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Abstract

Registers are situationally defined text varieties, such as letters, essays, or news articles, that are considered to be one of the
most important predictors of linguistic variation. Often historical databases of language lack register information, which could
greatly enhance their usability (e.g. Early English Books Online). This article examines register variation in Late Modern English
and automatic register identification in historical corpora. We model register variation in the corpus of Founding Era American
English (COFEA) and develop machine-learning methods for automatic register identification in COFEA. We also extract and ana-
lyze the most significant grammatical characteristics estimated by the classifier for the best-predicted registers and found that let-
ters and journals in the 1700s were characterized by informational density. The chosen method enables us to learn more about
registers in the Founding Era. We show that some registers can be reliably identified from COFEA, the best overall performance
achieved by the deep learning model Bidirectional Encoder Representations from Transformers with an F1-score of 97 per cent.
This suggests that deep learning models could be utilized in other studies concerned with historical language and its automatic

classification.
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1. Introduction

Historical language is often studied with the aid of
large corpora. For instance, the Early English Books
Online (EEBO, https://www.proquest.com/eebo) data-
base of early printed works from 1473 to 1700 claims
to include ‘almost every work printed—][f]rom the first
book printed in English through to the ages of Spencer
and Shakespeare and of the English Civil War’
(ProQuest 2021). Large corpora offer an important
source for studying language use in a historical context
but, as Mouritsen (2010) notes, they can be equally
useful for legal scholars interpreting legal texts. Large
historical corpora provide useful sources, for instance,
for judges and legal scholars who want to reveal how a
word has been used in a legal text at the time it was
written, that is, the ‘original meaning’ of a word (see
Slocum 2015). Corpus linguistics can aid the identifica-
tion of the most frequent senses of words which can
give insight into the typical use of a word.

Although corpus linguistics has been used in legal
interpretation, the lack of corpora suited for this has
hindered the process of adopting corpus linguistics as
a commonly used tool in legal studies, as Hashimoto
(2023) notes. One such corpus is the corpus of
Founding Era American English (COFEA). COFEA is
useful for legal scholars as it represents language
from the late 1700s and much of foundational
American legislation was written during that time.
COFEA has already been used in the legal commu-
nity to study the original meaning of the
Constitution and other Founding Era statutory laws.
Various terms and parts of the Constitution have
been investigated, for example, in court cases (e.g.
Carpenter v. United States 2018) and law review
articles (Barclay, Earley, and Boone 2019; Baron
2019; Cunningham and Egbert 2020). For a list of
cases and articles that have used COFEA thus far,
see Hashimoto (2023).
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Databases of historical documents often lack de-
tailed metadata, such as register. Registers are text va-
rieties that are associated with particular situations of
use and communicative purposes (Biber and Conrad
2019). A register, such as a news article or a recipe, is
thus described by its situational context and character-
ized by the linguistic features typical of the register.
Situational context and variation refer to the ways in
which linguistic characteristics of language are shaped
by the communicative situation in which they are used.
These include parameters such as relations among par-
ticipants (e.g. addressor, addressee), mode (e.g. speech,
writing), medium (e.g. printed, handwritten, radio),
and communicative purpose (e.g. entertaining, per-
suading, informing) of the text. The linguistic features
are functionally motivated, pervasive lexical and gram-
matical characteristics that appear throughout the text
and serve important communicative functions in the
register (Biber and Conrad 2019). Register features are
also distributional. The features are not unique but can
appear in any register, although they are substantially
more common within the target register (Biber and
Conrad 2019). For registers in academic settings, see,
for example, Conrad (1996); in historical settings, see,
for example, Taavitsainen and Pahta (2004), and on
the web, see, for example, Biber and Egbert (2016).

The relevance of registers has been acknowledged in
historical linguistics and in relation to historical cor-
pora (Wright 1994). Certainly, even minor register dif-
ferences can greatly affect language use (including
word meaning) (see, e.g. Biber and Gray 2013).
Register information would considerably enhance the
usability of many databases and corpora, especially in
corpus linguistics, as registers are considered as one of
the most important predictors of linguistic variation
and affect the way texts are interpreted (see, e.g. Biber
2012). The register distribution of a historical corpus
can be used in analyzing frequencies of linguistic vari-
ant forms across registers and time, showing possible
change. Many corpora that are currently available
have only limited information on the extralinguistic
features of texts or registers and are in need of gram-
matical or other annotation (Kyto 2019).

This study aims to examine register variation in Late
Modern English and develop machine-learning meth-
ods for identifying registers in historical corpora, spe-
cifically in COFEA that presently lacks register
information. In this study, we (1) explore the possibil-
ity of automatically identifying registers from the
whole corpus with a sub-corpus of COFEA and (2) ex-
amine the registers in COFEA by analyzing the most
important discriminative features estimated by a classi-
fier for the registers. This allows us to gain insights into
the linguistic characteristics of the registers and the
functioning of the classifier. Adding register
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information to COFEA will increase its applicability
and validity, providing particular support to the gener-
alizability of the studies based on COFEA.

Automatic register identification is a type of text
classification task where a classifier builds a classifica-
tion model based on manually annotated examples,
which can then be used to identify the register of new
texts (Sebastiani 2002; Argamon 2019). This kind of
automatic register identification is an example of su-
pervised machine-learning, where algorithms learn to
associate example data and its corresponding target
responses, such as classes or tags, and can then predict
the correct response with new and unseen data. Text
classification is one of the most prominent tasks in nat-
ural language processing (NLP) and a notable problem
in information, computer, and library science. Previous
studies on automatic register identification have ap-
plied various machine-learning methods, such as sup-
port vector machines (SVMs; see, e.g. Sharoff, Wu, and
Markert 2010; Pritsos and Stamatatos 2018) and dif-
ferent deep neural networks (see, e.g. Worsham and
Kalita 2018; Sharoff 2021).

Deep learning methods utilize deep neural network
architectures to build language models that have been
pre-trained on large amounts of unlabeled text. The
field of NLP has been greatly advanced by the use of
pre-trained deep learning language models in tasks like
recognition of hate speech (Mishra and Mishra 2019)
and machine translation (Bahdanau, Cho, and Bengio
2015). Deep learning classifiers generally offer high
performance, whereas linear classifiers are generally
more transparent and their decisions are easier to un-
derstand  (Linardatos, Papastefanopoulos, and
Kotsiantis 2021). Furthermore, it is not certain how
deep learning classifiers perform with historical lan-
guage, as they have usually been trained with modern
language. We train deep learning models, such as
Bidirectional =~ Encoder = Representations  from
Transformers (BERT) (Devlin et al. 2019) and XLM-
RoBERTa (XLM-R) (Conneau et al. 2019), as well as
linear classifiers, such as SVMs (Vapnik 1998) in order
to predict registers in COFEA and to examine their lin-
guistic characteristics. By understanding the linguistic
basis of the classifier’s decisions, we can gain insights
into the features that distinguish each register, which
can aid in the development of more efficient classifiers.

This article is divided in the following way: Section 2
provides an overview of previous work in register clas-
sification, focusing first on early and late modern regis-
ters, and then on automatic identification of registers
with machine-learning methods. Section 3 is concerned
with the material and methods used for this study.
Section 4 introduces the findings of the study by pre-
senting classification results and linguistic analysis of
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the best-predicted registers. Section 5 concludes this
article.

2. Previous studies on register modeling

Registers can be analyzed by their linguistic character-
istics and these characteristics can be used to model
and automatically identify registers. This section begins
by introducing previous studies on early and late mod-
ern registers, and then moves on to discuss automatic
register identification with traditional machine-
learning and deep learning models, tying these to the
present study in Section 2.3.

