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Abstract
Unlocking the Potential of Electronic Health Records With Danish Clinical Language

Models for Text Mining

This PhD dissertation focuses on the development of language technology that can be used to
extract clinical information from Danish electronic health records (EHRs). EHRs contain impor-
tant health-related information that can be used to guide the treatment of patients. However,
a large part of the information is stored in unstructured narrative text of the EHR, making it
difficult and time-consuming to extract the relevant details, especially in acute situations. Con-
sequently, important information may be lost which can increase the risk of misdiagnosis and
adverse treatment outcomes.

The recent paradigm shift in the field of natural language processing (NLP), driven by self-
supervised neural networks and the transformer architecture, has produced automatic text-
processing tools with unprecedented performances. These tools could be used to extract and
structure the information from the narrative text of EHRs automatically. However, research in
language technology has mostly been explored for high-resource languages like English, while
the development of Danish language technology has received less attention, especially for spe-
cialized domains such as the clinical.

This dissertation explores the potential of language technology to automatically extract in-
formation from the narrative text of Danish EHRs. Moreover, it emphasizes the importance
of developing language resources tailored for the Danish clinical domain, as it can be used to
enhance clinical research possibilities and improve patient treatment.

The dissertation covers the development of two Danish pre-trained language models which
show improved performance compared to existing Danish language models. Moreover, it ex-
plores the impact of dataset curation on potential biases in clinical language models. The dis-
sertation also investigates how language models can be used to extract bleeding events from
Danish EHRs and evaluates the performance of medical doctors in identifying relevant infor-
mation when using the bleeding algorithm as an assistive tool. Finally, the dissertation presents
a pre-trained language model that can be used to extract clinical information such as diseases,
symptoms, and treatments in the narrative text of Danish EHRs.
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Resumé
Frigørelse af potentialet for Elektroniske Patientjournaler med Danske Kliniske

Sprogmodeller til Tekstmining

Denne afhandling fokuserer på udvikling af sprogteknologi til udtræk af klinisk information
fra danske elektroniske patientjournaler. Elektroniske patientjournaler indeholder vigtig sund-
hedsrelateret information, som kan bruges til at guide behandlingen af patienter. En stor del af
informationen i patientjournalen er dog beskrevet i ustruktureret tekst, hvilket gør det vanske-
ligt og tidskrævende at udtrække relevante detaljer, især i akutte situationer. Som følge heraf
kan vigtig information gå tabt, hvilket kan øge risikoen for fejldiagnosticering og forringede
behandlingsresultater.

Det nylige paradigmeskifte inden for natural language processing, drevet af self-supervised
neurale netværk og transformerarkitekturen, har produceret automatiske tekstbehandlingsværk-
tøjer med hidtil uset præcision. Disse værktøjer kan bruges til at udtrække og strukturere infor-
mationen fra den ustrukturerede tekst i den elektroniske patientjournal automatisk. Forskning
indenfor sprogteknologi er dog mest blevet udforsket for ressourcestærke sprog såsom engelsk,
mens udviklingen indenfor dansk sprogteknologi har været mere stillestående, især for spe-
cialiserede domæner såsom det kliniske.

Denne afhandling undersøger potentialet for sprogteknologi til automatisk at udtrække in-
formation fra den ustrukturerede del af den elektroniske patientjournal. Derudover beskriver
afhandlingen vigtigheden af at udvikle sproglige ressourcer specifikt til det danske kliniske
domæne, da det kan bruges til at forbedre behandlingen af patienter samt give nye kliniske
forskningsuligheder.

Afhandlingen beskriver udviklingen af to danske præ-trænede sprogmodeller, som viser
forbedret præcision sammenlignet med eksisterende danske sprogmodeller. Desuden udforskes
det hvordan data curation kan påvirke bias i kliniske sprogmodeller. Afhandlingen undersøger
også, hvordan sprogmodeller kan bruges til at udtrække information omkring blødning fra
danske elektroniske patientjournaler, og evaluerer lægers evne til at udtrække relevante in-
formationer med blødningsalgoritmen som hjælpeværktøj. Dernæst præsenterer afhandlingen
en præ-trænet sprogmodel, som kan bruges til at udtrække kliniske informationer såsom syg-
domme, symptomer og behandlinger i den ustrukturerede tekst i danske elektroniske patien-
tjournaler.
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CHAPTER 1

Introduction

The electronic health record (EHR) is a tool used by healthcare professionals to store information
about the patient’s disease and treatment history. It includes information such as their medical
history, diagnoses, medications, allergies, and lab results. The purpose of the EHR is to provide
a detailed overview of the patient’s medical information and to share this information among
different healthcare professionals involved in the patient’s treatment [1]. Healthcare profession-
als use the information to make informed clinical decisions and secure optimal patient care. The
information is stored in a semi-structured way with a large part stored in unstructured narra-
tive text. The narrative text of the EHR allows medical doctors (MD) to communicate complex
health information that cannot easily be set into a structured format as each patient can have
a unique disease history with different important clinical parameters. However, the amount
of information stored in the narrative text makes it complex and time-expensive to obtain the
relevant details about a patient, especially in acute situations [2, 3]. As a result, important infor-
mation can easily be lost causing an increased risk of misdiagnosis and low quality of patient
treatment.

Research in natural language processing (NLP), the study of making computers understand
human language, could potentially be used to automatically extract and structure information
from the narrative text of EHRs. This structured information can be used by MDs to make in-
formed decisions and ultimately improve patient safety. Recently, the field of NLP has gone
through a paradigm shift, transitioning from using traditional deep learning-based architec-
tures such as the recurrent neural network (RNN) towards using pre-trained language models.
Using self-supervised learning, pre-trained language models can learn to represent and infer
the meaning of language simply by being exposed to a large amount of text [4, 5]. Pre-trained
language models have achieved state-of-the-art (SOTA) performance on numerous NLP bench-
marks, generating considerable interest in language technology across various sectors, includ-
ing the healthcare sector [6].
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In clinical research, language technology could significantly reduce the need for manual
data annotation and facilitate insights to be extracted from an unprecedently volume of data
[6]. In clinical practice, language technology could be implemented to provide fast and accu-
rate identification of critical information and reduce the time-expensive burden of reviewing the
EHR which could increase MDs’ availability for direct patient interaction [7, 8]. Language tech-
nology can thereby help address some of the challenges currently facing the healthcare sector
where an aging population with increased healthcare demands and expectations is pressuring
the system [9]. Exploring innovative solutions that can enhance clinical research and improve
patient treatment while at the same time reducing institutional healthcare costs is important,
and language technology has the potential to play a significant role in addressing this [7].

However, despite of the potential benefits of using language technology in clinical research
and practice, it is important to address the potential risks associated with its implementation.
As the language models encode knowledge from the text corpus it is exposed to during devel-
opment, it also naturally encodes any biases present in that corpus [10]. Implementing biased
models into clinical practice could cause significant harm, as the model’s predictions could have
a direct effect on all patients in the institution it is utilized. Dataset curation, the process of cre-
ating the datasets used to develop language models, is therefore an important step for avoiding
bias issues. This process includes data selection; preprocessing; annotation; and splitting data
into train, validation, and test sets. While bias can arise in any of these steps, this dissertation
focuses on the bias that can arise due to how samples from patient subgroups are distributed
within the datasets used to develop clinical language models.

Development of language technology has primarily been explored for high-resource lan-
guages such as English while language technology for the Danish language has gained less
attention historically. This is caused by Denmark’s relatively small size as a language commu-
nity and commercial market, and a high proficiency of English [11]. Despite this, there has
recently been an increase in the development of open-source Danish language technology [12].
However, the models are primarily developed on, and thereby tailored for, text from the inter-
net, e.g., Wikipedia and online debate forums. This is not ideal for the clinical domain because
the language used in EHRs differs significantly from that of the general domain. For example,
EHR text contains domain-specific abbreviations, rare medical terminology, and has a high rate
of spelling and typing errors [13, 14]. Moreover, the models carry a risk of having embedded bi-
ases from the text they have been developed on, e.g., stereotypes and biases from online debate
forums.

Development of Danish clinical language technology is, therefore, an important step to-
wards harnessing the unexplored potential of Danish EHRs as the technology could be used to
enhance the accessibility of crucial patient information stored within the narrative text of EHRs.
This could help enhance clinical research possibilities and improve patient treatment.
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1.1 Objective

The objective of this PhD dissertation is to develop language technology, specifically pre-trained
language models, that can be used to classify and extract clinically important information from
the narrative text of Danish electronic health records. Moreover, this dissertation aims to strengthen
research in Danish clinical language technology by developing language resources that can be
used to develop and evaluate language models. Finally, the dissertation explores possible bias
issues when developing clinical language models, specifically focusing on how bias can arise
due to the distribution of patient subgroups within the dataset used to develop language mod-
els.

1.1.1 Research questions

1. How do Danish clinical pre-trained language models perform compared to Danish open-
source pre-trained language models and other deep learning-based architectures?

2. How can bias in clinical language models arise from the representation of patient sub-
groups in the datasets used for model development?

3. How can clinical language models contribute to extracting information from Danish EHRs?

1.2 Contributions

This is an article-based dissertation. During my PhD-studies, I have published three journal
papers and six conference papers in collaboration with Danish and international researchers
from the fields of medicine and computer science.

The list below shows the publications included in this dissertation.

• Jannik Skyttegaard Pedersen, Martin Sundahl Laursen, Cristina Soguero-Ruiz, Thiusius
Rajeeth Savarimuthu, Rasmus Søgaard Hansen, and Pernille Just Vinholt. “Domain over
size: Clinical ELECTRA surpasses general BERT for bleeding site classification in the free
text of electronic health records”. In: 2022 IEEE-EMBS International Conference on Biomedi-
cal and Health Informatics (BHI). © 2022 IEEE. Reprinted, with permission from the authors.
2022, pp. 1–4

• Jannik Skyttegaard Pedersen, Martin Sundahl Laursen, Pernille Just Vinholt, and Thiusius
Rajeeth Savarimuthu. “MeDa-BERT: A medical Danish pretrained transformer model”.
In: Proceedings of the 24th Nordic Conference on Computational Linguistics (NoDaLiDa). Tór-
shavn, Faroe Islands: University of Tartu Library, May 2023, pp. 301–307. URL: https:
//aclanthology.org/2023.nodalida-1.31

https://aclanthology.org/2023.nodalida-1.31
https://aclanthology.org/2023.nodalida-1.31
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• Jannik Skyttegaard Pedersen, Martin Sundahl Laursen, Pernille Just Vinholt, Anne Bryde
Alnor, and Thiusius Rajeeth Savarimuthu. “Investigating anatomical bias in clinical ma-
chine learning algorithms”. In: Findings of the European Chapter of the Association for Com-
putational Linguistics: EACL 2023. Dubrovnik, Croatia: Association for Computational
Linguistics, May 2023

• Jannik Skyttegaard Pedersen, Martin Sundahl Laursen, Thiusius Rajeeth Savarimuthu,
Rasmus Søgaard Hansen, Anne Bryde Alnor, Kristian Voss Bjerre, Ina Mathilde Kjær,
Charlotte Gils, Anne-Sofie Faarvang Thorsen, Eline Sandvig Andersen, Cathrine Brøds-
gaard Nielsen, Lou-Ann Christensen Andersen, Søren Andreas Just, and Pernille Just Vin-
holt. “Deep learning detects and visualizes bleeding events in electronic health records”.
In: Research and practice in thrombosis and haemostasis vol. 5, no. 4, 2021, e12505

• Martin Sundahl Laursen, Jannik Skyttegaard Pedersen, Rasmus Søgaard Hansen, Thiu-
sius Rajeeth Savarimuthu, Rasmus Bank Lynggaard, and Pernille Just Vinholt. “Doctors
identify hemorrhage better during chart review when assisted by artificial intelligence”.
English. In: Applied Clinical Informatics, © Georg Thieme Verlag KG, July 2023. ISSN: 1869-
0327. DOI: 10.1055/a-2121-8380

• Martin Sundahl Laursen, Jannik skyttegaard Pedersen, Rasmus Hansen, Thiusius Rajeeth
Savarimuthu, and Pernille Just Vinholt. “Danish Clinical Named Entity Recognition and
Relation Extraction”. In: Proceedings of the 24th Nordic Conference on Computational Linguis-
tics (NoDaLiDa). Tórshavn, Faroe Islands: University of Tartu Library, May 2023, pp. 655–
666. URL: https://aclanthology.org/2023.nodalida-1.65

The list below shows the publications published during my PhD-studies that are not part of
this dissertation.

• Martin Sundahl Laursen, Jannik Skyttegaard Pedersen, Pernille Just Vinholt, Rasmus Sø-
gaard Hansen, and Thiusius Rajeeth Savarimuthu. “Benchmark for Evaluation of Danish
Clinical Word Embeddings”. In: Northern European Journal of Language Technology vol. 9,
no. 1, 2023

• Martin Sundahl Laursen, Jannik Skyttegaard Pedersen, Søren Andreas Just, Thiusius Ra-
jeeth Savarimuthu, Brian Blomholt, Jakob KH Andersen, and Pernille Just Vinholt. “Fac-
tors Facilitating the Acceptance of Diagnostic Robots in Healthcare: A Survey”. In: 2022
IEEE 10th International Conference on Healthcare Informatics (ICHI). IEEE. 2022, pp. 442–448

• Martin Sundahl Laursen, Jannik Skyttegaard Pedersen, Pernille Just Vinholt, and Thiusius
Rajeeth Savarimuthu. “Automatic Annotation of Training Data for Deep Learning Based
De-identification of Narrative Clinical Text”. In: WNLPe-Health 2022: Proceedings of The
First Workshop on Context-aware NLP in eHealth (WNLPe-Health 2022). CEUR Workshop
Proceedings. 2023, pp. 30–44

https://doi.org/10.1055/a-2121-8380
https://aclanthology.org/2023.nodalida-1.65
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1.3 Dissertation outline and chapter overview

In summary, the contribution of this dissertation is the development of language technology
that can extract clinically important information from the narrative text of Danish EHRs. My
contributions include acquiring large EHR datasets that can be used to pre-train language mod-
els, creating large annotated datasets to compare and evaluate language models, exploring a
specific kind of bias that can arise due to the data curation methodology, and exploring possible
use-case scenarios of pre-trained language models in clinical settings.
The dissertation is organized as follows:

Chapter 2 describes the background for understanding the work presented in the disserta-
tion. It provides a broad overview of the transition from deep learning-based text encoders such
as the RNN to the introduction of pre-trained language models. Next, it gives an overview of
language models that can be used for the clinical domain and possible bias issues. Moreover,
it provides a short overview of previous work within Danish clinical language technology and
the challenges that involve developing the models for this domain.

