historical nature
of the data, Transformer-based language models were selected for their good
performance in capturing contextual and syntactic nuances. In particular, we used
the Transformer-based language model BERT (Devlin et al. 2019) due to its well-
documented effectiveness in recognizing contemporary language registers (Laippala
et al. 2022). In addition to BERT, we used another deep learning language model,
XLM-RoBERTa (XLM-R; Conneau et al. 2020), which is a multilingual language
model based on the Cross-lingual Language Model (Conneau & Lample 2018) and
the RoBERTa model (Liu et al. 2019). XLM-R has been shown to outperform
monolingual baselines that rely on pre-trained models and other multilingual models
(Conneau et al. 2020; Libovicky et al. 2019; Tanase et al. 2020). However, the core
classification model used in the present study is ECCO-BERT (Rastas et al. 2022),
a Transformer-based language model pre-trained on eighteenth century English texts
from the ECCO database. ECCO-BERT shares the architecture of the BERT base
(cased) model, with its main distinction being an adjusted vocabulary size
specifically designed to align with the historical language used in the ECCO dataset.
ECCO-BERT’s domain-specific training makes it especially effective for our
analysis, which also relies on the ECCO database.

All models were trained using PyTorch (Paszke et al. 2017) and the Hugging Face
Transformers library (Wolf et al. 2020). Training was conducted on high-performance
computing clusters equipped with NVIDIA V100 GPUs, thus allowing for efficient
fine-tuning of large models on substantial historical datasets. This process was carried
out using the supercomputing resources provided by CSC — IT Center for Science.
Hyperparameters such as learning rate, batch size, and number of epochs were
optimized using grid search and early stopping based on validation loss®. To enhance

Learning rate controls the model’s weights during training; batch size is the number of
samples processed before the model’s parameters are updated; number of epochs refers
to how many times the entire dataset is used to train the model; early stopping halts
training when performance on a validation set stops improving; and validation loss
measures model error on unseen data during training.
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model performance and generalizability, Optuna (Akiba et al. 2019), a Bayesian
hyperparameter optimization framework, was also employed. The specific
hyperparameter values used in the papers are described in more detail in Studies -
III. This automated tuning ensured that each model was trained under optimal
conditions, thus reducing the risk of overfitting and improving classification
accuracy.

Apart from the deep learning models, we also utilized a linear SVM to classify
lexical and grammatical features in the COFEA data. The SVM was implemented in
Python’s Scikit-Learn library® (Pedregosa et al. 2011). We used an SVM model as it
provides a way to analyze the importance of linguistic features in distinguishing
between different classes. We used lexical features consisting of words as they
appeared in the texts and grammatical tags associated with each word in our
classification. The most effective results in register identification have been achieved
using word-based features, such as bag-of-words and word trigrams (Pritsos &
Stamatatos 2018), as well as binary character four-grams (Sharoff et al. 2010). In
contrast, grammatical tags do not convey topical content but instead reflect the genre
or register of a text (Finn & Kushmerick 2006) and are believed to have functional
associations specific to particular registers (Biber 1988; Biber & Conrad 2019).
Grammatical features are widely acknowledged as fundamental to register analysis
and form the foundation of register studies. Laippala et al. (2021) demonstrate that
incorporating grammatical information enhances classifier stability and that the
influence of grammar varies across different registers. The grammatical tagging
process and the technical implementation of the SCV classifier are introduced in
more detail in Study 1.

To further gain insights into the linguistic features considered important in
distinguishing the registers in ECCO and COFEA, we employed two model
explanation methods, IG and SACX. We applied the IG interpretability method
(Sundararajan et al. 2017) to compute feature attributions, thus revealing the
contribution of each feature to the model’s prediction. This approach helped uncover
the linguistic features that differentiate the registers from one another. Additionally,
we used SACX for keyword analysis that also allowed us to identify the most
important words. The keyword analysis procedure is detailed in Study III.

4.3 Overview of the Publications

The next three sections present the studies included in this thesis in more detail. In
Study I, we laid the groundwork for automatic register classification in COFEA,

3 http://scikit-learn.org/
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demonstrating that registers could be effectively modeled using linguistically
interpretable features. Building upon the ideas of Study I, Study II extends the
approach to unannotated corpora by applying COFEA-trained models to ECCO
texts, thereby introducing model interpretability through IG to assess the linguistic
plausibility of predictions and exploring the feasibility of cross-corpus register
classification. Study III further advances this line of inquiry by addressing the
challenge of document-internal variation in long texts, evaluating how different text
segments affect model performance and using the SACX method to identify
linguistically meaningful features across document sections. Collectively, these
studies contribute to the creation of a scalable, linguistically grounded framework
for enriching historical text databases with register metadata, supporting both
computational and humanities-based research.

I served as the first author and lead contributor in all the papers. In the following
subsections, I briefly describe the contents of the papers and the division of labor in
the collaborative work conducted for this dissertation project.

4.3.1 Study |

In Search of Founding Era Registers: Automatic Modeling of Registers from the
Corpus of Founding Era American English (Repo et al. 2023)

This article models register variation in COFEA and explores the possibility of
automatically identifying registers from a corpus of late modern English texts. The
study is situated within the broader context of historical linguistics and corpus-based
research, in which one of the persistent limitations is the absence of register
annotations in historical corpora. The central RQ of this study is whether modern
ML techniques can be effectively applied to model registers in historical English
texts. Additionally, we aimed to inspect which linguistic features are most indicative
of different registers in eighteenth-century American English. These questions are
motivated by the need to make historical corpora more accessible, especially for
researchers in the fields of linguistics, legal history, and digital humanities.