2.1 Studies on early and late modern registers

The concept of register is relevant in historical corpus
linguistics, as register is a powerful factor in shaping
language use and linguistic and stylistic change (Kyto
2019). The increasing interest in language variation
and advances in corpus linguistics after the 1980s have
provided a great deal of empirical research on patterns
of linguistic variation with the aid of large electronic
corpora. In historical linguistics, registers are often
considered as possible agents of change, but research
has also focused on registers themselves as the object of
study. Focusing only on specific registers has been pro-
posed to give better insights into historical language
use than trying to represent an entire historical lan-
guage variety at a given time (Kyto 2019). Although
registers and genres are considered to be important
across history, Early and Late Modern English registers
are especially rewarding objects of study as registers
begin to diversify and become better represented from
the 16th century onward (Kyt6 2019).

The introduction of the multidimensional analysis
(MDA) approach (Biber 1988) marked an important
advance in historical register studies, paving the way
for a novel way of studying historical register variation.
Biber (1988) studied the cooccurrence patterns of sev-
eral linguistic features serving as the foundation of
dimensions of variation that were interpreted to reflect
different functions of communication in speech and
writing. Biber and Finegan (1989) empirically identi-
fied three dimensions of linguistic variation that high-
light the differences of literate and oral registers. MDA
(and other similar statistical methods) have then been
applied to study register characteristics at a specific
time in different languages and discourse domains.
MDA studies have been applied to inspect the trends of
development, especially in English and varieties of
English, but also the historical development of other
languages. For instance, Gonzalez-Alvarez and Pérez-
Guerra (1998) studied the evolution of five English
genres from the 15th to the 17th centuries with MDA,
finding that science and drama evolve more oral

characteristics, whereas education and fiction shift to-
ward literate characterization, while letters do not
show any significant change. Geisler (2002) inspected
the development of English registers throughout the
19th century, the results showing that generally there is
a dichotomy between non-expository and expository
registers: the non-expository registers, Fiction, Letters,
and Drama, become less abstract, while the expository
register, History, becomes more narrative and elabo-
rated. Both studies by Gonzalez-Alvarez and Pérez-
Guerra (1998) and Geisler (2002) then compared their
results with those obtained by Biber and Finegan
(1989, 1992, 1997) for the same genres from later cen-
turies. Taavitsainen (1997) studied Early Modern
English genres and text types and inspected personal
affect, the expression of attitudes, feelings, and emo-
tions, in fiction and non-fiction texts with corpus-
based statistical analyses, and found four different
qualities of personal affect that were all characteristic
of early fiction. For a comprehensive list of MDA stud-
ies, historical and other, see, for example, Biber and
Conrad (2019).

Although studies focusing on NLP and machine-
learning methods with historical data are sparse, the
‘historicization” of NLP (Hosseini et al. 2021) has been
of interest in recent research, and machine-learning
methods have also been used in modeling and predict-
ing registers from historical texts. For example,
Taavitsainen and Schneider (2019) traced scholastic
thought style in Middle English as well as Early and
Late Modern English medical texts by using logistic re-
gression as a text classification method. They con-
cluded that their chosen method proved fruitful in
detecting scholastic features and that scholasticism
lasted for centuries, although the development of
scholastic  tradition underwent some changes.
Machine-learning methods can provide valuable tools
for studying historical texts, and we aim to follow
Taavitsainen and Schneider (2019) in promoting the
use of machine-learning methods in historical register
classification. Automatic identification of registers
from historical data is still a rather understudied area
and in need of suited historical corpora and informa-
tion on how machine-learning models deal with histori-
cal language. The next section aims to give an overview
on how machine learning has been used in register
identification tasks with modern language data.

2.2 Automatic register identification with
machine learning
This section discusses previous studies on automatic
register identification with machine-learning models.

In many areas, such as the legal industry, text cate-
gorization is still often done manually by human
experts (Wan et al. 2019). As text categorization is
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very time and resource consuming, automatic text
classification methods would reduce human effort
considerably. In recent vyears, machine-learning
methods, especially deep neural networks, have
achieved remarkable results on text classification tasks.
Researchers are continuously improving existing classi-
fication methods and developing new ones to achieve
higher computational efficiency.

2.2.1 Traditional supervised machine learning

Machine learning is an application of artificial intelli-
gence where algorithms have the ability to automati-
cally learn by experience. This article is concerned with
supervised machine learning which refers to machine-
learning models trained with labeled data, which
enables the model to have an idea of the relationship
between input and output and extend its knowledge to
new and unseen data. The term traditional machine
learning is used to distinguish these models from deep
learning models that are introduced in the next section.

Traditional supervised learning algorithms include,
for instance, SVMs (Vapnik 1998) that can be used for
classification and regression analysis. In a classification
situation, an SVM is used to predict whether something
belongs to a certain class. The objective of the classifi-
cation algorithm is to find an optimal separating hyper-
plane that distinctly divides the data set into classes.
The algorithm uses support vectors, which are data-
points nearest to the separating hyperplane from each
class, to determine the optimal hyperplane. The opti-
mal hyperplane represents largest separation between
classes and maximizes the distance between the hyper-
plane and the support vectors of each class.

SVMs have been used in various register identifica-
tion tasks, such as web genre identification (see, e.g.
Pritsos and Stamatatos 2018), and in text classification
in general (Joachims 1998). Linear SVMs can be used
to estimate and rank the importance of a feature to the
model performance (Guyon and Elisseeff 2003) which
enables the evaluation of discriminative significance of
different linguistic features for different registers
(Kyroldinen and Laippala 2023). Each feature is
assigned a weight, which is used in the model’s decision
function to predict the class label. Being able to identify
the most important features and their contributions to
the model performance allows us to understand the lin-
guistic characteristics of the data and to assess the dis-
criminative significance of different linguistic features
for different registers, as demonstrated by Laippala
et al. (2021) in their study of automatic register identi-
fication on the unrestricted web.

2.2.2 Deep learning models

Deep learning is a specialized type of machine learning
where algorithms analyze data with artificial neural
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networks (ANNs) that are layered structures of algo-
rithms inspired by the biological neural network of hu-
man brains. This leads to a more capable learning
process than that of traditional machine-learning pro-
cesses introduced in the previous section.

Deep learning language models are based on ANN
architectures and are trained on a large corpus of unan-
notated text. These models can then be fine-tuned to
suit specific data and tasks, such as text classification
or register identification. The use of pre-trained deep
learning models has advanced many NLP tasks relating
to text classification in recent years, such as sentiment
analysis (Li et al. 2019) and various natural language
understanding tasks (Devlin et al. 2019). Below we pre-
sent two deep learning language models used in this
study, namely BERT and XLM-R, and discuss previous
studies on automatic register identification with deep
learning.

BERT, (Devlin et al. 2019) is a state-of-the-art deep-
learning language representation model for English.
BERT’s architecture is a multi-layer bidirectional
Transformer encoder that is based on the original
Transformer architecture (Vaswani et al. 2017), which
is an attention mechanism that learns contextual rela-
tions between words in a text. BERT has several
Transformers stacked into layers: twelve layers in the
base model and twenty-four layers in the large model.
BERT is pre-trained on a large corpus consisting of
English Wikipedia texts (2,500 M words) and the
Books Corpus (800 M words) (Zhu et al. 2015). BERT
has 30,000 token vocabularies that consist of word
pieces that represent words or other common character
sequences, such as prefixes or affixes. BERT is capable
of working with a maximum of 512 tokens at a time,
which is related to memory limitations of the
Transformer architecture, which may affect register
identification of longer texts as the model is not able to
access the entire text at once. BERT is designed to pre-
train bidirectional representations from unlabeled text.
Instead of simply analyzing from left-to-right or right-
to-left like most text analyzing models, the
Transformer encoder is used to analyze text from both
directions by randomly masking 15 per cent of the
word piece tokens in a sequence and predicting the
masked tokens by analyzing the surrounding text with
the help of Transformers. When published, BERT out-
performed the state-of-the-art systems of that time on
many benchmark datasets (Devlin et al. 2019) and has
received much attention since; there is now even a field
of research relating to BERT (BERTology; Rogers,
Kovaleva, and Rumshisky 2020).

