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Abstract: This paper explores how linguistic data annotation can be made (semi-)automatic by means of
machine learning. More specifically, we focus on the use of “contextualized word embeddings” (i.e. vectorized
representations of themeaning ofword tokens based on the sentential context inwhich they appear) extracted by
large language models (LLMs). In three example case studies, we assess how the contextualized embeddings
generated by LLMs can be combinedwith different machine learning approaches to serve as a flexible, adaptable
semi-automated data annotation tool for corpus linguists. Subsequently, to evaluate which approach is most
reliable across the different case studies, we use a Bayesian framework for model comparison, which estimates
the probability that the performance of a given classification approach is stronger than that of an alternative
approach. Our results indicate that combining contextualized word embeddings with metric fine-tuning yield
highly accurate automatic annotations.
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1 Introduction

In corpus linguistics, the collection and annotation of data commonly involves a relatively balanced combination
of computer-aided andmanual labour. It is still commonpractice, for instance, tofirst retrieve data representing a
particular linguistic phenomenon from an electronic corpus (e.g. bymeans of a concordancer tool or query script)
and subsequently manually categorize the collected examples into different functional-semantic groups (e.g.
animate/inanimate; literal/figurative; agent/patient/instrument/…). However, as the range of research questions
that linguists aim to address by means of corpus data has expanded both in diversity and complexity, and as
researchers have started to resort to more complex (often multivariate) statistical analysis to address these
questions, it may no longer be practically feasible to continue working this way. Given how labour-intensive
manual data annotation is, it is difficult to meet the growing need to annotate larger samples for robust statistical
research. As such, it has become an important practical challenge in corpus linguistics to determine how data
annotation practices can evolve along with the needs of researchers (e.g. Hundt et al. 2019).

This paper contributes to tackling this challenge by exploring how corpus data annotation can be made
(semi-)automatic bymeans ofmachine learning.More specifically, we home in on the use of “contextualizedword
embeddings” (i.e. vectorized representations of the meaning of word tokens based on the sentential context in
which they appear) extracted by large language models (LLMs; i.e. machine learning architectures with a large
number of adjustable parameters, which are designed to exploit large amounts of pre-training text data). In
natural language processing (NLP), contextualized word embeddings generated with LLMs are often shown to
perform impressively at “downstream tasks”, like part-of-speech tagging, dependency parsing, or named-entity
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recognition (e.g. Brandsen et al. 2022; Dozat and Manning 2017; Kulick and Ryant 2020; Wang et al. 2021).1 Yet, in
(corpus) linguistics, contextualized word embeddings have so far remained largely unused,2 despite the fact that
the contextualized embeddings resulting from them display high information content and produce strong
predictive models.3

We will present three example case studies (representing data annotation scenarios in corpus linguistics) to
highlight how LLMs can be employed to annotate corpus data. Focusing on historical corpus data, wewill use two
LLMs: MacBERTh (pre-trained on historical English; 1500–1950), and GysBERT (pre-trained on historical Dutch;
1500–1950). Subsequently, we assess how the contextualized embeddings generated by these models can be
combined with different machine learning approaches to data classification, and evaluate how these approaches
compare across the different case studies. To this end, weuse a Bayesian framework formodel comparison,which
estimates the probability that the performance of a given classification approach is stronger than that of an
alternative approach. In the conclusion, we discuss the merits and downsides of the different approaches to
(semi-)automatic data annotation, and briefly reflect on whether these approaches could be “what’s next” for
corpus linguistics.

2 Methods

The method we assess in this paper takes as its starting position that researchers already have access to
pre-annotated (e.g. part-of-speech tagged, and to a lesser extent semantically annotated) corpora and a range of
(semi-)automatic annotation tools (e.g. Archer et al. 2004, 2003; Koller et al. 2008;Marcus et al. 1993; Piao et al. 2005;
Rayson and Garside 1998). Yet, we may still find ourselves in situations where the available resources do not
suffice. For certain languages and language varieties (particularly historical ones), for instance, high-quality
tagged corpora are quite rare and limited in size, and the corpora and general tools that have been developed for
semantic annotation so far often apply a pre-defined, non-adjustable tag set. It is possible, then, that the pre-defined
tag set does not make the semantic distinctions needed to address certain research question(s), or that the tag set
cannot be applied to the particular dataset the researcher wishes to study (e.g. because the data involves
specialized vocabulary; see the issues addressed in Archer et al. 2004; Prentice 2010). With end-to-end machine
learning approaches, however, it is possible to develop a semi-automatic data annotation procedure where
researchers provide their own custom data annotation or categorization scheme.