To address these questions, we used a computational approach that combines
supervised ML with linguistic feature analysis. For our training and evaluation
dataset, we selected a subset of COFEA that includes texts manually labeled with
register information. Several classification models were tested, including traditional
ML algorithms, such as SVMs, as well as deep-learning models, namely, BERT and
XLM-R. For the SVM, we experimented with three different feature sets — lexical
features, grammatical features, and a combination of the two. Additionally, we
extracted and analyzed the most important discriminative features estimated by the
SVM classifier for the registers. This approach allowed us to learn more about the
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linguistic characteristics of the registers in COFEA and the functioning of the
classifier.

The results of the study are very promising. The best performing model, BERT,
achieved a micro Fl-score of 97%, representing a level of performance that is
noteworthy given the challenges posed by historical language data, which often
include archaic vocabulary, non-standard spelling, and syntactic variation. However,
some of the register classes that appeared less frequently in the data were not as well
identified by the model. This difficulty in identifying some of the registers could
indicate a potential issue about the uniformity of the texts in registers.

In the detailed analysis of the linguistic features contributing to the classification,
we found that letters in COFEA are characterized by many verbal features, such as
possibility, auxiliary, and copular verbs as well as features related to past tense.
Additionally, past participle attributive and predicative adjectives, plural common
nouns, proper nouns, indefinite pronouns, and third-person singular pronouns also
characterized the letters. Furthermore, letters in COFEA seem to be more descriptive
and argumentative in style than other letters in the seventeenth century, likely due to
their professional nature. In earlier studies, letters have been linked to interpersonal
and interactive communication featuring, for example, personal involvement and
stance taking (Biber & Finegan 1989). Interpersonal communication is well
characterized by formulaic opening and leavetaking expressions deemed typical of
the early and late modern letters, much like modern letters (Elsweiler & Ronan
2023). In earlier multidimensional studies, letters have also been found to have
expository, descriptive, and argumentative features (Biber 2001; Monaco 2017).

We also found that many of the discriminative features in the journals were
nominal, such as plural and singular common nouns, temporal nouns, predicative
and attributive adjectives, and determiners. These features are commonly found in
narrative texts that recount or reflect on events and actions. The presence of complex
noun phrase structures, many types of conjuncts, and agentless passives indicate that
journals are characterized by high informational density, which is in line with the
findings of previous studies (Biber 2001).

Methodologically, Study I demonstrates that automatic register classification is not
only feasible but also effective, even for historical texts. The ability to identify registers
based on linguistically motivated features brings new linguistic information about
registers and enhances the value of corpora like COFEA for a wide range of research
applications. This makes it possible for legal historians, for instance, to more easily
isolate legal texts from personal correspondence, while linguists can explore variation
in language use across different social and communicative contexts.

The design and the article’s main idea was a joint effort between all the authors.
I was responsible for data preprocessing, model implementation, and evaluation.
Furthermore, I ran all the experiments and conducted the linguistic feature analysis.
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All authors contributed to the interpretation of the feature analysis. Finally, I wrote
the first draft, and all the authors revised the subsequent versions.

4.3.2 Study |l

Toward Automatic Register Classification in Unrestricted Databases of Historical
English (Repo et al. 2024)

Study II extends the register annotations to the ECCO corpus. The study addresses the
complex challenge of identifying registers in large, unannotated collections of late
modern English texts. Unlike Study I, which focused on curated corpora with clearly
labeled registers, Study II explores how register classification can be achieved in a more
heterogeneous and unrestricted dataset. Because ECCO does not have existing register
annotations, we explored the possibility of predicting registers for unannotated, lengthy
historical texts using COFEA registers for the automatic annotation of ECCO registers.
The central RQs revolve around whether automatic methods can reliably identify
registers in historical English texts without prior annotation, which linguistic features
are most effective for distinguishing these registers, and how such methods can be
scaled across different corpora. This is particularly relevant when considering how
similar the registers are across different corpora. The paper argues that variation in
registers may arise not only from differences in register definitions or corpus
composition, but also from historical shifts in language use, annotation practices, and
the communicative functions of texts within each dataset.

We hand-coded a set of 300 texts in ECCO for their register and tested how well
a model trained with COFEA registers can predict registers for ECCO texts. We used
the model that was found to be best in predicting COFEA registers in Study L
Additionally, we used ECCO-BERT, which has been specifically pre-trained on
ECCO texts. We also used the IG model interpretability method to analyze which
features the model relies on when determining a text’s register, and whether it
focuses on similar features across different datasets. Furthermore, we inspected the
shared situational features between misclassified and correct registers to better
understand the sources of confusion in the model’s predictions.

The results reveal that models trained on COFEA can generalize to ECCO to a
meaningful extent. Some of the register classes in ECCO, such as letters and cases,
were well identified. This result indicates that texts within these registers are well-
defined and share notable similarities with their corresponding categories in
COFEA. However, other registers were not identified at all due to various reasons,
such as categories not shared by both corpora, differences in the registerial features
compared to the corresponding register in COFEA, or a prior register distribution the
model had learned from COFEA. The results highlighted the challenges posed by
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hybrid texts, shared situational characteristics. Historical texts also present
additional challenges due to non-standardized spelling and a wide range of OCR-
related errors originating from the diversity of the source materials (Baron & Rayson
2008; Hill & Hengchen 2019). The OCR errors and the challenges they pose are
further discussed in Chapter 5.3.

