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Abstract

The purpose of this thesis is to evaluate whether models trained for metaphor detection
can be outperformed by models with domain-specific pre-training, with a particular
focus on the field of immunotherapy. The first task, Metaphor Detection, is a binary
classification problem at a token level, where the goal is to predict whether a given
metaphorical token is related to immunotherapy, using both a general-domain and a
domain-adapted RoBERTa model. The second task, Domain Relevance Classification,
focuses on identifying metaphors directly related to the domain of immunotherapy using
a BERT model. Both tasks use data derived from the Vrije Universiteit Amsterdam
(VUA) Metaphor Corpus and the Immunotherapy Metaphor Dataset compiled by Bos
et al. (2025) from scientific publications and news articles. This setup provides a
concrete test of whether the knowledge captured from biomedical texts during pre-
training improves metaphor detection in a specialized domain.

The results show that while BioMed-RoBERTa is more sensitive to metaphorical
language, its increased detection comes with greater noise, which reduces relevance
precision. In contrast, XLM-RoBERTa paired with the BERT classifier achieves better
overall pipeline performance.

This work shows the promise of current metaphor detection approaches for sci-
ence communication and reveals their weaknesses. By improving metaphor detection
and domain relevance classification, the proposed pipeline aims to support automated
analyses of how metaphor shapes science communication, with implications for public
understanding and expert discourse around complex scientific concepts.
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Chapter 1

Introduction

Metaphors play a crucial role in medical science communication, shaping how complex
biomedical ideas are conceptualized and shared between different audiences. In cancer
immunotherapy discourse, in particular, metaphors such as war, journey, or economic
frames frequently appear in scientific publications and journalistic reporting, influencing
how treatments are perceived and discussed by researchers, clinicians, and patients
alike. Despite this prevalence, metaphor detection models developed on general-purpose
datasets are rarely evaluated in highly specialized domains such as immunotherapy.
This thesis addresses this gap by investigating how well existing metaphor detection
models perform when applied to immunotherapy-specific texts and exploring methods
to improve their performance where necessary.

Improving the detection and interpretation of metaphors in immunotherapy texts
has practical implications to improve patient understanding, support clearer clinician-
patient communication, and enable more accurate automated text analysis in science
communication applications. By addressing this gap, this thesis contributes to both
the methodological development of domain-specific metaphor detection and the broader
goal of facilitating informed public understanding of medical research.

1.1 Problem Definition

A general metaphor detection model typically labels metaphorical expressions without
distinguishing whether they are directly relevant to the domain context in question. As
such, there is a risk that models trained on general corpora may overlook or misclassify
domain-specific figurative language.

1.2 Research Questions

Based on a review of relevant literature, this thesis defines the following research ques-
tions:

Main research question:

How well do existing metaphor detection models (e.g., those trained on the VU Ams-
terdam Metaphor Corpus) perform on immunotherapy-related metaphors?

1



2 CHAPTER 1. INTRODUCTION

Sub-questions:

1. How does a general RoBERTa model perform in the task of metaphor detection
on texts related to immunotherapy compared to a RoBERTa model trained with
medical data?

2. Since existing models that are fine-tuned on general data adequately identify the
domain-specific metaphors, how can immunotherapy-specific data and annota-
tions be used to identify which metaphors are actually related to immunotherapy?

1.3 Approach

To address this, the first step of this research is to evaluate the effectiveness of a
general-domain model on immunotherapy-related texts. Alongside this, a RoBERTa
model pre-trained on biomedical data is fine-tuned and tested as a comparison point
to examine whether domain-adapted pre-training provides measurable benefits for me-
taphor detection in science communication discourse. Furthermore, the study explores
the viability of a supervised learning approach that determines whether the identified
metaphors belong to the domain of immunotherapy. Understanding the behavior of
the system is essential to draw reliable conclusions from automatic analyses, especially
when such findings might inform communication strategies or public understanding of
complex biomedical concepts.

This thesis builds upon a dataset of immunotherapy-related texts annotated for
explicit metaphors, compiled from the study ‘Mapping’ Knowledge Dissemination:
What Metaphors Reveal About the Conceptualisation of Immunotherapy in Scientific
and Journalistic Communication, published in the Electronic Journal of Health Com-
munication (EJHC) in January 2025 (Bos et al., 2025). The corpus comprises both
scientific articles and media texts to ensure a diverse representation of metaphorical
language in this medical domain. Explicit metaphors, following the UCREL Seman-
tic Analysis System (USAS) (Piao et al., 2015), are categorized into thematic groups
such as war, journey, and business metaphors. In addition, new annotations for im-
plicit metaphors are produced following the MIPVU procedure (Steen et al., 2010),
with inter-annotator agreement assessed jointly with my supervisor and two student
assistants to ensure reliability.

An existing state-of-the-art metaphor detection model that has been trained on
the VU Amsterdam Metaphor Corpus is evaluated on this immunotherapy dataset
to determine its ability to identify relevant metaphors in domain-specific contexts. A
comparative RoBERTa model, pre-trained on biomedical texts, is also tested to examine
the effect of domain adaptation on metaphor detection. The feasibility of integrating
supervised learning is evaluated to enable a more precise detection of immunotherapy-
specific metaphors.

Subsequently, a BERT model is trained to identify domain relevance to immuno-
therapy. This step allows for a two-fold pipeline: first, detecting metaphorical language,
and second, filtering those metaphors for relevance to the immunotherapy domain. The
final evaluation assesses this end-to-end setup on an immunotherapy dataset, assessing
its potential utility for science communication research. This pipeline aims to support
more targeted analyses of metaphor use in science communication, ultimately informing
how complex medical topics, such as immunotherapy, are framed and understood.
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1.4 Summary of Results

Both XLM-RoBERTa and BioMed-RoBERTa detect literal language well, but meta-
phor detection has been proven to be quite hard. BioMed-RoBERTa has a slight ad-
vantage in identifying more metaphors in immunotherapy texts. The BERT classifier
performs consistently well in relevance classification.

However, in the full pipeline, XLM-RoBERTa combined with BERT outperforms
BioMed-RoBERTa, suggesting that greater sensitivity in detection can sometimes lead
to more noise and lower relevance accuracy.

Applying the best-performing model to analyze metaphors in immunotherapy texts
would enable communication scholars to systematically identify metaphorical language
that shapes public and professional discourse around immunotherapy. They could
uncover prevalent metaphorical themes, track how complex biomedical ideas are framed,
and potentially reveal how science communication through metaphors influences patient
understanding. In addition, the metaphor identification and categorization process
could potentially be automated, allowing experts to focus more on analyzing the content
and impact of metaphors rather than manual annotation.

At the same time, limitations remain, as some metaphors might be missed due to the
ambiguity and subtlety of figurative language. Consequently, scholars should interpret
automated results as a starting point for exploration rather than definitive conclusions.
Understanding these boundaries is crucial; while the models offer valuable insights,
they do not replace the annotations and analysis that human expertise provides when
drawing conclusions about metaphor use in science communication.
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Chapter 2

Related Work

Metaphor detection is an established NLP task that has not been widely explored in
medical contexts. This thesis investigates whether domain-specific language models,
such as BioMed-RoBERTa (Gururangan et al., 2020), can improve the performance of
metaphor detection in specialized medical texts compared to a general-domain model
such as XLM-RoBERTa (Conneau et al., 2020). The dataset used is derived from the
paper ’Mapping’ Knowledge Dissemination: What Metaphors Reveal About the Con-
ceptualisation of Immunotherapy in Scientific and Journalistic Communication (Bos
et al., 2025). By focusing on immunotherapy discourse, an underexplored area for
figurative language research in NLP, this study explores metaphor detection, domain
adaptation, and biomedical NLP.

2.1 Metaphor Use in Science Communication

Metaphors are a central part of how people understand and communicate complex ideas.
They allow abstract or technical concepts to be described in more familiar terms, often
drawing inspiration from everyday experiences. In health communication, for example,
metaphors shape how patients and the general public think about diseases, treatments,
and scientific advances. This means that the metaphors chosen by journalists or scien-
tists can influence how a topic is perceived, what risks or hopes people associate with
it, and even what decisions they make about their own health.

The dataset used in this thesis was created by Bos et al. (2025) in their paper ’Map-
ping’ Knowledge Dissemination; What Metaphors Reveal About the Conceptualisation
of Immunotherapy in Scientific and Journalistic Communication. The purpose of their
paper, which led to the creation of this dataset, was to map the use of metaphors in
immunotherapy-related texts, to conceptualize immunotherapy from a medical context
to the broader public. They emphasized that public awareness of a topic is as impor-
tant as immunotherapy, which directly correlates with people’s perception of health and
treatment and can be explained metaphorically in a variety of ways. By constructing
a metaphor to explain immunotherapy, we can decide which types of information are
provided to the broader public and how they are presented. This way of presentation,
called framing, in addition to impacting people’s perception of health information, also
affects their decision-making process. Depending on how a concept is framed, that
is, what metaphor theme is used to describe it, people can have positive or negative
opinions about new treatments.

Metaphor framing has also been extensively analyzed in the context of the COVID-

5



6 CHAPTER 2. RELATED WORK

19 pandemic, where political leaders and media commonly used war metaphors to
describe the public health crisis. For example, Truc (2024) conducted a critical me-
taphor analysis of American media discourse, highlighting how COVID-19 was framed
as an enemy to be defeated in a wartime scenario. This framing was instrumental in
mobilizing public urgency and compliance with strict policies, but also risked amplify-
ing fear and legitimizing extraordinary political measures. Such studies demonstrate
that metaphors can powerfully construct social realities, extending far beyond scientific
accuracy to shape collective emotional and political responses.

Similarly, metaphor use plays a crucial role in climate change communication, where
political leaders use figurative language to influence public attitudes and policy sup-
port. Wang and Habil (2024) analyzed speeches from COP28 and identified multiple
dominant metaphor types, including war, journey, and building metaphors. These
conceptual frames serve diverse persuasive functions, for example, portraying climate
action as a collective battle or a shared journey toward sustainability. From an ecol-
inguistic perspective, they argue that carefully crafted metaphors can cultivate eco-
friendly mindsets and reinforce constructive engagement with complex environmental
challenges.

However, existing NLP systems for metaphor detection were not designed with this
kind of targeted analysis in mind. Most metaphor detection models focus on general-
purpose language and aim to find all metaphorical expressions in a text, regardless
of topic. They are typically trained on general corpora, such as the VU Amsterdam
Metaphor Corpus (Steen et al., 2010) and TOEFL Native Language Identification Cor-
pus (Beigman Klebanov et al., 2018). Although these resources have resulted in great
progress in automated metaphor detection, they do not address the specific needs of
science communication research, where the goal is to identify metaphors relevant to a
particular subject, such as immunotherapy.

This means that for such domains, researchers rely heavily on manual annotations
to find and interpret relevant metaphors. General-domain models may overlook subtle
figurative language in specialized texts, or flag metaphors that are linguistically valid
but irrelevant to the target topic. This thesis bridges this gap by combining domain-
specific language models and datasets to test whether the adaptation of metaphor
detection to a specialized medical domain improves performance and usefulness for
downstream science communication research.

2.2 Metaphor Detection in NLP: From Rule-based Meth-
ods to Neural Models

Over the past two decades, metaphor detection has advanced from rule-based and
lexicon-driven approaches to neural and transformer-based systems. These examples
are included here not to provide an exhaustive history, but to illustrate that metaphor
detection is an established NLP task with diverse methodological approaches and to
clarify why it is relevant to apply, test, and adapt such models for specialized domains,
such as immunotherapy discourse.

For example, Turney et al. (2011) present a feature-based approach that uses ab-
stractness as a core feature: for each sentence, they create a vector of five features: (1)
the average abstractness ratings of all nouns (excluding proper nouns), (2) the average
abstractness of all proper nouns, (3) the average abstractness of all verbs excluding the
target verb, (4) the average abstractness of all adjectives, and (5) the average abstract-
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ness of all adverbs. This example demonstrates how features such as word concreteness
can capture the subtle mismatches in meaning that are characteristic of metaphorical
language.

Tsvetkov et al. (2014) demonstrate a cross-lingual metaphor detection system that
relies on common semantic features for SVO (subject–verb–object) relations. Specifi-
cally, the S and O components include (1) the semantic category of the word, (2) its
degree of abstractness, and (3) named entity types; the V (verb) component includes
only the semantic category and abstractness. This design shows how syntactic roles and
lexical semantics can be combined to model the metaphorical use of verbs in different
languages.

A major breakthrough came with deep learning and contextual embeddings: models
such as BERT, RoBERTa, and systems such as DeepMet (Su et al., 2020) and Go
Figure! (Chen et al., 2020) now achieve state-of-the-art performance by learning to
detect metaphors directly from context, without explicit feature engineering. These
public transformer-based models have become strong baselines and are referenced in
this thesis as examples of high performing automated metaphor detection.

The 2018 VUA Metaphor Detection Shared Task (Leong et al., 2018), which was
the first shared task on metaphor detection and was held at the NAACL Workshop
on Figurative Language Processing, aimed to benchmark metaphor detection systems
using the VU Amsterdam Metaphor Corpus. Participants were challenged to perform
classification in two categories: (1) all verbs and (2) all content words, i.e., nouns,
verbs, adjectives, and adverbs. All but one system used a neural network architecture.