This customizable procedure will be demonstrated in three case studies.4 The first two are cases where the
data annotation involvesword sense disambiguation (WSD),with one constituting amore general, coarse-grained
classification system into literal and figurative senses (of several lexemes relating to the semantic domain of FIRE)
and the other constituting amore fine-grained classification system (of the scientific termsmass andweight). The

1 For an overview of studies presenting different models and approaches in relation to a wide range of downstream tasks, see https://
nlpprogress.com/.
2 This is not to say that the use of vector-based semantic analysis has not made its way into corpus linguistics. Studies such as Heylen
et al. (2015), for instance, demonstrate the appeal of both type-based and token-based vector representations for corpus-based
lexicological and lexicographical analyses, while Perek (2016, 2018) and Hilpert and Flach (2020) resort to vector representations to
address research questions on constructional and grammatical semantics respectively. These studies do not, however, rely on the types
of predictive LLMs that are rapidly gaining in popularity in computational linguistics and NLP. Exceptions of corpus linguistic studies
that do rely on machine learning models include the work of Budts (2020), and more recently linguists have started probing into the
“linguistic knowledge” of LLMs (e.g. Fonteyn 2021; Tayyar Madabushi et al. 2020).
3 One reason why corpus linguists are reluctant to rely on recent machine learning models, including models such as BERT (Devlin
et al. 2019) but also static models likeWord2Vec (Mikolov et al. 2013) and GloVe (Pennington et al. 2014), is that thesemodels have grown
into complex and non-transparent systems (Lenci et al. 2022; Linzen et al. 2019). This means that, while the embeddings of two
distributionally – and by extension semantically – similar word types or word tokens are indeed similar, the way in which the
contextual distribution of these words is encoded cannot be straightforwardly derived from the embeddings themselves. As such, it
may indeed be advisable to only employ these models for tasks where it is only relevant that one reaches a reliable and correct end
result (e.g. data annotation or classification) and a transparent and interpretable process leading to this result is not needed.
4 All data and code needed to replicate the case studies is available at https://github.com/emanjavacas/next-lingvang.
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third case study involves semantic role labelling (of SCENT-related terms). For each case study, a manually
annotated dataset of historical corpus data is provided that will serve as input or “training” data. Subsequently,
we used either MacBERTh (Manjavacas and Fonteyn 2021, 2022a) or GysBERT (Manjavacas and Fonteyn 2022b) to
extract contextualized embeddings for the targeted part of the training data.5

Bothmodels were created to facilitate the use of state-of-the-art NLPmethods in humanities research, where
researchers often work with historical corpora. When it comes to historical text, the use of language models that
have been set-up to process only present-day language varieties may be less than ideal: not only may the models
fail to reach optimal performance due to the lexical and orthographic differences between language varieties
from different time stages, they may also impose an “anachronistic”, present-day bias onto the textual material
(see, e.g., the discussions in Fonteyn 2020b; Hengchen et al. 2021). As such, it has been argued that, before
processing historical text, LLMs should ideally at least be adapted to or even fully pre-trained on historical text.6

MacBERTh and GysBERT have been pre-trained on historical text spanning from approximately 1500–1950. At
least for a number of downstream tasks, including part-of-speech tagging in historical text, these models have
been shown to outperform present-day language models, as well as present-day models adapted to historical text
(Manjavacas and Fonteyn 2022a, 2022b).7 In the case studies presented in this paper, the “targeted part” of the
training data constitutes individual words, but it is in principle also possible to extract embeddings for word
groups and phrases (e.g. S. Wang et al. 2021). Subsequently, the extracted embeddings are used as input for an
automated classification algorithm that could be applied to annotate “unseen” (i.e. unannotated) data. For each
case study, we examine different types of classification algorithms, which are subsequently systematically
compared and evaluated through statistical model comparison.

2.1 Classification

We implemented four different classification approaches belonging to two broad types. In the first type, we solely
extracted the contextualized embeddings of the target words, and used them as the only features for training
traditional off-the-shelf classification algorithms. In particular, we resorted to the k-nearest neighbour (KNN) and
the support vector machine (SVM) algorithms, as implemented by the scikit-learn software package. With
KNN, the model’s prediction of which category an unseen test item belongs to is decided based on its k nearest
neighbours in the training set. Here, neighbourhoods are determined by the distance between the embeddings of
unseen test items and training test items. The SVMalgorithm, by contrast, uses the training data to infer a plane in
the space spanned by the input features (i.e. the input word embeddings) that maximally separates the instances
according to their class. In the case of a binary classification problem, the fitted plane divides the space in two
regions such that a test item is assigned a label considering on which side of the plane its feature representation
lays.