Many of the misclassifications in the data appeared to be linguistically and
functionally motivated, reflecting the overlapping characteristics commonly
associated with different registers. For instance, we found that the register classes
essay and proceeding have frequent misclassifications to personal records due to the
shared typical features among the classes. At the same time, some registers, such as
proposals, were frequently misclassified as essays. From a linguistic standpoint,
many of the misclassified proposals contain evaluative language and stance-taking
features that are typical of essay texts in COFEA. Additionally, some texts shared
clear characteristics of many registers. This issue is particularly evident in the case
of proposal texts, which were frequently misclassified as letters. The confusion stems
from the fact that many proposals were written in letter format, causing them to
exhibit linguistic features typical of both registers. The presence of shared features
across registers contributed to the classifier’s confusion, thus highlighting the
inherent complexity of register identification.

Automatic register annotation requires a corpus that fully represents ECCO’s
register diversity. However, building such a resource is hindered by limited
knowledge of ECCO’s registers and the intensive manual effort required by
annotation. Thus, this study explored whether existing register annotations can serve
as a starting point to overcome this challenge and opened the door to automated
annotation of historical corpora.

The idea of the paper was a joint effort between V. Laippala and myself, while
further idea development was done jointly by all authors. Data annotation was jointly
completed by L. Saario and myself. I conducted all the experiments and wrote the
first draft. All authors contributed to the finalization of the paper.

4.3.3 Study I

From Unannotated to Annotated: The Impact of Text Internal Variation on Register
Predictions of Long Historical Documents (Repo et al., forthcoming)

In this paper, we further investigated the reliability and linguistic motivation of
automatic register classification in long, unannotated historical texts in ECCO. We
studied how well a model trained on annotated data from COFEA can generalize to
ECCO texts, particularly in capturing consistent register features across different
sections of a document. While register prediction has advanced to the point of being
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used for metadata generation, its effectiveness in handling internal variation within
lengthy documents remains uncertain, particularly given the linguistic complexity
and contextual shifts that such variation entails. Thus, we shifted the focus from
inter-document classification to intra-document variation. The central RQs focused
on how internal textual variation affected register predictions and whether the
predictions reflected pervasive, register-specific linguistic characteristics.

We analyzed model performance across different text segments, such as
beginnings and middle sections, by fine-tuning BERT-based models with COFEA
data, after which we predicted registers for the ECCO documents annotated in Study
II. Dividing each document into five equal-length segments allowed us to assess
which parts of a document are most effectively predicted and how internal variation
influences classification accuracy. To expand the dataset for more robust analysis,
we applied the best-performing model to unannotated ECCO texts, selecting those
with consistent predictions across segments. We then employed the SACX method
to extract and rank keywords that contributed to the model’s decisions. Finally, we
fine-tuned and tested multiple models across all text segments, resulting in 36 model-
data combinations.

F1-micro Scores across Different Text Parts and Classes

Case Letter

F1-micro Score

0.75

Tested with
—e— Combined —e— Beg-Mid —e— Mid-End
Trained with Beginning —e— Middle =~ —e— Ending

Figure 2. Register-specific micro-averaged F1 scores across various training and testing
configurations. Each data point corresponds to a combination of training and testing
datasets. (Repo et al., forthcoming).
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Our results showed that text beginnings consistently yielded the most reliable
register predictions. Notably, a model trained on the ending segments and tested on
beginnings achieved the best results. In comparison, models tested on the middle
sections of texts performed significantly worse, suggesting that these segments
contained more linguistic variability or less distinctive register features, making
classification more difficult. Additionally, models trained on all five text segments
or on endings demonstrated the most consistent and balanced performance across all
registers and text parts. Figure 2 shows the register-specific results of various
training and testing configurations for four register classes. The results align with
earlier research on web data, which concluded that the beginnings of texts tend to
exhibit the greatest predictive power (Laippala et al. 2023).

The keyword analysis further confirmed that the models captured pervasive,
linguistically meaningful features consistent across text parts, supporting the notion
regarding the reliability of register predictions in complex historical documents.
Furthermore, the features present across the entire register class of letters illustrate a
balance between formality, politeness, humility, and emotional expression. These
keywords frequently include personal pronouns, attributive adjectives, and common
nouns. The prominence of attributive adjectives, public verbs, and nouns also reflects
characteristics of informational language, whereas the use of personal pronouns, the
verb “be” as a main verb, and mental verbs underscores the involved and
interpersonal nature of letters. These patterns align with Biber’s (1988) framework
on involved and informational language production. Previous research has also
identified involved features in Early Modern letters (Biber & Finegan 1989), while
letters from the eighteenth and nineteenth centuries have been found to exhibit less
involvement (Biber & Finegan 1989; Biber 2001). Informational traits, in turn, have
been linked to the role of letters in spreading scientific knowledge and their didactic
function during the late modern period (Monaco 2017).