Chapter 3 presents work on developing two pre-trained language models that can be used
for Danish clinical NLP tasks. The models are evaluated on clinical classification tasks and
compared with other language models to address the first research question.

Chapter 4 presents work on a specific type of bias called anatomical bias that can arise for
clinical classification tasks due to the data curation methodology. This chapter addresses the
second research question.

Chapter 5 addresses the third research question by presenting language models that can be
used to extract clinically relevant information from the narrative text of Danish EHRs. First,
the chapter presents work on extracting bleeding events. Next, the chapter presents a user
study that investigates MDs’ performance when using a bleeding identification algorithm in a
clinical scenario and the MDs’ perception of using it. Finally, the chapter presents a dataset and
a language model that can be used to extract clinical events, attributes, and relations between
events.

Chapter 6 summarizes the findings of the dissertation and presents possible directions for
future research in Danish clinical language technology.
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CHAPTER 2

Background and related work

This chapter describes the background for understanding the work presented in the disserta-
tion. The chapter provides a broad overview while detailed descriptions and technical details
are presented in later chapters.

Most of my work has been centered around deep learning-based NLP which has developed
at a rapid pace throughout my PhD-studies. The rapid pace in NLP has primarily been due to
the introduction of a neural network architecture called the transformer [24]. As the transformer
is a recent development, part of my work has involved comparing it with older architectures
such as RNNs that was previously the preferred architecture for many NLP tasks. Section 2.1
presents a short overview of the transition from traditional deep learning-based architectures
to the introduction of the transformer model and pre-trained language models.

As described in the introduction, most innovation in NLP has emerged in the general do-
main where abundant text is available to train the language models. However, development of
clinical NLP quickly followed as many of the techniques can be directly applied to this domain.
Section 2.3 gives an overview of clinical language models and how general domain language
models can be adapted to the clinical domain.

Although clinical NLP is developing in line with the innovations from the general domain,
most of the research focuses on the English language. Small-resource languages like Danish are
lagging behind, especially for specialized domains such as the clinical. Section 2.4 provides an
overview of previous work within Danish clinical NLP.

Next, Section 2.5 describes the risks of applying language models in clinical settings due to
their vulnerability to reflect biases present in the data used to train the models.

Finally, Section 2.6 presents a potential use-case scenario for clinical language models, ex-
plaining how they can offer valuable information for supporting bleeding assessments in the
clinic and for conducting clinical research.
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2.1 Traditional deep learning-based text encoders

From roughly 2012, deep learning-based methods combined with an increasing amount of un-
labeled and labeled text data provided significant advantages over former methods. In 2012,
Mikolov et al. [25, 26] presented a big breakthrough in NLP with the introduction of Word2Vec.
This approach made it possible to represent words as positions in large-dimensional spaces
from which word similarity could be measured using distances in the space. Most importantly,
the vector representations, known as word embeddings, were created without the use of labeled
data. Instead, they were developed using a small neural network that constructs meaningful
word embeddings by predicting the center or context word within a small window size in a
large-scale corpus. In 2014, Pennington et al.[27] developed another method for creating word
embeddings called GloVe. Instead of predicting words within a small window size, the word
embeddings were created by predicting probability ratios of global word co-occurrence counts
in a large text corpus.

The Word2Vec and GloVe methods were limited in that they could only create word em-
beddings for words that existed in the pre-training corpus. When applying these embeddings
to downstream tasks, the model may struggle to understand the meaning of out-of-vocabulary
words. This limits the performance of embedding-based models that deal with rare or domain-
specific words. In 2017, Bojanowski et al. [28] developed the FastText model that addressed this
limitation. Instead of creating word embeddings for whole words only, the FastText method
also trained word embeddings for the most common n-gram characters of all the words in the
corpus. For example, for the word bleeding, they trained word embeddings for both ble, lee, eed,
edi, din, ing, and bleeding. Words that were not present in the pre-training corpus could then be
created by adding all the individual character n-grams of that word.

After creating word embeddings on a large unlabeled corpus, they can be used as input to
neural networks to perform a wide range of NLP tasks such as text classification and named
entity recognition (NER). Often, the word embeddings are used as inputs to RNN architectures
such as the long short-term memory network (LSTM) [29] and gated recurrent unit (GRU) [30]
or to a convolutional neural network (CNN).

A CNN uses a set of learned filters to recognize patterns in the input sequence. The filters
slide across the input and create a feature map containing the features that they have learned
to be important during training. The size of the filters is a hyperparameter, typically set to
between one and ten, that determines the model’s ability to capture dependencies between
neighbor tokens. After the filters have convolved across the input and created the feature map,
neural network layers such as max-pooling and fully-connected layers can be applied to make
a sentence representation.

RNNs are another type of neural network architecture designed to model sequential prob-
lems. They work by processing the input tokens one element at a time while maintaining a
memory of the previous inputs. This memory makes RNNs capable of modeling dependencies
between words, which is an important ability in many NLP tasks. After having processed the
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input, the final hidden memory can be used as a sentence representation that can be used in
tasks like text classification.

2.2 Transformer-based text encoders

In 2018, a new paradigm in NLP occurred with the introduction of the transformer architecture
[24]. The transformer was originally developed for machine translation where it achieved SOTA
results. The architecture consists of an encoder and decoder block. The encoder block maps the
input words to word embeddings which are used by the decoder to output a sequence of words.
Unlike previous sequential neural networks, the transformer relied only on an attention mecha-
nism to capture global dependencies between words. This made it possible to effectively model
long-term dependencies and to process text more efficiently [31, 32]. Moreover, the attention
mechanism made it possible to create contextual word embeddings. With contextual word em-
beddings, each word is not treated as an independent entity with a fixed meaning as seen in the
Word2Vec and GloVe methods. Instead, the vector representation of the word changes based
on the context in which it appears. This makes it possible for the model to represent word
ambiguity and fine-grained nuances of meaning for a word when used in different contexts
[33].

Shortly after its introduction, researchers found that transformer architectures benefited
greatly from an initial self-supervised pre-training stage followed by a supervised fine-tuning
stage [4]. In the pre-training stage, the model learns to represent and infer the meaning of the
written language by being exposed to a large amount of text, e.g., by predicting the next word in
a sentence or by filling in a masked word. Next, the model can use the learned representations
as is or fine-tune them for specific tasks such as information extraction in EHRs. Pre-trained
transformer models can be divided into three families depending on their use of the encoder
and decoder: encoder-only, decoder-only, and encoder-decoder models [34]. This dissertation
focuses specifically on the encoder-only models, also known as autoencoding models, which
use only the encoder block of the original transformer architecture.

One of the first pre-trained transformer models was BERT (Bidirectional Encoder Represen-
tations from Transformers) [4]. The largest BERT model consisted of 24 transformer layers and
was pre-trained on 3.3 billion words from the general domain such as Wikipedia. In the pre-
training stage, BERT jointly optimizes a masked language modeling (MLM) and next sentence
prediction (NSP) objective. In MLM, a random subset of tokens in the input sequence is re-
placed with a [MASK] token, and the objective of the model is to predict the masked tokens.
In NSP, the model predicts whether two text segments occur next to each other in the original
text. BERT achieved SOTA results on 11 NLP tasks, including General Language Understanding
Evaluation (GLUE) [35] and Stanford Question Answering Dataset [36].

Liu et al. [37] replicated the BERT study and introduced an improved transformer model
called RoBERTa (A Robustly Optimized BERT Pre-training Approach). RoBERTa improved over
BERT by pre-training a larger model on more data, for a longer time, and with larger batch sizes.
Moreover, they removed the NSP objective as it did not improve the model’s performance.



10 Chapter 2. Background and related work

Pre-trained models such as BERT and RoBERTa achieved SOTA results, but they are pro-
hibitively expensive to develop. The BERT model was pre-trained on 64 TPUs for 4 days and
RoBERTa was pre-trained on 1024 Nvidia V100 GPUs for one day. This compute budget is be-
yond reach for most companies and universities. Consequently, much research has focused on
reducing the computational requirements for training these pre-trained models while preserv-
ing their powerful capabilities [38–41].

One successful approach was the ELECTRA (Efficiently Learning an Encoder that Classifies
Token Replacements Accurately) model [38]. This model replaced the commonly used MLM
objective with replaced token detection (RTD). In RTD, the model is developed using two sub-
models. The first sub-model is trained as a generator that corrupts the input text by replacing
words with other plausible words. Next, the other sub-model predicts whether each token in
the corrupted input was replaced by the generator or not. The resulting ELECTRA models
performed comparably to RoBERTa using only ¼ of the compute. Moreover, the study showed
that a small ELECTRA model trained for one day on a single GPU outperformed a comparably
small BERT model by five percentage points on the GLUE benchmark.

2.3 Language technology for the clinical domain

As described in the previous section, pre-trained language models achieved SOTA results on
many NLP benchmarks and, therefore, they have become the backbone architecture for many
modern NLP-powered applications. However, directly applying the pre-trained language mod-
els to specialized domains such as the clinical provides unsatisfactory results [42, 43]. Clinical
information extraction can be particularly challenging because the language used in EHRs dif-
fers significantly from that of the general domain. For example, EHR text contains domain-
specific abbreviations, rare medical terminology, and has a high rate of spelling and typing
errors [13, 14]. Moreover, the text contains references to individuals other than the patient and
there is a frequent use of negations that rejects clinical symptoms and diseases. In order to cap-
ture the terminology and style of the specialized domain, clinical language models are often
pre-trained on text from EHRs by either training them from scratch or from an existing check-
point, e.g., a language model pre-trained on the general domain.

Alsentzer et al. [44] developed two English clinical pre-trained language models using a
corpus of approximately 2 million clinical notes. The models were initialized from either a pre-
trained general domain BERT model or a bio-medical domain BERT model. They found that
the fine-tuned clinical models performed better than general domain models on tasks such as
clinical text classification and clinical NER. Huang et al. [45] used the same pre-training dataset
to develop an English clinical BERT model and found that it performed better than a general
domain BERT model on a language modeling task, a clinical similarity task, and for hospital
readmission prediction. Similarly, other papers [43, 46, 47] found that English in-domain medi-
cal language models perform better than models trained on the general domain.
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2.4 Language technology for the Danish clinical domain

For the Danish language, there has been limited research into the performance of both clinical
word embeddings and clinical language models [48]. This is partly due to a lack of large clinical
text corpora and datasets that can be used for the development and evaluation of the models.
Text from EHRs contains sensitive patient information causing legal and ethical considerations
that limit the possibility of sharing datasets and models. Therefore, researchers are often forced
to collect their own large-scale datasets for pre-training language models and to annotate data
that can be used for evaluating the models on downstream tasks such as text classification and
NER.

Some research has been conducted in Danish clinical language processing. Eriksson et al.
[49] created a pipeline for identifying possible adverse drug events (ADE) from the unstruc-
tured narrative text of Danish EHRs. The authors build an ADE dictionary and used rule-based
approaches to extract the possible ADEs from the EHR text. Roque et al. [50] used a rule-based
approach to extract clinically relevant terms and map them to ICD-10 disease codes. Similarly,
other papers have used rule-based approaches for text mining in Danish EHRs [51, 52]. Re-
cently, machine learning approaches have also been investigated. For example, Enevoldsen et
al. [53] used machine learning approaches such as XGBoost [54] and Naive Bayes to classify if
symptoms described in Danish clinical notes were COVID-19 pandemic-related or not. More-
over, Kaas-Hansen et al. [55] used FastText word embeddings and small neural networks to
predict associations between free-text information and medication exposure. However, there
have been limited efforts in creating and evaluating pre-trained transformer language models
developed on a large-scale corpus of Danish EHRs.

2.5 Bias in clinical language models

While clinical language models could help advance clinical research and practice, they also
hold the risk of exacerbating bias which is systematic and unfair discrimination against certain
individuals or groups of individuals in favor of others [56].

During pre-training, language models learn to represent the meaning of words and phrases
through repeated exposure to a vast amount of text data. While this approach has shown to be
very effective for representing the meaning of language, it also carries a potential risk of inject-
ing biases from the text corpus into the model’s representations of language. Similarly, if biased
data is used to fine-tune a model for a specific task, it might also be reflected in the model’s
predictions [10]. To prevent this, much research has been dedicated to uncovering and mitigat-
ing bias in pre-trained language models. For example, Oberheimer et al. [57] observed bias in
an algorithm used to guide health decisions in the U.S. healthcare system. The authors found
evidence that the algorithm falsely predicted that black patients were healthier than equally
sick white patients and estimated that this racial bias reduced the number of black patients
identified for extra care by more than half. Similarly, other studies have found algorithms that
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contained gender and racial biases [58–60]. Therefore, language models must be developed us-
ing carefully curated datasets to avoid encoding biases into the models as this could have fatal
consequences in clinical settings [10].