In the second type of approach, we use the original pre-trained LLM (i.e. MacBERTh or GysBERT), and fine-
tune its parameters in order to perform the classification task at hand.We apply two kinds offine-tuning. Thefirst

5 For more detailed information on how these models were trained, see Manjavacas et al. 2021; Manjavacas and Fonteyn (2021, 2022a)
for MacBERTh (available at https://huggingface.co/emanjavacas/MacBERTh), and Manjavacas and Fonteyn (2022b) for GysBERT
(available at https://huggingface.co/emanjavacas/GysBERT). For the original (Present-Day English) BERT, see Devlin et al. (2019). For
other (present-day) languages, numerous BERT models have been trained (e.g. for Dutch, Delobelle et al. 2020; de Vries et al. 2019),
including a multilingual BERT. The historical English model MacBERTh has furthermore been evaluated by Menini et al. (2022) and
Massri et al. (2022) to help determinewhether information is related to a particular concept or not andRastas et al. (2022) for publication
date prediction of nineteenth-century text.
6 A similar case can be made for register-based language variation, particularly for domains with specialized vocabularies such as
scientific and clinical language (Alsentzer et al. 2019; Beltagy et al. 2019).
7 Because of the relative scarcity of digitized text pre-dating the sixteenth century, neither model has been exposed to material
produced before 1500. Still, it is possible to further adapt the models to older texts (which can be treated as a low-resource language or
domain).While the performance of (an adapted version of)MacBERTh and GysBERT onOld andMiddle Dutch and English text remains
to be tested, orthographic and lexical differences between texts produced before 1500 and after 1500may have a (slight) negative impact
on the performance of the model.
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one is a common parametric fine-tuning procedure that incorporates additional parameters which are tuned in
order to produce a probability distribution over the categories to which an example should be assigned. We will
refer to this method simply as “fine-tuning” and rely on the implementation of the transformers software
package (Wolf et al. 2020). The second fine-tuning approach is a “non-parametric” or “metric” one, which has the
goal of shifting the embeddings ofwords in the same class closer to each other and further away from thewords in
different classes. This final approach will be referred to as “metric fine-tuning”.8

2.2 Evaluation

We evaluate all four approaches using a ten-fold cross validation (CV) procedure. We divide the available data
into ten non-overlapping sections or “splits”, and test the performance of each classification approach on each of
these splits. As trainingmaterial for the classification algorithms, we rely on the splits that are not used for testing
at each iteration. Because CV is an iterative evaluation procedure, it not only yields a more statistically solid
comparison between the different classification approaches, but also enables us to assess the variance in the
performance of each model (i.e. fluctuations in performance due to differences in the training and test data).
Finally, we show that cross-validated results also allow us to employ a powerful model comparison method that
helps us determine which methods are worth deploying in future automatic annotation settings.

3 Word sense disambiguation

While LLMs that generate contextualized embeddings, such as BERT (Bidirectional Encoder Representations from
Transformers; Devlin et al. (2019)) can be used for a range of different tasks, they have proven particularly useful
for word sense disambiguation (WSD) (Hadiwinoto et al. 2019; Reif et al. 2019; Wiedemann et al. 2019).9 In corpus
linguistics, there are numerous examples of studies where addressing a specific research question involves some
form ofWSD. Corpus-based grammaticalization and constructionalization studies, for instance, often (manually)
categorize queried examples into various usage types (e.g. source meaning, bridging contexts, etc.; see, among
many others, Brinton 2017; Mukherjee andHuber 2012; Rissanen 2004). Furthermore, studies like, for instance, De
Smet’s (2016) on the relation between word frequency, entrenchment, and word polysemy involve searching a
corpus for a particular linguistic item and subsequently distinguishing particular senses (e.g. “literal” uses of the
word tsunami, as in The coastal townwas destroyed by the IndianOcean Tsunami, vs.figurative uses, as inWewere
overwhelmed by the tsunami of replies). In recent years, the questionwhether distributional semantic models that
generate contextualizedword vectors can be used to automate this part of the annotation procedure has become a
point of interest for corpus linguists (e.g. De Pascale 2019; Fonteyn 2020a; Heylen et al. 2015; Hilpert and Flach 2020;
Hilpert and Saavedra 2020).