The stable keywords in the case register class are dominated by legal
terminologies, thereby functioning as markers of specialized discourse within legal
contexts. Historical legislative language is characterized by precision and the use of
formulaic expressions to facilitate comprehension and interpretation (Lehto 2010).
Most of the keywords occurring across all sections are common nouns referring to
the various roles of participants in legal cases. A typical feature of Modern English
legal documents is the practice of beginning each item or sentence by identifying the
legal actor and their action, followed by more detailed qualifications (Lehto 2010).
Likewise, the stable keywords in the proceeding register are dominated by legal
terminologies, thus reflecting the formal and procedural character of these texts.
Many of the nouns refer to various bodies, positions, and the outcomes of meetings.
These findings highlight the comprehensive training data that capture the full range
of internal variation in long historical documents.
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The design and the main idea were conceived together by V. Laippala and
myself. Additionally, I was responsible for running all experiments, including data
preprocessing, model training, and evaluation. I also conducted the linguistic feature
analyses and interpretability assessments. I wrote the first draft of the article.
Subsequent versions were revised by all the authors.
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3 Synthesis and Discussion

The three studies presented in this thesis collectively not only contribute to the
advancement of automatic register analysis in historical English corpora, but also
enrich linguistic research by providing corpus-based analyses of register variation
and facilitating interdisciplinary studies of language use in historical contexts. In the
following sections, the overarching research aims are revisited through a synthesis
of the empirical findings and their relation to existing literature. First, the RQs are
addressed in light of the results from the three studies. This is followed by a reflection
on the limitations encountered during the research. Finally, the chapter concludes
with an outline of directions for future work, particularly in light of recent
developments in large-scale language modeling.

5.1 Revisiting the Research Questions

This section discusses the RQs presented in Section 1.1 in light of the three papers’
results. To summarize, I discovered that register annotations from a curated corpus
like COFEA can be repurposed to automatically annotate registers in a large and
heterogeneous corpus such as ECCO. Furthermore, I found that register variation
between different registers and within individual documents significantly affects
classification performance. In particular, registers with clear communicative
functions and distinctive linguistic features were easier to identify, while hybrid and
ambiguous texts posed challenges. Next, I will go through the RQs and summarize
the relevant results from the papers included in this thesis. I will also discuss how
the results align with previous research in the field.

RQ1: How can existing manually annotated register data from a curated corpus
like COFEA be leveraged to automatically annotate registers in a
heterogeneous corpus like ECCO?

RQI1 addresses the foundational challenge of register annotation in historical
databases — the absence of consistent metadata and the difficulty of applying
linguistic categorization across diverse textual collections. In this thesis, I
demonstrate that manually annotated register data from the curated COFEA corpus
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can be repurposed to support automatic register annotation in ECCO, a corpus that
is both significantly larger and more heterogeneous in its composition.

Study I established a foundation by modeling register variation in COFEA, a
corpus with clearly defined and manually annotated registers. Study I demonstrated
that modern ML techniques can effectively capture register distinctions in
eighteenth-century American English, identifying linguistic features that are
strongly indicative of specific registers. These features form the basis for the
development of predictive models capable of generalizing beyond the original
corpus.

Building on this foundation, Study II explored the transferability of register
annotations from COFEA to ECCO. Unlike COFEA, ECCO comprises a vast and
diverse collection of texts without existing register labels. Despite this heterogeneity,
the models trained on COFEA achieved promising results in predicting registers
across ECCO documents, although the registers with identical labels may reflect
different communicative settings in these corpora. This finding demonstrates that
curated register annotations can serve not only as a descriptive resource but also as
a functional tool for annotation transfer. Thus, the findings support the idea that
register annotations sufficiently share similar features to be scaled across corpora,
provided that the source data are sufficiently representative and the models are
carefully tuned. This approach aligns with broader efforts in historical
sociolinguistics and digital humanities to make large-scale textual data more
accessible and analyzable (Kyt6 2019; McGillivray 2021).

At the same time, the use of Transformer-based models, such as BERT and its
historical adaptations, reflects a broader methodological shift in corpus linguistics
toward deep learning and contextualized language representations. These models
offer improved performance in capturing subtle linguistic patterns and have shown
particular promise in domain-specific and diachronic corpora (Hou & Smith 2023;
Zeng 2024). Their application in the present thesis underscores the potential of
integrating linguistic theory with computational tools to address longstanding
challenges in corpus annotation.

Study III further validated the proposed approach by examining the consistency
of register predictions across different sections of ECCO texts. Notably, the
beginning sections of documents yielded stable and reliable register classifications,
as has been noted in earlier research (Laippala et al. 2023). This finding suggests that
register-specific features are not only transferable but also contextually persistent.
This insight has practical implications for corpus expansion by demonstrating that
identifying documents with consistent register predictions facilitates the semi-
automatic annotation of new texts, thereby enriching the dataset and improving
model performance iteratively. Furthermore, this finding reinforces the idea that
register-specific features learned from COFEA are not only transferable but also
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stable across textual contexts. By applying the best-performing models to
unannotated ECCO texts, we identified documents with consistent register
predictions, which were then used to expand the dataset and refine the models
further.

RQ2: How does variation between and within registers affect the register
predictions?

RQ2 examines how variation between and within registers influences the
performance and reliability of automatic register classification in historical corpora,
addressing the assumption that register is a stable property of a text. Drawing on the
results of the three studies, the discussion is organized around variation between
registers and within registers.

Previous studies on register theory have emphasized that registers are culturally
recognized categories of texts defined by shared communicative purposes and
situational contexts (Biber & Conrad 2019; Biber et al. 2020). In corpus-based
studies, registers have typically been treated as discrete and stable categories,
enabling comparative linguistic analysis across domains (e.g., Biber 1988; Nesi &
Gardner 2012). However, recent research has begun to challenge this view, noting
that register boundaries are often fluid and that hybrid texts may exhibit features of
multiple registers (Biber & Egbert 2023).