2.6 Language models for extraction of bleeding events

One area in which clinical language models could add value is for extracting regarding bleeding
events from the narrative text of EHRs. Bleeding is a life-threatening condition that occurs
within 14 days of admission for 3.2% of medical patients. It is, therefore, recommended to
assess bleeding risk in all patients admitted to the hospital [61]. Information about past bleeding
events and the specific location of bleeding can be used to predict the risk of future bleeding and
to guide anticoagulant treatment. However, obtaining this information is prohibitively time-
consuming because ICD-10 codes for bleeding are unreliable and therefore MDs are required
to manually look through the narrative text of the EHR [62]. Consequently, previous studies
[63–65] have shown a lack of adherence to risk scores that include previous bleeding events as a
factor, mainly because of limited time resources, especially in acute clinical settings where direct
patient care is prioritized. Automatic extraction of previous bleeding events would facilitate a
fast way of assessing bleeding risk on an informed basis, reduce the amount of time medical
professionals spend manually reviewing EHRs, and improve patient safety.

Automatic extraction of bleeding events in the narrative text of EHRs is a complex task.
Bleeding events can be described in numerous ways and the description and choice of bleeding-
indicating words often depend on the location of the bleeding. Moreover, because of the un-
structured and noisy nature of the EHRs, bleeding-indicating phrases can include misspellings,
grammatical ambiguity, and MD-specific term abbreviations. In addition, bleeding events can
be negated in multiple ways, creating another layer of complexity.

Extraction of bleeding events has been investigated for the English language. For example,
Li et al. [66] used a CNN and an LSTM to extract sentences describing bleeding in English EHRs
with an F1 score of 94%. Taggert et. al [67] used a rule-based approach to extract medical notes
describing bleeding events in English EHRs with an F1 score of 74%. Mitra et al. [68] used a
BERT-based model to extract token entities that indicate bleeding with an F1 score of 75%. In
a Danish context, a limitation of the aforementioned studies is that the algorithms were devel-
oped using the English language and thus cannot be applied for Danish EHRs. Additionally,
the studies used a relatively small test set to evaluate their models (<1000 samples), and they
did not investigate the performance of the models across different bleeding types or patient
characteristics.
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CHAPTER 3

Development of Danish pre-trained
language models for the clinical domain

This chapter presents two papers describing the development and evaluation of a Danish clini-
cal language and a Danish medical language model. I use the term clinical to denote a language
model that has been pre-trained on EHRs and medical for language models that have been pre-
trained on medical literature such as medical books or medical text from the internet.

First, Section 3.1 describes the transformer architecture in detail as it is used as the backbone
architecture for the developed models.

Next, Section 3.2 presents the paper Domain over size: Clinical ELECTRA surpasses general
BERT for bleeding site classification in the free text of electronic health records [15]. For this paper, we
developed a Danish clinical pre-trained language model called Clin-ELECTRA and compared
its performance with a BERT model trained on the general domain and an LSTM model.

Section 3.3 presents our paper MeDa-BERT: A medical Danish pretrained transformer model [16].
In this paper, we collected a large medical corpus and used it to develop a medical Danish
language model (MeDa-BERT) that could be shared openly with the NLP community.

3.1 The transformer model

The two developed models, Clin-ELECTRA and MeDa-BERT, consist of transformer layers [24].
A transformer layer transforms input tokens into contextualized word representations that can
be used to make word and sentence classifications. Figure 3.1 illustrates the transformer archi-
tecture.

First, input tokens are transformed into word embeddings and added with positional em-
beddings. Positional embeddings are added to inject information about the position of the
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Illustra�on transformerof the

Mul�-head self-a�en�on

Add and normalize

Feed-forward neural network

Add and normalize

Input tokens

Word embedding

Posi�onal embedding

FIGURE 3.1: Illustration of the transformer architecture.

tokens in the input sequence. Without positional embeddings, the input tokens to the trans-
former would be permutation invariant and the model would thereby perceive the tokens as
an unordered sequence. In the original transformer paper, the positional embeddings were
hardcoded using sine and cosine functions of different frequencies. In models such as BERT
and ELECTRA, the positional encodings are initialized at random and learned during training,
which produces similar results as the hardcoded approach [24].

Next, the word representations are used as input to a self-attention layer. In self-attention,
tokens can inject information from other tokens into their representation, thereby creating con-
textualized word embeddings. To do this, the self-attention layer creates three representations
from the input word embedding: a query, key, and value. These representations are used to
calculate the output of the embedding, which is a single contextualized word embedding com-
puted as a weighted sum of the computed values. The weighted values are computed as:

Attention(Q,K, V ) = Softmax
(
QKT

√
dk

)
V

where Q, K, and V are matrices containing the query, key, and value vectors for all input
tokens, and dk is the number of dimensions for the keys.

A single-head attention layer is illustrated in Figure 3.2, where the contextualized word em-
bedding for the first token in the input sequence is calculated.

To expand the transformer’s capability of representing a token in the context it appears
in, the transformer uses multi-head attention. With multi-head attention, the model creates
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FIGURE 3.2: Illustration of the single-head attention mechanism. The contextu-
alized word embedding for the first word is created by creating a query, key, and
value vector. The query vector is multiplied by the key vectors from all the other
words which results in four attention scores. The attention scores are multiplied
by their respective value vector, creating the weighted values. Next, the weighted
values are added to provide the final contextualized word embedding for the
first word in the sequence. The same approach is utilized for creating the con-
textualized word embeddings of the remaining input words. For simplicity, the
figure does not show the 1√

dk
and softmax function which is used to calculate

the attention scores.

different views, referred to as heads, of the same tokens by attending to different positions in
its context. To do this, multiple sets of query, key, and value vectors are created for each token,
using weight matrices WQ, WK , and WV , respectively. Next, the resulting vector from each
head is concatenated and projected by a weight matrix, WO, to give the final output of the
layer:

MultiHead(Q,K, V ) = Concat(head1, . . . ,headh)W
O (3.1)

where
headi = Attention(QWQ

i ,KWK
i , V WV

i ) (3.2)

The self-attention layer is followed by a residual connection [69] and a normalization layer
[70] calculated as:

output = normalize(x+ Sublayer(x)) (3.3)

where x is the input embeddings to the multi-head self-attention layer and Sublayer(x) is the
output of the self-attention layer.
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Next, the embeddings are used as input to a small feedforward neural network (FNN) with
a ReLU activation function:

FNN(x) = max(0, xW1 + b1)W2 + b2 (3.4)

Finally, the output of the FNN is added to the input of that layer and normalized as in
eq. (3.3).

The steps described above constitute a transformer layer. Typically, multiple layers are
stacked when developing pre-trained language models. For example, the models presented
in the sections below contain 12 transformer layers.

3.2 Clin-ELECTRA: A language model pre-trained on Danish
Electronic health records

This section presents our paper Domain over size: Clinical ELECTRA surpasses general BERT for
bleeding site classification in the free text of electronic health records [15]. The objective of this paper
was to compare clinical language models with an open-source BERT model trained on text from
the general domain. The paper focuses mainly on comparing the performance of the models on
a bleeding site prediction task and does not describe the development of the pre-trained Clin-
ELECTRA model in detail. Therefore, this section first describes how the model was pre-trained
and fine-tuned after which the paper is presented.

3.2.1 Development of Clin-ELECTRA

As described in section 2.2, the ELECTRA pre-training approach is an efficient method for de-
veloping language models which benefit research teams with limited compute resources [38].
Since we had a limited compute budget, we developed an ELECTRA model with 13.5 million
parameters that could be pre-trained in five days on a single Nvidia V100 GPU. Although Clin-
ELECTRA is significantly smaller than other pre-trained language models, we have found it to
work well for many clinical NLP tasks.

The development of Clin-ELECTRA consisted of four steps, 1) data collection, 2) develop-
ment of a custom tokenizer, 3) Sample creation, and 4) pre-training. Each step is described
below.

Data collection

In order to pre-train Clin-ELECTRA we acquired a large clinical text corpus consisting of nar-
rative text from 299,718 Danish EHRs from Odense University Hospital (OUH). The corpus
contained text from all departments of OUH and included a total of 1,411,575,062 tokens.
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Custom tokenizer

A tokenizer is used to break down a text corpus into its individual units, often referred to as
tokens. For example, these tokens can be words, sub-words, numbers, or non-alphanumeric
characters such as commas and question marks. Tokenization is a crucial initial step as the to-
kens generated by the tokenizer serve as the input to the language model that transforms each
token into a word embedding. Creating distinct word embeddings for the words in a large cor-
pus would take up a prohibitively large amount of memory. Therefore, language models are
often developed to represent the most frequent words and sub-words of a text corpus. Words
that are in the language model’s vocabulary are represented by a specific word embedding for
that word while out-of-vocabulary words are split into the sub-words that are present in the
language model’s vocabulary. Figure 3.3 visualizes this approach. In the illustration, the vocab-
ulary of the model does not contain the word unknown. Therefore, the tokenizer splits the word
into two sub-words, un## and ##known, which are in the model’s vocabulary.

the word unknown is not in the vocabulary

Tokenizer

[SOS] the word un## ##known is not in the vocabulary [EOS]

FIGURE 3.3: The tokenizer splits the word unknown into its sub-words and adds
the special start-of-sentence [SOS] and end-of-sentence [EOS] tokens. ## denotes

a sub-word.

For Clin-ELECTRA, we created a vocabulary of 30,522 words and sub-words using the
WordPiece method [71, 72]. WordPiece constructs a vocabulary from a text corpus by split-
ting all the initial words into their individual sub-words. For example, [“word”] is split into
[“w”, “##o”, “##r”, “##d”], where ## indicates a sub-word. Next, WordPiece iteratively merges
the word pair with the highest score according to:

score =
freq_of_pair

freq_of_first_element × freq_of_second_element
(3.5)

WordPiece thereby prioritizes merging word pairs that are more frequent when combined
than when separated. For example, WordPiece will not necessarily merge [“un”, “##able”] if
the individual sub-words occur frequently in the corpus. On the other hand, one could imagine
that ["pa", "##tient"] would be merged to ["patient"] since that word would be relatively frequent
in an EHR corpus compared to the two individual sub-words. Once a desired vocabulary size
is acquired, the tokenizer uses the vocabulary to tokenize a text corpus. Out-of-vocabulary
words are split using the longest sub-word in the tokenizer’s vocabulary. If a token cannot be
represented, it will be tokenized as the special token [UNK].
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We used the WordPiece algorithm on the collected EHR corpus from OUH and created a
vocabulary of 30,522 tokens of which 7796 were sub-words.

Sample creation

To pre-train an ELECTRA model, text from the EHRs must be separated into individual sam-
ples. Our samples were created by merging sentences from the same headline of an EHR note
up to 128 tokens, which is the maximum input length for Clin-ELECTRA. Next, each sample
was prepended with a [SOS] token, and a [EOS] token was added at the end of the sample, as
seen in Figure 3.3. The [SOS] token indicates the start-of-sentence and the [EOS] token indicates
the end-of-sentence to the model.

Finally, samples within the same EHR note with a length of less than 128 tokens were
merged. Once all the samples were processed by the tokenizer, tokens were represented as
their word embedding vector with 128 dimensions.

Pre-training Clin-ELECTRA

We pre-trained Clin-ELECTRA using replaced token detection, visualized in Figure 3.4.

pa�ent

has
pain

arm
le�
in

pa�ent

has
[MASK]

[MASK]
le�
in

Generator Discriminator
(Clin-ELECTRA)

pa�ent

has
pain

nose
le�
in

original

original
original

replaced
original
original

FIGURE 3.4: Visualization of the ELECTRA pre-training approach. The generator
predicts the masked tokens and the discriminator predicts if the tokens in its
input have been replaced by the generator or not. The illustration is created with

inspiration from [38]
.

During pre-training, two sub-models are used to create an ELECTRA model: a generator
and a discriminator. Both sub-models consist of 12 transformer layers, but the generator only
has ¼ of the parameters of the discriminator.

The generator receives a tokenized input sample with some of the words replaced with a
special [MASK] token. The objective of the generator is to predict the correct token for each
[MASK] token, i.e., the generator is trained with MLM. The output of the generator is used as
input to the discriminator that predicts whether each token in the input was replaced by the
generator or not. For example, in Figure 3.4, the discriminator should predict that the word
nose is not from the original sentence. The loss of the generator and discriminator is added and
used to iteratively update the parameters of both sub-models during pre-training.

We pre-trained Clin-ELECTRA with a batch size of 128 for 1.5 million steps corresponding
to 17 epochs on the EHR corpus, i.e., the model was exposed to 24.5 billion tokens during pre-
training. All pre-training and model parameters can be seen in Table 3.1.
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Parameter Value
Architecture

Number of layers 12
Hidden size 256
FNN inner hidden size 1024
Attention heads 4
Attention head size 64
Embedding Size 128
Generator size (multiplier for hidden-size,
FNN-Size, and num-attention-heads)

1/4

Max seq. length 128
Optimization

Learning rate 1e-4
Optimizer Adam
Adam epsilon 1e-6
Adam beta1 0.90
Adam beta2 0.999
Dropout 0.1
Attention dropout 0.1
Learning rate decay Linear
Batch size 128
Warm up 1000
Epochs 17
Train steps 1.5M
Mask percentage 15

TABLE 3.1: Architecture and optimization parameters for pre-training Clin-
ELECTRA

After pre-training, only the discriminator is used for downstream tasks. For sentence pre-
diction tasks such as bleeding site classification, the model uses the [SOS] token as a sentence
representation and makes a prediction using a classification layer, e.g., a single fully-connected
layer as seen in Figure 3.5. Then, during fine-tuning, the model iteratively updates its parame-
ters to create a meaningful sentence representation that can be used for prediction tasks.

Discriminator
(Clin-ELECTRA)

pa�ent

has
pain

arm
le�
in

[SOS]

[EOS]

pa�ent

has
pain

arm
le�
in

[SOS]

[EOS]

Nega�ve

.2

.5

.9

.8

.2

Classifica�on layer

Word embedding

FIGURE 3.5: Example of Clin-ELECTRA used for a bleeding prediction task. The
model takes the sentence as input and uses the word embedding of the [SOS]
token as a sentence representation. The sentence representation is followed by a

fully-connected classification layer and predicted as negative for bleeding.