3.1 Fire metaphors

To demonstrate how LLMs may be employed to at least partially automate the annotation of data in terms of
word sense categories, we first focus on the use of a set of lemmata related to the conceptual domain of FIRE: fire,

8 See Manjavacas and Fonteyn (2022b) for an in-depth explanation and assessment of this method.
9 Recent studies such as Lenci et al. (2022) have been critical of contextualizedword embeddings stemming fromLLMs,which generate
embeddings for individual word tokens, stating that their performance in semantic tasks is not necessarily better than that of (slightly)
simpler models that generate static word embeddings (i.e. where only embedding is generated for each word type, such as Word2Vec
(Mikolov et al. 2013) and GloVe (Pennington et al. 2014)). This criticism does not hold, however, for WSD, where the “polysemy
conflation” and “homonymy conflation” issue (Camacho-Collados and Pilehvar 2018; Desagulier 2019) is considered an important
limitation of static word embedding models.
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flame, ardent, blaze, and burn. A popular lexical domain for metaphorical extension (Charteris-Black 2016),
words related to FIRE will not only frequently occur in their literal sense, but also in figurative uses (e.g. to
describe positive as well as negative emotions). In line with the tsunami case study in De Smet (2016), then, a
possible research question could be whether particular events that cause an increase in the usage frequency of
FIRE words in their literal sense also trigger a change in the frequency (and perhaps also the nature) offigurative
uses.

As a toy example, one could test the hypothesis that the Great Fire of London (1666) triggered a frequency-
driven change in the semantic structure of FIRE words. For our purposes, we will test whether the data annotation
for such a study could be done semi-automatically. To this end, a random sample of 300 instances per lemmawas
extracted from the EMMA corpus, which contains texts written by 50 prominent authors born in the seventeenth
century who mostly belonged to the London-based elite (Petré et al. 2019). All examples were then manually
annotated following the annotation scheme outlined in examples (1) and (2):10 for all instances in the dataset,
word embeddings were extracted by means of the historical English model MacBERTh.

(1) LIT: The target word has a literal, fire-related meaning.
a. Hereticks had fet the Church on fire (1683, EMMA)
b. it usually utters smoak by day, but by night, Flames; (1683, EMMA)
c. the Garrison Apprehending a Siege, burnt their Suburbs (1693, EMMA)
d. it surprizes the Spectators, to see Jugglers, put ardent Coals into their Mouths (1702, EMMA)
e. Burn all my Books, and let my Study Blaze, Burn all to Ashes (1687, EMMA)

(2) MET: The target word has a figurative meaning. The semantic domain of FIRE is metaphorically
extended to other domains, including emotion, sensation, desire, and information.

a. Thou hast no Rage, no Fire, no Spirit or Power (1688, EMMA)
b. Waters can’t quench Love’s flames nor Floods The same can ever drown (1692, EMMA)
c. There are those whose ears wou’d burn at such reports (1700, EMMA)
d. …makemention of you in our prayers, and our ardent and constant cries to the God of all Grace (1698,

EMMA)
e. … the lofty Praise Of Martial Verse and Deeds that Hero’s blaze (1687, EMMA)

Table 1 lists themean and standard deviation for the precision, recall, and f1 scores resulting from the ten-fold CV
for each classification approach.11 The precision score gives a ratio of how many items that were assigned to a
particular categorywere indeed correctly assigned to it, whereas the recall score can be read as ameasure of how
many items that should have been given a certain label were indeed given that label. The f1 score is a measure of
classification accuracy retrieved by calculating the harmonicmean of the precision and recall, with higher scores
indicating a better classification accuracy. Additionally, the robustness of each approach can be assessed by
examining the standard deviation reported in Table 1. A smaller value indicates that a model is less affected by
subtle variations across the different training sets used in each of the 10 trials. Results are reported for each
individual lemma, as well as for a test round in which all lemmas were grouped into one dataset (labelled “all” in
Table 1).