Study I demonstrated that letters and journals exhibited strong linguistic signals,
resulting in their easy identification. These registers were consistently identified with
high accuracy in the COFEA corpus, with the BERT model achieving a micro F1-
score of 97%. The success of these predictions suggests that registers with well-
defined communicative functions and distinctive linguistic characteristics facilitate
more efficient automatic classification. This finding supports earlier claims that
registers are associated with recurring linguistic characteristics reflecting their
functional roles in the text (Biber 1995).

However, Study II revealed that this predictability did not generalize
systematically across corpora. When models trained on COFEA were applied to
ECCO, some registers were well identified (e.g., letters), while others were
misclassified or not detected at all. In part, these discrepancies may be explained by
OCR noise and limitations in the training data’s ability to represent the register
variation present in ECCO. However, they also point to inter-register ambiguity,
particularly in corpora like ECCO in which register boundaries are less clearly
defined and texts often exhibit hybrid characteristics due to the nature of the texts
and books often including collections of texts or paratextual elements.

In Study II, misclassifications were frequently linguistically and functionally
motivated, reflecting shared situational features across registers and functional
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elements more typical of the misclassified register. Additionally, texts combining,
for example, argumentative and descriptive elements challenged the model’s ability
to assign a single register label, thus underscoring the fluidity of register categories
in historical texts. These results echo findings from previous studies (e.g., Grieve et
al. 2011), which indicate that hybrid texts, especially in evolving communicative
environments, challenge traditional classification schemes. The presence of shared
linguistic features across registers led to systematic confusion in model predictions,
thus highlighting the limitations of treating registers as rigid categories.

Study III shifted our focus to internal document variation, mainly investigating
how register predictions vary across different sections of a single text. By
segmenting ECCO documents into five parts, the study found that text beginnings
yielded the most reliable register predictions, while middle sections were
significantly less predictable. This finding aligns with earlier studies on web texts,
which found that openings tend to be the most predictive for register classification
(Laippala et al. 2023). Study III also showed that models trained on ending segments
or full-text combinations resulted in the most balanced performance across all
document parts. This positional effect suggests that register signals are not evenly
distributed throughout a document and that certain sections carry stronger linguistic
and functional cues. In all, these findings challenge the assumption that register is a
stable, document-level property and instead support a view of registers as locally
realized and context-sensitive, especially in long historical texts. This finding aligns
with the recent calls to move beyond document-level assumptions and consider
register as a locally realized phenomenon (Egbert & Gracheva 2023; Goulart et al.
2022; Biber & Egbert 2023).

RQ3: How can the examination of linguistic features enhance the
understanding of register-specific language use and contribute to metadata
enrichment in large historical corpora?

RQ3 addresses a central concern in historical corpus linguistics: the potential of
linguistic feature analysis to deepen our understanding of register-specific language
use and to support metadata enrichment in large, unannotated corpora, thus allowing
us to make sense of large, messy, and heterogenous databases. Across the three
studies, this question has been explored through increasingly complex scenarios
from curated corpora with manual annotations to heterogeneous, unannotated
corpora, and finally to intra-document variation within long texts. While RQ1 and
RQ2 addressed the feasibility and variability of automatic register classification,
RQ3 explored how linguistic features themselves can deepen our understanding of
register-specific language use and serve as a foundation for enriching metadata in
historical corpora.
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The findings in this thesis challenge the notion that metadata must be externally
imposed or manually curated. Instead, they demonstrate that metadata can be
inferred from the linguistic structures of the texts themselves, provided that the
features are systematically analyzed and interpreted. This notion aligns with the
broader movement in digital humanities toward data-driven enrichment, in which
computational methods are used to uncover latent structures in historical datasets
(Piotrowski 2012; Hill & Hengchen 2019).

The interpretability of linguistic features also opens up new avenues for
functional genre analysis. Rather than treating registers as fixed categories, the thesis
shows that they can be understood as emergent patterns of language use, mainly
shaped by communicative purpose and textual context. For example, the consistent
presence of legal terminologies across segments of case and proceeding texts
suggests that these registers are defined not just by topic but by institutional
discourse practices. Similarly, the interpersonal features found in letters, such as
personal pronouns and stance-taking verbs, reflect the functional adaptations of
personal reference and opinions in interpersonal interactions that persist across time.
These insights contribute to a more nuanced understanding of historical genres, thus
addressing calls in genre theory to view genres as social actions rather than static
forms (Miller 1984; Devitt 2004).

The thesis also highlights the temporal and positional dynamics of register
signals. The finding that text beginnings are more predictive than middle sections
suggests that authors may foreground register-relevant cues early in the text, or that
annotators of the text possibly focus more on the beginnings of the texts when
deciding the register of the text. This finding has implications for corpus design and
annotation strategies: Rather than requiring full-text analysis, metadata enrichment
could be efficiently achieved by focusing on strategic textual zones. This resonates
with earlier work on genre detection in web texts (Laippala et al. 2023) and also
extends it to historical corpora, where textual conventions may differ significantly.