In our paper Domain over size: Clinical ELECTRA surpasses general BERT for bleeding site clas-
sification in the free text of electronic health records [15], we used the developed Clin-ELECTRA to
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classify the anatomical location of bleeding events in EHR paragraphs. From a medical per-
spective, being able to classify the anatomical location is important in bleeding assessment. The
bleeding site is important because it is used as a parameter in distinguishing between major and
minor bleeding events in risk score calculations [61], where major bleeding is associated with an
elevated risk of future bleeding. Therefore, we constructed a dataset consisting of paragraphs
describing bleedings and labeled it with the bleeding site.

To evaluate the performance of Clin-ELECTRA, we compared its results with a general do-
main BERT model and an LSTM model. We found that Clin-ELECTRA performed better than
the BERT and LSTM model for bleeding site classification. Thereby, the results show the advan-
tage of developing in-domain clinical language models compared to using open-source models,
even when only limited compute budgets are available to pre-train the in-domain models.

The paper is presented below. It is reprinted with permission, from: Jannik Skyttegaard Ped-
ersen, Martin Sundahl Laursen, Cristina Soguero-Ruiz, Thiusius Rajeeth Savarimuthu, Rasmus
Søgaard Hansen, and Pernille Just Vinholt; Domain over size: Clinical ELECTRA surpasses
general BERT for bleeding site classification in the free text of electronic health records; 2022
IEEE-EMBS International Conference on Biomedical and Health Informatics (BHI); September
2022; ©2022 IEEE.
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Abstract—Bleeding can be a life-threatening condition which
occurs for 3.2% of medical patients. Information about previous
bleeding and bleeding site is used to predict the risk of future
bleeding and guide anticoagulant treatment. However, obtaining
this information is a time-consuming task as it is contained in
the free text of electronic health records.

Previous research has mainly been focused on extracting
bleeding events but does not classify the bleeding site which is
important for assessing the severity of the bleeding. This study
creates the first dataset for developing and evaluating machine
learning models for classification of bleeding site. The dataset
consists of sentences annotated by medical doctors as belonging
to one of ten bleeding sites. The sentences were annotated in
149,523 electronic health record notes from 1,533 patients of
Odense University Hospital, Denmark, between 2015 and 2020.

We compare different deep learning models on classifying
bleeding site and find that a ∼13M parameter ELECTRA model
pretrained on clinical text achieves higher accuracy (0.905 ±
0.002) than a ∼110M parameter general BERT model (0.884
± 0.001) on a balanced test set of 1,500 sentences.

We furthermore test different methods for dealing with unbal-
anced data without finding any significant differences between
methods.

Index Terms—Electronic health records, natural language
processing, deep learning, transformer, BERT

I. INTRODUCTION

Bleeding is a dangerous event causing increased morbidity
and mortality [1], [2]. Within 14 days of admission, 3.2% of
medical patients experience in-hospital bleeding, and approx-
imately one third are considered major bleedings [3] which
can be fatal.

Previous clinically relevant bleeding is a strong independent
predictor for future bleeding. Bleeding history is part of the
IMPROVE score [3] for determining bleeding risk in admitted

*Equal contribution

medical patients and HAS-BLED [4] for addressing bleed-
ing risk before prescription of anticoagulation therapy. The
IMPROVE score defines major bleedings as those occurring
within a critical organ such as intracranial, adrenal gland or
spinal bleeding. Thus, information about bleeding site is an
important factor for patient treatment.

Manually obtaining information about previous bleeding
and its site is prohibitively time-consuming since medical
doctors (MD) have to manually look through the free text of
electronic health records (EHR). Automating this task would
facilitate a fast way of assessing bleeding risk on an informed
basis as well as decrease the time taken up by MDs manually
reading through EHRs.

Several studies [5]–[7] have shown that bleeding events can
be extracted from EHRs with high accuracy using deep learn-
ing techniques such as Long Short-Term Memory [8] (LSTM)
networks, Convolutional Neural Networks [9] and transformer
[10] variants. However, these studies do not classify the site
of bleeding events. One study [11] does extract information
about bleeding site using named entity recognition but does
not classify the bleeding site into distinct categories.

In this paper, we create a bleeding site classification dataset
using the free text of Danish EHRs. We use this dataset to
train and compare an LSTM model and two transformer-based
models, BERT [12] and ELECTRA [13]. We find that an
in-domain ELECTRA model with ∼13M parameters predicts
bleeding site with an accuracy of 0.905 which is significantly
better than a general domain BERT model with ∼110M
parameters. Moreover, we find no significant performance
difference between a ∼9M parameter LSTM model trained
with clinical word embeddings and the BERT model. The de-
veloped models could potentially be integrated with previously
developed bleeding mention detection models [5]–[7] to enrich
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TABLE I
DISTRIBUTION OF THE BLEEDING SITE CLASSIFICATION DATASET.

Train Validation Test Sum
Airways 130 150 150 430
Cerebral 1,634 150 150 1,934
Ear-nose-throat 1,161 150 150 1,461
Eyes 971 150 150 1,271
Gastrointestinal 2,771 150 150 3,071
Gynecological 953 150 150 1,253
Internal bleeding 976 150 150 1,276
Skin 1,044 150 150 1,344
Urogenital 2,691 150 150 2,991
Unknown 2,003 150 150 2,303
Sum 14,344 1,500 1,500 17,344

information about bleeding risks in clinical decision support
systems.

II. METHODS AND MATERIAL

A. Dataset

The dataset was created using a database of EHRs from
Odense University Hospital, Denmark, between 2015 and
2020. The extracted EHRs were distributed between 13 MDs
who annotated all sentences as either positive or negative
for bleeding. A total of 149,523 EHR notes from 1,533 pa-
tients were annotated. This process resulted in 17,344 unique
bleeding-positive sentences. Next, all the positive sentences
were annotated with a consensus label from three MDs and
grouped into one of ten bleeding categories: airways, cerebral,
ear-nose-throat, eyes, gastrointestinal, gynecological, internal,
skin, urogenital, and unknown. A preprocessing stage was
done to remove superfluous spaces and special characters.
After preprocessing, the sentences had an average length of
12.3 tokens.

In order to build the deep learning models, the dataset was
split into train, validation, and test sets. The validation and test
sets include an equal amount of sentences (n=150) from each
bleeding site. The remaining were used to train the models.
The dataset distribution can be seen in Table I.

B. Deep learning models

We train a LSTM model consisting of a bidirectional LSTM
layer with a hidden layer size of 512. The last hidden state
of the LSTM is followed by a dropout layer with probability
0.2, a dense layer of size 256, a ReLU activation function, a
dropout layer of probability 0.2, and a dense classification
layer. The input to the LSTM model is 300-dimensional
FastText [14] word embeddings pretrained on EHRs consisting
of 1.4B tokens.

Moreover, we fine-tune two transformer models, Danish
BERT1 and a locally available clinical ELECTRA model
(Clin-ELECTRA). The BERT model has ∼110M parameters
and is pretrained on 1.6B tokens from the Danish general text
domain such as CommonCrawl, Wikipedia, and Opensubtitles.

1Available from https://github.com/certainlyio/nordic bert

TABLE II
SUMMARY OF DEEP LEARNING MODELS. WE = WORD EMBEDDINGS.

Parameters Pretrain domain Pretrain size
LSTM 9,484,918 Clinical (WE) 1.4B tokens (WE)
BERT 110,625,034 General 1.6B tokens
Clin-ELECTRA 13,551,370 Clinical 1.4B tokens

The Clin-ELECTRA model has ∼13M parameters and is pre-
trained on 1.4B tokens from 299,718 Danish EHRs acquired
from Odense University Hospital.

We initialize the BERT and Clin-ELECTRA models from
their pretrained checkpoints and follow the HuggingFace [15]
implementations for text classification. Table II summarizes
the deep learning models used in this study.

C. Dealing with unbalanced data

As seen in Table I, the dataset follows a natural unbalance
in the amount of sentences from each bleeding site since some
bleedings naturally occur more often than others. We compare
three methods for training the deep learning models on the
unbalanced dataset: unbalanced, upsampling, and training with
a weighted loss function.

With the unbalanced method, we simply train each model
with the unbalanced training distribution. With upsampling, we
upsample all underrepresented classes to the size of the ma-
jority class (gastrointestinal), i.e. all categories in the training
set are upsampled to include 2,771 sentences. With a weighted
loss function, we assign a unique weight to each class when
calculating the loss during training. The weight decreases the
importance of sentences from classes with many sentences and
increases the importance of underrepresented classes. Using
the default in Scikit-learn [16], we calculate the weight for
each class as

wci =
ns

nc · nsci

(1)

where wci is the weight for class i, ns is the total number of
sentences, nc is the number of classes and nsci

is the number
of sentences for class i. We apply wci to the categorical cross
entropy loss as

L = −
nc∑

i=1

wci · yi · log(pi) (2)

where L is the loss function, yi is the true probability for class
i, and pi is the predicted probability for class i.

D. Model evaluation

We train each model multiple times with different learning
rates to compare models based on confidence intervals (CI)
and to report statistically significant results. Specifically, for
each model we:

1) Train the model with four different learning rates and
random initializations.

2) Compute the test set accuracy of the best performing
model based on the loss on the validation set.

3) Repeat 1) and 2) five times.
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TABLE III
ACCURACY OF THE DEEP LEARNING MODELS ON THE TEST SET USING
DIFFERENT METHODS FOR TRAINING WITH UNBALANCED DATA. SE =

STANDARD ERROR. CI = 95% CONFIDENCE INTERVAL. UB =
UNBALANCED. US = UPSAMPLING. WL = WEIGHTED LOSS.

Model Mean accuracy ± SE CI
LSTM-UB 0.865 ± 0.002 0.861-0.869
LSTM-US 0.876 ± 0.002 0.871-0.881
LSTM-WL 0.881 ± 0.001 0.879-0.884
BERT-UB 0.884 ± 0.002 0.881-0.887
BERT-US 0.873 ± 0.003 0.868-0.879
BERT-WL 0.880 ± 0.001 0.878-0.882
Clin-ELECTRA-UB 0.900 ± 0.002 0.896-0.905
Clin-ELECTRA-US 0.903 ± 0.002 0.899-0.906
Clin-ELECTRA-WL 0.905 ± 0.002 0.901-0.910

Fig. 1. Mean accuracies and 95% confidence intervals for LSTM, BERT, and
Clin-ELECTRA models with the unbalanced, upsampling, and weighted loss
methods.

We use the five accuracies to perform bootstrapping with
9,999 replicates to calculate mean accuracy, standard error
(SE), and 95% CI for each model. Moreover, we compute
the bootstrapped difference of means for each combination
of models for evaluation of statistically significant differences
in accuracy. For the BERT model, we search for the best
model using learning rates 1e-4, 5e-5, 3e-5, and 2e-5. For
Clin-ELECTRA and the LSTM model, we use learning rates
4e-4, 3e-4, 2e-4, and 1e-4. BERT and ELECTRA were trained
for a maximum of 10 epochs using early stopping. The LSTM
model was trained for a maximum of 50 epochs using early
stopping.

III. RESULTS

Table III shows the mean accuracy, SE, and CI on the test
set for all models and methods for dealing with an unbalanced
dataset. Fig. 1 shows the plotted means and CIs. Table IV
shows the bootstrapped CIs for difference of means for all
model comparisons.

We find that Clin-ELECTRA performs significantly better
than the LSTM and BERT models for both the unbalanced
(0.900 ± 0.002), upsampling (0.903 ± 0.002) and weighted
loss (0.905 ± 0.002) methods. We find no significant difference

Fig. 2. Per-class accuracy for the best performing Clin-ELECTRA model
(weighted loss).

between the best performing BERT model (0.884 ± 0.002) and
LSTM (0.881 ± 0.001).

We do not find any of the methods for dealing with
unbalanced data (unbalanced, upsampling, or weighted loss
function) to perform significantly better when considering
results across the three deep learning models. However, for
the LSTM model, the upsampling and weighted loss methods
perform significantly better than training with the unbalanced
dataset. On the contrary, for BERT, the unbalanced and
weighted loss methods perform significantly better than the
upsampling method. For Clin-ELECTRA, we find no signifi-
cant performance improvements using any of the methods.

Fig. 2 shows the per-class performance for the best perform-
ing Clin-ELECTRA model (weighted loss). It is seen that the
model has the worst performance on the internal and unknown
bleeding site with accuracies below 0.8. Even though only
130 airways samples are present in the training set, the model
performs relatively well with an accuracy of ∼90%.

IV. DISCUSSION

We found that for bleeding site classification, the ∼13M pa-
rameter ELECTRA model pretrained on clinical data performs
significantly better than the ∼110M parameter BERT model
pretrained on general data and the ∼9M parameter LSTM
model with clinical word embeddings. Moreover, we found
no significant difference between the best BERT and LSTM
model.

This result is intriguing since the computational power
required for running ELECTRA and the LSTM model is much
less than the BERT model. It shows that while increasing
the amount of parameters has been shown to improve the
performance of deep learning models [17], performance gains
can also be reached by focusing on the pretraining data.
Due to their pretraining domain, we hypothesize that Clin-
ELECTRA and the LSTM model are able to better capture
the idiosyncratic language of clinical text which differs from
that of the general domain used for pretraining BERT. Clin-
ical notes e.g. include many spelling errors, domain specific
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TABLE IV
BOOTSTRAPPED 95% CONFIDENCE INTERVALS FOR DIFFERENCE OF MEANS FOR ALL MODEL COMPARISONS. MEANS ARE COMPUTED AS ROW MINUS

COLUMN. * DENOTES A SIGNIFICANT DIFFERENCE AT THE 0.05 LEVEL.