Comparing the f1 scores of each approach, we find that, while there is some variation between individual
lemmas, a few generalizations can be made. The f1 scores are the lowest when the KNN algorithm is used to
classify examples. One exception is the lemma ardent, where KNN performs slightly better than SVM. The worst
performance of KNN is foundwith burn and fire, where poor recall results in f1 scores of 70.3 and 65.3 respectively.
By contrast, the best results are achieved by metric fine-tuning, which is only equalled once by fine-tuning for
ardent. Notably, the f1 scores formetricfine-tuning never drop below 93.0, and the standard deviations reveal that
it also has the most stable performance across all trials.

10 The data was coded by two annotators. The inter-annotator agreement was substantial (Cohen’s κ = 0.735).
11 Figures corresponding to the information presented in the tables can be found in the Appendix.
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3.2 Mass and weight

So far, then, it appears that using (MacBERTh) embeddings after fine-tuning with an end-to-end metric learning
approach could serve as a highly reliable and robust tool for automated word sense classification. We will now
show that this approach continues to perform strongly when the data is taken from a corpus of specialized
language and is annotated at finer levels of granularity (i.e. with more and subtler sense distinctions). We
consider a case study of terminological overlap in scientific language.

In 1687, Isaac Newton first differentiated between the concepts of WEIGHT and MASS, which were both referred
to by means of the word weight before then. To investigate, for instance, how long it took for the scientific
community to adjust their usage of the wordweight to Newton’s proposal, how Newton’s terminological renewal
diffused among the scientific community (e.g. through author networks, through disciplines, etc.), or whether
other uses of the words mass and weight were affected by this “conscious effort” to improve scientific termi-
nology, a large-scale specialized corpus of scientific writing such as the Royal Society Corpus (Fischer et al. 2020)
can be queried for all instances ofmass,masses, weight, and weights. Here, we focus on a randomized sample of
1,500 (out of 56,813) examples, fromwhich 621were tokens ofmass(es) and 879 ofweight(s). Subsequently, the data
weremanually annotated following the detailed six-way classification scheme outlined in examples (3)–(8), which
is based on the senses listed for mass and weight in the Oxford English Dictionary (OED Online 2022a, 2022b).12

Table : Results for the individual fire metaphors classification tasks.

Source Model Precision Recall F1

Mean SD Mean SD Mean SD

All KNN . . . . . .
SVM . . . . . .
Finetune . . . . . .
Metric . . . . . .

Ardent KNN . . . . . .
SVM . . . . . .
Finetune . . . . . .
Metric . . . . . .

Blaze KNN . . . . . .
SVM . . . . . .
Finetune . . . . . .
Metric . . . . . .

Burn KNN . . . . . .
SVM . . . . . .
Finetune . . . . . .
Metric . . . . . .

Fire KNN . . . . . .
SVM . . . . . .
Finetune . . . . . .
Metric . . . . . .

Flame KNN . . . . . .
SVM . . . . . .
Finetune . . . . . .
Metric . . . . . .

12 The data was coded by two annotators. The inter-annotator agreement was substantial, but lower than with the less detailed
annotation scheme used with the FIRE terms (Cohen’s κ = 0.654).
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(3) N: Mass or weight refers to a thing or object.
a. The mass on the filter was treated with boiling alcohol (Schunck 1853)
b. a flat circular weight nicely turned, and pierced in the direction of its diameter to receive the bar, was

slid upon it (Kater 1819)

(4) M: Mass or weight refers to MASS (i.e. how much matter is within an object).
a. We are thus led to inquire how the stresses are distributed in the earth’s mass and what are their

magnitudes (Darwin 1882)
b. In the third, theweight of the principle bones of a selected number of species (27) is stated (Davy 1865)

(5) W: Weight refers to WEIGHT (i.e. referring to force, balancing, counterpoises, or the amount of effort
required to lift something).

a. fig. 3 is only 40 feet from the bow, and that the excess ofweight over buoyancy on this length is only 45
tons (Reed and Stokes 1871)

(6) W/M: Unclear whether the example refers to MASS or WEIGHT.
a. The Commissioners for the Restoration of the Standards of weight and measure, in their Report dated

December 21, 1841, recommended that … (Miller 1857)

(7) COL: Mass or weight refers to a collection of objects.
a. A glacier is not a mass of fragments (Forbes 1846)

(8) MET: Mass or weight is used to indicate the importance of a thing.
a. The next thought is that I may have assigned too great a mass to the doubt (Pratt 1854)
b. The contact theory has long had possession of men’s minds, is sustained by a greatweight of authority

(Faraday 1840)

As with the previous case study, we approach the sense disambiguation task per individual lemma, as well as by
training and testing with a dataset in which both lemmas are grouped. The results of each classifier approach for
the more fine-grained sense disambiguation of mass and weight are presented as f1 scores in Table 2. The
classification task at hand involvesmultiple sense categorieswith a skewed frequency distribution (e.g. particular
categories such as MET, where the terms are metaphorically extended to indicate “importance”, are very
infrequent, particularly for mass). As such, the results in Table 2 report both the micro and the macro f1 scores
obtained by each approach. The difference between these scores is that in the case of macro f1, each sense

Table : Results for the mass and weight classification task.