In addition to BERT, we use XLM-R (Conneau et al.
2019), which is a multilingual language model based
on the Cross-lingual Language Model (Lample and
Conneau 2018) and the RoBERTa model (Liu et al.
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2019), which, in turn, shares the same architecture as
BERT. XLM-R is pre-trained on a massive multilingual
corpus comprising 2.5 TB of filtered Common Crawl
data (Wenzek et al. 2020) on monolingual texts in 100
languages. Because XLM-R has been shown to outper-
form monolingual baselines that rely on pre-trained
models, as well as multilingual BERT (Conneau et al.
2019; Libovicky, Rosa, and Fraser 2019; Tanase,
Cercel, and Chiru 2020), we chose the model as a point
of reference. Additionally, our data include small
amounts of text in other languages, which facilitate the
choice of XLM-R.

Deep learning models have brought great advances
on register identification from large corpora. For in-
stance, Laippala et al. (2019) presented an online regis-
ter corpus on Finnish and demonstrated that web
registers can be identified in a cross-lingual setting.
Repo et al. (2021) extended the possibilities of web reg-
ister identification and inspected cross-lingual transfer
on French, Finnish, Swedish, and English web registers
with BERT and XLM-R, among others, and showed
that registers can be identified reliably even when the
training and testing languages are different.

2.3 The present study

While there have been many MDA studies on Early
and Late Modern English registers, as outlined in
Section 2.1, these studies have been inspecting manu-
ally annotated registers and register dimensions. The
purpose of the present study is to examine register vari-
ation in Late Modern English by exploring automatic
register identification in historical corpora, specifically
in COFEA, and by examining the most important lin-
guistic characteristics of the registers as identified by
the classifier. COFEA is a register diversified corpus
that also exhibits situational variation. Differences in
situational context lead to differences in the linguistic
features of the registers, such as the use of specialized
vocabulary, different types of sentence structures, and
specific discourse organization. We expect the situa-
tional variation to correspond to registerial variation,
which provides us with a resource for exploring to
what extent the register classes can be automatically
identified and what kinds of linguistic characteristics
are typical of them.

An SVM allows us to assess the discriminative signif-
icance of different linguistic features, as mentioned in
Section 2.2.1. This is important in our study, as our
aim is also to examine the registers in the corpus and
the role of different linguistic features. We train a linear
classifier and extract the grammatical characteristics
estimated by the classifier. We then analyze the most
important grammatical characteristics estimated for
each register. We hope to validate our methods by
looking at evaluation measures and classification

scores, together with the inspection of the classifier pre-
diction mistakes, as well as the linguistic characteristics
of the registers estimated by the classifier for the
registers.

3. Material and methods

This section discusses the COFEA. We present a sub-
corpus of COFEA used as material in the present study
and describe the machine-learning methods used for
register classification. Additionally, we outline the
methods of analysis used to evaluate the classification
methods and detail the linguistic analysis of the classi-

fied data.

3.1 Corpus of Founding Era American English

Currently, the COFEA consists of 127,840 texts and
over 140 million words (https://lawcorpus.byu.edu/
cofea). COFEA is a historical corpus intended for
scholars as a source for studying language use in the
Late Modern English period leading up to the ratifica-
tion of the Constitution. COFEA was created primarily
by originalist and textualist legal and linguistic
researchers for the purpose of investigating constitu-
tional interpretation issues. Data in the corpus were se-
lected to be representative of registers that were
relevant for this purpose. Although COFEA aims to
represent written American English from the Founding
Era 1760-1799, it should be noted that the corpus is
not fully representative of all aspects of language use
due to structural biases in the society and the preserva-
tion of historical texts. For more details, see
Hashimoto (2023).

COFEA contains texts from America’s Founding
Fathers, legal sources as well as from ordinary people
of the day, and it includes texts from various registers,
such as letters, newspapers, personal records, fiction,
non-fiction books, sermons, debates, legal cases, and
other legal material. The texts in COFEA come from
seven different sources that are presented in Fig. 1 to-
gether with the number of words in these source
databases.

3.2 Data in the present study

The data used in the present study are sub-corpus of
COFEA, comprising 112,107 texts from the Founders
Online dataset. The dataset has been classified with
hand-coded annotations on seventeen register catego-
ries listed in Table 1. In addition to these register cate-
gories, there are also two technical categories that are
Not English and No Text, that include texts written in
other languages than English (mainly French) and
empty texts or texts that do not include actual content
but rather metatext from the original source database.
Undetermined represents texts that did not fit into the
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Figure 1. The distribution of words in the source databases forming COFEA.
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B Caselaw Access Project (3,347,241
words)

M Elliot's Debates (373,957 words)

B Evans Bibliography of Early American
Imprints (62,582,540 words)

W Farrand's Records (693,750 words)

W National Archive Founders Online
(40,953,689 words)

W U.S. Statutes-at-Large from the first five
Congresses (444,673 words)

m William S. Hein & Co., HeinOnline
(32,481,530 words)

Table 1. Distribution of register classes, number of words in each class, and mean text length in words.

Register Number Number Mean text Register Number Number Mean
of texts of words length of texts of words text length

Letter 92,671 33,167,014 366 Contract 297 127,567 442
Not English 5,308 1,630,626 314 Cases 233 218,318 956
Personal Record 5,147 1,441,178 303 Speech 149 163,668 1,130
No text 3,716 703,016 202 Laws and statutes 111 111,828 1,046
Proceedings 1,423 902,379 656 Pamphlet 90 240,669 2,827
Undetermined 1,357 814,319 607 Debate 55 40,310 748
Essay 430 939,840 2,194 Treaty 44 99,546 2,163
Proposal 400 327,525 843 Non-narrative non-fiction book 12 15,302 1,278
Book 338 178,783 538 Narrative non-fiction book 10 5,597 563
Newspaper 316 377,040 1,214

All 112,107 41,504,525 968

other register categories, such as poems, epitaphs, and
songs. The data include both personal texts, such as let-
ters and diary entries, and less personal texts, such as
books and pamphlets, as well as more formal legal
texts, such as treaties and legal cases. The register clas-
ses follow established conventions and are typical for a
corpus of historical language [see, for instance, the reg-
ister classes in ARCHER—A Representative Corpus of
Historical English Registers; Biber, Finegan, and
Atkinson (1994); https://www.projects.alc.manchester.
ac.uk/archer/].

Register categories for COFEA were created by un-
dergoing three main stages: (1) category generation
and refinement, (2) hand annotation, and (3) accuracy

checking. The register categories were generated by it-
eratively subsampling from the corpus and defining
labels based on the observed texts. A complete list of
the register categories and the codebook for training
the human coders in identifying these categories can be
found at Hashimoto (n.d.). The Founders Online texts
were then sent to two trained, independent coders who
annotated the text for its register category. If there was
disagreement from the two raters, a third rater was
brought in to break the tie. Register categorization ac-
curacy was also manually checked by one of the re-
search team for texts where the coders’ annotations did
not agree, or there were other uncertainties. The cate-
gories arose out of iterative discussions by a group of
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legal and linguistic scholars for the long-term purpose
of legal interpretation.

Table 1 presents the distribution of the register clas-
ses in the dataset.

As can be seen from Table 1, by far the most fre-
quent register is Letter, which covers 84 per cent of the
texts with over 92,000 texts, while the least frequent
registers are Debate, Treaty, Non-Narrative Non-
Fiction Book, and Narrative Non-Fiction Book with
only fifty-five, forty-four, twelve, and ten texts, respec-
tively. Table 1 also shows the mean length of texts in
each register class. On average, the number of words in
a single text is 968, while some registers, such as No
Text (202 words) or Personal Record (303 words),
have much shorter texts and some registers such as
Pampblet (2,827 words) and Essay (2,194 words) have
much longer texts. The corpus features texts of varying
length as the shortest texts in the data were under ten
words, whereas the longest texts had over 34,000
words. The uneven number of texts in each register
class is related to their distribution in the original data-
sets and the annotation process of the corpus which
did not entail a sampling procedure aimed at achieving
a balanced dataset.