In terms of metadata enrichment, the implications are twofold. First, linguistic
features provide a scalable method for annotating large corpora, thus reducing
reliance on manual labor and enabling broader access to historical data. Second, they
offer interpretive depth, allowing researchers to explore not just what a text is, but
how it functions within its historical and social context. The integration of keyword
extraction methods such as SACX further enhances the interpretability of the
models, allowing for a linguistically motivated understanding of classification
decisions. This finding aligns with recent calls in explainable artificial intelligence
(Al) and computational humanities to ensure that model outputs are not only accurate
but also transparent and grounded in linguistic theory (Belinkov & Glass 2019).

ML methods excel at capturing subtle and context-dependent features that reflect
the functional roles of registers. Beyond its role in classification, ML offers powerful
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tools for linguistic research by facilitating the discovery of latent structures in textual
data, which may not be apparent through manual analysis. The ability to extract and
analyze discriminative features through interpretability techniques bridges
computational predictions with linguistic theory and reinforces the idea that registers
are associated with consistent linguistic characteristics, thus reflecting their
communicative purposes. This notion not only enhances our understanding of
historical discourse but also contributes to the development of more nuanced and
data-driven approaches to genre and register theory. Furthermore, the scalability and
efficiency brought by ML make it possible to annotate and analyze millions of words
or documents, which is an essential advantage for handling historical corpora where
manual annotation is often unfeasible.

52 Limitations

While the results of this thesis demonstrate the potential of register analysis to enrich
our understanding of historical corpora, several aspects invite critical reflection.
These limitations arise from the technical challenges of working with historical data
and the methodological choices made during the study. In particular, working with
historical texts digitized from printed sources requires careful attention to issues of
textual integrity, representativeness, and annotation consistency. Moreover, the
analytical choices made in modeling register categories and interpreting linguistic
features inevitably shape the scope and reliability of the findings.

One of the most persistent challenges in working with historical corpora like
ECCO is the quality of the source texts, which are often digitized from printed
materials using different OCR software. OCR errors ranging from misrecognized
characters to missing or fragmented words can significantly distort the linguistic
features extracted from the texts. These distortions affect the surface-level features,
such as word frequency, spelling variants, and deeper syntactic or grammatical
patterns deemed crucial for register classification.

The variability and unpredictability of errors across ECCO documents also
remain a source of uncertainty. This issue is particularly acute in texts with complex
layouts, marginalia, or degraded print quality. As previous studies have shown
(Baron & Rayson 2008; Hill & Hengchen 2019), OCR noise can introduce bias into
linguistic analyses and reduce model performance. Thus, future studies should
explore more robust OCR correction techniques or integrate confidence scores from
OCR engines to filter unreliable text segments.

Another limitation stems from the decision to treat register classification as a
single-label task, in which every document is assigned just one register label. This
choice was made to maintain interpretability and consistency across data and
analyses, as the texts in COFEA were originally annotated with just a single register
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label per text. However, this approach does not fully reflect the hybrid nature of
many historical texts, which often combine multiple communicative functions and
could plausibly belong to more than one register. Although we considered multilabel
classification wherein each text can have several register labels, we ultimately
rejected this due to several concerns. First, the lack of multilabel annotations in
COFEA would have required speculative labeling, thus undermining the reliability
of the training data. Second, multilabel models tend to be more complex and less
interpretable, which would have conflicted with this study’d emphasis on linguistic
transparency. Nonetheless, the results suggest that a multilabel approach may be
more appropriate. Future research could explore semi-supervised or probabilistic
models that allow for register overlap without sacrificing interpretability.

Additionally, the manual annotation of ECCO texts was necessary for
evaluation, but it was limited in scope due to time and resource constraints. A larger
annotated sample could have provided a more robust basis for assessing model
generalizability and for understanding the full range of register variation in ECCO.
In hindsight, a larger collaborative annotation effort might have helped scale this
process and diversify the perspectives involved in defining registers.

Furthermore, the curated nature of COFEA, while beneficial for model training,
also introduced register imbalance. In particular, the register class letter was
overrepresented in the COFEA dataset due to original sampling strategy for the
annotation. Other registers, such as contracts, had relatively few examples. Given
that underrepresented registers were more prone to misclassification and less likely
to yield stable linguistic patterns, such an imbalance affected both model
performance and feature analysis. Several strategies could have been employed to
address this issue. For instance, data augmentation techniques, such as paraphrasing
or synthetic text generation, might have helped balance the dataset. Alternatively,
sampling methods or weighted loss functions could have been used to reduce bias
during model training. However, these approaches carry their own risks, such as the
introduction of artificial patterns or the distortion of historical authenticity. In this
thesis, the decision was made to prioritize data integrity over balance. However, for
Study III, the number of the largest class was capped to the second largest class to
ensure a more balanced dataset. Hence, future studies should consider more nuanced
strategies for handling register imbalance, especially when scaling to larger or more
diverse corpora.

Beyond these core limitations, several broader issues merit attention. In
particular, the reliance on supervised learning assumes that register categories are
stable and well-defined, which may not hold true across different historical periods
or cultural contexts. Moreover, the linguistic features used in the models are shaped
by contemporary linguistic theory and may not fully capture the communicative
norms of the eighteenth century. This, therefore, raises questions about diachronic
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validity and the need for historically sensitive feature engineering. Finally, while the
current study focused on English-language corpora, the methods and findings may
not be generalized to other languages or multilingual corpora in which register
conventions and linguistic structures differ significantly. Thus, cross-linguistic
validation would be a valuable direction for future research.