Source Model F1 micro F1 macro

Mean SD Mean SD

All KNN . . . .
SVM . . . .
Finetune . . . .
Metric . . . .

Mass KNN . . . .
SVM . . . .
Finetune . . . .
Metric . . . .

Weight KNN . . . .
SVM . . . .
Finetune . . . .
Metric . . . .
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category has equalweight: when themacro average of f1 is computed, this is done for each sense class individually
after which the average is taken over all classes. With micro f1, by contrast, sense classes are not treated
separately, which means that small sense categories, which may be more challenging to label correctly because
there are fewer examples of them in the training data, are less important in the calculation of the f1 score.

Starting with micro f1 and its accompanying standard deviation, we find relatively high scores for all of the
classification tasks for each lemma individually aswell as for the grouped set. Yet, aswith the previous case study,
the most accurate (and most stable) classification approach is metric fine-tuning. This is also evident from the
macro f1 scores, where the difference between metric fine-tuning and the second-best approach, which in this
case is SVM, is very large. In fact, while macro f1 ranges from 89.2 to 95.5 for metric fine-tuning, none of the other
approaches score higher than 77.6. These results indicate that in more fine-grained WSD tasks, where there may
be imbalance and a low number of training examples for certain categories, classification algorithms such as
KNN, SVM, and “regular” fine-tuning could perform poorly for those categories. This appears to be particularly
true for fine-tuning, which noticeably struggles with low-frequency categories (e.g. MET for the lemma mass;
f1 = 46.4).

4 Semantic role labelling: SCENT terms as agents, objects, or
patients

Beyond WSD, computational studies have also explored the performance of LLMs in semantic role labelling
(Klafka and Ettinger 2020; Proietti et al. 2022). This too is relevant for (corpus) linguistic analyses, which can also
involve annotating linguistic items according to their semantic role. Research projects in critical discourse
analysis and cognitive linguistics, for instance, are often interested in revealing particular patterns of force-
dynamic construals within texts to lay bare particular cultural or even ideological dimensions to the semantic
roles that have been assigned to the participants described in them (e.g. Hart 2015, 2011; van Leeuwen 1996). Hart
(2013), for instance, investigated online press reports of the UK student fees protests in 2010, revealing that
(student) protesters were more often presented as agents of an action (e.g. protesters burst through police lines to
storm the Conservative party headquarters [The Guardian, 24 November]), whereas the police were more often
construed as patients or undergoers of such actions (e.g. A number of police officers were injured after they came
under attack from youths [The Telegraph, 10 November]). Besides human participants, the portrayal of concepts
or objects in different text types and/or cultures (or within a culture across time) is also considered frequently,
and anumber of recent projects have started to pursue howcomputational analysesmayhelp reveal, for instance,
how machines (Coll Ardanuy et al. 2020) or olfactory concepts (Massri et al. 2022) were portrayed in historical
texts.

Our case study, which continues in the theme of olfaction – that is, “the sense throughwhich smells (or odors)
are processed and experienced” (Massri et al. 2022) – considers the semantic roles assigned to scent-related terms
in seventeenth- and eighteenth-century Dutch texts. More specifically, we collected 1,000 examples of two terms,
500 of geur (‘scent’) and 500 of reuk (‘smell’), from the Early Dutch Books Online (1781–1800; EDBO) from the
seventeenth- and eighteenth-century section of the Digital Library for Dutch Literature (DBNL). To each example,
a semantic role label was manually assigned specifying whether the term geur or reuk functioned as an AGENT,
OBJECT, or PATIENT. Each semantic role label is described and exemplified in (9)–(11).13 As the dataset involves Dutch
examples, embeddings were extracted by means of the Dutch historical model GysBERT.