LSTM-UB LSTM-US LSTM-WL BERT-UB BERT-US BERT-WL ELECTRA-UB ELECTRA-US ELECTRA-WL
LSTM-UB - (-0.017, -0.005)* (-0.021, -0.011)* (-0.024, -0.014)* (-0.015, -0.002)* (-0.019, -0.010)* (-0.041, -0.029)* (-0.043, -0.032)* (-0.046, -0.034)*

LSTM-US (0.005, 0.017)* - (-0.010, 0.001) (-0.013, -0.002)* (-0.004, 0.010) (-0.008, 0.002) (-0.030, -0.018)* (-0.032, -0.020)* (-0.035, -0.022)*

LSTM-WL (0.011, 0.021)* (-0.001, 0.010) - (-0.007, 0.001) (0.001, 0.013)* (-0.002, 0.005) (-0.025, -0.014)* (-0.026, -0.017)* (-0.030, -0.019)*

BERT-UB (0.014, 0.024)* (0.002, 0.013)* (-0.001, 0.007) - (0.004, 0.017)* (0.000, 0.008) (-0.022, -0.011)* (-0.023, -0.014)* (-0.027, -0.016)*

BERT-US (0.002, 0.015)* (-0.010, 0.004) (-0.013, -0.001)* (-0.017, -0.004)* - (-0.012, -0.001)* (-0.034, -0.020)* (-0.035, -0.023)* (-0.039, -0.025)*

BERT-WL (0.010, 0.019)* (-0.002, 0.008) (-0.005, 0.002) (-0.008, 0.000) (0.001, 0.012)* - (-0.025, -0.016)* (-0.026, -0.019)* (-0.031, -0.021)*

ELECTRA-UB (0.029, 0.041)* (0.018, 0.030)* (0.014, 0.025)* (0.011, 0.022)* (0.020, 0.034)* (0.016, 0.025)* - (-0.008, 0.003) (-0.011, 0.001)
ELECTRA-US (0.032, 0.043)* (0.020, 0.032)* (0.017, 0.026)* (0.014, 0.023)* (0.023, 0.035)* (0.019, 0.026)* (-0.003, 0.008) - (-0.008, 0.003)
ELECTRA-WL (0.034, 0.046)* (0.022, 0.035)* (0.019, 0.030)* (0.016, 0.027)* (0.025, 0.039)* (0.021, 0.031)* (-0.001, 0.011) (-0.003, 0.008) -

abbreviations, mix of languages (Latin, English, and Danish),
and the semantic meaning of words can differ from the general
domain [18].

Limitations

While this paper finds that a ∼13M clinical ELECTRA
model performs better than a ∼110M parameter BERT model,
larger general domain transformer models pretrained on more
data might perform better. At the moment, no such model
exists for Danish. Applying increasingly larger transformer
models, however, also increases the need for expensive com-
putational infrastructure which decreases the usability for
researchers with limited access to computational power.

The clinical dataset used to pretrain the ELECTRA model
could be used to further pretrain the BERT model which might
improve its representations of clinical text.

The classification dataset and clinical ELECTRA model pre-
sented in this paper cannot be shared publicly due to privacy
concerns but we advise interested researchers to contact us for
sharing possibilities.

V. CONCLUSION

This paper created the first dataset to train machine learning
models for bleeding site classification in the free text of EHRs.
We find that a ∼13M parameter clinical ELECTRA model can
classify bleeding site with an accuracy of 0.905, surpassing
both a LSTM model and a BERT model which is eight
times larger in terms of parameters. Moreover, we compared
different methods for dealing with unbalanced datasets. For the
methods considered in this paper, we found none of them to
work consistently better across all classifiers, suggesting that
several approaches should be considered when working with
different deep learning architectures with unbalanced data.
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3.3 MeDa-BERT: An Open-domain Danish medical language
model

Clin-ELECTRA was pre-trained on text from EHRs and, therefore, the model could not be
shared openly with the NLP community. However, sharing models and datasets is important
as it can foster innovation and collaborations between researchers who work within the same
subfields of NLP. For example, by sharing domain specific language models, researchers can
build upon each other’s work which could lead to faster and more efficient development and
evaluation of language models.

While text from the clinical domain contains sensitive information, text from the medical
domain does not. The medical domain provides knowledge about various aspects of the med-
ical field including anatomy, physiology, diseases, symptoms, medications, and medical prac-
tices. Although the clinical domain focuses more on the practical aspects of patient care and
decision-making, the medical and clinical fields are similar in that they both deal with med-
ical terminology and procedures. For the English language, language models trained on the
medical domain have been utilized as base models for continued pre-training on clinical text
or directly for clinical tasks with promising results [43, 44, 46]. Developing medical language
models for the Danish language would therefore be a valuable asset for both the medical and
clinical domains.

In our paper MeDa-BERT: A medical Danish pretrained transformer model [16], we collected
a Danish medical text corpus and used it to develop a medical Danish BERT model (MeDa-
BERT). In contrast to Clin-ELECTRA which was pre-trained with randomly initialized weights,
MeDa-BERT was initialized with the weights of an existing Danish BERT model, whereafter
it was pre-trained again. We did not train the model from scratch because we deemed the
medical corpus to be too small for pre-training a language model. Consequently, we also used
the tokenizer from the original Danish BERT model.

MeDa-BERT was pre-trained with a standard MLM objective where the model predicts the
correct tokens of [MASK] tokens, as seen in Figure 3.6.

MeDa-BERT

pa�ent

has
pain

arm
le�
in

[SOS]

[EOS]

pa�ent

has
pain

nose
le�
in

[SOS]

[EOS]

pa�ent

has
[MASK]

[MASK]
le�
in

[SOS]

[EOS]

FIGURE 3.6: Illustration of masked language modelling.

By predicting the masked words, the model learns information about the context in which
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the masked token appears. This allows the model to capture relationships and dependencies
within a sentence. For pre-training MeDa-BERT, we corrupted 15% of tokens in the input sen-
tence with the following procedure: 80% of the time we replaced a word with the [MASK] token,
10% of the time we replaced a word with a random word, and 10% of the time we did not re-
place the word. By doing this, the model is forced to consider and make good representations
for all words in the input sentence as it does not know which words it will be asked to predict.
Moreover, by keeping the word unchanged 10% of the time, the model is biased towards the
actual word it should predict [4].

The model was pre-trained on a new Danish medical corpus that we collected from the
internet and medical books. Acquiring this dataset was the main challenge for developing
MeDa-BERT. For the English language, multiple databases of medical text are available, e.g.,
from PubMed [73] where text from millions of high-quality medical papers can be extracted.
However, for the Danish language, no such database exists.

In the paper, we set out to investigate how much Danish medical text we could collect for
pre-training language models. The final pre-training corpus contained approximately 134 mil-
lion tokens, which is a significantly smaller corpus than English medical pre-trained language
models [74, 75]. However, we showed that the corpus could be used to improve the perfor-
mance of a Danish language model on four clinical classification tasks and surpass the perfor-
mance of a general domain BERT model.

The four classification datasets were developed throughout my PhD-studies. The datasets
were developed using EHRs from OUH and were annotated with a consensus label from three
MDs. The datasets are described in detail in the paper.

The paper is presented below. It is licensed under a CC BY 4.0 license which can be found at
https://creativecommons.org/licenses/by/4.0/.

Paper Correction: In Table 2 in the paper, the VTE label Airways should have been Lower ex-
tremity.

https://creativecommons.org/licenses/by/4.0/
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Abstract

This paper introduces a medical Dan-
ish BERT-based language model (MeDa-
BERT) and medical Danish word embed-
dings. The word embeddings and MeDa-
BERT were pretrained on a new medi-
cal Danish corpus consisting of 133M to-
kens from medical Danish books and text
from the internet. The models showed im-
proved performance over general-domain
models on medical Danish classification
tasks. The medical word embeddings1 and
MeDa-BERT2 are publicly available.

1 Introductions

Large language models (LLM) are powerful rep-
resentation learners and have become the back-
bone structure of many modern natural language
processing (NLP) systems. To learn text repre-
sentations, LLM are first pretrained on a large-
scale text corpus using self-supervised learning,
e.g., masked language modelling. After pretrain-
ing, LLM are fine-tuned on specific downstream
tasks where they have achieved state-of-the-art re-
sults on NLP benchmarks such as GLUE (Wang
et al., 2018).

However, directly applying these general pre-
trained models to specialized domains such as the
medical have led to unsatisfactory results (Peng
et al., 2019). As a solution to this, a second round
of in-domain pretraining (domain-adaptive pre-
training) has shown to improve the performance
of LLMs that were first trained on a general do-
main corpus (Gururangan et al., 2020). Domain-
adaptive pretraining adjusts the weights of the

*Equal contribution
1https://huggingface.co/jannikskytt/

MeDa-WE
2https://huggingface.co/jannikskytt/

MeDa-Bert

LLM to better capture the terminology, style, and
nuances that are relevant to the target domain.

Resource-rich languages such as English have
large domain-specific corpuses available that have
been used to develop e.g., biomedical (Lee et al.,
2020), clinical (Alsentzer et al., 2019), scien-
tific (Beltagy et al., 2019), and financial (Peng
et al., 2021) LLMs that perform better than mod-
els trained on general corpuses. These models
could potentially be used to improve human de-
cision making, save time, and reduce costs, e.g.,
by extracting information from scientific articles,
identifying potential drug interactions, and help-
ing with NLP tasks such as text classification,
named entity recognition, and question answering
for each of their specialized domains.

For the Danish language, only LLMs trained
on a general domain have been made publicly
available3. This paper presents a medical Dan-
ish BERT model (MeDa-BERT)—a LLM trained
on a new medical Danish text corpus. We also
used the medical corpus to train medical word
embeddings as they still have value in the clin-
ical domain (Laursen et al., 2023). To evaluate
the medical word embeddings and MeDa-BERT,
we used existing medical Danish classification
datasets. We found that an LSTM model using the
medical word embeddings outperformed a similar
model using general-domain word embeddings,
and that MeDa-BERT performed slightly better
than a general-domain BERT model.

2 Method

This section first describes how the medical cor-
pus was collected and used to pretrain the medical
Danish word embeddings and MeDa-BERT. Next,
the datasets used to compare model performances
and the fine-tuning procedure is described.

3Pedersen et al. (2022b) developed a clinical transformer
model but it is not publicly available
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Corpus Type Date retrieved Tokens

Clinical guidelines Guidelines
October -
November 2022

80,567,576

Medicin.dk Information portal June 2021 28,878,335
FADL Books January 2022 12,531,373
Sundhed.dk Information portal May 2022 6,767,409
Netdoktor.dk Information portal October 2022 3,227,051
Wikipedia Encyclopedia October 2022 1,992,796
Total 133,964,540

Table 1: Number of tokens and date retrieved for
each data source

2.1 Danish medical corpus

We collected data from the internet and from med-
ical books. The owners of the data resources ap-
proved that we used their data in this study. We
describe the data collection for each text contrib-
utor below. An overview of the text corpuses and
their size can be seen in Table 1.

2.1.1 Clinical guidelines

We collected text from the document management
systems of the five Danish regions. The docu-
ments contain guidelines and instructions for diag-
nostics and treatment of patients and all workflows
that support this. The document systems also in-
clude non-medical documents from e.g. purchas-
ing, logistics, and service departments which were
removed. All departments that were excluded and
the number of tokens retrieved from each region
can be seen in Appendix A.

2.1.2 Medical information portals

We collected text from webpages that provide in-
formation to medical doctors and patients. The
text was collected from Medicin.dk, Netdoktor.dk,
and Sundhed.dk. The resources provide informa-
tion about diseases, symptoms, and medical treat-
ments. Moreover, the resources contain informa-
tion specifically for health care professionals, e.g.,
medication guidelines and information about best
practices in the field. Text not related to the med-
ical domain and text written by non-professionals
were removed from the corpus. A description of
this process can be seen in appendix A.

2.1.3 Books

This part of the corpus consisted of 107 medical
books from publisher FADLs Forlag that publishes
books for medicine and nursing school.

2.1.4 Wikipedia
We used PetScan4 to search for medical Wikipedia
documents within predefined categories and its
subcategories. We used a maximum depth of 5 for
searching for subcategories. The following cate-
gories were used: anatomi, physiology, diseases,
medication, epidemiology, diagnostics, medical
procedures, medical specialities, medical physics,
and medical equipment. We excluded documents
with the categories: persons and companies. This
process resulted in 5,391 documents. Next, we
manually removed non-medical articles from that
list which resulted in 5,266 documents.

2.2 Preprocessing of data
For all text corpusses, we defined a sample as one
paragraph, i.e., a continuous stream of text without
line breaks. We inserted spaces between alphanu-
meric and non-alphanumeric characters. Samples
were further preprocessed to fit the pretraining
procedure for either word embeddings or the trans-
former model, as detailed below.

2.2.1 Danish medical transformer model
MeDa-BERT was initialized with weights from a
pretrained Danish BERT model5 trained on 10.7
GB Danish text from Common Crawl (9.5 GB),
Danish Wikipedia (221 MB), debate forums (168
MB), and Danish OpenSubtitles (881 MB).