The 2020 Metaphor Detection Shared Task (Leong et al., 2020), part of the ACL
Workshop on Figurative Language Processing, had a similar focus on identifying meta-
phorical content words in English texts. It featured both the VU Amsterdam Metaphor
Corpus and a TOEFL corpus annotated for metaphors. Similarly to the previous shared
task, participants could compete in tracks for verbs and all content words and aimed to
improve metaphor detection in terms of performance and generalizability. The systems
in the 2020 submissions consisted mainly of BERT-based architectures and can be di-
rectly compared to the best systems of the 2018 shared task, as one of the datasets was
used in both. The best performing system of 2018 had an F1-score of 0.651, while the
best performing system of 2020 had an F1-score of 0.769. This shows how the field has
advanced between the two shared tasks and that the best results of the 2020 shared
task are the new state-of-the-art for both the VU Amsterdam Metaphor Corpus and
TOEFL corpora.

2.3 Annotated Resources for Metaphor Detection

The VU Amsterdam Metaphor Corpus (VUA) is the first large-scale, systematically
annotated corpus for metaphor detection in English (Steen et al., 2010). It comprises
more than 200,000 words drawn from four genres: academic texts, news reports, fiction,
and conversations. VUA’s annotations follow the Metaphor Identification Procedure
VU (MIPVU). The original MIP (Crisp et al., 2007) introduced an explicit step-by-step
method for identifying metaphorically used words in context based on their contrast
with more basic meanings. MIPVU refined this procedure to improve consistency
and applicability for large corpora. The VUA Metaphor Corpus has now become the
benchmark dataset for training and evaluating metaphor detection models and has been
the main corpus for the 2018 and 2020 metaphor detection shared tasks.
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The TOEFL corpus provides an additional annotated resource in the domain of
English as a Second Language (ESL) (Beigman Klebanov et al., 2018). It consists
of essays written by non-native speakers and has been annotated for metaphorical
language following the same general principles as the VUA Metaphor Corpus. The
TOEFL corpus brings in a mix of writing styles and learner language, which adds
diversity to the data. This makes it especially useful for testing how well metaphor
detection models perform on different types of language use. It was included as a second
dataset in the 2020 VUA Metaphor Detection Shared Task, allowing participants to
compare system performance on both native and non-native English writing.

Together, these annotated resources serve as a benchmark for developing and testing
metaphor detection models in the shared tasks, as well as in independent projects. By
providing consistent, high-quality metaphor annotations for a variety of domains, they
enable researchers to systematically evaluate how well models recognize metaphorical
language in various contexts and whether their performance remains when applied to
new domains.

However, applying metaphor detection to medical texts presents unique challenges.
Unlike general-domain language, medical discourse often combines highly technical ter-
minology with figurative expressions that are context-dependent and specific to medical
terminology. For example, phrases such as ’the immune system fights cancer’ utilize war
metaphors to provide a scientific explanation. In addition, most existing metaphor de-
tection research focuses on texts such as news or fiction, leaving metaphor use in doctor-
patient communication and scientific articles relatively underexplored. This scarcity of
domain-specific resources and the complexity of health-related language and communi-
cation mean that general models might miss contextually important metaphors or fail
to distinguish them from literal technical descriptions. As a result, detecting metaphors
in medical texts requires training data tailored to handle specialized vocabulary and
figurative framing effectively.

2.4 Health-related Metaphor Detection

In recent years, several studies have started combining metaphor detection with in-
sights from medicine and psychology, pushing metaphor-relevant NLP toward more
creative and real-world uses, such as mental health assessment and clinical support.
Gutiérrez et al. (2013) introduced an innovative approach to mental health diagnosis
with metaphor identification and sentiment analysis algorithms. Their methodology
involved extracting metaphorical and emotional features from patient narratives and
using a three-layer multilayer perceptron architecture (MLP) to predict the onset of
schizophrenia. This study marked a pioneering effort to apply automated metaphor
detection to psychiatric diagnostics.

David and Matlock (2018) utilized the MetaNet system of Dodge et al. (2015) to
analyze metaphorical expressions related to poverty and cancer in English and Spanish
corpora. MetaNet uses a frame-based approach, associating lexical items with con-
ceptual metaphors through semantic frames. This system facilitates the identification
of metaphoric expressions by mapping them to a network of conceptual metaphors,
allowing for cross-linguistic and cross-domain metaphor detection.

The MAM framework, as detailed in the study by Li et al. (2019), integrates me-
taphor feature extraction with a CNN-RNN architecture to classify social media texts
for mental illness detection. By focusing on metaphorical expressions that often convey
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implicit emotions, MAM effectively captures the subtle ways people express mental
health struggles through words. This approach demonstrated high recall and F1-scores
in detecting depression, anorexia, and suicidal tendencies.

Panicheva et al. (2023) addressed the challenges of applying metaphor detection
models to texts drafted in a psychological experiment setting by annotating the Met-
Personality dataset with conceptual metaphors. They proposed a novel annotation
procedure to boost inter-annotator agreement and trained state-of-the-art metaphor
detection models on this dataset. The study explored correlations between metaphor
usage and psychological traits, stressing the potential of metaphor analysis in psycho-
logical research.

Although these studies demonstrate the promise of automated metaphor detection
for several health-related topics, they are mainly based on general-domain language
models or custom architectures without domain-specific pre-training. To my knowledge,
no prior research has systematically investigated whether domain-adapted transformers,
such as BioMed-RoBERTa, can improve metaphor detection in specialized medical
texts. Given how subtle and context-dependent metaphors can be in medical texts,
looking into domain adaptation is a crucial but still overlooked step toward making
metaphor detection more reliable in biomedical NLP.

2.5 Models and Domain Adaptation Techniques

This thesis builds on an existing transformer-based metaphor detection pipeline to test
the impact of domain-specific pre-training for identifying metaphors in immunotherapy-
related texts. The starting point is the metaphor detection system developed by Wa-
chowiak et al. (2022), which includes the fine-tuning of the XLM-R multilingual trans-
former on the VU AmsterdamMetaphor Corpus. This serves as a general model capable
of detecting metaphorical language in English.

To investigate whether domain-specific knowledge can improve metaphor detection
in biomedical contexts, Wachowiak’s training pipeline is adapted by replacing the gen-
eral XLM-R model with BioMed-RoBERTa, a version of RoBERTa pre-trained on large
biomedical corpora. By fine-tuning BioMed-RoBERTa on the same metaphor annota-
tions and evaluating it on immunotherapy texts, this setup enables a direct comparison
by isolating the effect of domain adaptation while preserving all other training condi-
tions.

This approach aims to examine whether a language model with biomedical domain
expertise can more accurately capture metaphorical expressions specific to immuno-
therapy discourse, compared to a general multilingual model such as XLM-R. The
contrast between these two models reads into the role of domain-adapted transformers
for figurative language tasks in specialized scientific fields.

2.5.1 Domain Adaptation Impact in NLP tasks

Domain-adapted models have been shown to consistently improve performance on NLP
tasks. Named Entity Recognition (NER) and Relation Extraction often achieve several
points of improvement in F1-scores compared to general models, as demonstrated by
BioMed-RoBERTa evaluations (Gu et al. (2021)). These models benefit from pre-
training on large-scale biomedical corpora, which helps them capture domain-specific
terminology and contextual nuances that general models typically miss.
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However, despite these advances, the intersection of metaphor detection and domain
adaptation remains underexplored. Existing metaphor detection systems primarily
focus on general-domain language, aiming to identify all metaphors regardless of topic.
In contrast, research on domain-specific metaphors, such as those in biomedical texts,
often lacks automated solutions.

For example, the COVID-19 metaphor detection approach by Wachowiak et al.
(2022) applies a semi-automatic pipeline to a domain-specific corpus, but relies mainly
on XLM-R, a language model trained on generic language. They do not explicitly
investigate the impact of domain adaptation, nor adjust their models to a specific
subdomain.

Moreover, current approaches to target metaphors within specific domains typi-
cally do not focus on identifying metaphors that are directly relevant to a particular
target domain, in our case, immunotherapy. This creates a gap, as the identification
of domain-relevant metaphors is key for applications in science communication and
scientific discourse analysis.

In summary, while domain adaptation has generally proven valuable in biomedical
NLP and metaphor detection has advanced in general domains, their overlap, especially
for detecting metaphors tied to specific medical domains, remains an open research chal-
lenge. This thesis aims to address this gap by evaluating domain-adapted transformer
models on the task of detecting immunotherapy-related metaphors, thus contributing
to this research gap.

2.5.2 Drum Up SUPPORT by Wachowiak et al. (2022)

Wachowiak et al. (2022) develop a systematic and reproducible pipeline for the semi-
automatic detection and analysis of image-schematic conceptual metaphors (ISCMs)
within domain-specific natural language corpora, exemplified through the context of
COVID-19 discourse. By integrating methods such as neural metaphor detection, de-
pendency parsing, clustering, and frame annotation, the study aims to uncover how
specific image schemas, focusing particularly on the schema SUPPORT, are semanti-
cally realized and employed metaphorically in contemporary language use. Addition-
ally, the paper seeks to contribute to the field of cognitive linguistics and computational
metaphor analysis by proposing a methodology that enables exploration of their con-
structional patterns and underlying cognitive structures. Ultimately, this work aims
to make metaphor detection smarter by building tools that can handle a vast amount
of data without relying on subjective guesses. The goal is to uncover new metaphori-
cal connections that might otherwise go unnoticed, helping us better understand how
metaphors shape the way we talk about complex and abstract ideas.

The approach is designed to be flexible, allowing for the analysis of various schemas
by compiling relevant seed words relevant to different domains. For example, they
mention that applying the same pipeline to other schemas, such as CONTAINMENT,
would involve selecting an appropriate set of seed words.

The use of a generic pre-trained model, such as XLM-R, suggests that they rely on
a domain-general language model enabled to process domain-specific data effectively.
Although they do not explicitly compare a domain-specific versus a generic approach in
their results, the methodology implies that their semi-automatic pipeline, powered by
such models, can be applied to specific domains once suitable seed words and domain-
relevant corpora are provided. This indicates a relatively domain-adaptable framework
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that benefits from the strengths of pre-trained language models but requires some
domain-specific seed input for best performance.

XLM-R, used byWachowiak et al. (2022) to train their metaphor detection classifier,
was developed by Conneau et al. (2020). It is a transformer-based multilingual masked
language model trained on over two terabytes of filtered CommonCrawl data spanning
100 languages. The training objective follows the masked language modeling (MLM)
paradigm, where the model predicts masked tokens within input sequences. The model
architecture uses 12 transformer layers with multi-head attention, a hidden size of 768,
and 12 attention heads.

Training data was curated through a filtering process that combined internal lan-
guage identification models and the fastText classifier. The authors obtained a signif-
icantly larger and cleaner dataset compared to prior efforts, such as Wikipedia-based
corpora, with the CommonCrawl datasets offering substantially increased monolingual
data, especially for low-resource languages.

Evaluations were performed on multiple benchmarks, including Cross-lingual Natu-
ral Language Inference (XNLI), Machine Reading Comprehension (MLQA), Named En-
tity Recognition (NER) and GLUE tasks. The training strategy utilized the ’translate-
train-all’ approach, which includes labeled data from multiple languages to improve
cross-lingual transferability. The results demonstrated that XLM-R outperforms pre-
vious multilingual models such as mBERT, achieving a new state-of-the-art average
accuracy on XNLI of 83.6%.

Finally, XLM-R was evaluated on monolingual benchmarks such as GLUE, where
it retained competitive performance relative to monolingual models such as RoBERTa,
showing that large-scale multilingual training does not necessarily diminish language-
specific capabilities. This analysis demonstrates how crucial it is to have large and
well-curated datasets, as well as flexible model architectures, in order to achieve robust
cross-lingual understanding in a variety of languages.

2.5.3 Bridging Domain Gaps via Adaptation Techniques

Domain adaptation refers to techniques aimed at improving a model’s performance
when it is applied to data from a different domain than the data on which it was trained.
For example, in the unsupervised multi-source setting discussed in the paper by Wright
and Augenstein (2020), the goal is to enable a model trained on labeled data from
multiple source domains to accurately predict on a target domain for which no labeled
data has been seen. The paper reviews several approaches, such as inducing domain-
invariant representations through adversarial training and data selection strategies.
The aim is to make the models robust to changes in data distribution across domains.

The linguistic characteristics of domain-specific texts, in this case immunotherapy-
related news articles and scientific publications, are characterized by traits such as
specialized vocabulary and medical terminology. Consequently, these characteristics
differ significantly from those of everyday language. These domain shifts can lead to
lower performance when using general-domain language models on specialized texts.
Domain adaptation, in other words, refers to the process of retraining or fine-tuning a
language model on domain-specific corpora to bridge this gap.
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2.5.4 BioMed-RoBERTa

General pre-trained models, such as BERT and RoBERTa, may exhibit lower per-
formance in biomedical tasks due to differences in linguistic characteristics in their
pre-training data. To address this issue, continued pre-training on domain-specific text
has emerged as a highly effective strategy. For example, the paper by Gururangan et al.
(2020) examines several methodologies for domain adaptation of the RoBERTa model.
The focus here is on BioMed-RoBERTa, due to the nature of the metaphor detection
and domain relevance classification tasks on immunotherapy texts in this thesis. The
methods mentioned in their paper describe both large-scale domain-specific pre-training
and task-specific strategies, designed to improve the model’s performance in biomedical
classification tasks by a targeted adaptation of its representations.

Domain-Adaptive Pre-training (DAPT) involves continuing RoBERTa pre-training
on a vast corpus of unlabeled biomedical texts. The corpora used include biomedical
articles from sources such as PubMed. This process utilizes the objective of Masked
Language Modeling (MLM), consistent with the original RoBERTa training procedure,
and involves approximately 12,500 steps, equivalent to a single pass over the target
corpora. The purpose of DAPT is to provide the model with domain-specific lexical
and structural knowledge to improve downstream task performance.