3.3 Experimental setup

This section presents the practical implementation of
the study and the experimental setup of the models in-
troduced in Section 2.2. We use two different types of
classifiers: two deep learning models, BERT and XLM-
R, and a traditional machine-learning model SVM.

For the traditional machine-learning method SVM,
we used three different feature sets representing lexical
and grammatical information in the experiments. First,
we used lexical features that consist of words as they
appear in the texts. Second, we used grammatical tags
associated with each word, and third, we used a combi-
nation of the first two, treating the words and the asso-
ciated grammatical tags as separate features. We study
how well registers can be predicted from the corpus
with these different feature sets. Best results on register
identification have been reached with word-based fea-
tures, such as bag-of-words and word trigrams (Pritsos
and Stamatatos 2018) or character four-grams as bi-
nary features (Sharoff, Wu, and Markert 2010). The
predictive power of other than textual elements, such
as html markup, image count, or links count, has also
been explored in, for example, Lim, Lee, and Kim
(2005) and Levering, Cutler, and Yu (2008).
Grammatical features have also been used in automatic
register identification, though the performance of mod-
els trained only on grammatical information tends to
be poorer (see Petrenz and Webber 2011).
Grammatical tags, however, do not reflect the topic of
the text but rather the genre or register the text

represents (Finn and Kushmerick 2006), and are con-
sidered to have register specific functional associations
(Biber 1988; Biber and Conrad 2019). Grammatical
features are widely recognized as essential components
of registers and form the basis of register studies.
Laippala et al. (2021) show that adding grammatical
information increases the stability of the classifier and
that the importance of grammar varies across registers.

For the analysis of grammatical characteristics of the
registers, the Northern Arizona University (NAU)
Tagger was used to generate a grammatical tag for
each word in the data. The grammatical tags created
by the tagger follow Biber’s (1988) work, where these
specific tags have been deemed important for registerial
variation and are often used in register studies. The
grammatical information provided by the tagger
includes part-of-speech labels as well as other informa-
tion, such as person, number, and semantic domain.
Table 2 provides an example of the grammatical tags
created by the tagger. For the classification with gram-
matical features, the tags were represented as n-grams,
with all possible n-grams generated from a sequence of
tags. For instance, the word ‘be’ in Table 2 would be
represented with six separate n-gram features: mono-
grams VL, INF, and COP, bigrams VL-INF and INF-
COP, and a trigram VL-INF-COP. The grammatical
tags were used as classifier features to gain insights into
the linguistic characteristics of the registers in COFEA.

Before the classification tasks, the data were pre-
processed by removing punctuation marks, duplicate
texts, and empty texts. Additionally, some registers
were excluded from the analysis: Non-Narrative Non-
Fiction Books and Narrative Non-Fiction Books due to
the small number of texts, and Undetermined due to
unclear register labels.

For the deep learning models, the data were divided
into training (70 per cent), development (10 per cent),
and test (20 per cent) data with stratified random sam-
pling in order to ensure equal class distribution be-
tween the datasets. We used large, cased models (where
the letter case of the word is preserved) of BERT and
XLM-R  (TensorFlow  versions) through the
Huggingface Transformers library (Wolf et al. 2020).
For BERT and XLM-R, the maximum sequence length
of 512 tokens was used, meaning that texts longer than
the maximum sequence length were truncated at the
end. To find the best hyperparameters (i.e. parameters,
whose value is manually set prior to the learning pro-
cess), we tested different hyperparameter combinations
that follow the recommendations by Devlin et al.
(2019) and our own pilot experiments. We used a grid
search, which iterates through every combination of
the specified parameters, on learning rate (8e—6—
6e—35), which controls the model weights, and the
number of training epochs (three to seven), which
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Table 2. An example of grammatical tags by the NAU Tagger.

L. Repo et al.

Word Part of speech Pronoun type/ Number/ Person/ Type of Semantic
verb category syntactic role valency pronoun domain
I P PER SING 1 S
(pronoun) (personal) (singular) (first) (subject)
shall VM PRDN
(modal verb) (prediction)
be VL INF Ccop
(lexical verb) (infinitive) (copular)
glad J PRDV
(adjective) (predicative)

determines the number of times the entire input data
are worked through. Due to available GPU memory,
we used a fixed batch size of seven (the number of
training examples to work through before updating the
model internal parameters). The development data
were used for model development and hyperparameter
optimization, whereas the test data were only used for
the final experiments.

The SVM in the present study was implemented in
Python’s Scikit-Learn library (http://scikit-learn.org/;
Pedregosa et al. 2011). We trained a linear SVM to pre-
dict the register classes based on the lexical and gram-
matical features, and a combination of both, as
discussed above. For each feature set, the classifier was
run fifty times with the best regularization parameter C
value determined with grid search. This parameter con-
trols the balance between the model’s accuracy and
generalizability. To avoid overfitting, we used the de-
fault L2 penalty parameter that controls the model
complexity. Following Kyroldinen and Laippala
(2023), we used a minimum document frequency of
0.05, that is, we ignore terms that appear in less than 5
per cent of the documents, to minimize data sparsity.
Between every run the data were randomly divided
into training (80 per cent) and testing (20 per cent) set.
During each of the runs, the top 200 positive features
for each register were recorded. The aim of this set-up
is to evaluate the stability of the features estimated by
the model. The fifty sampling rounds enabled the esti-
mation of selection frequency of the features, which
refers to how often a feature was ranked among the
top features throughout the rounds. This offers a way
to inspect how well a feature represents a stable prop-
erty of a certain register, as Laippala et al. (2021) note.
A secondary aim is to measure the variation in the
model’s performance, which is often overlooked in
classification studies and more difficult to calculate
with more traditional techniques, such as cross-
validation.

All classification tasks mentioned above were per-
formed as multi-class text classification, where each
text can have only one register label. Three

classification metrics were applied to quantify the per-
formance of the models: precision, recall, and F1-score.
Precision indicates what proportion of positive identifi-
cations was actually correct, whereas recall tells what
proportion of correct actual positives was correctly
identified. F1-score is the balanced and harmonic mean
of the first two measures.

4. Classification results and analysis

In this section, we begin by presenting the classification
results for the different models and register specific
classification scores in Section 4.1. We then inspect the
classification mistakes in order to gain insight into
the performance of the models. Section 4.2 inspects
the SVM model qualitatively through inspecting the
discriminative features that the model estimates for the
registers.

4.1 Classification results

This section presents the classification results of the
five different models used in the study: SVMs with
three different feature sets (lexical, syntactic, and a
combination of both) as well as BERT and XLM-R
(lexical features). The deep learning models are based
on a predefined vocabulary, as discussed in Section
2.2.2, and are not trained with explicit syntactic
information.

Table 3 presents the classification results with the
models discussed in the previous sections, namely
SVM, BERT, and XLM-R, as well as the classification
results with syntactic features using SVM. For compu-
tational reasons, the measure of variation in model per-
formance was calculated based on a different number
of repetitions. Specifically, Table 3 reports the mean
and standard deviation of micro-averaged F1-score
(proportion of correctly classified observations) for
fifty repetitions for the SVMs and three repetitions for
the deep learning models.

As Table 3 shows, the deep learning models BERT
(F1=97.0 per cent) and XLM-R (F1=96.8 per cent)
perform over two percentage points better than the
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Table 3. Classification results with SVM (n=150), BERT (n=3), and XLM-R (n=3).