5.3 Future Works

The findings of this thesis open several avenues for future research in register
analysis and corpus enrichment, particularly in the context of historical corpora.
While the current work has demonstrated the viability of supervised classification
using curated linguistic features, there are other methodological and technological
opportunities to expand and refine this approach.

For example, future research could benefit from the use of generative LLMs,
such as GPT-style models, which have become increasingly prominent in NLP and
digital humanities. At the time this research began, such models were either
unavailable or not yet mature enough to be reliably applied. However, their use raises
several concerns from a corpus linguistics perspective. The most widely used
generative models are closed commercial systems, offering no public access to their
training data or model architecture. This lack of transparency poses a challenge for
scientific inquiry, as it is difficult to assess what linguistic knowledge these models
encode, how they process historical variation, or what biases they may introduce.

From a corpus linguistics standpoint, the abovementioned issue also raises the
question of what new knowledge can be gained from studying systems whose
internal workings are inaccessible. Although open-source models with comparable
performance are now emerging, the research conducted in this thesis predates their
availability. Thus, future studies could explore the controlled use of generative
models for tasks, such as register annotation, document summarization, or register
hypothesis generation, provided that these outputs are critically evaluated and
supplemented with feature-based analysis. Hybrid approaches that combine the
interpretability of traditional models with the flexibility of generative systems may
also offer a promising middle ground.

Furthermore, the results of this thesis point to the need for more flexible register
models, particularly in light of the hybrid and multifunctional nature of many
historical texts. The decision to use single-label classification was motivated by the
lack of multilabel annotations and the desire for interpretability. However, future
studies should consider multilabel or probabilistic classification frameworks that
allow texts to be associated with multiple registers or degrees of register features,
thereby capturing the complexity of texts that serve multiple communicative
purposes. For instance, categories known to be hybrid (e.g., proposals in letter
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format) reflect the cultural reality of overlapping practices. This approach, however,
would require rethinking annotation practices and developing new guidelines for
identifying overlapping communicative functions. It may also involve the use of
unsupervised or semi-supervised methods to detect register mixtures in unannotated
corpora. Despite the difficulties involved, such approaches would better reflect the
fluidity of genre boundaries in historical writing and support more nuanced metadata
enrichment.

Finally, the findings from the intra-document analysis suggest that textual
structure and position play a significant role in register signaling. Future research
could thus incorporate structural metadata, such as headings, paratextual elements,
or document layout, into classification models. Doing so would allow for a more
precise identification of register cues and support section-level annotation, which
may be especially useful for processing or analyzing long or composite texts.
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5] Conclusions

This thesis set out to address three interrelated RQs concerning register
identification, variation, and linguistic feature analysis in historical English corpora.
Through the case studies, this work demonstrated that computational methods can
be applied to model and predict registers in curated and heterogeneous corpora, and
that linguistic features offer a robust foundation for understanding register-specific
language use and enriching metadata in large historical datasets.

Over the course of this research, my understanding of register has evolved
significantly. Initially, I approached register as a relatively stable and discrete
property of texts, suitable for classification and comparative analysis. Throughout
the dissertation, I have adopted the text linguistic perspective in which register refers
to functionally motivated, situationally grounded variation manifested in
distributions of lexico-grammatical features, whereas genre concerns
conventionalized rhetorical organizations and specialized expressions that tend to be
localized to certain text parts (e.g., openings/closings of letters, formulaic headings).
This distinction, following a long tradition in corpus linguistics, underpins the
analytical design across Studies I-III. However, working with ECCO’s
heterogeneous and often ambiguous texts revealed the fluidity and complexity of
register categories, especially in historical contexts. I came to see register not as a
fixed label but as a dynamic interplay of linguistic features, communicative intent,
and textual context.

In light of previous research, this work contributes to a more nuanced
understanding of register as a cultural and functional construct, often shaped by
social conventions and textual contexts. This finding supports the shift toward
viewing registers not as fixed scientific categories, but as flexible, culturally
mediated frameworks for organizing language use, which is an approach that has
been increasingly adopted in contemporary register theory. At the same time, the
tradition retains the claim that registers display functional correspondences between
situations and linguistic features.

The empirical pipeline in the present study implicitly treats registers as cultural
categories insofar as the labels stem from historically situated annotation schemes.
At the same time, our explanations seek functional correspondence by showing how
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specific lexico-grammatical distributions plausibly map to communicative purposes
(e.g., interpersonal involvement in letters; institutional precision in legal cases).
Importantly, Study II’s cross corpus transfer and Study III’s intra document
diagnostics provide evidence about the stability (or lack thereof) of these cultural
categories and correspondences. For example, letters and cases transfer well from
COFEA to ECCO, suggesting that these categories maintain broadly similar
functional correspondences across late modern domains and repositories. However,
proposals and proceedings show frequent confusion with letters or personal records,
indicating category overlap or genre staging that may shift within an evolving print
culture. Such overlaps caution against assuming uniform, time invariant
correspondences.

Crucially, in classification settings the genre-register distinction is not
straightforward. Models tend to attend to highly localized conventions, such as
opening formulae or salutations, that behave like genre markers rather than register
pervasive features. These surface cues can temporarily dominate predictions,
yielding confident classifications that reflect genre staging rather than the underlying
functional distribution of lexico-grammatical traits. Practically, this means that
apparent model accuracy can be inflated by positional or formulaic signals unless we
diagnose how and where attributions arise.