In addition to DAPT, the authors explore Task-Adaptive Pre-training (TAPT),
which involves pre-training the model further on unlabeled data directly relevant to
individual biomedical tasks, such as the RCT dataset. TAPT uses smaller task-specific
corpora, thus being computationally more efficient compared to DAPT. The method-
ology involves additional MLM training on this curated data, refining the model’s un-
derstanding of task-specific characteristics. The results demonstrate that TAPT often
approaches or surpasses the DAPT performance, particularly in low-resource settings.

The authors also investigate the combination of DAPT and TAPT through sequen-
tial application: first, DAPT is performed on a wide range of biomedical corpora,
followed by TAPT on non-labeled task-specific datasets. This strategy combines the
extensive domain expertise gained through DAPT and the precise task adaptation of
TAPT, resulting in better performance in various biomedical classification tasks.

In scenarios where large domain-specific corpora are unavailable or limited, the pa-
per proposes the use of data selection strategies. These methods involve automatically
identifying and sampling texts that are most relevant to the target task or domain,
thus optimizing the utility of limited data for effective pre-training.

The paper discusses the usefulness of BioMed-RoBERTa primarily in the context of
biomedical text classification tasks. It stresses that RoBERTa’s pre-training on biomed-
ical domain data, through DAPT and TAPT, significantly improves performance on
various biomedical NLP tasks, such as document classification and clinical note anal-
ysis. The authors emphasize that such domain-adapted models can better understand
the domain-specific language, terminology, and structures typical in biomedical texts,
thus enabling more accurate and reliable information extraction, classification, and
question-answering in biomedical domains.



Chapter 3

Dataset

This chapter outlines the data resources developed and utilized to investigate topic-
specific metaphor detection within a specialized domain, given the constraints of limited
annotated data. At the beginning of this research, the primary available resources were
the VU Amsterdam Metaphor Corpus (Steen et al., 2010), created using the MIPVU
Metaphor Identification Procedure, and a small set of immunotherapy-related signaled
metaphor examples previously compiled by Bos et al. (2025). The MIPVU frame-
work offers a clear linguistic protocol for identifying metaphorically used words, while
the signaled metaphor examples provide a domain-specific starting point for exploring
characteristic metaphor patterns within the target corpus.

Although valuable as methodological foundations, these resources alone were in-
sufficient to train and evaluate an automatic detection system tailored to the field of
immunotherapy. Consequently, the principal aim of the methodological work was to de-
velop an approach that could achieve reliable topic-specific metaphor detection despite
the scarcity of annotated data. To this end, the research pursued two complementary
strategies:

1. Incrementally extending the available data through targeted manual annotation,
focusing on examples relevant to the chosen domain and topic;

2. Designing and evaluating automatic detection models that make optimal use of
both the original and newly annotated texts.

The datasets described in this chapter were therefore constructed with distinct but
interrelated purposes: each supports a specific aspect of developing and validating
an automatic, domain-adapted metaphor detection system under resource constraints.
The following sections detail the composition, annotation principles, and intended roles
of each dataset within the broader experimental framework and illustrate how general-
purpose linguistic protocols can be adapted and extended for effective use in a special-
ized biomedical context.

To accommodate these goals, data preparation followed four key steps: (1) splitting
the manually annotated corpus into train and test sets for metaphor detection in a med-
ical context; (2) preprocessing the original signaled metaphors into a token-level version
suitable for NLP; (3) compiling a focused sentence-level dataset combining immuno-
therapy and VUA metaphors to test domain relevance; and (4) collecting automatically
predicted metaphorical tokens for error analysis and qualitative insights.

13
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3.1 Immunotherapy Metaphor Dataset

The dataset used in this thesis, referred to as the Immunotherapy Metaphor Dataset,
was compiled as part of the study by Bos et al. (2025), introduced in the previous
section. The study compiled two datasets consisting of 1,425 scientific articles and
2,650 newspaper articles about immunotherapy. These texts were reduced to a total of
358 scientific publications and news articles after the metaphor identification process. In
these texts, 510 text fragments containing signaled metaphors were identified. These
metaphors represent 210 different metaphorical words from 23 metaphorical source
domains. The metaphors were categorized according to the aspects of immunotherapy
they described, such as the workings of immunotherapy and its role or function.

Looking at how immunotherapy metaphors are used in both scientific and non-
scientific contexts was achieved by sampling news articles and scientific publications
and by identifying explicit (signaled) metaphors, such as ’tumor cells that can serve as
targets’. Each text is accompanied by annotations identifying words that are used
metaphorically and specifications about their source domains (e.g., war, journey).
These annotations were manually curated by the authors using AntConc to locate the
signal words. To determine whether a word was used metaphorically, the annotators
compared its contextual meaning with its most basic concrete sense using dictionary
entries from the Macmillan Dictionary, Merriam-Webster, and the Longman Dictionary
of Contemporary English Online.

During this process, 510 metaphorical words related to immunotherapy were iden-
tified and marked. Of these metaphors, 209 were found in news articles and 301 in
scientific publications. The most commonly used frames were WAR, PERSON, JOUR-
NEY, BUSINESS & FINANCE, and PEOPLE’S ACTIONS, STATES & PROCESSES.
The least used frames were FOOD & DRINKS, SPACE, COMPUTER, DISTANCE,
and EDUCATION. These frames were identified by taking signaled metaphors and de-
termining their relevance to immunotherapy and were decided based on the UCREL
semantic analysis system (Piao et al., 2015). The annotators also categorized which
aspects of immunotherapy the metaphors described, for example, the role or function
of immunotherapy and medical condition.

3.2 MIPVU

The MIPVU (Metaphor Identification Procedure Vrije Universiteit) framework, as de-
scribed by Steen et al. (2010), extends the original MIP (Crisp et al., 2007) into a
systematic, replicable protocol for annotating metaphorically used words in authentic
discourse. MIPVU provides detailed operational guidelines for determining the contex-
tual and more basic meanings of lexical units, thereby ensuring that metaphor identifi-
cation is grounded in explicit linguistic analysis rather than impressionistic judgments.

The original MIPVU corpus consists of a subset of the British National Corpus
(BNC), covering various text genres such as news reports, academic prose, fiction, and
conversational data. Within this corpus, metaphorical language is identified at the
word level: each lexical unit is examined to ascertain whether its contextual mean-
ing contrasts with a more basic, concrete meaning and whether this contrast can be
understood by comparison, thus signaling metaphoricity.

The annotation procedure for the VUA Metaphor Corpus adhered to the MIPVU
protocol, ensuring systematic and replicable identification of metaphorically used words
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across a wide range of text genres. The annotators first segmented the texts into lexical
units, applying part-of-speech tagging consistent with the protocol guidelines. For each
lexical unit, the annotators determined its contextual meaning within the discourse
and identified a more basic and concrete meaning, firstly based on the Macmillan
Dictionary and, in cases where definitions were unavailable, the Longman Dictionary
of Contemporary English to ensure consistency in sense differentiation.

A lexical unit was annotated as metaphorical if its contextual meaning differed
from its more basic meaning but could be understood via a conceptual comparison
between the two meanings, in accordance with the theoretical premises of the MIPVU
framework.

Through this procedure, the VUA Metaphor Corpus provides an extensive and
carefully annotated resource covering multiple registers, including news discourse, aca-
demic writing, fiction, and conversational data. Its systematic methodology has made
it an indispensable benchmark for the development of automatic metaphor detection
systems.

Building on this foundational resource, the present study used MIPVU both as an
annotation guideline and as a reference point for developing domain-specific metaphor
detection. Given that the target domain differs from the general English represented
in the BNC, additional annotations were carried out on a selection of domain-relevant
texts.

The following types of metaphor are defined in the MIPVU and used in the anno-
tation of the VUA Metaphor Corpus.

Indirect Metaphor

These are the most frequent types in the corpus. An indirect metaphor occurs when a
word or phrase is used in a way that contrasts with its more concrete or basic meaning,
but without an explicit metaphor marker.

’The treatment attacks cancer cells.’

Here, attacks has a basic military meaning (e.g., ’soldiers attacking’), but in this
context it is used figuratively to describe how a therapy works on cancer cells.

Implicit Metaphor

An implicit metaphor relies on an implied comparison that is only clear when its con-
nection to a previous part of the discourse is understood. There is no overt metaphorical
word, but the idea is sustained through context.

’Naturally, beginning such a fight does not necessarily mean that you’ll see it
through to remission.’

Here, it inherits the metaphorical framing of fight, but it is not directly stated. It
is inferred from earlier discourse.

Direct Metaphor

In direct or explicit metaphors, the figurative comparison is made clearly, often marked
with words such as like, or in quotation marks.

’Immunotherapy was like a long journey.’

This is a direct metaphor, as journey is explicitly used to compare immunotherapy
to a trip.
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3.3 Annotations

As the Immunotherapy Metaphor Dataset contained annotations of only explicit (sig-
naled) metaphors, a small sample of the data was selected for a complete metaphor
identification process following the MIPVU procedure. A fully annotated sample of the
data was needed to conduct an initial evaluation of the selected metaphor detection
models, in order to determine whether their performance was adequate or if further
fine-tuning was necessary.

Firstly, after reviewing the full texts in a raw txt format, two news articles and three
scientific publications were selected. For diversity purposes, only the abstracts of the
scientific texts were included in the fully annotated dataset, so that a larger number
of texts could be added to the test set. Five texts were selected to reflect a range
of subjects and vocabulary, to the extent allowed by the immunotherapy context. In
particular, the two news articles were chosen for their more narrative-driven style, which
was expected to provide a richer variety of metaphorical words. The three scientific
articles were not expected to be as rich in metaphors as the news articles, especially
since they developed scientific presentations of findings, which is another reason why
the abstracts were the only parts that were annotated.

The annotation process followed the guidelines of the MIPVU procedure. It was
performed on a token level and only targeted context words. Subsequently, the following
spaCy parts of speech were excluded from the checks: adposition, auxiliary, coordinat-
ing conjunction, determiner, numeral, particle, pronoun, proper name, punctuation,
subordinating conjunction, space, symbol, and other.

Annotations were performed by me in all texts, with help from two student assis-
tants for inter-annotator agreement purposes. The two student assistants are Master’s
students at VU Amsterdam, with training and experience with the MIPVU procedure
and annotation guidelines. Their studies and background are Linguistics, specifically
Text Mining and Forensic Linguistics.

The preprocessing included tokenization of the raw texts with spaCy information
that was written in Excel format to facilitate annotations. The texts were divided
between the two student assistants, who annotated a similar number of tokens. An-
notation tasks included news articles and scientific publication abstracts; to optimize
time, the workload was divided among annotators.

Text Title Tokens Identified
Metaphors

Relevant
Metaphors

Annotators

‘The grief counsellor walked into my
family’s life like Mary Poppins’

1,520 106 18 3

A perspective on the impact of radia-
tion therapy on the immune rheostat

217 20 10 2

A SKIN CANCER WONDER CURE;
Survival rates up to 94% in drug trial

562 33 8 3

Science, medicine, and the future:
Lung cancer

107 5 1 2

Setting the scene: a future ‘epidemic’
of immune-related adverse events in
association with checkpoint inhibitor
therapy

92 12 5 2

Total 2,498 176 42 3

Table 3.1: Annotated texts with token counts, identified metaphors, relevant
metaphors, and number of annotators.
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Text Title Annotator-
1 vs
Annotator-
3

Annotator-
1 vs
Annotator-
2

Annotator-
3 vs
Annotator-
2

Average Co-
hen’s Kappa

Krippendorff’s
Alpha

‘The grief counsellor
walked into my family’s
life like Mary Poppins’

0.583 Not Applica-
ble

0.629 0.606 0.606

A perspective on the im-
pact of radiation therapy
on the immune rheostat

0.597 Not Applica-
ble

Not Applica-
ble

0.597 0.595

A SKIN CANCER
WONDER CURE; Sur-
vival rates up to 94% in
drug trial

0.606 0.628 0.647 0.627 0.621

Science, medicine, and
the future: Lung cancer

Not Applica-
ble

Not Applica-
ble

0.692 0.692 0.692

Setting the scene: a
future ‘epidemic’ of
immune- related adverse
events in association
with checkpoint in-
hibitor therapy

Not Applica-
ble

Not Applica-
ble

0.654 0.654 0.654

Table 3.2: Inter-annotator agreement scores (Cohen’s Kappa and Krippendorff’s Alpha)
for metaphor annotation across texts.

Each annotator worked independently on the files and annotated on a token-by-
token basis. Initially, each token’s automatically assigned part of speech was checked,
and if it fell on the previously mentioned part of speech categories, it was immediately
categorized as non-metaphorical. For all other words, the MIPVU procedure was fol-
lowed by identifying the meaning of the word in the specific context of the text at hand
and comparing the concreteness of that meaning with the most basic meaning available
in the dictionary. The Longman Dictionary of Contemporary English Online was used
for this process (Longman, 2014).

All annotators were required to provide a justification based on the dictionary and
their personal judgment as to why they marked a word as metaphorical. This helped
defend their decision during the weekly meetings that were dedicated to the immuno-
therapy annotations in case a disagreement occurred.

The first stage of annotation consisted of the complete annotation of all context
words. The relation of words with the immunotherapy context was not taken into ac-
count. Inter-annotator agreement was measured using both pairwise Cohen’s Kappa
and Krippendorff’s Alpha. The results, as seen in Table 3.2 indicate moderate to sub-
stantial agreement, though slightly below the commonly accepted threshold of 0.67
for Krippendorff’s Alpha. Although the given metaphor annotation framework signif-
icantly limits disagreements, the subjective nature of metaphor identification and the
specific domain of the texts made the annotation process quite challenging.