Lexical features

Syntactic features

Lexical + syntactic features

F1 (per cent) Std. F1 (per cent) Std. F1 (per cent) Std.
SVM 94.59 0.0006 87.43 0.0007 94.62 0.0005
BERT 97.01 0.0008 - - - -
XLM-R 96.83 0.0010 - - - -

traditional supervised machine-learning method SVM
(F1=94 per cent) when classifying with lexical fea-
tures. The SVM classifier did not perform as well with
only the syntactic information (F1=87 per cent),
which could be expected as previous studies have
showed that grammatical information by itself may not
be sufficient for identifying all registers equally well
(Laippala et al. 2021). Since the data are unbalanced,
the models may be biased toward correctly classifying
the majority class Letter. Therefore, it is also important
to get a more comprehensive view of the models’ per-
formance on different register classes. All results, how-
ever, outperform the Zero Rule baseline accuracy of 84
per cent. The Zero Rule algorithm always predicts the
class that has the greatest number of observations in
the training data. Even though the pre-trained deep
learning language models have not been trained with
Late Modern English language, the data are still suffi-
ciently close to contemporary English to improve the
results from the simple feature based linear SVM
classifier.

Registers differ in terms of how well they are linguis-
tically defined, which has a direct effect on how well
they can be identified automatically, as shown in previ-
ous research (Biber and Egbert 2016, 2018; Laippala
et al. 2021). Thus, it is important to inspect the individ-
ual registers and how well each of them can be identi-
fied. Table 4 presents the register specific classification
results with the best performing model BERT as an av-
erage of three runs.

As Table 4 shows, the best identified register is
Letter, with the Fl-score of 99 per cent. Letters form
the majority of the data, and there are enough texts of
this register for the model to learn to identify them cor-
rectly, but the high Fl-score indicates that the register
is also linguistically well-defined and distinct from the
other registers. Although much of the data are letters,
Table 4 shows that the model is able to identify other
register classes with reasonable performance. The tech-
nical class Not English (F1 =97 per cent) is also rela-
tively easy to identify. It is the second largest class in
the data and expectedly easy to identify as all the texts
are similar in that they are written in another language
than English. For instance, Personal Record is identi-
fied with 91 per cent F1-score which also indicates that
the texts share identifiable similarities across the

register and the texts are relatively easy to separate
from other registers.

Laws and Statutes has the lowest F1-score of 39 per
cent, which is not surprising as this class has very few
texts in the data (see Table 1 and Fig. 2), and thus the
deep learning model may not have enough examples in
the training data to learn the distinct features of the
register. However, the lower classification scores could
also indicate something about the uniformity of the
texts in different registers. Some registers have more
similar texts within them and are thus easier to iden-
tify, whereas other registers with inner variation may
not be so well defined, as mentioned above.

The register specific differences are further illustrated
in Fig. 2, which provides a scatter plot of the F1-score
in relation to the size of the training data. Figure 2 dis-
plays the tendency of registers with fewer texts to have
a lower Fl-score, as with the classes in the lower left-
hand corner, such as Laws and Statutes, Debate, and
Speech that have only few instances in the training
data. However, toward the upper left-hand corner of
the figure, there are register classes such as Book,
Cases, and Contract that have moderate to high F1-
scores despite having only few texts in the training
data. This would indicate that these registers would
have some distinct linguistic characteristics for them to
be identified with a higher classification rate. In the up-
per right corner of Fig. 2 is the register Letter with the
highest number of texts as well as the highest classifica-
tion score, followed by Not English, Personal Record,
and No Text with high classification results but much
less texts. These registers are also likely to have distinct
and well-defined characteristics.

Figure 3 further illustrates the classification results of
individual registers by presenting a heatmap of a confu-
sion matrix on the predictions of the best performing
model BERT. The actual classes are shown in the rows
and predicted classes are shown in the columns. The
cells in the diagonal show the number of correctly clas-
sified texts. Table 4 and Fig. 2 give information on
how well a register class is predicted and Fig. 3 comple-
ments this information by revealing the class predic-
tions. Studying the classifier’s decisions and finding
possible explanations for the mismatches between pre-
dicted labels and the correct register labels can help to
ensure the validity of the classifier.
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Table 4. Register specific classification scores with BERT (n=23).

L. Repo et al.

Precision (per cent)

Recall (per cent)

F1-score (per cent) Number of texts

Book 88.95 92.04 90.47 67
Cases 81.48 66.67 73.28 46
Contract 70.49 75.71 72.79 59
Debate 79.05 39.39 52.31 11
Essay 66.33 59.61 62.68 85
Letter 98.69 98.79 98.74 18,527
Laws and Statutes 41.79 36.36 38.77 22
Newspaper 62.78 50.79 56.12 63
Not English 96.02 97.55 96.78 1,062
No Text 87.68 93.28 90.39 724
Pamphlet 73.08 50.00 59.36 18
Personal Record 92.51 89.71 91.09 972
Proposal 68.43 61.67 64.78 80
Proceedings 72.27 72.77 72.49 284
Speech 64.72 46.67 54.15 30
Treaty 69.72 48.15 56.43 9
1.0 T i -~ [} B
@ Not English Letter

094 @ Book @ No Text ® Personal Record [
0.8 4 -

Cases

Contract i
F1 0,74 @ Contrac ® Proceedings I
zProposaI
Essay Pamphlet
0.6 10— Treaty i
Newspaper

i .Speech Rap |

0.5 1 pebate
0.4 1@ Laws and statutes I

0 500 1000 1500 2000 2500 3000 3500 4000 4500 64600 64800 65000
Training examples

Figure 2. Class-wise F1-scores in contrast to the number of training examples.

As can be seen in Fig. 3, when a text is misclassified,
it is most often predicted to be a Letter, as in the case
of Proceedings, 16 per cent of which are misclassified
as Letter. Additionally, Personal Record and No
Text are also fairly commonly misclassified as Letter.
Texts in Letter are quite consistently predicted cor-
rectly, but if they are misclassified, it is to No Text or
Proceedings. This would suggest that these registers
share some characteristics that confuse the classifier.
On the other hand, Fig. 3 shows that texts in the regis-
ter classes Book, Cases, and Contract are quite consis-
tently predicted, further supporting the idea of their
well-defined and characteristic features.

Examples (1) and (2) provide text examples of
Proceeding and No Text, respectively, that are pre-
dicted incorrectly by the classifier as belonging to the
register Letter. Example (1) is a hospital report

describing the admittance and discharge of patients.
Example (2) is a summary of a letter from Willink Van
Staphorst to Thomas Jefferson.

(1) 4 June 1752

During our months visitation John Poor being
cured, was discharged; and Katherine Shannon’s
child being also cured, she was discharged with the
Child.

It was agreed to admit Angus McDonnel a
dropsical person, if his friends will engage to indem-
nify the hospital and City from all charges that may
accrue on his death or removal to the place of his
residence.

It was also agreed to admit a Lunatick from
New York at the rate of 10s. per week. We received
three pounds from Dr. Thomas Bond on account of
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Figure 3. Heatmap confusion matrix presenting multi-class classification results with BERT. Rows represent the actual class label
instances and columns represent the classifier’s class label predictions. Numbers represent the actual instances in the test data.

the board of Thomas Stow, which we delivered to
the Matron.
Henry Fetter being cured, was discharged.
The Physicians have attended constantly on
the days of our visitation.
B. Franklin
Is: Jones
(Franklin/01-04-02-0112)
(2) Amsterdam, 30 December 1791. Having re-
ceived TJ’s 26 July letter about his draft of 1,000
dollars in favor of Gouverneur Morris, they paid it
at the rate of 50 stivers per dollar and, as TJ di-
rected, charged it at 2,500 florins to the Secretary of
State’s public account.
(Jefferson/01-27-02-0768).