For domain-adaptive pretraining, samples from
the collected medical corpus were appended a
[CLS] and [SEP] token in the start and end of
each sample, respectively. Samples were concate-
nated to fit the maximum sequence length of 512
tokens and document boundaries were indicated
by adding an extra [SEP] token in between sam-
ples. After this process, we removed duplicates
corresponding to 0.2% of the total corpus. The
model was trained using Adam (Kingma and Ba,
2015) with a weight decay of 0.01 as described
in (Loshchilov and Hutter). Using gradient ac-
cumulation, the model was trained with a batch
size of 4,032, a learning rate of 1e-4, and a lin-
ear learning rate decay warmed up over 1 epoch.
The model was pretrained for a total of 48 epochs
and evaluated after 16, 32, and 48 epochs. We
used 5% of the samples as a validation set to
evaluate the model during pretraining and trained
the model on the remaining data using dynamic

4https://petscan.wmflabs.org/
5https://github.com/certainlyio/

nordic_bert
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Dataset Label Train Validation Test

Bleeding Positive 10,331 1,300 1,300
Negative 10,331 1,300 1,300

Bleeding site

Airways 1,000 125 125
Cerebral 1,000 125 125
Ear-nose-throat 1,000 125 125
Eyes 1,000 125 125
Gastrointestinal 1,000 125 125
Gynecological 1,000 125 125
Internal 1,000 125 125
Skin 1,000 125 125
Urogenital 1,000 125 125
Unknown 1,000 125 125

VTE Positive 9,064 1,100 1,100
Negative 9,064 1,100 1,100

VTE site
Airways 1,600 200 200
Lungs 1,600 200 200
Unknown 1,600 200 200

Table 2: Dataset distributions

masked language modeling. The model was opti-
mized using four Tesla v100 GPUs using the Hug-
gingface (Wolf et al., 2020) library. All model pa-
rameters and pretraining losses are shown in Ap-
pendix B.

2.3 Danish medical word embeddings

We trained 300-dimensional FastText (Bo-
janowski et al., 2017) word embeddings. The
embeddings were trained for 10 epochs using a
window size of 5 and 10 negative samples. The
hyperparameters were chosen to be able to com-
pare the produced embeddings with the Danish
FastText word embeddings from Grave et al.
(2018) that were trained on a general domain.

2.4 Datasets

We compared performances between models us-
ing four medical datasets: bleeding classification,
bleeding site classification, venous thromboem-
bolism (VTE) classification, and VTE site classifi-
cation. All samples were annotated with a consen-
sus label from three medical doctors. The dataset
distributions can be seen in Table 2 and examples
of samples can be seen in Appendix C.

2.4.1 Bleeding classification

The bleeding dataset (Pedersen et al., 2021) is
a binary classification problem with 25,862 sam-
ples. The dataset was constructed from 900 Dan-
ish electronic health records (EHR) from Odense
University Hospital. The samples had an average
token length of 13.3.

2.4.2 Bleeding site classification
The bleeding site dataset (Pedersen et al., 2022b)
is a 10-class classification problem with 11,250
unique bleeding-positive samples annotated for
the bleeding site. The bleeding site labels were:
airways, cerebral, ear-nose-throat, eyes, gastroin-
testinal, gynecological, internal, skin, urogenital,
and unknown. The dataset was constructed from
149,523 Danish EHR notes from Odense Univer-
sity Hospital. The samples had an average token
length of 14.4.

2.4.3 VTE classification
The VTE dataset (Pedersen et al., 2022a) is a bi-
nary classification problem with 22,528 samples.
The dataset was constructed from 94,520 Danish
EHR notes from Odense University hospital. The
samples had an average token length of 13.8.

2.4.4 VTE site classification
The VTE site dataset (Pedersen et al., 2022a) is
a 3-class classification problem with 6,000 VTE-
positive samples annotated for the VTE site. The
VTE site labels were: airways, lungs, and un-
known. The dataset was constructed from 94,520
Danish EHR notes from Odense University Hos-
pital. The samples had an average token length of
14.5.

2.5 Fine-tuning

2.5.1 MeDa-BERT and BERT
We used the [CLS] token followed by a classi-
fication layer to classify samples of the datasets.
We searched for the best models five times using
Adam with learning rates [5e-5, 3e-5, 1e-5], i.e.,
we fine-tuned each model 15 times. The models
were trained for a maximum of 10 epochs.

2.5.2 LSTM
We used the medical word embeddings as input
to a bidirectional LSTM layer with a hidden layer
size of 512. The last hidden state of the LSTM
was followed by a dropout layer with probability
0.2, a dense layer of size 256, a ReLU activation
function, a dropout layer of probability 0.2, and a
dense classification layer. This model is referred
to as LSTM+MeDa-WE.

The performance of the model is compared
with another LSTM model (LSTM+General-WE)
with the same parameters but using FastText em-
beddings trained on the general domain as in-
put (Grave et al., 2018). We searched for the best
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Bleeding Bleeding site VTE VTE site
LSTM+General-WE 83.8.7 69.3.8 88.5.2 86.4.7
LSTM+MeDa-WE 91.4.3 84.91.1 94.1.3 93.4.4
BERT 94.3.6 86.7.8 96.7.3 94.7.3
MeDa-BERT 16 94.7.3 88.4.6 97.1.4 95.5.2
MeDa-BERT 32 95.1.5 88.7.6 96.9.3 95.7.3
MeDa-BERT 48 95.3.4 89.1.2 97.0.5 95.8.3

Table 3: Mean accuracy and standard deviation
(subscript) for each model on four medical clas-
sification tasks. Best results for the LSTM and
BERT-based models highlighted in bold. MeDa-
BERT 16 denotes the MeDa-BERT model pre-
trained for 16 epochs.

models five times using Adam with learning rates
[5e-5, 3e-5, 1e-5], i.e., we fine-tuned each model
15 times.

For all models we report the mean test set accu-
racy and standard deviation for the five best per-
forming models on the validation dataset.

3 Results

Table 3 shows the results of each model on the four
classification datasets.

3.1 Word embedding comparison

Using the medical word embeddings as input
to an LSTM model resulted in large improve-
ments compared to using general word embed-
dings. On average, LSTM+MeDa-WE outper-
formed the LSTM+General-WE model by 8.9 per-
centage points (PP). The largest improvement was
seen on the 10-class bleeding site classification
with an improvement of 15.6 PP.

3.2 Language model comparison

Comparing BERT and MeDa-BERT, the perfor-
mance improvements were smaller. MeDa-BERT
performed better on three of the datasets with an
average improvement of 1.2 PP. The largest im-
provement was on the 10-class bleeding site clas-
sification with an improvement of 2.4 PP.

4 Discussion and limitations

This paper presented a new Danish medical cor-
pus that was used to train NLP models. The cor-
pus included medical books and text scraped from
medical websites that provide information for both
citizens and healthcare professionals. We applied
different techniques to filter out non-medical data,
e.g., by removing documents from non-medical

departments or text written by non-healthcare pro-
fessionals. While these steps did remove a large
part of non-medical text, some non-medical text
might still be present in the corpus. However,
the results showed that models pretrained on the
medical corpus performed better than general-
domain models, especially for multiclass classifi-
cation problems.

For the Danish language, few medical evalua-
tion datasets are available and therefore the models
were only evaluated on classification tasks. More-
over, the evaluation datasets were constructed
from EHR text which has its own nuances com-
pared to the text of the medical pretraining corpus,
e.g., EHR text contains many spelling mistakes
whereas the medical corpus contains few gram-
matical errors. These factors might limit the gen-
eralizability of the results. Future work should
evaluate the models on other tasks, e.g., named-
entity recognition and question answering which
will provide a better understanding of the models’
capabilities.

We found continuous small performance im-
provements by pretraining MeDa-BERT for more
epochs. The model might improve with further
pretraining but because of limited computational
resources and the small rate of improvement, we
did not explore this further. The model would
also benefit from more medical pretraining data.
Although this paper presented a large part of the
available medical Danish text, more data could be
collected, e.g., from other medical book publish-
ers and websites.

The medical datasets used to evaluate the mod-
els are not publicly available because of privacy
concerns. For future work, we will strive to pub-
lish parts of the medical corpus which requires
permission from the text owners. We advise in-
terested researchers to contact us for sharing pos-
sibilities.

5 Conclusion

This paper presented a Danish medical corpus
consisting of 133M tokens. The corpus was used
to pretrain medical word embeddings and lan-
guage models. The models trained on the med-
ical corpus performed better than similar models
trained on a general domain.
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Appendices

A Preprocessing of text corpuses

A.1 Medical information portals
Netdoktor.dk provides information about dis-
eases, symptoms, medication, and treatment. Net-
doktor.dk contains sections that are not related
to the medical domain and discussion forums
where users can communicate. Therefore, we re-
moved documents having links containing the fol-
lowing strings: debat, kultur, testdigselv, behan-
dlerguiden, nyhedsbrev, nyheder, privacypolicy,
kontaktnetdoktor, cookieinformation, disclaimer,
sponsorindhold and discussions. Moreover, citi-
zens can ask medical questions 6 that are answered
by health care professionals. We only included the
answers to these questions.

Medicin.dk has three sub-pages: www.min.
medicin.dk that provides information to citi-
zens, www.pro.medicin.dk that provides in-
formation to health care professionals, and www.
indlaegssedler.dk that contains informa-
tion about medicine. We included all documents
from these webpages.

Sundhed.dk provides information for medi-
cal professionals 7 and citizens 8 about diseases,
symptoms, medication and treatment. We in-
cluded all documents from these webpages.

A.2 Clinical guidelines
We collected clinical guidelines from the 5 regions
of Denmark: The Capital Region of Denmark,
The Region of Northern Denmark, The Region of

6https://www.netdoktor.dk/brevkasser/
7https://www.sundhed.dk/

sundhedsfaglig/
8https://www.sundhed.dk/borger/

Region Categories removed (in Danish) Date retrieved Tokens

Capital Region

Den sociale virksomhed
Center for ejendomme
Center for HR
Center for Regional Udvikling
Region Hovedstadens Apotek
Steno Diabetes Center Copenhagena

October 2022 13,443,269

Northern Region

Logistik afdeling
Teknisk Afdeling Himmerland
Teknik
Logistik
Service

October 2022 6,505,559

Southern Region
Administration
Service
PsykInfo

September -
November 2022

29,075,187

Region Zealand

Administration
HR organisation og ledelse
Indkøb
IT
PortørCentral
Rengøring
Økonomi
Uddannelse

November 2022 6,387,083

Central Region November 2022 25,156,478

Table 4: Categories removed and number of to-
kens from each of the Danish regions.

Parameter Value
Architecture

Number of layers 12
Hidden size 768
FFN inner hidden size 3072
Attention heads 12
Attention head size 64
Dropout 0.1
Attention dropout 0.1
Max seq. length 512

Optimization
Learning rate 1e-4
Optimizer AdamW
Adam weight decay 0.01
Adam epsilon 1e-6
Adam beta1 0.90
Adam beta2 0.98
Learning rate decay Linear
Batch size 4032
Warm up 1 epoch
Epochs 16, 32, 48
Gradient clipping 1.0

Table 5: Architecture and optimization parameters
for pretraining MeDa-BERT

Southern Denmark, The Region of Zealand, and
The Central Region of Denmark. For each region
we removed non-medical documents, seen in Ta-
ble 4.

B Model parameters and pretrainng loss

Table 5 shows the architecture and optimization
parameters for pretraining MeDa-BERT. Table 6
shows the masked language modelling loss for
MeDa-BERT during pretraining.
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Train loss Validation loss
MeDa-BERT 16 2.122 2.019
MeDa-BERT 32 1.874 1.792
MeDa-BERT 48 1.766 1.673

Table 6: Masked language modelling loss for
MeDa-BERT during pretraining. MeDa-BERT 16
denotes the model pretrained for 16 epochs.

C Dataset examples

Figure 7 shows a sample from each dataset trans-
lated from Danish to English.

Dataset Example Label
Bleeding Positive

Bleeding site Urogenital

VTE Positive

VTE site

”Girl hospitalized on 14.05.11 with bleeding tendency. 1½ years ago, noticed
bleeding on both arms, under the armpits and on the inner thighs. Subsequently
blood discharges on the mucous membrane of the cheeks and quite heavy men-
strual bleeding, which is unusual for pt.”
”19-year-old man referred by on-call doctor due to sudden onset of macro-
scopic hematuria and left-sided flank pain.”
”Pt has severe heart failure and hence dyspnoea and the feeling of air hunger,
and, in addition, pt has pulmonary embolisms and COPD. Treatment with
Fragmin has started.”
”Irregular contours on the left side in the transverse sinus and beginning part
of the sigmoid sinus compatible with partial thrombosis.”

Brain

Table 7: Example of a sample from each dataset translated from Danish to English.
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CHAPTER 4

Clinical bias mitigation

Dataset curation is the process of creating the datasets used to pre-train and fine-tune language
models. Dataset curation plays an important role in developing safe language models as the
data must be processed carefully to avoid or mitigate biases [10]. It includes acquiring EHRs;
preprocessing; annotation; and splitting data into train, validation, and test sets. While bias can
arise in any of these steps, this section describes a specific type of bias that arises due to the
distribution of samples in the train, validation, and test splits used to train language models.

Our paper Investigating anatomical bias in clinical classification algorithms [17] stresses the im-
portance of careful dataset curation when developing language models for clinical classification
problems. During our research with bleeding extraction, we found large performance drops for
specific patient populations if the samples of the dataset were not properly distributed between
anatomical locations in the training dataset.

To validate our hypothesis, we created a controlled methodology to test the accuracy of an
LSTM classifier and Clin-ELECTRA when the distribution of samples from different anatomical
locations varied in the training dataset. We found that both classifiers were prone to anatomical
bias in two clinical datasets and, therefore, we argued that researchers should carefully collect
and construct their training, validation, and test data to include an equal distribution of samples
from different anatomical locations for clinical classification problems.

The paper is presented below. It is licensed under a CC BY 4.0 license which can be found at
https://creativecommons.org/licenses/by/4.0/.

https://creativecommons.org/licenses/by/4.0/
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Abstract

Clinical machine learning algorithms have
shown promising results and could potentially
be implemented in clinical practice to provide
diagnosis support and improve patient treat-
ment. Barriers for realisation of the algorithms’
full potential include bias which is systematic
and unfair discrimination against certain indi-
viduals in favor of others.