3.4 Challenges

Applying the MIPVU protocol to a new specialized domain revealed several interesting
challenges that illustrate why metaphor detection in topic-specific contexts is far from
trivial. Although MIPVU provides a clear procedure for identifying metaphorically
used words, using it outside its original, general-purpose setting raised questions about
how strictly it should be followed and how much flexibility annotators should have
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when interpreting meanings.

This makes the task harder because, in specialized domains, figurative patterns
tend to be subtle and reused, which can blur the line between literal and metaphorical
use. In the case of health and medical reporting, common metaphors frequently draw
on conceptual frames such as miracles, warfare, and journeys, which can be subtle and
conventional, but still important for understanding how the topic is framed for the
reader.

Several notable cases emerged during the annotation process. One particularly dif-
ficult example was the word wonder in the headline ’A SKIN CANCER WONDER
CURE.’ This instance came up at the very beginning of the annotation work and
sparked a debate about how it should be treated based on available dictionary def-
initions. According to the Longman Dictionary of Contemporary English, the only
entry for wonder was ’something that makes you feel surprise and admiration.’ How-
ever, other dictionaries, such as Merriam-Webster, list an additional sense, ’miracle,’
which would qualify as metaphorical according to MIPVU. This created controversy
over whether such examples should be included. In the end, it was decided that using
one consistent dictionary, in this case Longman, would ensure a clear workflow and
minimize disagreements among annotators.

An important insight from this process is that the choice of dictionary can directly
influence which words are annotated as metaphorical and which are not. When differ-
ent dictionaries list different senses for the same word, annotators may reach different
conclusions about whether a meaning contrast exists and whether a word meets the
MIPVU criteria. This means that even when using the same procedure, the final anno-
tations, and consequently any automatic systems trained on them, can vary depending
on which lexical resource is used as the point of reference. For this reason, establish-
ing and consistently following a single dictionary was essential in this study to ensure
coherence and comparability across annotations.

Other challenges involved words that were quickly dismissed by more than one
annotator because they seemed too basic to be worth considering, but which actually
did have multiple senses in the dictionary and could be marked as metaphorical. For
example, the word ’thing’ is one of the most common words in English, but when used
in the sense of ’idea’ rather than ’object,’ it arguably functions metaphorically because
its contextual meaning extends beyond its more basic physical sense.

These examples show that when the MIPVU procedure is applied in a new domain,
metaphor identification can become more subtle and open to interpretation than it
might be in general language. In this specific domain, metaphors often revolve around
concepts such as miracles, cures, battles, and journeys, which means that annotators
need to find balance between following the protocol step by step and recognizing how
certain figurative patterns commonly appear in this type of discourse.

In general, these challenges highlight that even with a clear protocol, the detec-
tion of domain-specific metaphors is inherently complex and requires careful decisions
about consistency, dictionary use, and the level of interpretive freedom allowed during
annotation.

3.5 Immunotherapy-related Metaphor Annotation

In order to proceed with immunotherapy-related metaphor identification, fully anno-
tated texts, which include explicit and implicit metaphors of all domains and topics, are
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then carefully considered to establish a preliminary framework for determining which
metaphors cover topics that are relevant to immunotherapy.

The first attempt at annotating this part of the dataset was intuition-based, that
is, questions such as whether this word describes a disease, a treatment, or a biological
concept, whether such medical concepts are explicitly mentioned directly before and
after this word, and whether this word could easily be used in a variety of concepts
without having a strong tie to one of them, were raised. For example, words such as
’fight cancer’, ’aggressive forms of the disease’, and ’victims’ were easily marked as
domain-specific. They clearly talk about cancer, the way it is presented, how it can be
treated, and the losses that it causes, therefore they were marked as immunotherapy-
related without a doubt. On the contrary, ’further results’, ’He added’, and ’that’s
an important thing to say’ were marked as unrelated to immunotherapy, as they can
be used in any context and do not present specific ties to the topic. They also do not
affect the public’s perception on cancer or its potential treatment, therefore they are
considered as too generic to be marked.

However, certain cases were more difficult to categorize. For example, ’uncovered
results’ and ’the study found’ both mention scientific methods used to study and
improve cancer treatments. Although they directly concern immunotherapy, they are
not particularly related to this concept. These cases showcased the need to apply the
annotation criteria more strictly. Specifically, when only some of the conditions were
met, such as reference to the concept of immunotherapy, its perceived impact, or a
strong connection to medicine, it became necessary to develop a clearer framework and
establish priorities to resolve such ambiguities.

A possible solution to this issue could be to consider the immediate context of these
metaphors. Specifically, if the same sentence contains terms that are directly related to
immunotherapy, such as ’cancer’ or ’clinical trial’, and the metaphorical word affects
the perception of the public, it can be considered immunotherapy-related, as in the
example ’uncovered results’. This metaphorical word, although it can be used in a
variety of contexts, refers to results that occurred in a clinical trial that aims to find
ways on how to direct the body’s immune system towards fighting cancer. The word
itself most likely does not cause particular reactions or thoughts to the general public,
however, when combined with clinical trial results that could potentially cure cancer,
it could lead to feelings of hope for the readers of this particular article and falls within
the margins of immunotherapy-related context.

Another possibility that occurred was to create a third category, i.e. words that fit
the scientific context, but are not necessarily immunotherapy related. The borderline
examples mentioned above could fit this category, as they concern subjects such as study
results and findings, which, in this context, explain facts related to immunotherapy,
but are not necessarily related to this domain. However, this would require additional
examples that are sufficiently similar to these borderline cases in order to proceed with
further training of a potential classifier that identifies all three metaphor categories.

Ultimately, since the dataset was modified for NLP purposes, the annotation process
regarding the relevance of a word to immunotherapy was limited to its direct link to
immunotherapy. For example, the metaphor would need to fall under the umbrella of
science communication, that is, explain a medical concept in simple terms and directly
impact the readers’ perception of it with this particular choice of words.
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3.6 Data Preparation

To accommodate the available data and the scope of this project, four steps of data
preparation are needed, each serving a specific purpose in the overall experimental
framework. Firstly, the manual annotations derived from the txt files available in the
original data are split into train and test sets. This version is used to evaluate the
classifiers’ ability to detect metaphors in a medical context, based on manually verified
examples.

Since the original dataset was not created for NLP purposes, preprocessing is re-
quired to convert it into a suitable format for token-level classification. In this step,
the metaphorical word is located, its surrounding text is matched to the corresponding
txt file in the directory, and then the text is tokenized and written to a tsv file, with an
additional column indicating whether each token is metaphorical or not. This version
is primarily used for measuring recall on explicit metaphors only, as only the signaled
metaphors are positively marked in this format.

In addition to this full-text token-level version, a more focused version is created
that contains only the sentences that include metaphors. This sentence-level version
combines immunotherapy sentences with signaled metaphors, sentences extracted from
the VUA Metaphor Corpus (which contains both explicit and implicit metaphors), and
sentences from the fully annotated immunotherapy texts. The 120 signaled metaphors
from the VUA corpus are split into train, development, and test sets and integrated
with the rest of the files. This version is primarily used for measuring recall on explicit
metaphors only, because it only includes positive labels for the signaled metaphors
found during manual annotation, while all other tokens are treated as non-metaphorical
by default. This setup allows for an assessment of how many true metaphorical tokens
the model can retrieve, but it does not allow the measurement of precision, since not
all possible metaphors in the text were exhaustively annotated.

Finally, a fourth version gathers the sentences with tokens that were predicted as
metaphorical by the first two classifiers. This version is used to analyze the performance
of the models beyond manual annotations. It provides insight into how many predicted
metaphors belong to the immunotherapy-relevant class and supports a qualitative anal-
ysis of the kinds of metaphors detected automatically, as well as their usefulness in
describing immunotherapy-related phenomena.

It should be noted that all training, development, and test splits followed a 60/20/20
ratio.



Chapter 4

Methods

The purpose of this thesis is to evaluate whether models trained for metaphor detection
can be outperformed by models with domain-specific pre-training, with a particular fo-
cus on the field of immunotherapy. In order to approach this question systematically,
the overall metaphor detection task is conceptualized in two distinct but closely asso-
ciated steps. The first step involves identifying all metaphorical tokens present in the
text, regardless of the topic. In the second step, those metaphorical tokens are then
filtered to determine which are specifically relevant to the domain of immunotherapy.

The initial stage of evaluation includes the selection of potential models suitable
for metaphor classification. These models are required to be publicly available and
demonstrate performance comparable to current state-of-the-art standards for general
metaphor detection. Once the models are implemented and their performance on the
broad metaphor class is assessed, additional steps involve fine-tuning, where necessary,
and implementing a secondary classifier to detect domain relevance within the set of
metaphors extracted in the first step.

To address both parts of this pipeline, BioMed-RoBERTa is chosen as the domain-
specific pre-trained language model and compared to XLM-RoBERTa for the general
metaphor detection task. To evaluate domain relevance classification, a fine-tuned
BERT model was used along with a Logistic Regression baseline. Although any modern
transformer-based model (e.g. RoBERTa or DistilBERT) could have been suitable for
this task, BERT was chosen simply because it is a reliable and well-understood model
with strong performance. The method would likely generalize similarly with other
transformer architectures.

This chapter provides details on the full experimental setup, including model selec-
tion, training configurations, and the two-step pipeline for detecting and categorizing
metaphors. The final sections explain the evaluation strategy for each step separately,
as well as for the end-to-end system, and demonstrate what this two-fold approach offers
regarding the challenges of domain-specific metaphor detection under limited resource
conditions.

4.1 Model Architecture

In both steps of this thesis, transformer models are used for metaphor detection and
domain-relevance classification.

Specifically, the models used are:

21
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1. XLM-RoBERTa

2. BioMed-RoBERTa-base

3. bert-base-uncased

For the second step, which involves determining whether a metaphor is relevant to
immunotherapy, a Logistic Regression classifier is included as a simple baseline and is
compared to a transformer-based classifier (bert-base-uncased).

4.1.1 Transformer Models

Transformer models are large language models that go beyond capturing syntactic
information. Language input is represented as embeddings, that is, high-dimensional
vectors, which allow them to model various aspects of natural language.

BERT and XLM-RoBERTa

BERT is a transformer model that utilizes only the encoder architecture. It is pre-
trained on masked language modeling and next sentence prediction, processes that
are carried out on a vast amount of text data (Devlin et al., 2019). XLM-R is a
transformer-based multilingual masked language model trained on 100 languages using
more than two terabytes of filtered data from the CommonCrawl corpus (Conneau
et al., 2020). Inspired by developments such as RoBERTa, XLM-R is trained without
the next sentence prediction task and uses extended training on a larger and more
diverse dataset. Training involves significantly larger batch sizes, specifically up to
8,192, and more than 500,000 updates, which contribute to its improved performance.
The model’s large vocabulary and extensive multilingual data enable it to generate
high-quality representations in a wide range of languages, leading to state-of-the-art
results on various cross-lingual benchmarks, including XNLI, MLQA, and NER tasks.

BioMed-RoBERTa

BioMed-RoBERTa, developed by Gururangan et al. (2020), is a domain-adapted vari-
ant of the RoBERTa-base language model pre-trained for biomedical NLP tasks. It
is created with continuous pre-training of the RoBERTa-base model on a large-scale
collection of biomedical texts, specifically 2.68 million full-text scientific papers from
the Semantic Scholar corpus. Unlike datasets that only include abstracts, this corpus
contains complete articles, amounting to around 7.55 billion tokens or 47 GB of text.

The model architecture is identical to RoBERTa-base, consisting of 12 transformer
layers, each with 12 attention heads and a hidden size of 768, totaling approximately
125 million parameters. Pre-training utilizes the masked language modeling task and
does not include the next sentence prediction task, consistent with RoBERTa’s original
training strategy. This continued pre-training helps the model to learn domain-specific
language patterns and vocabulary commonly found in biomedical literature.

4.1.2 Logistic Regression

Logistic Regression is a simple classification algorithm that models the probability of a
given input belonging to a particular class. In the context of binary classification tasks,
such as determining whether a token is related to immunotherapy, logistic regression
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learns a set of weights for input features that best separate the two classes. During
training, the model adjusts its weights to minimize the error between predicted and
actual labels using a loss function (Jurafsky and Martin, 2025).

4.2 Experimental Design

This section outlines the intuition behind the use of the models described above, fol-
lowed by details of the experimental design, parameter tuning, and evaluation metrics
used.

4.2.1 Tasks Overview

The experimental design addresses two interconnected tasks. The first task, Metaphor
Detection, aims to distinguish metaphorical from literal expressions within domain-
specific texts, using both a general-domain and a domain-adapted RoBERTa model.
The second task, Domain Relevance Classification, determines whether a given meta-
phorical expression is relevant to the domain of immunotherapy. This two-level setup
makes it possible to develop a pipeline that first identifies metaphorical language and
then assesses its domain specificity, allowing for an analysis of how domain adaptation
affects overall performance.

4.2.2 Data

Both the metaphor detection and domain relevance classification tasks use data derived
from two primary sources:

• the VUA Metaphor Corpus, and

• the Immunotherapy Metaphor Dataset.

Each task uses specific dataset splits for training and evaluation, structured to test
performance under different conditions and to adjust to specific annotation patterns.
An overview of the individual datasets used, their role in the pipeline, and how they
help in the assessment process is provided below.

Both tasks make use of data derived from the two previously mentioned sources.
For metaphor detection, both XLM-RoBERTa and BioMed-RoBERTa are fine-tuned
and are initially evaluated only on the VUA Metaphor Corpus.