Misclassifications between the register labels and the
classifier’s predictions not only provide information
about the model’s performance but also about the co-
herence of the corpora, as a misclassification may be
due to the classifier making a mistake, or because a

text represents some other register more than the one it
has been assigned to. For instance, as with Example
(2), many of the texts in the No Text register misclassi-
fied as Letter are in fact summaries or modern editions
of Founding-Era letters. This information may not be
immediately clear from the text itself, but rather comes
from the metadata surrounding the text, such as the
titles, which are not available to the classifier. Overall,
while the BERT model shows promising results in iden-
tifying registers, the issues of generalizability should be
considered due to the varying degrees of accuracy in
identifying different registers and the potential for
misclassifications.

4.2 Analysis of Letter and Personal Record

This section inspects the discriminative features esti-
mated by the SVM to gain qualitative insights into the
register classes. We focus on two of the largest and
best-predicted (see Section 4) registers, Letter and
Personal Record. Although Not English has the
second-best classification score, it is not considered
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here to be a meaningful register, but instead a technical
category. We analyze the grammatical characteristics
of Letter and Personal Record based on the most im-
portant grammatical features estimated by the SVM.
Although the SVM is not the best performing model, it
enables us to inspect the grammatical features of the
texts, following the traditional line of register studies,
as mentioned in Section 3.3. These features can further
clarify the classifier’s decisions and the quality of the
classification, allowing us to determine whether the
classifier’s learning is effective. To obtain a better un-
derstanding of the grammatical features, we recorded
the most significant features for each register, as de-
scribed in Section 3.3.

Table 5 presents the thirty most discriminative fea-
tures estimated by the SVM classifier for the register
Letter. All of the discriminative features of Letter can
be seen in Appendix 1. As can be seen in Table 5, many
of the discriminative features in Letter are verbal, and
include, for instance, features related to past tense, pos-
sibility verbs, auxiliary verbs, passive verbs, and verb
complement clauses. It is also noteworthy that many
features are related to copular verbs. These include, for
instance, third person contracted copular verbs and
present participle copular verb complement clauses. In
addition to verbal features, the register Letter is charac-
terized by past participle attributive and predicative
adjectives, plural common nouns, proper nouns, indefi-
nite pronouns, and third person singular pronouns.
Other discriminative features found for Letter are
stranded prepositions, subordinators of concession, let-
ters of the alphabet, and extraposing.

The register Letter includes both private and profes-
sional letters. Late Modern English letters display inter-
personal communication that is characterized by

Table 5. Thirty most frequent discriminative features of Letter.

L. Repo et al.

formulaic greetings and closing salutations, much like
modern letters. These characteristics are also portrayed
by the estimated features, as Example (3), which con-
tain closing salutations with copular verbs and letters
of the alphabet in bold, illustrates.

(3) (a) I am Dear Sir with great Respect your most
Obedient and Very Humble Servt. W Heath
(b) I am indeed affectionately your Friend J. A.

Features that have been linked to interpersonal and in-
teractive communication of letters (Biber and Finegan
1989) can also be seen in Table 5. These include fea-
tures expressing personal involvement, such as copular
verbs, and features expressing stance, such as possibil-
ity modals. However, though some features related to
personal interaction can be seen in Table 5, there are
also features representing more informational charac-
teristics, such as passives and different types of verb
complement clauses. Some informational characteris-
tics are illustrated in Example (4) that is a text sample
of a correctly classified Letter.

Excerpt from a letter (passives underlined; past par-
ticiple attributive adjectives in italics; proper nouns
in bold)

(4) As the Article of Powder is much wanted to
carry on the operations vs the ministerial Army,
and as the british Ministry, have taken every Step
that human Nature could divise to prevent the
Americans obtaining So essential an Article; it is
humbly Submitted to the Wisdom, of the cont.
Congress, whether it will not be prudent to Supply
yourselves with that Article at the Expence of the
said Ministry, by taking it whenever you can get it.

Tag # Tag #

Past participle clause 50 Plural common noun 39
Passive clause 50 Base form of the verb 38
Past participle attributive adjective 49 Third person singular pronoun 36
Indefinite pronoun 49 be as a lexical verb 36
Singular letter of the alphabet 48 be as a copular verb 36
Third person contracted copular verb 46 Present participle verb complement clause 36
Past perfect auxiliary verb 45 Present participle verb complement clause with a copular verb 36
Number as a determiner 45 to complement clause 35
Third person contracted lexical verb 45 Premodifying singular common noun 34
Subordinating conjunction of concession 43 Semi-modal of possibility 34
Phrasal verb 43 Copular verb 33
be as an auxiliary verb 43 Proper noun 33
Extraposed verb complement clause 42 Extraposed clause 33
Past participle predicative adjective 42 Past perfect lexical verb 32
Stranded preposition 40 Definite article 31

Note: # represents the number of times the feature was used to discriminate Letter from other registers in the model.
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It is thus further recommended that 2 Vessells prop-
erly mann’d be sent to the Island of Antigua, one of
which may anchor at Old Road on the South Side
of the Said Island (where there are only a few
Houses) in the Evening under Dutch Colours; pass-
ing for a Vessell bound on a forced Trade, to the
French Islands; in the night you may land, and take
away all the powder; there being not above one or
two Persons, in the fort to prevent it. As Soon as the
Powder is obtained the Vessell may proceed down
to Johnsons Point Fort, at the S. W. point of the
Island; and take what is there; there being only a
Single Matross in the Said Fort; the other Vessell
must be commanded by a prudent Man; well

acquainted with the Bar and Harbour at St. Johns.
(Adams/06-03-02-0100-0002)

Passives are very frequent in this short text excerpt
which exhibits six occurrences. The example also
showcases the frequent use of proper nouns that are re-
lated to specific people and places in this professional
letter. These proper nouns are very information fo-
cused and related to specific arrangements and instruc-
tions. Capitalization of nouns was at its height at the
end of the 17th century and early 18th century, and
some authors used it in emphasizing any noun they
considered important (Crystal 2003). The text sample
also features past participle attributive adjectives, such
as said in the said Ministry. Interestingly, the participial
adjective construction ‘the said X’ with anaphoric ref-
erence appears three times in this short text excerpt.
This could indicate a desire for precision typical of in-
formative language use.

In earlier multidimensional studies, Late Modern
English letters have been found to have expository, de-
scriptive, and argumentative features (Biber 2001;
Monaco 2017). The lack of features concerning per-
sonal involvement and highly informative characteris-
tics have been explained by letters being used in the
transmission of scientific knowledge and their didactic
character in the late modern period (Monaco 2017).
The informativeness and descriptiveness of letters can
also be seen in the present study, although there are
also more personal and less professional letters in the
data, as suggested by some of the features in Table 5.

For comparison, Table 6 presents the thirty most dis-
criminative features estimated by the classifier for the
register Personal Record.

Many of the discriminative features in the Personal
Record register are nominal, whereas Letter has more
verbal features. The classifier has also estimated for
Personal Record similar verbal features related to past
tense, copular, and auxiliary verbs, but also agentless
passives and necessity modals. The nominal discrimina-
tive features include many features related to plural

13

and singular common nouns, predicative and attribu-
tive adjectives, temporal nouns, and determiners.
Plural personal pronouns are also estimated as
significant features, as well as conjuncts, such as subor-
dinators of concession, coordinating conjunctions,
WH-subordinators, and phrasal coordination.