The objective of this work is to measure
anatomical bias in clinical text algorithms. We
define anatomical bias as unfair algorithmic out-
comes against patients with medical conditions
in specific anatomical locations. We measure
the degree of anatomical bias across two ma-
chine learning models and two Danish clinical
text classification tasks, and find that clinical
text algorithms are highly prone to anatomical
bias. We argue that datasets for creating clini-
cal text algorithms should be curated carefully
to isolate the effect of anatomical location in
order to avoid bias against patient subgroups.

1 Introduction

Research in clinical machine learning algo-
rithms have shown promising results for automat-
ing clinical tasks. The algorithms could potentially
be implemented in clinical practice to provide diag-
nosis support, improve patient treatment and pro-
vide time-savings for medical doctors (Topol, 2019;
Matheny et al., 2020).

However, despite appealing research results,
there are currently limited examples of algorithms
being successfully deployed into clinical practice
(Kelly et al., 2019). Barriers for realisation of the
algorithms’ full potential include bias and generali-

*Equal contribution

sation issues (Char et al., 2018; Hovy and Prabhu-
moye, 2021; Carrell et al., 2017).

Algorithmic bias can be defined as systematic
and unfair discrimination against certain individu-
als or groups of individuals in favor of others (Fried-
man and Nissenbaum, 1996). Previous studies have
raised serious concerns of algorithms that contain
age, gender and racial bias (Sun et al., 2019; David-
son et al., 2019) — even for algorithms that have
been taken into use (Obermeyer et al., 2019). Al-
though machine learning algorithms are trained to
be able to generalise to previously unseen data, they
tend to overfit to the data they have been trained on.
As a consequence of this, bias can unintendedly
arise if some subgroups of the target population
are not represented in the data used to train the
algorithm. Moreover, if the training data itself in-
clude biases against some populations, e.g. data
reflecting a negative attitude against people with
disabilities (Hutchinson et al., 2020), these biases
might be encoded and reinforced.

If biased algorithms are adopted, healthcare sys-
tems risk doing injustice to certain patient groups
and harming patient safety (Obermeyer et al., 2019).
Therefore, identifying and mitigating bias is impor-
tant for successful implementation of novel clinical
machine learning algorithms.

This paper investigates anatomical bias in clin-
ical machine learning algorithms developed to
classify and extract specific medical conditions
from the narrative text of electronic health records
(EHR). We define anatomical bias as unfair algo-
rithmic outcomes against a subgroup of patients
with the same medical condition, where the al-
gorithm performs differently depending on the
anatomical location of the condition. If the per-
formance of clinical algorithms varies depending

Findings of the Association for Computational Linguistics: EACL 2023, pages 1398–1410 
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on the anatomical location, it is reflected in some
patient subgroups receiving worse treatment than
others.

We hypothesised that careful dataset curation is
needed to measure and mitigate anatomical bias be-
cause the text description of medical conditions in
EHRs varies depending on the location, e.g. ‘epis-
taxis’ is a location-specific word describing nose
bleedings.

Specifically, this paper investigates anatomi-
cal bias for classification of bleeding and venous
thromboembolism (VTE) mentions in the narra-
tive text of Danish EHRs. Automatic extraction
of these conditions could be valuable for medical
doctors in clinical practice, e.g. to guide diagnostic
decision making and treatment options (Decousus
et al., 2011). Previous papers (Hinz et al., 2013;
Lee et al., 2017; Taggart et al., 2018; Li et al., 2019;
Mitra et al., 2020, 2021; Elkin et al., 2021; Ped-
ersen et al., 2021; Shi et al., 2021; Verma et al.,
2022) have shown promising results for automatic
extraction of these medical conditions but they did
not investigate the performance of the algorithms
across anatomical subgroups.

Our main contributions are:

• We find that clinical text algorithms are highly
prone to anatomical bias.

• The performance of state-of-the-art algo-
rithms developed to extract specific medical
conditions varies significantly across anatom-
ical locations with performance drops up to
89.1 percentage points (PP).

• We argue that datasets for creating clinical
text algorithms should be curated carefully
to isolate the effect of anatomical location in
order to avoid bias against patient subgroups.

2 Methods

To investigate if machine learning algorithms are
prone to anatomical bias, we performed two ex-
periments. We (1) investigated the performance
of a binary classifier on different anatomical sub-
groups of a medical condition when that subgroup
was left out of the training set, and (2) measured
how the performance on an anatomical subgroup
varied depending on the amount of samples from
that subgroup included in the training set.

Table 1: Distribution of the training, validation, and test
samples for the balanced bleeding detection dataset.

Label Location Train Validation Test

Positive for bleeding

Gastrointestinal 750 250 250
Urogenital 750 250 250
Internal 750 250 250
Otorhinolaryngeal 750 250 250
Dermatological 750 250 250
Gynecological 750 250 250
Cerebral 750 250 250
Ophthalmological 750 250 250

Negative for bleeding 6,000 2,000 2,000
Sum 12,000 4,000 4,000

Table 2: Distribution of the training, validation, and test
samples for the balanced VTE detection dataset.

Label Location Train Validation Test

Positive for VTE

Lower extremity 1,600 200 200
Lung 1,600 200 200
Liver 0 0 239
Cerebral 0 0 218
Upper extremity 0 0 176

Negative for VTE 3,200 400 1,033
Sum 6,400 800 2,066

2.1 Datasets

We used the binary bleeding classification dataset
from Pedersen et al. (2022) and present a new
binary VTE classification dataset. The bleeding
dataset consists of 20,000 sentences from Danish
EHRs labeled as either positive or negative for
bleeding mentions. The VTE classification dataset
consists of 9,266 sentences from Danish EHRs la-
beled as either positive or negative for VTE men-
tions. Both datasets were constructed from Danish
EHRs from Odense University Hospital and were
labeled with a consensus label from three medical
doctors.

In addition to the main labels of each dataset
(positive and negative for bleeding or VTE), we
created a subgroup label for the positive samples
describing the anatomical location of either the
bleeding or VTE mention. Samples that did not
describe the anatomical location or described mul-
tiple locations were omitted.

For the bleeding dataset, we used the following
eight anatomical locations: gastrointestinal, uro-
genital, internal, otorhinolaryngeal, dermatological,
gynecological, cerebral, and ophthalmological.

For the VTE dataset, we used the following five
anatomical locations: lower extremity, lung, liver,
cerebral, and upper extremity.

The locations included for each medical condi-
tion were selected by two medical doctors.

For each dataset, we created a balanced training,
validation, and test set containing an equal amount
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of positive and negative samples. Moreover, for
the bleeding dataset, the positive samples of the
training, validation, and test sets were distributed
equally between anatomical locations. For the VTE
dataset, only samples from the lower extremity and
lung locations were distributed equally between the
train, validation, and test sets. The liver, cerebral,
and upper extremity locations were only used for
the test set because of a limited number of samples.

All samples were preprocessed by removing spe-
cial characters, superfluous spaces, and duplicate
samples. After preprocessing the samples, the
bleeding and VTE datasets had an average token
length of 13.3 and 13.6, respectively. The dataset
distributions can be seen in Table 1 and Table 2.

2.2 Training set distributions
To measure performance differences for specific
anatomical locations, we systematically removed
all samples from a specific location, x, from the
training set, creating the training set T ̸⊂x, trained
a deep learning model on T ̸⊂x, and evaluated it
on the test set. For example, for the bleeding
dataset, we created 8 different training sets, one
for each anatomical location being removed, con-
taining 10,500 samples.

For comparison, we created a balanced training
set, T , which included the same amount of sam-
ples as T ̸⊂x, distributed equally between the posi-
tive and negative classes, and between anatomical
locations.

2.3 Deep learning models
The deep learning models were a transformer-based
ELECTRA model (Clark et al., 2020) and a Long
Short-Term Memory (LSTM) model (Hochreiter
and Schmidhuber, 1997).

The ELECTRA model was a Danish clinical
ELECTRA (Clin-ELECTRA) (Pedersen et al.,
2022) pretrained on the narrative text from 299,718
EHRs from Odense University Hospital. The
model had ∼13M parameters and consisted of 12
transformer layers with 4 attention heads. We ini-
tialised Clin-ELECTRA from its pretrained check-
point and followed the HuggingFace (Wolf et al.,
2019) implementations for binary text classifica-
tion.

The LSTM model had ∼4M parameters and con-
sisted of a bidirectional LSTM layer with a hidden
layer size of 512. The last hidden state of the LSTM
was followed by a dropout layer with probability
0.2, a dense layer of size 256, a ReLU activation

function, a dropout layer of probability 0.2, and a
dense classification layer. For word representation,
the LSTM model used 300-dimensional FastText
(Bojanowski et al., 2017) word embeddings pre-
trained on Danish EHRs consisting of 1.4B tokens.

2.4 Model evaluation
For each of the ELECTRA and LSTM deep learn-
ing models and training sets T and T̸⊂x, we:

1. Trained the deep learning model with five
different learning rates and random initiali-
sations.

2. Computed the test set accuracy of the best
performing model based on the loss on the
validation set.

3. Repeated step 1 and 2 five times.

We used the five accuracies to perform bootstrap-
ping with 9,999 replicates and calculated mean ac-
curacy, standard error (SE), and 95% confidence in-
terval (CI) for T and T̸⊂x. Moreover, we computed
the bootstrapped difference of means between T
and T̸⊂x to evaluate statistically significant differ-
ences in performance.

For both deep learning models, we used the
Adam optimizer (Kingma and Ba, 2015) and
searched for the best model using learning rates 7e-
5, 8e-5, 9e-5, and 1e-4. Clin-ELECTRA was fine-
tuned for a maximum of 10 epochs and the LSTM
for a maximum of 30 epochs. One epoch was
trained in <1 and ∼5 seconds for the LSTM and
ELECTRA model, respectively, using an NVIDIA
v100 GPU.

We measured anatomical bias as the difference
in sensitivity on a specific location, x, between two
deep learning models trained on T and T̸⊂x.

3 Results

3.1 Bleeding classification
Table 3 shows the binary accuracy of the bleeding
classifiers on the test set for each of the training
sets T and T ̸⊂x. Appendix A shows additional
metrics. With the exception of T̸⊂Otorhinolaryngeal

for the ELECTRA model, all training sets with an
anatomical location removed resulted in models
with significantly worse performance than when
trained on T .

The decreases in accuracy were caused by a sig-
nificant drop in sensitivity for the anatomical loca-
tions which had been removed from the training
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Figure 1: Sensitivity of models trained on T ̸⊂x and T for each anatomical location, x.

Table 3: Accuracy (%), standard error (SE), and 95%
confidence interval (CI) for the bleeding classification
dataset. T ̸⊂x denotes the training set from which an
anatomical location, x, has been removed. * denotes a
significant difference at the 0.05 level between models
trained on T and T ̸⊂x.

ELECTRA LSTM
Accuracy±SE CI Accuracy±SE CI

T 95.6 ± 0.1 95.4 - 95.8 90.6 ± 0.1 90.4 - 90.7
T ̸⊂Gastrointestinal 94.4 ± 0.2* 94.0 - 94.7 88.8 ± 0.1* 88.6 - 88.9
T ̸⊂Urogenital 93.9 ± 0.1* 93.7 - 94.2 88.5 ± 0.1* 88.3 - 88.6
T ̸⊂Internal 95.0 ± 0.1* 94.8 - 95.2 88.8 ± 0.1* 88.5 - 89.0
T ̸⊂Otorhinolaryngeal 95.6 ± 0.1 95.4 - 95.8 90.0 ± 0.2* 89.8 - 90.4
T ̸⊂Dermatological 94.3 ± 0.1* 94.0 - 94.5 88.2 ± 0.1* 88.1 - 88.3
T ̸⊂Gynecological 93.8 ± 0.1* 93.6 - 94.0 89.1 ± 0.1* 88.9 - 89.4
T ̸⊂Cerebral 94.6 ± 0.2* 94.3 - 94.9 89.0 ± 0.1 * 88.8 - 89.2
T ̸⊂Ophthalmological 95.3 ± 0.1* 95.1 - 95.4 88.2 ± 0.2 * 87.8 - 88.5

data. Figure 1 shows the test set sensitivity for each
anatomical location, x, for each training set T and
T ̸⊂x. The sensitivity for all anatomical locations
was significantly worse when not present in the
training set with performance drops up to 28.8 PP
for ELECTRA and 36.3 PP for the LSTM model.
On average, the sensitivity on the anatomies de-
creased with 17.8 PP (standard deviation ± 8.8 PP)
for ELECTRA and 24.5 PP (standard deviation ±
9.4 PP) for the LSTM model.

Moreover, it is seen that even though models
trained on T ̸⊂x achieved high accuracies on the test
set overall, the sensitivity on the anatomical loca-
tion not present in the training set was low. E.g., for
ELECTRA, T ̸⊂Gynecological had a 93.8% accuracy
on the test set, but the sensitivity for gynecological
bleedings was only 64.8%. Appendix A shows the
sensitivity, SE, and the differences of means for all
anatomical locations and training sets.

Figure 2 shows the sensitivity on each anatom-
ical location by the percentage of total subgroup
samples in the training set. It is seen that the accu-
racy increased as more samples were present in the
training set. For the LSTM model, the sensitivity
on gastrointestinal, urogenital, cerebral, and oph-
thalmological bleedings was significantly worse -
even when 80% of samples were present in the

Table 4: Accuracy (%), standard error (SE), and 95%
confidence interval (CI) for the VTE classification
dataset. T ̸⊂x denotes the training set from which an
anatomical location, x, has been removed. * denotes a
significant difference at the 0.05 level between models
trained on T and T ̸⊂x.

ELECTRA LSTM
Accuracy±SE CI Accuracy±SE CI

T 84.8 ± 0.3 84.2 - 85.4 75.9 ± 0.3 75.4 - 76.4
T̸⊂Lower extremity 67.6 ± 0.6* 66.5 - 68.7 71.6 ± 0.4* 70.8 - 72.6
T̸⊂Lung 74.0 ± 1.1* 71.9 - 76.1 69.9 ± 0.1* 69.7 - 70.2

training set. For ELECTRA, the sensitivity on
urogenital and internal bleedings was significantly
worse when 80% of samples were present in the
training set. Appendix A shows the accuracies and
differences of means.