(A) Annotated Immunotherapy Subset A small, high-quality dataset consisting
of five fully annotated immunotherapy-related texts, manually labeled for metaphorical
and literal tokens. Of these, two are reserved for training and three for testing in the
metaphor detection step.

It is initially used in the Metaphor Detection testing phase, as shown in Fig. 4.1
to evaluate how well fine-tuned XLM-R and BioMed-RoBERTa, metaphor detection
models trained on out-of-domain metaphors (from VUA), transfer to domain-specific
language. Its small size limits generalization; however, it allows for the complete eval-
uation of models in the domain of immunotherapy.

It is also used in the Domain Relevance Classification phase of the thesis, as shown
in Fig. 4.2, where it is transformed into a version where only sentences with at least
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one gold-labeled metaphor are incorporated. Sentences appear once for each annotated
metaphor they contain, producing multiple instances when multiple metaphors are
present. This version will be referred to as the Annotated Immunotherapy Subset
for Domain Relevance.
The texts used in the training stage are the following:

1. ‘The grief counsellor walked into my family’s life like Mary Poppins’

2. A perspective on the impact of radiation therapy on the immune rheostat

The texts used in the evaluation stage are the following:

1. A SKIN CANCER WONDER CURE; Survival rates up to 94% in drug trial

2. Science, medicine, and the future: Lung cancer

3. Setting the scene: a future ‘epidemic’ of immune-related adverse events in asso-
ciation with checkpoint inhibitor therapy

(B) Complete Immunotherapy Corpus A large domain-specific corpus com-
piled from full-length immunotherapy-related texts containing only annotated signaled
metaphors (i.e., metaphors explicitly indicated by words such as ’like’, ’as’, etc.). The
texts are derived from the Immunotherapy Metaphor Dataset.

It is used in the Metaphor Detection testing phase, as shown in Fig. 4.1, to evaluate
metaphor detection performance on a much broader and more varied set of real-world
domain-specific texts. In this version of the dataset, only immunotherapy-related sig-
naled metaphors are annotated, while unmarked metaphors may still be present but
are treated as literal due to lack of labels. Because the annotations are incomplete, the
evaluation is performed using recall alone. Precision and F1-score cannot be reliably
computed, as true negatives and false positives cannot be determined due to the lack
of annotations. Despite this limitation, recall is a reliable way to measure how well the
system recovers metaphorical expressions from partially labeled real-world data.

(C) Combined Relevance Corpus A sentence-level dataset constructed to train
and test the Domain Relevance Classifier. It includes:

• Sentences from the VUA Metaphor Corpus that contain at least one annotated
metaphor (explicit or implicit). The subset of 120 explicit metaphors is split into
training, development, and test sets for this task.

• sentences with explicit metaphors from the Complete Immunotherapy Corpus,
and

• the fully annotated texts from the Annotated Immunotherapy Subset.

Only sentences with at least one gold-labeled metaphor are included. Sentences are
repeated in the dataset so that each metaphorical token corresponds to a separate
instance, allowing the model to process multiple metaphor labels per sentence indepen-
dently.

It is used in the Domain Relevance Classification phase for training and testing, as
shown in Fig. 4.2. It evaluates whether a model can distinguish immunotherapy-related
metaphors from general-purpose ones.
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Figure 4.1: Metaphor Detection Pipeline

Figure 4.2: Domain Relevance Classification Pipeline

(D) Predicted Metaphor Corpus A dataset built by running the metaphor de-
tection models (XLM-RoBERTa and BioMed-RoBERTa) over the Annotated Immuno-
therapy Subset and collecting sentences containing predicted metaphorical tokens.

It is used to test the fully automatic pipeline, as shown in Fig. 4.3, which aims to
resemble a real-world scenario where annotated metaphors would not be available and
would need to be detected by a metaphor detection model before being passed to the
domain relevance classifier. It allows end-to-end evaluation of how well the pipeline re-
trieves domain-relevant metaphors in real-world data and supports qualitative analysis
of what types of metaphors are identified and how well they capture domain-specific
concepts. However, as it resembles realistic conditions, errors from the metaphor detec-
tion step are propagated forward, and relevance classifications are applied to potentially
noisy input.

4.2.3 Metaphor Detection

To compare the effect of domain-specific pre-training, BioMed-RoBERTa is fine-tuned
for the metaphor detection task using the same training setup as Wachowiak et al.
(2022). The goal is to research whether a model with pre-training on biomedical texts
can outperform a general-purpose multilingual model such as XLM-RoBERTa when
applied to a domain-specific setting. The original code provided by Wachowiak et al.
(2022) supports RoBERTa-based architectures, which allowed the substitution of XLM-
R with BioMed-RoBERTa for fine-tuning.

The XLM-RoBERTa model used in this thesis is the version fine-tuned by Wa-



26 CHAPTER 4. METHODS

Figure 4.3: Full Pipeline: from Metaphor Detection to Domain Relevance Classification

chowiak et al. (2022), trained with a learning rate of 2e-5 for eight epochs. The best-
performing model based on validation was selected using the same train-test split as
in the original experiment, with 10% of the training data held out for validation. This
model was chosen because of its availability and performance, which is comparable to
the best performing models of the Metaphor Detection Shared Task of 2020.

4.2.4 Domain Relevance Classification

This task aims to determine whether a metaphor identified in a given sentence is rel-
evant to the domain of immunotherapy. Given a sentence containing a metaphorical
expression (as detected in the first step of the pipeline), the goal is to classify the
metaphor as either domain-specific (i.e., related to immunotherapy) or general.

For example, in the sentence ’Her immune system is like a defense barrier,’ the
metaphor ’barrier’ is domain-specific: it describes a medical process and is directly
related to immunotherapy mechanisms. In contrast, a sentence such as ’The study
took a step forward in understanding the immune system’ contains a metaphor (’step’ )
that is generic and not specific to immunotherapy.

This classification task is based directly on the annotation framework developed for
this thesis, in which metaphors were considered domain-specific if they:

• Describe concepts such as disease, treatment, or biological mechanisms,

• Appear in contexts with explicit references to immunotherapy (e.g., ’immune
system’, ’cancer’),

• And/or influence how medical topics are perceived by a general audience.

This task is framed as a binary sentence-level classification problem, where each
instance includes one metaphor and its surrounding sentence, and the model must
determine whether that metaphor contributes to domain-specific scientific communica-
tion. The training material for both BERT and Logistic Regression (baseline) is the
Combined Relevance Corpus.
To illustrate how domain relevance classification works, consider the following sentence,
where each token is indexed starting at 0:

[These, drugs, are, associated, with, a, specific, mechanism, of, action,

that, has, profound, implications, for, both, immunology, and, inflammatory,

disease, .]
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Here, the target token index is 7 (’mechanism’), which is under consideration for
domain relevance classification. The corresponding label for this token is 1, indicating
that it is relevant to the immunotherapy domain. This means that the classifiers
should predict that the metaphorical token ’mechanism’ in this sentence contributes
meaningfully to the domain-specific context. Both models use the same setup and
datasets.

Baseline: Logistic Regression

As domain relevance classification is a binary classification task, a Logistic Regression
classifier is used as a baseline. Logistic Regression serves as a useful point of comparison
for evaluating the added value of more complex models such as transformer-based
architectures.

For each token marked as metaphorical, the classifier considers three simple fea-
tures: (1) the token itself, (2) the directed dependency path from the token to any
immunotherapy-related word in the sentence (if present), and (3) the immunotherapy-
related word itself. If no path is found, ’No Path - None’ is used as the path feature,
and ’no relevant tokens’ is assigned to the immunotherapy-related word feature. The
path and immunotherapy-related word features are kept separate to avoid sparsity. In
reality, combining them could lead to overly specific patterns, reducing the model’s
ability to generalize.

These features were selected based on the intuition that metaphors related to immu-
notherapy frequently involve references to immunotherapy concepts, such as ’cancer’ or
’autoimmune.’ The syntactic distance and dependency relations between a metaphor-
ical token and these domain-specific terms can provide valuable cues for determining
relevance. The assumption is that metaphorical expressions related to immunotherapy
concepts tend to exhibit similar dependency paths.

The list of immunotherapy-related terms used in this thesis was constructed by com-
bining two sources: (1) words that appeared frequently in the immunotherapy dataset,
such as cancer, tumor, and immunotherapy, and (2) relevant terminology extracted
from the Cancer Research Institute’s ImmunoGlossary (Cancer Research Institute).
To maintain generalizability and avoid sparsity, highly specific terms (e.g., rare cancer
types or gene variants) were excluded. Instead, the list focuses on broader concepts
such as immune cell types, treatment categories, and biological mechanisms. The list
can be found in the Appendix A.

The reliance of the Logistic Regression model on traditional features limits its ability
to capture deep semantic relations and context-dependent metaphorical uses. Moreover,
the use of a relatively small dataset increases the risk of overfitting, especially for
simpler models that lack mechanisms for capturing deeper contextual information. It
is highly likely that, given a larger and more complex dataset in a real-world scenario,
the performance of this model will be insufficient.

BERT

To complement the Logistic Regression baseline, a fine-tuned BERT model is used for
the task of domain relevance classification. Similarly to the baseline model, BERT
classifies at a token level and is fine-tuned to predict whether a given metaphorical
token is relevant to the domain of immunotherapy, based on its context within the
sentence.
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The setup mirrors that of the baseline: only tokens previously identified as meta-
phorical are evaluated, and all non-metaphorical tokens in the sentence are assigned
a special label of -100 to ensure that they are ignored during loss computation. This
setup focuses on the task of determining domain relevance within metaphorical expres-
sions, without the need to classify all tokens in a given sentence, thus eliminating noise
in predictions and unnecessary resources.

Unlike the Logistic Regression model, which relies on hand-crafted features, BERT
uses pre-trained embeddings and deep contextual information. This allows it to capture
lexical and syntactic cues without explicit feature engineering. During training, BERT
receives the full sentence as input and learns to classify only the metaphorical tokens
based on their context, benefiting from surrounding information.

This approach addresses one of the main limitations of the baseline model, which is
to generalize beyond traditional feature representations. As it does not rely on specific
lists of common immunotherapy-related words, BERT is expected to be more robust
to variations in sentence structure and more sensitive to cues that indicate relevance.

4.3 Evaluation

To assess the impact of domain-specific pre-training and the two-level classification
pipeline, both tasks are evaluated separately and in sequence. The overall evaluation
pipeline consists of two major components: (1) Metaphor Detection, where models
identify metaphorical tokens in context, and (2) Domain Relevance Classification, where
detected metaphors are classified as either immunotherapy-related or not. These steps
are designed with a real-world use scenario in mind, forming a complete end-to-end
pipeline for identifying domain-specific metaphorical language.

To quantify model performance, the standard F1-score is used, which is defined as
the harmonic mean of precision and recall, treating both metrics with equal importance:

F1 = 2 · Precision · Recall
Precision + Recall

Precision indicates how many of the tokens predicted as metaphorical are indeed
metaphorical according to the gold standard annotations. Precision for the metaphor
class is calculated as the number of true positives (TP ) divided by the total number of
tokens predicted as metaphorical, which includes both true positives and false positives
(FP ):

Precision =
TP

TP + FP

In the context of binary metaphor detection, a high precision score means the model
labels a token as metaphorical only when it is confident, thus minimizing false positives.

Recall, on the other hand, measures the model’s ability to identify all actual metaphors
present in the text. It is calculated as the number of true positives divided by the sum
of true positives and false negatives (FN):

Recall =
TP

TP + FN

A high recall score means that the model captures as many metaphorical instances
as possible, even at the risk of including some false positives.
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Together, precision and recall provide a balanced view of how well each model de-
tects metaphorical language. The F1-score combines them into a single metric, allowing
a straightforward comparison between models and experimental conditions (Manning
et al., 2008).

4.3.1 Metaphor Detection

To evaluate the extent to which domain-specific pre-training benefits metaphor detec-
tion, the performance of BioMed-RoBERTa is compared to that of the general-domain
XLM-RoBERTa model on the same classification task. Both models are fine-tuned to
distinguish metaphorical from non-metaphorical expressions, their only difference being
their pre-training data. The use of immunotherapy texts derived from news articles
and scientific publications makes this setting particularly suitable for testing whether
general-domain pre-training is suitable for the task or whether domain-adapted models
boost performance.

The metaphor detection models are evaluated on the Annotated Immunotherapy
Subset, a fully annotated dataset containing both explicit and implicit metaphor labels.
This dataset supports full evaluation using precision, recall, and F1-score, allowing for
a complete comparison between models.

Additionally, models are evaluated on the Complete Immunotherapy Corpus, which
contains only annotated signaled metaphors (i.e., metaphors explicitly marked with cue
words such as ’like’ or ’as’). Because unmarked metaphors are treated as literal due to
the lack of labels, precision and F1-score cannot be reliably computed. Therefore, only
recall is reported on this dataset. Using recall alone provides information on how well
each model recovers metaphorical expressions in real-world immunotherapy discourse
with incomplete annotations.

This follows standard practice for working with small amounts of data or incomplete
annotations. Each evaluation dataset is selected to match the characteristics of the task:
fully annotated texts allow for full metric calculation, while partially labeled datasets
can only support recall. This separation ensures that the models are assessed fairly
according to what each dataset can support.

This approach draws a well-rounded picture of how XLM-RoBERTa and BioMed-
RoBERTa perform in the immunotherapy domain. Keeping the fine-tuning process the
same for both models means that any differences in their results can be directly linked
to the impact of domain-specific pre-training. Overall, this setup offers a clear test of
whether pre-training on biomedical texts helps a model better detect metaphors in this
specialized context.