(9) A: The SCENT term reuk or geur is presented as the AGENT of an action. This action is done to or
experienced by a person.

a. Den geur van u schepsel heeft oock bedroghen mijnen reuck (1629, DBNL)
‘The scent of your creature has also misled my sense of smell’

13 The data was coded by two annotators. The inter-annotator agreement was substantial (Cohen’s κ = 0.737).
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b. Want gelijck een lieflicke reuk den mensche seer vermaeckt, … (1637, DBNL)
‘Because like a gentle smell pleases the people, …’

c. en hoe lieflijk wierd ik door haaren reuk verkwikt! (1794, EDBO)
‘and how gently was I by her smell invigorated!’

(10) O: The SCENT term reuk or geur is presented as an OBJECT given by a thing (to a person).
a. het geeft Een lieffelyke reuk die iets verkwiklyke heeft (1790, EDBO)

‘it gives a lovely smell that has something invigorating’
b. Blaas, lentewind blaas uw geur Door bosschen beemden, hoven (1790, EDBO)

‘Blow, spring wind blow your scent through forests, fields, yards’
c. Die ’t oog met kleur vermaakt, en ’t hert met geur bewaassemt (1673, DBNL)

‘That pleases the eye with colour, and fogs the heart with scent’

(11) P: The SCENT term reuk or geur is presented as the PATIENT or undergoer of an action (done by a person).
a. de Heere rook dien lieffelyke reuk (1782, EDBO)

‘the lord smelled that lovely smell’
b. De wandelaar juicht haar toe, daar hy haar geur geniet (1785, EDBO)

‘The hiker cheers her on, as he enjoys her smell’
c. Nochtans verneem ik geenen viesen reuk (1691, DBNL)

‘Although I perceive no foul smell’

Table 3 again shows the f1 score (macro and micro) achieved by each classification approach for each lemma. As
with both WSD case studies described in Section 3, it is the KNN classification algorithm that yields the poorest
results across the board. The other approaches are more comparable in terms of both macro and micro f1, with
metric fine-tuning achieving the highest scores and lowest standard deviation in the ten-fold CV procedure.

5 Model comparison

In this section, we summarize the evidence gathered across the case studies, and show which classification
method is expected to give strongest results in similar semi-automatic annotation setups. To this end, we use a
Bayesianmodel comparisonmethod as presented in Kruschke (2013).14 As discussed in Benavoli et al. (2017), there
are several advantages to Bayesian model comparison over the more commonly used frequentist alternatives,

Table : Results for the scent classification task.

Source Model F1 micro F1 macro

Mean SD Mean SD

Geur KNN . . . .
SVM . . . .
Finetune . . . .
Metric . . . .

Reuk KNN . . . .
SVM . . . .
Finetune . . . .
Metric . . . .

14 In particular, we used the implementation provided by the baycomp package, available for the Python programming language.
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which use null-hypothesis testing. These include that Bayesianmodel comparison helps overcome a problem that
occurs with frequentist methods, where the estimated effect size of the observed differences between models is
entangled with the underlying sample size.

The chosen Bayesian comparison method jointly analyses the cross-validated results obtained by different
classification approaches acrossmultiple datasets. That is, as input we use the classification accuracy – that is, the
proportion of correctly annotated items – of each classification approach (i.e. KNN, SVM, fine-tuning, and metric
fine-tuning) obtained in each of the folds for each of the three outlined case studies. The output of the comparison
method consists of the estimated probability that a particular classification approach performs differently from
or similarly to one of the others.

The results of the comparison are presented in Table 4. For each pair of compared classification approaches
(e.g. KNN vs. Finetune; KNN vs. VSM; etc.), the following information is provided. First, we show the so-called
region of practical equivalence (ROPE) to interpret the results (Kruschke 2013). The idea behind the ROPE is to
define a “performance difference margin” within which two models can be considered to offer similar perfor-
mance. In line with szymanskibestbetterbayesian2020, we compare the classification methods across three
different ROPEmargins (0.01, 0.025, and 0.05). Then, we list the results of the Bayesian comparisonmethod, which
should be read as a probability of the following events: (i) the model listed on the left has better performance
(“Left”), (ii) the two models fall within the considered ROPE (“Equal”), and (iii) the model listed on the right has
stronger performance (“Right”).