The register Personal Record includes journal entries
and other personal documentation on events and per-
sonal ideas worth recording for oneself, and thus it
seems reasonable to witness so many nominal features
and past tense use as these describe what, when, and
where something occurred. These features are typical
in narrative texts describing or commenting on events
and actions. In addition to narration, the discriminative
features in Personal Record, such as the presence of
complex noun phrase structures (e.g. common nouns,
attributive adjectives, post-determiners, and phrasal co-
ordination), many types of conjuncts, and agentless
passives, would indicate that journal entries were char-
acterized by informational density. This observation is
consistent with earlier research on language use in per-
sonal journal entries, which has found similar features
(Biber 2001). The agreement between previous re-
search and the results generated by the SVM provide
evidence for the validity of the model in identifying the
linguistic patterns in this register. As most of the
Personal Record entries have been written by men in
our sub-corpus of COFEA, the informational density
in these journals may be related to the gender of the
writer. Earlier research has shown that men’s writing
has a more informational focus and a more nominal
style (Biber and Burges 2000; Degaetano-Ortlieb, Siily,
and Bizzoni 2021). Example () is an excerpt of a cor-
rectly classified Personal Record that illustrates some
of the features characterizing informational density.

Excerpt from a personal record (passives under-
lined; temporal nouns in italics; past tense verbs in
bold; adjectives in wavy underline)

(5) Dined at Judge Sargeant’s, with Mr. and Mrs.
Shaw. Mr. Porter and his lady are there upon a visit
from Rye: with a child about six weeks old, which
forsooth immediately after dinner must be pro-
duced, and was handed about from one to another;
and very shrewd discoveries were made of its resem-
blance to all the family by turns, whereas in fact it
did resemble nothing but chaos. How much is the
merciful author of nature to be adored for implant-
ing in the heart of man a passion stronger than the
power of reason, which affords delight to the parent
at the sight of his offspring even at a Time, when to
every other person it must be disgusting. Yet it
appears to me, that parents would do wisely in
keeping their children out of sight at least untill
they are a year old, for 1 cannot see what
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Table 6. Thirty most frequent discriminative features of Personal Record.

Tag # Tag #

Past participle attributive adjectives 50 Modal verb of necessity 40
Cardinal number 49 Attributive adjectives 39
Past participle predicative adjectives 48 Quantifying post-determiner 39
Predicative adjectives 48 Past participle auxiliary verb 39
Agentless passive multiword verb 48 Plural noun 37
Singular temporal noun 47 Definite article 37
Singular common noun 46 Past participle lexical verb 34
Possessive determiner 46 Common noun (neutral for number) 33
Plural personal pronouns 45 Pronoun 33
Post-determiner 42 Copular verb 31
Perfect multiword verbs 41 Phrasal coordination 30
Multiword conjunctions 41 Multiword preposition 29
WH-subordinating conjunctions 41 Extraposed clause 26
Subordinating conjunctions of concession 41 Adverbial past participle clause 26
Contracted copular verb 41 Prepositional verb 25

Note: # represents the number of times the feature was used to discriminate Personal Record from other registers in the model.

satisfaction, either sensual or intellectual can be de-
rived from seeing a misshapen, bawling, slobbering
infant, unless to persons particularly interested. We
drank tea likewise at the judge’s, and return’d home
between 7 and 8 in the evening. Leonard White
came up to give me a letter for his chum.
(Adams/03-02-02-0002-0008-0023)

Though the text sample is from a personal diary, it
exemplifies the frequent use of passives. The text ex-
cerpt also features many nouns, such as temporal
nouns, as well as singular and plural common nouns,
adjectives as well as past tense verbs. Interestingly, the
journal entry is not characterized by the frequent use of
first-person subject pronouns, but rather their omission
(Dined at Judge Sargeant’s) as well as plural personal
pronouns when describing past events (We drank tea).

In a MDA of 18th century registers, personal jour-
nals have been found to have highly literate and narra-
tive characterizations (Biber 2001). The narration of
journals is rather impersonal, characterized by pas-
sives, omissions of subject pronouns, and the use of full
nouns rather than third person pronouns when refer-
ring to someone else than the writer or the person
addressed, which is different from the dynamic narra-
tion of, for example, fiction (Biber 2001). These same
characterizations can also be seen in the present analy-
sis and in Example (5).

5. Discussion and conclusions

The aim of this article was to examine the registers in
COFEA to gain insights into the linguistic characteris-
tics of the registers as well as to explore the automatic
identification of registers in COFEA. For the inspection

of linguistic features, we trained a linear classifier and
analyzed the most important grammatical features esti-
mated by the classifier to examine the registers and
their characteristics in COFEA. For the register identifi-
cation, we applied three machine-learning methods
that were BERT, XLM-R, and SVM, and trained the
classifiers with a sub-corpus of COFEA to see how well
the registers are predicted. We experimented with three
different feature sets in predicting the registers and
evaluated the predictions by analyzing the register spe-
cific classification results, the classifier prediction mis-
takes, as well as the linguistic characteristics of the two
best predicted registers.

The potential of register studies is greatly enhanced
through new corpora with register information and lin-
guistic annotation, especially when considering the in-
creased interest in large corpora and big data among
different research areas, such as, linguistics, history,
and gender studies, as Kyto (2019) notes. We studied
the automatic register identification in COFEA to
make the corpus and its register information more ap-
plicable and versatile for many kinds of research.

The best performance was achieved by the BERT
Large model with an Fl-score of 97 per cent.
Classification with grammatical information was more
difficult, as also shown in previous studies. Despite be-
ing pre-trained on contemporary language that differs
from the late modern variety used in testing, the deep
learning methods outperformed the traditional
machine-learning method SVM. This suggests that
these deep learning methods could also be utilized in
other studies concerning historical language and its au-
tomatic classification.

The analysis of register specific classifications
showed that Letter was the best identified register class.

€202 JoquianoN /z uo Josn Aieqr Ayisieniun nsunL Aq GLOE6Z.2/670PEDY/OI/EB0L 0 L/10p/a[oIE-00UBAPE/YSP/WOO"dNO"OlWapede//:SdRy WOy papeojumoq



In search of founding era registers

A high classification score for the individual registers
with many instances in the training data, such as
Letter, Personal Record, No Text, and Not English
could indicate that these registers are linguistically
well-defined and are relatively easy to distinguish from
the other registers. The number of examples on one
register class in the training data were not, however,
the most meaningful aspect in the classification as
some registers, such as Book, do not have very many
examples in the training data but are quite correctly
classified. This would also indicate that these registers
have distinct linguistic characteristics.

The linguistic inspection of the two best predicted
register classes revealed that letters in the late 1700s,
like modern letters, were addressed to a specific indi-
vidual. However, instead of the modern interaction
and involvement in letters, letters in COFEA exhib-
ited more descriptive and argumentative style, which
is likely attributed to their professional tone.
Additionally, journal entries in the late 1700s seem
to be characterized by informational density, which
is different from modern diaries and journals that
one would expect to be characterized by personal in-
volvement and stance expressions. A modern journal
is more introspective in nature and has developed
many features related to spoken communication.
Unlike modern registers, both Letter and Personal
Record were found to be characterized by the use of
passive constructions. This supports earlier findings
of most 18th century registers commonly using the
passive voice (Biber 2001). Letters and journals of
late 1700s have evolved into much more spoken-like
and interactive language use in contemporary
registers.

This initial sub-corpus classification naturally leaves
many perspectives for future work. The next step
would be extending the register classification to the
whole corpus to obtain more practical utility from
COFEA. However, it should be noted that due to the
nature of the data sampling and the unbalanced regis-
ter distribution, there could be some issues with the
generalizability of the results to the whole corpus. The
classification could also be used as a pre-processing
step, for example, in identifying the technical classes
No Text and Not English.

BERT is limited by its ability to model only 512
word tokens at a time, although it has been shown
that the beginnings of texts exhibit the most predic-
tive power (Laippala et al. 2023). This naturally
means that all the information provided by longer
texts cannot be used by BERT. Future work could ex-
plore the predictive power of different parts of longer
texts and models adapted to long documents to see
whether these would affect register specific classifica-
tion performance.
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Appendix 1

All discriminative features for Letter.