According to the results of the two RoBERTa classifiers described in Chapter 5,
it was determined that the metaphor class was adequately predicted by both models.
Consequently, the experimental setup of this thesis follows the route of targeted me-
taphor detection: the creation of a classifier which, given a metaphor and its context,
identifies whether the metaphor describes a domain-specific concept.

4.3.2 Relevance Classification

For Domain Relevance Classification, a baseline Logistic Regression classifier and a
fine-tuned BERT model are trained using the Combined Relevance Corpus. Both mod-
els are evaluated at a token level, using only the subset of metaphorical tokens given
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the context of the surrounding sentence. Performance is measured by precision, re-
call, and F1-score. In this task, positive examples are metaphorical tokens labeled as
immunotherapy-relevant, while negative examples are metaphorical tokens labeled as
not relevant to immunotherapy.

Evaluation is conducted on the test set of the Combined Relevance Corpus, which
includes metaphorically annotated tokens labeled for their relevance to immunotherapy.
This dataset was constructed specifically for this second-level classification task and
enables full metric calculation.

As a secondary evaluation, the same metrics are applied only on the Annotated
Immunotherapy Subset for Domain Relevance. This smaller set ensures consistency in
comparison and helps clarify whether the mixed training data (VUA + immunotherapy)
of the Combined Relevance Corpus is sufficient for models to learn the distinction
between general and domain-specific metaphors in real-world biomedical texts. The
inclusion of the VUA corpus ensures that the model is exposed to a wide variety of
general-domain metaphors that are not relevant to immunotherapy. This contrast is
essential for the models to learn to differentiate domain-specific metaphors from general
ones.

The results of this stage, along with those from metaphor detection, form the basis
for evaluating the ability of the entire pipeline to extract domain-relevant metaphorical
expressions from real-world biomedical discourse.

4.3.3 Full pipeline: from Metaphor Detection to Domain Relevance
Classification

To perform this end-to-end evaluation, the same metrics are applied to the tokens iden-
tified as metaphorical by the metaphor detection models in the three immunotherapy
texts. These predicted metaphor tokens, along with their sentences, are saved to a
new file and passed to the second level of classification, thus forming the Predicted
Metaphor Corpus. Evaluating in these circumstances ensures that the practical utility
of the models can be tested in settings that reflect real-world usage. As gold labels
are likely to be unavailable in real-world settings, a qualitative analysis of predicted
metaphor tokens, including how relevant they are to immunotherapy, is an important
part of assessing the models’ practical usefulness.

In this step of the evaluation, the effectiveness of the full pipeline is measured
from metaphor detection to domain relevance classification. Here, the final output is
compared to the gold metaphors for the entire Annotated Immunotherapy Subset, not
just the ones predicted by the model.

To do this, each token is matched to the gold annotations and each token predicted
by the pipeline (excluding predefined irrelevant parts-of-speech such as punctuation,
conjunctions, determiners, etc.). Any gold metaphor that was never predicted at all is
added to the false negatives, directly penalizing the pipeline for missing metaphors at
the detection stage. Then, the evaluation continues to whether the predicted metaphors
were correctly classified as relevant or irrelevant. This end-to-end metric reflects the
real-world scenario in which a missed metaphor is equally as problematic as a misclas-
sified relevance.

Additionally, the total number of gold metaphors (filtered by POS), the total num-
ber of metaphors predicted by the pipeline, and the number of gold metaphors that
were completely missed (false negatives) are tracked throughout this process.
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END-TO-END: Metaphor Detection + Do-
main Relevance

TP Correctly detected and relevant

FP Predicted relevant but not gold metaphor

FN Missed gold metaphor or misclassified as irrelevant

TN Correctly identified as irrelevant or not predicted

Table 4.1: Correspondence between classifications and their meaning in the end-to-end
evaluation.
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Chapter 5

Results

This chapter presents a comprehensive evaluation of metaphor detection performance
in the different models used in the experimentation phase of this thesis. Firstly, the
results of fine-tuning and testing of XLM-RoBERTa by Wachowiak et al. (2022) and
BioMed-RoBERTa on the VUA Metaphor Corpus are presented in Sub-section 5.1.1.
Then, XLM-RoBERTa and BioMed-RoBERTa’s performances are evaluated on the
Annotated Immunotherapy Subset (Sub-section 5.1.2), followed by a comparison of only
recall between the two models on the Complete Immunotherapy Corpus (Sub-section
5.1.3. The goal is to assess whether domain-specific pre-training on biomedical texts
offers any advantage over a general-purpose multilingual model in detecting metaphoric
language, particularly in health-related contexts.

Next, the performance of a Logistic Regression classifier and a BERT classifier
are evaluated based on the ability to classify metaphors in relation to whether they
are used to describe an immunotherapy-related concept. The evaluation process is
performed on the Combined Relevance Corpus (Sub-section 5.2.1, as well as on the
Annotated Immunotherapy Subset for Domain Relevance (Sub-section 5.2.2. This two-
fold evaluation aims to determine whether a model could identify relevance to a domain-
specific concept.

Finally, the results of an end-to-end evaluation of the complete pipeline are pre-
sented in Sub-section 5.2.3. The predictions of both metaphor detection models (XLM-
RoBERTa and BioMed-RoBERTa) are passed to the domain relevance classifier (BERT),
so that a real-world scenario is simulated with the Predicted Metaphor Corpus, where
annotations of metaphoricity and domain relevance are unavailable.

5.1 Metaphor Detection

5.1.1 VUA Metaphor Corpus

Table 5.1 presents the performance of XLM-RoBERTa, as reported by Wachowiak et al.
(2022), alongside BioMed-RoBERTa trained as part of this thesis. Both models were
evaluated on the VUA Metaphor Corpus under the same training conditions, with the
pre-training domain being the only differentiating factor. The results show that both
models perform very strongly on Literal tokens, with identical F1-scores of 0.97, and
only small differences in precision and recall. However, on Metaphorical tokens, there
are more notable differences: XLM-RoBERTa achieves slightly higher precision (0.82
vs. 0.80), while BioMed-RoBERTa achieves better recall (0.75 vs. 0.71), resulting in a
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Precision
XLM-R / BioMed

Recall
XLM-R / BioMed

F1-Score
XLM-R / BioMed

Support

Literal 0.96 / 0.97 0.98 / 0.98 0.97 / 0.97 51,540

Metaphorical 0.82 / 0.80 0.71 / 0.75 0.76 / 0.78 6,819

Table 5.1: Classification report comparing XLM-RoBERTa (XLM-R) and BioMed-
RoBERTa (BioMed) on metaphor detection on the VUA test set. Metrics are presented
as XLM-R / BioMed.

small F1-score advantage for BioMed (0.78 vs. 0.76).

These results suggest that while domain-specific pre-training does not drastically
outperform general-domain pre-training in metaphor detection, BioMed-RoBERTa shows
slightly more balanced performance, especially in identifying a wider range of metaphors
(higher recall). This could indicate a slight benefit from its exposure to scientific lan-
guage, even in a general-domain metaphor task.

However, it remains unclear whether the performance of BioMed-RoBERTa is better
due to its domain-specific pre-training on biomedical texts or differences in architecture
that make it more efficient on metaphor detection. Additional experiments that isolate
these factors would be required to identify the source of improvement.

5.1.2 Annotated Immunotherapy Subset

Table 5.2 presents a side-by-side comparison of XLM-RoBERTa and BioMed-RoBERTa
in the metaphor detection task.

Both models perform very well on the Literal class, with high precision and re-
call values. XLM-RoBERTa achieves an F1-score of 0.911, while BioMed-RoBERTa
achieves 0.910, although it slightly trades off recall for higher precision.

For the Metaphorical class, performance is lower in both models, which is typical
for minority classes in imbalanced datasets. XLM-RoBERTa reaches a precision of
0.383 and recall of 0.360 (F1-score: 0.371), while BioMed-RoBERTa offers a slightly
more balanced trade-off with precision 0.392 and higher recall at 0.400, leading to an
F1-score of 0.396.

BioMed-RoBERTa achieves slightly higher macro and weighted average F1-scores
(macro: 0.641 vs 0.653, weighted: 0.842 vs. 0.844), suggesting it may better handle
the minority class without significantly sacrificing overall performance.

Precision
XLM-R / BioMed

Recall
XLM-R / BioMed

F1-Score
XLM-R / BioMed

Support

Literal 0.907 / 0.912 0.915 / 0.909 0.911 / 0.910 340

Metaphorical 0.383 / 0.392 0.360 / 0.400 0.371 / 0.396 50

Macro Avg 0.645 / 0.652 0.637 / 0.654 0.641 / 0.653 390

Weighted Avg 0.840 / 0.845 0.844 / 0.844 0.842 / 0.844 390

Table 5.2: Classification report comparing XLM-RoBERTa (XLM-R) and BioMed-
RoBERTa (BioMed) on metaphor detection. Metrics are presented as XLM-R /
BioMed.
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5.1.3 Complete Immunotherapy Corpus

Model Recall

XLM-RoBERTa 0.475

BioMed-RoBERTa 0.581

Table 5.3: Recall scores for XLM-RoBERTa and BioMed-RoBERTa on the Com-
plete Immunotherapy Corpus, which contains only *explicit* metaphor annota-
tions. Since implicit metaphors are unlabeled, only recall can be calculated.

Testing on this dataset based on recall produced results of 0.475 (XLM-RoBERTa)
and 0.581 (BioMed-RoBERTa), as shown in Table 5.3. The difference in recall be-
tween the two models reflects the influence of pre-training data on metaphor detection
performance. XLM-RoBERTa, designed as a general-purpose model, lacks special-
ized exposure to medical language. In contrast, BioMed-RoBERTa is pre-trained on
domain-specific corpora, thus may be more capable to determine whether a token is
used metaphorically to describe a medical concept. This likely contributes to its better
recall, indicating better sensitivity to metaphorical cues within medical contexts.

5.2 Domain Relevance Classification

5.2.1 Combined Relevance Corpus

A comparison of Logistic Regression and BERT on the domain relevance classification
task shows differences in their performance. As shown in Table 5.4, Logistic Regression
achieves a respectable performance, with a strong ability to predict irrelevant tokens
(precision = 0.832, recall = 0.912, F1 = 0.870) and slightly lower performance on
relevant ones (precision = 0.880, recall = 0.779, F1 = 0.827). These results suggest
that the model is fairly capable at identifying immunotherapy-related metaphors in a
mixed dataset.

As expected, BERT outperforms Logistic Regression across all metrics. It achieves
more balanced precision and recall across both classes. For irrelevant instances, BERT
achieves a precision of 0.975 and a recall of 0.928 (F1 = 0.951), while for relevant
instances, the model reaches a precision of 0.918 and an even higher recall of 0.971
(F1 = 0.944). These results indicate that BERT not only maintains high precision in
detecting relevant metaphors but also exhibits a superior ability to retrieve nearly all
true positive cases, minimizing false negatives.

The macro and weighted average scores further demonstrate BERT’s advantage.
The macro F1-score reaches 0.947 and the weighted F1-score reaches 0.948, compared
to Logistic Regression’s macro and weighted F1-scores of 0.848 and 0.850, respectively.
This performance gap reflects the deeper contextual understanding of BERT, which
appears to be especially beneficial in capturing the linguistic cues that distinguish
metaphorical expressions relevant to the domain. However, it should be noted that
at this stage of evaluation, the noise introduced by the composition of the dataset (a
combination of the VUA Metaphor Corpus and the Immunotherapy Metaphor Dataset)
may contribute to the increased performance of both models. This can be explained by
the fact that, in this round of testing, the model mainly needs to distinguish metaphors
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that are present in medically relevant texts from metaphors that are found in texts of
other domains.

Precision
LogReg / BERT

Recall
LogReg / BERT

F1-Score
LogReg / BERT

Support

Irrelevant 0.832 / 0.975 0.912 / 0.928 0.870 / 0.951 125

Relevant 0.880 / 0.918 0.779 / 0.971 0.827 / 0.944 104

Macro Avg 0.856 / 0.946 0.845 / 0.950 0.848 / 0.947 229

Weighted Avg 0.854 / 0.949 0.852 / 0.948 0.850 / 0.948 229

Table 5.4: Classification report for Logistic Regression and BERT models on domain
relevance classification. Metrics are shown for the Combined Relevance Corpus.

Precision
LogReg / BERT

Recall
LogReg / BERT

F1-Score
LogReg / BERT

Support

Irrelevant 0.923 / 0.950 0.375 / 0.594 0.533 / 0.731 32

Relevant 0.375 / 0.480 0.923 / 0.923 0.533 / 0.632 13

Macro Avg 0.649 / 0.715 0.649 / 0.758 0.533 / 0.681 45

Weighted Avg 0.765 / 0.814 0.533 / 0.689 0.533 / 0.702 45

Table 5.5: Classification report for Logistic Regression and BERT models on immu-
notherapy relevance detection. Metrics are shown for the Annotated Immunotherapy
Subset for Domain Relevance.

5.2.2 Annotated Immunotherapy Subset for Domain Relevance

The classification results comparing Logistic Regression and BERT on the Annotated
Immunotherapy Subset for Domain Relevance (Table 5.5) reveal significant differences
in their performance on identifying Irrelevant and Relevant classes compared to the
previous evaluation layer. Both models achieved high precision for the Irrelevant class,
with BERT reaching 0.950 compared to Logistic Regression’s 0.923. BERT also demon-
strated better recall (0.594) compared to Logistic Regression (0.375) for this class,
suggesting that BERT was able to identify a greater proportion of truly irrelevant
instances. This implies that BERT has a better capacity to capture most irrelevant
samples without missing as many.