Several conclusions can be drawn from Table 4. First, KNN is highlighted as the least competitive approach,
being inferior to the other approaches with very high probability across the different ROPEs. Only when
considering a ROPE of 0.05 can KNN be considered to perform equally with SVM. Second, SVM’s performance is
likely to stay below that of the standard fine-tuning approach (or, at most, its performance is estimated to stay
within a 0.05 margin of fine-tuning), and is very likely to stay below that of the metric fine-tuning approach. In
sum, then, both standard and metric fine-tuning appear to exhibit a stronger performance than the more
traditional classification approaches. Finally, when we compare the two fine-tuning approaches, metric fine-
tuning performs better than standardfine-tuning, although the difference is very likely to liewithin the 0.05 ROPE
margin. Still, it can be concluded that metric fine-tuning will yield better results.

Table : Bayesian model comparison over cross-validated results for the different tasks.

ROPE Left Equal Right

KNN Finetune . . . .
. . . .
. . . .

SVM . . . .
. . . .
. . . .

Metric . . . .
. . . .
. . . .

Finetune SVM . . . .
. . . .
. . . .

Metric . . . .
. . . .
. . . .

SVM Metric . . . .
. . . .
. . . .
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6 Conclusion

As the amount of data to be processed in corpus linguistic analyses continues to grow, it has become a fair
question whether LLMs can be manipulated to automate at least part of the annotation process. It is,
however, not always clear how this can be achieved (e.g. whichmachine learning algorithms should be used),
and to what extent the available options differ in their reliability. In this paper, we explored one way of using
contextualized word embeddings, generated by means of MacBERTh and GysBERT, as the basis for a cus-
tomizable semi-automated data annotation procedure. Additionally, to show how the reliability of the
procedure may vary depending on how the procedure is implemented, we compared how four different
classification algorithms performed on the task of automatically categorizing manually annotated input data
by means of word embeddings. Our results indicate that the reliability of commonly used classification
algorithms such as KNN and to some extent SVM can vary substantially between different case studies. In
some cases, these algorithms will achieve classification accuracy and f1 scores exceeding 80 points (which
means the error rate is below 20 %), whereas in other case studies their performance is more under-
whelming. However, one option that stands out as consistently strong (i.e. never reaching an error rate
higher than 15 %) is metric fine-tuning – a result that we were able to statistically confirm using a Bayesian
model comparison.

Besides the fact that combining contextualized word embeddings from LLMs with metric fine-tuning
appears to be a reliable approach to automatically annotating linguistic data, the procedure is also adaptable to
the corpus linguist’s annotation needs. Furthermore, the procedure we presented has the added benefit that
models used to annotated the data can be shared, and used to replicate the data annotation scheme in
corroboration and follow-up studies. Thus, given its robustness, high reliability, flexibility, and potential for
reusability and replicability, it is at least worth considering whether this (semi-)automated data annotation
procedure could be what is next for corpus linguistic methodology.

There is, however, more to explore before LLMs can be fully integrated into corpus linguistic research. We
wish to note, for instance, that the fact that LLMs such as the BERT-based MacBERTh and GysBERT can be
manipulated to distinguish literal from figurative uses of a word or correctly label the semantic role of a target
word in a way that is comparable to human annotators does not necessarily mean that such LLMs can be said to
“understand” the concept of metaphor or agency.We can only state that the information needed to successfully
make the distinctions outlined by the human annotator is encoded in the embeddings generated by the LLM
(for other work pursuing similar questions on what sort of information is encoded in contextualized em-
beddings from LLMs, see e.g. Pedinotti et al. (2021) and Fonteyn (2021) for metaphor; Klafka and Ettinger (2020)
and Proietti et al. (2022) for semantic role labelling). Additionally, an issue we have not explored is whether the
information the models embed and rely upon to correctly annotate examples is the same as (or at least
comparable to) the linguistic cues that corpus linguists draw upon to categorize data. And indeed, it is likely
that their current lack of transparency has made (corpus) linguists more reluctant to use LLMs for linguistic
data annotation. Still, we hope to have at least demonstrated that LLMs, such as the ones examined in this
paper, are reliable tools to (partially) automate data annotation, and believe that a growing engagement of
(corpus) linguists with LLMs may ultimately also further our understanding of why LLMs are so successful at
the linguistic tasks that are assigned to them.

Acknowledgments: The release of the LLMs used in this study (MacBERTh and GysBERT) has beenmade possible
by the Platform Digital Infrastructure – Social Sciences and Humanities fund (PDI-SSH). For more information,
see https://macberth.netlify.app/. The case study in Section 4 was used as a pilot for the NWO Open Competition –

M grant “The poetics of olfaction in early modernity (POEM)”.
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Appendix

Figure 1: Results for the individual
fire metaphors classification
tasks.
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