L. Repo et al.

Letter

en_cls 50 nec_multil 28 vl_ing_comp_prep_multil 11 im 4 per_v1

psv 50 multi2 27 cls_advs 11 p_im 4 plur_11
en_atrb 49 vm__multi3 27 cls 10 va_ed 4 plur_pmod 1
p_indef 49 wh_comp_verb 27 obj 10 to_adj 3 prf_multil 1
7z_sing 48 en_prf 26 part 10 c_ srd_tht 3 ing_rel 1
z_cop_cont 46 en_psv 25 part_phrv 10 c_crd_phrs 3 ing_rel_subj 1
va_en_prf 45 z_multil 25 ppvb 10 i_ppvb 3 p_wh_comp 1
more_pmod 45 pr_u24 pmod_multi2 9 vm__pos 3 ing_cop 1
vl_z_cop_cont 45 wh 24 pmod 9 more 3 vl_ing_cop 1
c_srd_conc 43 comp_verb 24 vm 9 p_per_sing_2 3 prep_multil 1
r_part_phrv_multi2 43 deg_multil 23 c__srd_multi2 9 p_per_sing_2_x 3 splt_multi2 1
va_am 43 comp_verb_binf 23 cop 8 per_sing_2 3 c_ srd_tht_rel 1
verb_ext 42 r_splt_deg 22 en_sing 8 per_sing 2_x 3 ing_comp_verb 1
en_prdv 42 vl_en_cls_advl 22 n_en_sing 8 vl_ing_comp_prep 3 nul
i_strn 40 vm__multi2 21 1.x8 d_impr 3 impr_3_v 1
cm_plur 39 c_srd_wh_cls 21 va_z 8 d_impr_33 p_wh_comp_verb 1
bf 38 i__multi3 21 plur 7 d_per_23 sing 1
sing_3 36 r__splt_multi2 20 atrb 7 d_per 2 v3 va_ing_comp 1
vl_am 36 j_en 19 est 6 vl_ing 3 verb 1
vl_am_cop 36 ing_prg 19 inf_multil 6 binf 3 c__ srd_multi3 1
ing_cop_verb 36 prg 19 p_per_plur_16 verb_binf 3 erl
vl_ing_cop_verb 36 vl_en_psv_agls_multi1 18 splt_multil 6 n_cm_sing 3 va_en_psv_agls 1
vl_inf_comp_verb 35 inf_comp_verb_binf 17 va_en_psv 6 i multi2 3 vlz1
cm_sing_pmod 34 ed_cont 17 sing_ 25 i_multil 3

pos_multi2 34 p_per_2 16 vl_ed_multil 5 srd_multi3 2

vl_inf_comp 34 phrs 16 advs 4 3 ext2

am_cop 33 en_prf_multil 15 to_adj_ext 4 c_crd_multil 2

n__pr33 cm_sing 14 neut 4 crd_multil 2

ext 33 r_splt_multil 14 pr_plur 4 n_ing 2

vl_en_prf 32 d_sing_pro 14 vm__pos_multi2 4 srd_multi2 2

n_pr 32 to_comp_adj 13 prf 4 vl_ing_prg2

d_at_def 31 va_ing_comp_prep 13 sing 2 x4 wh_ever 2

ing_comp 31 c__crd_multi3 12 d_impr_3_v 4 advl 2

at_def 30 crd_multi3 12 cm_neut 4 r_est2

v 30 prdv 12 n_en4 d_plur 1

splt_advs 29 ing_comp_prep 12 srd_wh 4 prdn 1

r_multil 28 vl_en_prf_multil 11 en_cls_advl 4 p_per_v1
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Personal Record

j_en_atrb 50
one 49
j_en_prdv 48

vl_en_psv_agls_multil 48

j_prdv 48
sing_time 47
cm_sing 46
d_per_sing 46
per_plur 45
d_prdv 42
c__crd_multi2 41
crd_multi2 41
c_srd_wh 41
cop_cont 41
prf_multil 41
vm_nec 40
atrb 39

va_en 39
n_cm_plur 39
p_per_plur 39
c_srd_conc 38
d_plur_a 37
plur_a 37
vl_en 34
n_plur 33
p33

cop_verb 31
phrs 30
at_def 29
d_at_def 29
i_multil 29
n_cm_neut 27
cm_neut 26
en_cls_advl 26
verb_ext 26
i_ppvb 25
p_wh_comp 25
comp_prep 24
vm_ 24

r_time 22
psv_agls 21

2. v21
comp_verb 21
per_2 v 21
agls 20
srd_wh_cls 19
vm_pos 19
vl_ing_rel 19
vl_ing_rel_subj 19
va_en_psv_agls 19
vl_z_multil 18
n_en 18
r_splt_time 18
vm__multi2 17
j_prdv_er 16

pr_plur_nom_pmod 16

vl_ed 16

n_pr_plur_nom_pmod 15

wh_cls 15
n_ing_plur 14
r__multi2 14

en_prf 13

ing_plur 13
zz 13
va_ed_cont 12
wh_rel 12
z12
c_srd_tht 12
cm_sing_pmod 12
wh_comp_verb 12
c_srd_multi2 11
va_ing_rel 11
va_ing_rel_subj 11
va_ed 11
vl_ing_prg 10
to_inf 9
deg 9
vl _en_cls 9
r_part_phrv_multi2 9
vl_en_psv_agls 9

adj_ext 9

splt_time 9

plur_nom 9

vl_inf_comp_verb_binf 8

c__srd_sing 8

n_cm_plur_nom_pmod 8

rel_obj 8
srd_sing 8
wh_rel_obj 8
ing_sing_pmod 8
n_ing_sing_pmod 8
vm_inf 8
noun 8
r_splt8
srd_tht 8
tht 8

i_strn 7

cm_plur_nom_pmod 7

ing_sing 7
n_ing_sing 7
wh_rel_subj 7
ra7
c_srd_cnd 6
ing_prdv 6
j_ing_prdv 6
pr_plur 6
vm_prdn 6
binf 6
r_splt_multil 6
srd_cls 6
verb_binf 6
advl 6
plur_time 6
thdel 6
en_prf_multil 5
ing_comp_prep 5
va_am S
cls_advl 5
vl_ed_multil 5
c_srd_cls 5
n_pr_neut 5
splt_multil 5
n_pr$

ever §
impr_3 4
bf multil 4
pos_multi2 4
srd_cnd 4
va_bf 4
2 x4
n_pr_sing_time 4
n_pr_tit_pmod 4
pr_sing_time 4
pr_tit_pmod 4
psv 4
vl_ing 4
c_srd_sing 3
day 3
en_psv_agls 3
indef 3

n_pr_plur_pmod 3

da3
ed_multil 3
3 ext3
pr3
to_comp_noun 3
d_sing_pro 3
d_plur_pro 3
plur_pro 3
c_srd3

sing_more_pmod 3

en_psv_by 2
va_ing 2
d_est2

srd_wh_rel_obj 2
p_wh_rel_obj_pied 2

rel_obj_pied 2

wh_rel_obj_pied 2

r_part 2
r_part_phrv 2
n_pr_plur 1
to_comp_adj 1
splt_deg 1
cm_sing_time 1
cop 1
multil 1

n_cm_sing_time 1
n_pr_sing_nom 1

n_pr_tit 1
n_ul

p_wh_comp_verb 1

pr_sing_nom 1
pr_tit1
val
vl_en_psv 1
21
cls_end 1
d_plur_pro_a 1
multi3 1

n_pr_sing_pmod 1

plur_pro_a 1

pr_sing_pmod 1

p_per_sing 31
rgl
rgwhl

part_phrv_multi2 2 vl_ing_comp_prep_multil 1

n_2
n_cm?2
pr_neut 2
vl_en_cls_advl 2
en 2
plur_pmod 2
to_adj 2
to_adj_ext 2

c_srd_wh_rel_obj 2

c_srd_multil 1
pmod_multi2 1
srd_multil 1

vl_ing_comp_verb 1
comp_prep_multil 1
ing_comp_prep_multil 1

n_prl
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