For the Relevant class, both models achieved high recall (0.923 for Logistic Regres-
sion and 0.923 for BERT), which means they successfully identified nearly all relevant
instances in the dataset. However, BERT showed higher precision (0.480) than Logistic
Regression (0.375) for the relevant category, indicating that BERT made fewer false
positive errors in predicting relevance.

When considering the F1-score, BERT consistently outperformed Logistic Regres-
sion for both classes. The F1-score for the Irrelevant class was 0.731 for BERT versus
0.533 for Logistic Regression, and for the Relevant class, BERT scored 0.632 compared
to Logistic Regression’s 0.533. These differences demonstrate that BERT provides a
more balanced and reliable classification in both categories.
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The macro-average and weighted-average scores further show BERT’s advantage.
The macro-average treats both classes equally and shows improvements in precision
(0.715 vs. 0.649), recall (0.758 vs. 0.649), and F1-score (0.681 vs. 0.533) for BERT,
reflecting improved overall performance regardless of class size.

In general, BERT’s better recall and balanced F1-scores indicate a stronger ability
to generalize and capture both relevant and irrelevant instances effectively. However, it
is also evident that performance has declined compared to the results obtained on the
Combined Relevance Corpus. This difference can be attributed to the increased com-
plexity of the task, as the models are required to classify metaphors as relevant or irrel-
evant in a very limited dataset that consists only of immunotherapy-related sentences.
Whereas the original classification involved the identification of relevant metaphors in
a diverse range of text types, that is, those of the VUA Metaphor Corpus, the current
task focuses exclusively on the distinction of metaphors within immunotherapy-related
texts. These texts contain a mix of both relevant and irrelevant metaphorical language,
making the distinction more challenging. This increased difficulty likely originates from
the more subtle semantic distinctions the models are required to navigate within a spe-
cific domain, which complicates the identification relevant metaphors and contributes
to the performance decline.

5.2.3 Predicted Metaphor Corpus

Metric Precision Recall F1-score Support

End-to-End: Detection + Relevance

Irrelevant 0.830 0.698 0.759 63

Relevant 0.208 0.357 0.263 14

Gold metaphors (filtered): 49 Predicted metaphors: 47; Missed: 30

Table 5.6: Relevance classification and end-to-end results for XLM -RoBERTa meta-
phor detection classifier with BERT domain relevance classifier.

Metric Precision Recall F1-score Support

End-to-End: Detection + Relevance

Irrelevant 0.739 0.523 0.613 65

Relevant 0.088 0.200 0.122 15

Gold metaphors (filtered): 49 Predicted metaphors: 50; Missed: 29

Table 5.7: Relevance classification and end-to-end results for BioMed metaphor detec-
tion classifier with BERT domain relevance classifier.

When comparing the two pipelines (Tables 5.6 and 5.7), XLM-RoBERTa combined
with the BERT relevance classifier achieved better performance than the BioMed-
RoBERTa with the same relevance classifier.

When assessing the complete pipeline1, which accounts for both detection and rel-
evance classification (including missed metaphors as false negatives), the XLM+BERT

1Line charts for score comparison of the full pipeline can be found in Appendix B.
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combination again outperformed BioMed+BERT across all metrics. The XLM-BERT
pair achieved a higher precision (0.208 vs. 0.088) and recall (0.357 vs. 0.200) for Rel-
evant metaphors, reaching an F1-score of 0.263 as opposed to 0.122. This indicates
that the BioMed model failed to detect a larger proportion of actual metaphors and
produced more Irrelevant results.

However, since this task is as much qualitative as it is quantitative, and the goal is
not only to identify domain-specific metaphors but also to interpret and analyze them,
a thorough error analysis is crucial to better understand these results. As discussed
earlier in this thesis, metaphor detection faces challenges, such as inconsistencies in
lexical resources, variation in annotation guidelines, and the subjective nature of figu-
rative language. Consequently, these issues can propagate and affect downstream tasks
as well. Therefore, it is important to evaluate not only whether the models achieve
good quantitative performance but also whether the metaphors identified as relevant
genuinely describe aspects of immunotherapy in ways that carry meaning compared to
those found by a general-purpose model.



Chapter 6

Error Analysis

Following the quantitative results, an error analysis is performed on the Annotated
Immunotherapy Subset, focusing first on the metaphor detection task. Here, common
sources of confusion are studied, including metaphorical tokens that resemble literal
expressions, and vice versa. The goal of this error analysis is to establish whether a
model with domain-specific pre-training provides more meaningful results compared to
a model with general pre-training.

The error analysis progresses in stages, beginning with a general examination of
the most common errors in the metaphor detection task in Sub-section 6.1.1. This
includes examples where literal and metaphorical uses are difficult to distinguish and
cases where contextual information is insufficient for accurate disambiguation.

Next, a comparative analysis of the XLM-RoBERTa and BioMed-RoBERTa models
is presented in Sub-section 6.1.2, highlighting differences in false positives and false neg-
atives, and examining whether domain-specific pre-training produces more meaningful
or domain-adapted predictions. Special attention is given to tokens that are uniquely
misclassified by each model to establish whether the difference in pre-training results
in finding tokens which describe immunotherapy-related concepts, even if their use is
not metaphorical by the annotation standards used in this thesis.

Additional analysis is dedicated to the relevance classification stage in Section 6.2,
where the goal is to identify which detected metaphors of the Annotated Immunotherapy
Subset for Domain Relevance are genuinely relevant to the biomedical context.

In Section 6.3, the interaction between metaphor detection errors and relevance
misclassification is unpacked by illustrating how errors in the first stage propagate to
the second, specifically in the Predicted Metaphor Corpus.

Together, these findings offer a clearer picture of where current models succeed,
where they fall short, and what kinds of improvements might help advance metaphor
detection and relevance identification in domain-specific scientific texts.

6.1 Metaphor Detection

6.1.1 XLM-RoBERTa and BioMed-RoBERTa

The results presented in Table 5.2 suggest that while BioMed-Roberta and XLM-
RoBERTa perform similarly, BioMed-RoBERTa shows slightly better results. To better
interpret the scores analyzed in Chapter 5, an error analysis is performed on the indi-
vidual predictions.

39
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Table 6.1 presents False Positives (FP) and False Negatives (FN) for both XLM-
RoBERTa and BioMed-RoBERTa, focusing only on tokens with parts of speech that
represent content words (e.g., nouns, verbs, adjectives, adverbs), with irrelevant POS
categories excluded, as they were automatically assigned a Literal label during the an-
notation process. The analysis was conducted over all token instances in the Annotated
Immunotherapy Subset, which is small enough to allow for manual inspection of the
full sentence context. Since metaphorical meaning often depends heavily on surround-
ing text, evaluating whether a token is metaphorical requires considering its complete
context rather than the token in isolation. Bolded tokens are unique to the errors of
one model and do not appear in the corresponding list for the other model.

In the context of science communication, both false positives and false negatives
carry significant weight. False negatives, metaphors that are present but not detected,
represent missed opportunities to identify figurative framing that could shape public
understanding. False positives, meanwhile, risk misrepresenting literal statements as
metaphorical, which can introduce noise to the results. Since metaphor analysis is often
used to simplify how complex topics are communicated, both types of error directly
affect the reliability and depth of downstream qualitative analysis.

To begin with, we can immediately notice the similarities in the two FP and FN
columns. This similarity in misclassifications may signify that the models struggle with
similar tokens and their surrounding context. Moreover, it demonstrates the difference
in annotations compared to those of the VUA Metaphor Corpus, on which the models
were originally trained, and specifically the difference in the dictionary referenced.
For this thesis, the Longman Dictionary of Contemporary English Online was used,
whereas the VUA Metaphor Corpus annotators relied mainly on the Macmillan English
Dictionary for Advanced Learners.

XLM-RoBERTa exhibits several false positives on common verbs and nouns such as
testing, increase, and standard, suggesting a tendency to over-predict metaphoricity for
general-purpose verbs that often appear in abstract or figurative contexts in scientific
texts.

BioMed-RoBERTa, while sharing many of these false positives with XLM-RoBERTa,
also includes additional terms such as CURE, breakthrough, and miracle, which can be
viewed as more content-specific predictions. This indicates that the model is more
attuned to terms that carry figurative or evaluative connotations within biomedical
discourse. While these predictions do not meet the metaphorical criteria defined by
the annotation guidelines in this thesis, they suggest that the model is sensitive to
terminology that may carry figurative meaning in wider scientific discourse.

6.1.2 Notable Examples

In the following examples, representative sentences have been selected from the Anno-
tated Immunotherapy Subset. They include tokens marked in bold (false positives) and
italics (false negatives), which are of particular interest for error analysis.
XLM-RoBERTa:

• A skin cancer wonder cure; Survival rates up to 94% in a drug trial. Scientists
testing wonder drugs on Irish patients believe they could have found the cure
for skin cancer.

• These drugs are associated with a specific mechanism of action that has profound
implications for both immunology and inflammatory disease.
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XLM-R BioMed
FP FN FP FN
adverse epidemic future epidemic
therapy events adverse events
Cancer checkpoint therapy checkpoint
CPIs checkpoint Cancer landscape
mainly landscape CPIs growing
lung growing lung number
prevention number prevention mechanism
environmental mechanism CURE looks
Survival looks Survival covering
% covering % outlining
drug outlining drug developments
SCIENTISTS developments SCIENTISTS contribute
testing contribute here rise
believe rise increase poor
here poor survival examines
increase examines immune developments
survival developments taking shows
taking shows part near
part near phase harnessing
phase harnessing breakthrough fight
starting fight tantalising uncovered
tantalising uncovered bring further
bring further About dramatic
About dramatic spreads stages
next stages miracle aggressive
have show next victims
standard Highest aspiration Highest
DEREK released have highest
POWER branded standard branded

start breakthrough care
foundational
care

Table 6.1: False Positives (FP) and False Negatives (FN) for XLM-R and BioMed
models on metaphor detection. Tokens in bold appear only in that model’s list and not
in the corresponding list of the other model.

• Researchers are pioneering methods of harnessing the body’s own immune system
to fight cancer.

• Survival of lung cancer is still poor, and new treatments are urgently needed.

• There is the tantalising possibility of a cure with immunotherapy.

BioMed-RoBERTa:

• A skin cancer wonder cure; Survival rates up to 94% in a drug trial. Scientists
testing wonder drugs on Irish patients believe they could have found the cure
for skin cancer.

• Global biopharma company Bristol-Myers Squibb is producing the two miracle
drugs being used in the trial - nivolumab and ipilimumab, branded as Yervob on
the market.
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• He said: ’This really is an amazing breakthrough.’

False Positives (FP)

XLM-RoBERTa exhibits a tendency to overpredict metaphoricity for domain-specific
terms. For example, Survival, drug, SCIENTISTS, testing, believe, and tantalising are
all marked as FP, indicating that the model incorrectly labels these literal biomedical
terms as metaphorical. This suggests that the model lacks sufficient domain-specific
background to distinguish technical quantitative vocabulary and discourse markers from
figurative expressions. The verb believe is a standard reporting verb in scientific texts
and is used literally in context.

BioMed-RoBERTa displays a similar pattern of false positives, with similar tokens
incorrectly labeled metaphorical. However, it also positively predicts words that de-
scribe immunotherapy-related concepts, particularly in article titles and spoken exam-
ples, such as miracle drug and amazing breakthrough. Both expressions describe a drug
that is said to cure cancer, a token also predicted as metaphorical by the biomedical
model. This overextension to literal medical terms further illustrates the difficulty of
the model in discriminating rhetorical emphasis from genuine metaphorical usage. For
instance, CURE in the given headline context functions as a literal descriptor rather
than an abstract figurative construct.

False Negatives (FN)

Both models exhibit false negatives predominantly for verbs and mechanisms that in-
stantiate well-known conceptual metaphors, particularly the framing of disease treat-
ment as warfare. In the XLM-RoBERTa outputs, tokens such as mechanism, har-
nessing, fight, and poor are incorrectly classified as literal, despite clearly suggesting
metaphorical usage (e.g., the immune system ‘fighting’ cancer, or disease outcomes con-
ceptualized in evaluative terms such as ‘poor survival’). Although explicit examples for
BioMed-RoBERTa do not include these cases, the error tables confirm that the same
metaphorical tokens are missed by this model as well, implying an underlying common
limitation in capturing such metaphors.

Model Differences

While both models display similar patterns, and despite the fact that the dataset in
question is fairly limited, some differences can be observed. XLM-RoBERTa tends
to produce more false positives on functional and reporting verbs (believe, testing).
In contrast, BioMed-RoBERTa more frequently misclassifies literal expressions used
hyperbolically, such as CURE and breakthrough, suggesting a sensitivity to rhetorical
emphasis typical in journalism, but less so in technical research contexts.

6.2 Domain Relevance Classification

6.2.1 Logistic Regression and BERT

Table 6.2 presents the false positives (FP) and false negatives (FN) produced by the
baseline Logistic Regression classifier and the BERT-based model on the domain rele-
vance classification task tested on the gold data of the Annotated Immunotherapy Cor-
pus for Domain Relevance. In this setting, both models operate on given metaphors
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LogReg BERT
FP FN FP FN
events mechanism events landscape
growing developments
number contribute
looks rise
covering developments
outlining shows
developments uncovered
contribute dramatic
rise found
examines stages
developments show
shows reach
near thing
found thing
stages branded
show market
reach start
leading head
released reinforce
start
head
reinforce

Table 6.2: False Positives (FP) and False Negatives (FN) for Logistic Regression and
BERT on immunotherapy-specific metaphor detection. Tokens in bold appear only in
that model’s list and not in the corresponding list of the other model.

and are provided with context. The models then must decide whether each instance
belongs specifically to the target domain.