Study III provides the clearest evidence that model interpretability and keyword
analysis can function as practical diagnostics for separating pervasive register
features from localized, convention-based genre features. The misclassifications
observed in Study II’s proposal letters reinforce this point, showing how surface
conventions can mimic functional signals, which in turn highlights the need for
IG/SACX audits to ensure that genre staging is not mistaken for register.

Segmenting long ECCO documents into five equal parts revealed that register
cues are strongest at beginnings but, when a text consistently instantiates a single
register, those cues also persist across segments. In letters, for instance, the recurrent
presence of personal pronouns, attributive adjectives, public and mental verbs, and
common nouns aligns with interpersonal and informational functions identified in
multidimensional and corpus-based studies (Biber 1988; Biber & Finegan 1989;
Biber 2001). IG attributions highlight the tokens that systematically drive
predictions; SACX aggregates those attributions to identify stable keywords that
recur across a register and across segments. In our data, such stability is evident for
letters and legal texts, where legal terminology functions as a marker of specialized
institutional discourse. By contrast, highly localized features are tied to rhetorical
moves and are therefore more sensibly treated as genre markers.

Practically, the methods offer an operational test: register features appear with
persistent attribution across segments and across many texts of a class; genre features
produce attribution spikes confined to particular structural zones (openings, closings,
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front matter). This distinction is already visible in our misclassification patterns in
Study II, where proposals written in letter format were often predicted as letters: the
genre staging temporarily dominated the surface signal, but the document internal
distribution of features (interpersonal vs. informational balance; stance taking)
remained the decisive register evidence once examined with IG/SACX.

Adopting segment-based evaluation reframes register as a locally realized
property rather than a uniformly document-level constant. Beginnings are
consistently more predictive than middles, both in our historical data and in
contemporary web studies (Laippala etal. 2023), which is likely due to
conventionalized front loading of purpose, audience orientation, and footing in
eighteenth century print. The middles of long documents often house mixed
functions, such as exposition, narration, digression, embedded documents (e.g.,
letters in novels), which produces lower predictability. This pattern dovetails with
calls to treat register boundaries as fuzzy, acknowledges hybridization within
documents, and invites segment level annotation and analysis.

The insights from the results of this study have important implications for the
design of register annotation systems in historical corpora. In particular, these
insights suggest that static, document-level labels may be insufficient for capturing
the complexity of register variation and that dynamic, context-sensitive approaches
are needed. The findings from intra-document analysis specifically highlight how
register signals vary across text parts, with beginnings often carrying the strongest
cues. This finding therefore calls for annotation strategies that are sensitive to
positional and contextual variation, rather than assuming uniformity across entire
documents.

Furthermore, the interpretability analyses (e.g., IG and SACX) confirm that
models rely on linguistically meaningful features, reinforcing the value of automatic
classification not only for NLP applications but also for linguistic research into
historical discourse structure. Specifically, these methods bridged the gap between
computational modeling and theoretical insight, allowing for a more transparent
understanding of how registers are identified and what linguistic traits define them.
Conceptually, we can distinguish register pervasive signals from genre localized
moves with empirical precision, and we can measure where cultural categories and
functional mappings appear stable, where they overlap, and where they drift.
Practically, these advances pave the way toward transparent, explainable metadata
enrichment at scale.

Additionally, my view of corpus linguistics has expanded from a primarily
descriptive and statistical discipline to one that can be considered innovative from
interdisciplinary and methodological perspectives. The integration of deep learning
models, interpretability techniques, and linguistic theory has demonstrated how
computational tools can not only scale analysis but also deepen our understanding of
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language use. This thesis has therefore reinforced the importance of linguistic
interpretability, historical sensitivity, and contextual nuance in corpus-based
research.

From an interdisciplinary standpoint, this thesis offers tools and conceptual
insights for fields beyond linguistics. In digital humanities, for example, the ability
to automatically annotate registers in large corpora supports metadata enrichment
and facilitates new modes of textual analysis. In legal history, the identification of
legal registers facilitates the targeted exploration of institutional discourse. In
sociolinguistics, the interpersonal and informational features found in letters and
journals contribute to understanding how language encodes social relationships and
epistemic stance. Overall, these applications underscore the value of integrating
computational methods with linguistic theory to make historical data more accessible
and analyzable for researchers in various fields.
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AFI

Al
ARCHER
BERT
CEAL
CNN
COFEA
ECCO
ECCO-TCP
eMOP
ESTC
GMA
IAA

IG

LIME
LLM

ML

MDA
NAU Tagger
NLP
OCR

RQ

RNN
SACX
SFL
SHAP
SVM
XLM-R

Abstract Feature Importance

Artificial Intelligence

A Representative Corpus of Historical English Registers
Bidirectional Encoder Representations from Transformers
Corpus of Early American Literature

Convolutional Neural Network

Corpus of Founding Era American English

Eighteenth Century Collections Online

Eighteenth Century Collections Online Text Creation Partnership
Early Modern OCR Project

English Short Title Catalogue

Geometric Multivariate Analysis

Inter-Annotator Agreement

Integrated Gradients

Local Interpretable Model-agnostic Explanations

Large Language Model

Machine Learning

Multidimensional Analysis

Northern Arizona University Tagger

Natural Language Processing

Optical Character Recognition

Research Question

Recurrent Neural Network

Stable Attribution Class Explanation method

Systemic Functional Linguistics

SHapley Additive exPlanations

Support Vector Machine

XLM-RoBERTa
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