Both models exhibit false positives for general biomedical or research-related expres-
sions such as events, developments, and stages. This suggests a tendency to overextend
domain relevance labels to generic scientific language that is not specific to immuno-
therapy. Logistic Regression, in particular, misclassifies terms such as looks, covering,
and outlining as domain-relevant, which can easily be explained by the superficial fea-
tures of the directed dependency path to an immunotherapy related word and the
immunotherapy related word itself.

In terms of false negatives, the models fail to label certain domain-relevant terms
that are crucial in the context in which they are used, such asmechanism and landscape.
In their respective contexts, they are immunotherapy-specific, as they frame how im-
munotherapy functions and how the field evolves. However, as standalone terms, they
can be overlooked due to their distance from the field of immunotherapy.

In general, these patterns demonstrate that while BERT outperforms a simple Lo-
gistic Regression baseline in capturing contextual clues for domain relevance, both
models remain limited by the subtle boundary between general biomedical language
and immunotherapy-specific content. This can also be explained by the limited size of
relevant training data, as well as the nature of this data: BERT may learn to associate
specific lexical items or sentence patterns with relevance labels, rather than generalizing
to broader conceptual cues. To improve performance, the model would require more
diverse training examples of metaphorical language tied to immunotherapy, ideally cov-
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ering a range of expression styles and contexts, so it can learn the abstract concept of
domain relevance rather than overfitting to specific patterns.

6.2.2 Notable Examples

In the following examples, representative sentences have been selected from the An-
notated Immunotherapy Subset for Domain Relevance. They include tokens marked in
bold (false positives) and italics (false negatives).

Logistic Regression:

• Nevertheless, only 20% of smokers develop lung cancer and while prevention is
important, environmental factors are expected to contribute to the predicted
rise in the incidence of lung cancer in the next 25 years.

• This review examines potential new therapeutic developments which have arisen
from a greater understanding of the molecular and cellular biology of lung cancers.

• These drugs are associated with a specific mechanism of action that has profound
implications for both immunology and inflammatory disease.

BERT:

• And they have uncovered further dramatic results in a worldwide clinical trial
involving 7,000 people.

• Global biopharma company Bristol-Myers Squibb is producing the two miracle
drugs being used in the trial — nivolumab and ipilimumab, branded as Yervob
on the market.

• Cancer immune therapy with checkpoint inhibitors (CPIs) has changed the land-
scape of treatment for a growing number of indications.

Logistic Regression:

The Logistic Regression classifier mislabels tokens such as contribute and examines as
domain-relevant. This behavior is to be expected due to the nature of its feature set,
which is limited to syntactic and surface lexical cues. For instance, contribute appears
in a causal phrase describing environmental factors influencing lung cancer incidence,
which provides the classifier with a short dependency path to the term ’cancer’. The
model is very likely to overfit on co-occurrence with high-frequency domain terms (e.g.,
lung cancer) without the capacity to determine whether simple co-occurrence suffices
for a positive classification. Similarly, examines occurs in a sentence reporting potential
new therapeutic developments in lung cancer; here, the use of the verb in reporting
scientific results and its proximity to ’cancer’ appears sufficient for the classifier, despite
its generic meaning.

In contrast, logistic regression fails to flag mechanism as domain-relevant, even
though the sentence explicitly connects the mechanism of action of the drug to the
immunological and inflammatory processes central to immunotherapy. This omission
reflects the limited depth of the model: it lacks any means to generalize the semantics
of mechanism of action as a domain-defining concept without explicit keyword matches
in the feature set.
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XLM-RoBERTa BioMed-RoBERTa
True Positives (TP) 5 3
True Negatives (TN) 32 19
False Positives (FP) 3 16
False Negatives (FN) 9 11
Total gold domain-relevant metaphors 14 14

Table 6.3: True and False Positives and Negatives occurring from the end-to-end
pipeline.

BERT:

BERT shows similar patterns, but with improved sensitivity to context in general. In
these examples, BERT displays false positives for adjectives and verbs such as uncov-
ered and dramatic, which often coincide with newsworthy medical findings, but do not
necessarily indicate immunotherapy-specific relevance. Similarly, a generic commer-
cial noun such as market is incorrectly flagged, simply because it appears alongside
immunotherapy pharmaceutical products in the same sentence.

On the false negative side, BERT overlooks landscape in the phrase changed the
landscape of treatment for a growing number of indications. In this context, the land-
scape change is directly attributed to checkpoint inhibitor therapy, which is a key
element of immunotherapy, but the model fails to link this abstract frame to the do-
main label, possibly due to the broader use of the token in other contexts and the
limited amount of training data.

Model Differences

In general, both models are characterized by shared challenges: differentiating be-
tween general language, in biomedical or other texts, and the narrower immunother-
apy domain when common tokens appear alongside domain-relevant cues. Logistic
Regression’s dependency on direct lexical features produces more systematic false pos-
itives, while BERT’s embeddings allow a more precise contextual interpretation but
still struggle with abstract metaphors or domain-specific figurative constructs that do
not co-occur frequently in the training data.

6.3 Error Propagation in the Full Pipeline

Table 6.3 summarizes the performance of the complete pipeline, combining metaphor
detection and domain relevance classification. This evaluation reflects the realistic use
case: the system must first detect whether a token is used metaphorically and then
determine if it is specific to the immunotherapy domain.

A core source of false negatives in the pipeline stems directly from the initial me-
taphor detection task. If a metaphorical expression is not recognized in the first stage,
it never reaches the domain classifier, regardless of its context. This issue primarily
affects domain-specific figurative language that the models interpret literally. For ex-
ample, terms such as fight and harnessing, as shown in Tables 6.4 and 6.5, which often
represent processes in immunotherapy-related discourse, are overlooked by both models
in this context.
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XLM-R+BERT
FP FN TP
reach epidemic checkpoint
market checkpoint aggressive
head landscape forms

harnessing victims
mechanism harnessing
fight
poor
foundational
care

Table 6.4: Error analysis for XLM-RoBERTa+BERT. Tokens in bold appear only in
that model’s list and not in the corresponding list of the other model.

BioMed-RoBERTa+BERT
FP FN TP
found epidemic forms
up checkpoint harnessing
show checkpoint foundational
reach landscape
marks harnessing
added mechanism
thing fight
thing poor
leading aggressive
has victims
lowest care
released
market
start
head
reinforce

Table 6.5: Error analysis for BioMed-RoBERTa+BERT. Tokens in bold appear only
in that model’s list and not in the corresponding list of the other model.

Even when metaphors are correctly identified, the domain relevance step remains
imperfect. Both models misclassify generic scientific metaphors as immunotherapy-
specific or fail to flag subtle immunotherapy-specific metaphors as relevant. For exam-
ple, in both pipelines, reach in ’a cure could be within reach’ is labeled as immunotherapy-
specific, although this usage is general and not uniquely related to the domain. In
contrast, figurative terms such as landscape and epidemic, which describe the shifting
research terrain or the spread of immune-related adverse events, are often misclassified
as irrelevant when, in fact, they frame key domain concepts.

The two pipelines show complementary tendencies. The XLM-RoBERTa+BERT
pair takes a cautious approach. When false positives are given, they tend to be tokens
that come with rich contexts. The BioMed-RoBERTa+BERT pair, on the other hand,
is noticeably more permissive. It tends to over-label common tokens such as found,
thing, up, or show as both metaphorical and domain relevant, which pushes up its false
positive rate.

Together, these patterns reveal how errors accumulate across the pipeline. If the
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metaphor detection model misses a metaphorical token, the domain classifier never gets
a chance to evaluate it. Therefore, relevant cases remain unseen. At the same time,
when the metaphor detection stage works correctly, the domain classifier can still get
it wrong, classifying generic metaphors as immunotherapy-specific. This double source
of error limits both precision and recall in real-world scenarios. Especially tricky cases,
such as landscape as used in ’changing treatment landscape’, require a deeper sense of
context and more sophisticated disambiguation than the current models can reliably
provide.
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Chapter 7

Discussion

This thesis has presented an investigation of metaphor detection within the specialized
domain of immunotherapy-related texts. The experiments combined the evaluation
of an existing metaphor detection model trained on general metaphor corpora and
its comparison to a domain-adapted RoBERTa model pre-trained on biomedical data,
alongside an attempt to create a BERT classifier that can detect domain-relevant im-
munotherapy metaphors. The results were quite interesting, as they revealed significant
limitations and challenges in this research area.

First, the study revealed that, while XLM-RoBERTa by Wachowiak et al. (2022),
fine-tuned on general-domain data, does reasonably well in identifying metaphors, its
ability to capture metaphors specific to immunotherapy is limited. This model tends
to overgeneralize, labeling metaphorical expressions that may not be relevant to the
immunotherapy context or missing domain-specific figurative language crucial for ac-
curate interpretation. The RoBERTa model that was pre-trained on biomedical data
showed some improvements, suggesting that domain-specific pre-training can provide
valuable contextual information. However, when combined with the BERT domain
relevance classifier, performance was insufficient.

One of the most important reasons for these mixed results may lie in the lack of fully
annotated data for immunotherapy metaphors. Although this thesis benefited from the
annotated dataset of Bos et al. (2025), as well as the complete annotations of five texts
related to immunotherapy, the size and scope of the data remained limited. Due to
this issue, the model’s ability to learn domain-specific patterns was insufficient. Fur-
thermore, metaphor annotation requires a number of annotators who can dedicate time
and effort to the project, which was only partially feasible given the time constraints
and available resources.

Another practical limitation was time. Metaphor detection is a computationally
and intellectually intensive task, demanding iterative experimentation and exhaustive
error analysis to produce reliable results. This study laid an important foundation
by fine-tuning BioMed-RoBERTa as a domain adaptation strategy, but was inevitably
limited by the time frame of a Master-level thesis.

Despite these challenges, the findings point to several promising directions for fu-
ture work that could address current research gaps. Fine-tuning with larger quantities
of domain-relevant data may improve performance. The immunotherapy corpus could
be expanded through additional annotation efforts, perhaps by involving more anno-
tators or utilizing domain adaptation techniques such as pseudo-labeling (Jia et al.,
2019). Within this semi-supervised setup, the general-domain model generates pseudo-
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labels for additional unlabeled immunotherapy texts. By adding these pseudo-labeled
instances to the training data, the model iteratively refines its ability to recognize
metaphors specific to the immunotherapy domain.

Domain adaptation strategies, such as continued pre-training on immunotherapy-
specific corpora, could improve model generalization within this domain. In addition,
exploring other architectures beyond BERT for domain relevance classification, includ-
ing generative models, could be a way to achieve more targeted results in the science
communication domain.

Lastly, another extension would be to expand beyond immunotherapy to other
medical subdomains with BioMed-RoBERTa, or to shift to different domains altogether
with language models developed with entirely different pre-training data.



Chapter 8

Conclusion

This thesis aimed to evaluate whether existing metaphor detection models adequately
identify metaphors in immunotherapy-related texts and whether metaphor identifica-
tion can be improved through domain-specific pre-training. To this end, two main
tasks were addressed: metaphor detection at a token level and domain relevance clas-
sification. The first involved comparing a general-domain XLM-RoBERTa model with
a biomedical domain-adapted BioMed-RoBERTa to assess their ability to identify me-
taphorical expressions. The second focused on determining whether the metaphors
detected were specifically relevant to immunotherapy. Both tasks were carried out
using data from the VUA Metaphor Corpus and a domain-specific dataset compiled
from scientific publications and news articles on immunotherapy. These experiments
provided an assessment of the impact of biomedical pre-training on metaphor detection
performance in immunotherapy science communication.

In conclusion, this research confirms that metaphor detection in specialized medi-
cal discourse is a complex yet important challenge. General-purpose models serve as
a baseline but are likely to underperform when tasked with identifying metaphorical
expressions that hold important semantic and communicative functions within special-
ized domains. The modest improvements observed with domain-specific pre-training
show the need for more extended data resources. Although this thesis encountered
practical limitations, including restricted data availability and time constraints, it suc-
cessfully demonstrates the feasibility of this approach and provides directions for future
research. With further development, domain-specific metaphor detection models could
substantially improve NLP applications in science communication, supporting clearer
interpretation and patient understanding.
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Appendix A

Immunotherapy-Related Terms

• adoptive

• adenocarcinoma

• adenovirus

• allergy

• antibody

• antigen

• antigen-presenting

• autoimmune

• b-cell

• biomarker

• biopsy

• bone marrow

• cancer

• car-t

• checkpoint

• checkpoint inhibitor

• chemotherapy

• clinical trial

• ctla-4

• cytokine

• dendritic

• effector

• endocrine

• fusion-protein

• genetic mutation

• immune

• immune activation

• immune checkpoint

• immune modulator

• immune response

• immune system

• immune-related

• immuno-oncology

• immunogenic

• immunohistochemistry

• immunomodulation

• immunosuppression

• immunotherapy

• inflammation

• insulin

• insulinoma

• interleukin

• lymph

• lymph node

• lymphocyte

• macrophage

• melanoma

• melanocytes

• monoclonal

• neoplasm

• oncology

• pd-1

• pd-l1

• perforin

• radiation

• recurrence

• regulatory

• remission

• stem cell

• t-cell

• therapy

• tolerance

• tumor

• tumour

• t-cell

• vaccine

• white blood cell
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Appendix B

Full Pipeline Score Charts

(a) F1-score (b) Precision

(c) Recall

Figure B.1: Comparison of F1-score, Precision, and Recall for the full pipeline.
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