3.2 Venous thromboembolism classification

Table 4 shows the binary accuracy of the VTE clas-
sifiers on the test set for each of the training sets
T and T̸⊂x. Appendix B shows additional metrics.
Models trained on T̸⊂Lower extremity and T ̸⊂Lung

performed significantly worse than those trained
on T .

Similar to the bleeding classifier results, the de-
crease in the overall accuracy was caused by a
significant drop in sensitivity on the anatomical
locations which had been removed from the train-
ing data. Figure 3 shows the sensitivity for each
anatomical location, x, for each training set T and
T̸⊂x. The sensitivity on liver, cerebral, and lower
extremity VTEs is only reported when not being
present in the training set because of limited sam-
ples.

The sensitivity on lower extremity and lung
VTEs was significantly worse when not present in
the training set, e.g. the performance for the ELEC-
TRA classifier decreased by 89.1 PP for lower ex-
tremity VTEs and 81.0 PP for lung VTEs. Ap-
pendix B shows the sensitivity, SE, and the differ-
ences of means for all anatomical locations and
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Figure 2: Test set sensitivity on the anatomical locations when removing a fraction of samples from that anatomy
from the training set.
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Figure 3: Sensitivity of models trained on T ̸⊂x and T
for each anatomical location, x. The sensitivity on liver,
cerebral, and lower extremity VTEs is only reported
when not being present in the training set because of
limited samples.

training sets.

Figure 4 shows the sensitivity for lower extrem-
ity and lung VTEs by the percentage of total sub-
group samples in the training set. Both locations
performed significantly worse when 15% and 30%
of samples from that location were present in the
training set for the ELECTRA and LSTM classifier,
respectively. Appendix B shows the accuracies and
differences of means.

4 Analysis of word distributions

Medical conditions are often described using dif-
ferent words depending on the anatomical location
for which the condition occurs. Table 5 shows the
top-3 most frequent words used to describe VTE
events for each anatomical location. The column
Location uniqueness shows the fraction of times a
word appears in samples from a specific anatomical

Table 5: Most frequent words used to describe VTE
events for each anatomical location of the VTE classi-
fication dataset. Words are translated from Danish to
English and, therefore, some cells include two words.
PE = pulmonary embolism.

Word Frequency Location uniqueness
Location: Lower extremity

dvt 1384 0.92
thrombus 135 0.70
blood clot 108 0.47

Location: Lung
pulmonary embolism 1058 0.98
le (PE) 483 0.99
pulmonary embolisms 242 0.99

Location: Liver
porta thrombosis 71 1.00
thrombosis 70 0.36
thrombus 22 0.11

Location: Cerebral
infarct 93 0.97
sinus thrombosis 32 0.97
blood clot 26 0.11

Location: Upper extremity
dvt 99 0.07
thrombus 28 0.14
thrombosis 14 0.07

location compared to the complete dataset:

Location uniqueness =
fx
fD

(1)

where fx is the frequency of the word in samples
from anatomical location x and fD is the total fre-
quency of the word in the dataset, i.e. a value of
1 means that the word is unique for an anatomical
location.

The top-3 words for upper extremity had a low
uniqueness score (<0.15). This indicates that the
vocabulary used to describe VTEs in the upper ex-
tremity was also used for other locations — e.g.
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Figure 4: Test set sensitivity on the anatomical locations when removing a fraction of samples from that anatomy
from the training set.

‘dvt’ (deep vein thrombosis) was the most frequent
word but the uniqueness score was only 0.07. This
might explain why the sensitivity for upper extrem-
ity was relatively high, as seen in Figure 3, even
when samples from that location were not present
in the training set. On the contrary, some of the
frequent words from the lower extremity, lung, and
cerebral locations were close to unique which could
explain why the sensitivity of those locations were
low. Appendix C shows word frequency and lo-
cation uniqueness for the bleeding classification
dataset which shows similar results.

5 Discussion

This paper has presented evidence that clinical nat-
ural language processing (NLP) classification algo-
rithms are prone to anatomical bias, which is unfair
algorithmic outcomes against patients with medi-
cal conditions in specific anatomical locations. We
found that the performance of algorithms for both
bleeding and VTE classification can vary signifi-
cantly depending on the anatomical location with
differences up to 36.3 PP and 89.1 PP, respectively.

Moreover, we found that small fluctuations in the
training set distribution of anatomical locations can
lead to significant performance drops for the under-
represented anatomical locations. For the datasets
presented in this study, we showed that the words
used to describe medical conditions vary depend-
ing on the anatomical location. If classifiers do
not learn to properly represent the full vocabulary
for describing a medical condition, its performance
will decrease for some anatomical locations.

We argue that datasets for clinical NLP algo-

rithms should be created to be able to carefully
measure anatomical bias, e.g. by subdividing each
sample into an anatomical location. This is essen-
tial to avoid implementing clinical algorithms that
might discriminate against specific subgroups of
patients. For example, one of the developed VTE
classifiers in this study performed with sensitivities
of >96% for VTEs in the lungs and lower extrem-
ity while it performed with a sensitivity of only
11.5% for cerebral VTEs. Applying such a model
in clinical practice or research would provide unfair
algorithmic outcomes against patients with cerebral
VTEs. We also showed that an algorithm not ex-
posed to gynecological bleedings would perform
worse on this anatomical location. This would
lead to unfair algorithmic outcomes against woman
with gynecological bleedings. Similarly, because
alcoholics have an increased prevalence of gastroin-
testinal bleedings (Singal et al., 2018), this group
of people would have a higher risk of unfair al-
gorithmic outcomes if the algorithm has not been
trained on such bleeding locations.

To the best of our knowledge, anatomical bias
has not been investigated in previous research.
However, some studies tried to automatically cre-
ate datasets distributed between different patient
groups by extracting data based on International
Classification of Diseases 10 (ICD) codes — e.g.
Pedersen et al. (2021) extract data based on dif-
ferent bleeding disorders. While this approach
could, to some degree, mitigate the problem, stud-
ies (Valkhoff et al., 2014; Øie et al., 2018) found
that ICD codes have low accuracy and, therefore,
this does not ensure an evenly distributed dataset.
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Moreover, in order to isolate and measure the per-
formance on different anatomical locations, the
dataset should be constructed with a known distri-
bution of these anatomies.

Our work is closely related to the field of domain
adaption. For example, MacAvaney et al. (2017)
find that an algorithm trained to extract temporal
information from a specific patient population per-
forms worse on another related patient population.
Their results highlight that it is a challenging task to
develop algorithms that can generalise well across
domains. The main difference between our study
and theirs is that the algorithms described in this pa-
per are not developed to work on different domains.
Rather, the algorithms are specifically developed to
work on a specialised domain in the clinical field,
e.g. bleeding detection. As our results have shown,
the algorithms perform worse on some subpopula-
tions of the population it is supposed to work on,
and therefore, we describe this as a bias issue.

6 Conclusion

This paper presented evidence that clinical NLP
algorithms are prone to anatomical bias. We found
that the performance of clinical classification al-
gorithms for both bleeding and VTE classification
can vary significantly depending on the anatomi-
cal location of the medical condition. We argue
that anatomical bias should be carefully examined
when developing clinical text algorithms in order to
avoid unfair algorithm performance against patient
subgroups.

7 Limitations

Future work should investigate the degree of
anatomical bias in other clinical areas and tasks, e.g.
named entity recognition, to be able to compare the
severity of the bias problem between algorithms
and other clinical areas. Moreover, as the datasets
used in this study are only from a single institu-
tion, the findings of the paper might not be widely
representative.

The objective of this work was to stress the need
for measuring anatomical bias. We leave it to future
work to investigate algorithmic solutions other than
dataset balancing for mitigating the problem, e.g.
using techniques such as oversampling and data
augmentation. Such techniques could also help
mitigating anatomical bias in algorithms for which
training set balancing is not sufficient.

The classification datasets and machine learning

models presented in this paper cannot be shared
publicly due to privacy concerns but we advise
interested researchers to contact us for sharing pos-
sibilities.

Ethics Statement

Machine learning researchers must be proactive
in recognising and counteracting biases such as
the one described in this paper. We hope that the
findings and focus of this paper will lead other
researchers to test and mitigate other kinds of algo-
rithmic biases.

All datasets used in this research were obtained
according to each dataset’s respective data usage
policy. The datasets were stored and processed on
a secure platform1 in compliance with GDPR regu-
lations. According to section 14(2) of the Danish
Act on Research Ethics Review of Health Research
Projects2, studies using retrospective data that do
not involve human biological material do not re-
quire ethical approval.
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Table 6: Precision, recall, and F1 performance for the bleeding classification dataset. T ̸⊂x denotes the training set
from which an anatomical location, x, has been removed. SE = Standard error. CI = 95% confidence interval.

ELECTRA LSTM
Precision ± SE (CI) Recall ± SE (CI) F1 ± SE (CI) Precision ± SE (CI) Recall ± SE (CI) F1 ± SE (CI)

T ̸⊂Gastrointestinal 94.7 ± 0.2 (94.2 - 95.0) 94.2 ± 0.4 (93.4 - 95.0) 94.4 ± 0.2 (94.0 - 94.8) 89.1 ± 0.7 (8.77 - 90.5) 88.5 ± 0.7 (87.2 - 89.8) 88.8 ± 0.1 (88.6 - 88.9)
T ̸⊂Urogenital 94.3 ± 0.3 (93.6 - 94.8) 93.5 ± 0.4 (92.6 - 94.3) 93.9 ± 0.1 (93.6 - 94.2) 89.5 ± 0.1 (89.3 - 89.8) 87.3 ± 0.2 (87.0 - 87.7) 88.5 ± 0.1 (88.3 - 88.6)
T ̸⊂Internal 95.0 ± 0.4 (94.2 - 95.0) 95.1 ± 0.6 (93.8 - 96.1) 95.0 ± 0.1 (94.8 - 95.2) 89.9 ± 0.4 (89.3 - 90.7) 87.6 ± 0.5 (86.6 - 88.6) 88.8 ± 0.1 (88.5 - 89.0)
T ̸⊂Otorhinolaryngeal 95.2 ± 0.2 (94.8 - 95.6) 96.2 ± 0.1 (96.0 - 96.3) 95.7 ± 0.1 (95.5 - 95.8) 89.7 ± 0.3 (89.1 - 90.3) 90.7 ± 0.6 (89.6 - 91.7) 90.1 ± 0.2 (89.8 - 90.5)
T ̸⊂Dermatological 94.7 ± 0.5 (93.6 - 95.5) 93.7 ± 0.4 (93.1 - 94.5) 94.2 ± 0.1 (94.0 - 94.4) 89.5 ± 0.3 (89.0 - 90.2) 87.0 ± 0.3 (86.5 - 87.6) 88.2 ± 0.1 (88.1 - 88.3)
T ̸⊂Gynecological 94.2 ± 0.2 (93.7 - 94.6) 93.5 ± 0.2 (93.1 - 93.8) 93.8 ± 0.1 (93.6 - 94.0) 89.6 ± 0.1 (89.4 - 89.8) 88.7 ± 0.2 (88.3 - 89.0) 89.1 ± 0.1 (88.9 - 89.4)
T ̸⊂Cerebral 95.2 ± 0.2 (94.7 - 95.6) 94.0 ± 0.2 (93.5 - 94.5) 94.6 ± 0.1 (94.3 - 94.8) 89.1 ± 0.2 (88.7 - 89.5) 88.9 ± 0.2 (88.6 - 89.4) 89.0 ± 0.1 (88.8 - 89.2)
T ̸⊂Ophthalmological 95.0 ± 0.1 (94.7 - 95.3) 95.6 ± 0.2 (95.2 - 96.0) 95.3 ± 0.1 (95.1 - 95.5) 88.8 ± 0.4 (88.0 - 89.6) 87.7 ± 0.5 (87.0 - 88.8) 88.2 ± 0.2 (87.8 - 88.5)
T 95.9 ± 0.2 (95.5 - 96.2) 95.4 ± 0.3 (94.7 - 96.0) 95.6 ± 0.1 (95.4 - 95.8) 90.5 ± 0.5 (89.6 - 91.4) 90.4 ± 0.6 (89.3 - 91.7) 90.5 ± 0.1 (90.3 - 90.6)

Table 7: Sensitivity (%) and standard error for all anatomical locations of the bleeding classification dataset. *
denotes a significant difference at the 0.05 level between models trained on T ̸⊂x and T .

Gastrointestinal Urogenital Internal Otorhinolaryngeal Dermatological Gynecological Cerebral Ophthalmological
ELECTRA

T ̸⊂Gastrointestinal 75.7± 2.4* 98.6± 0.3* 96.2± 0.3 96.2± 0.4* 94.3± 0.4* 95.9± 0.4* 97.3± 0.3* 99.1± 0.1*
T ̸⊂Urogenital 97.1±0.3* 68.5± 2.2* 97.4± 0.1* 96.6± 0.2* 95.8± 0.6* 95.8± 0.5* 98.1± 0.1* 98.7± 0.3
T ̸⊂Internal 96.6±0.2* 98.8± 0.2* 82.3± 2.0* 96.2± 0.3* 94.6± 0.6* 95.6± 1.0* 97.3± 0.3* 99.0± 0.2*
T ̸⊂Otorhinolaryngeal 96.2±0.4 98.2± 0.2* 96.2± 0.3 92.6± 0.4* 94.6± 0.2* 95.1± 0.5* 97.4± 0.1* 99.1± 0.2*
T ̸⊂Dermatological 96.6±0.4 98.2± 0.3* 96.2± 0.4* 95.8± 0.5 70.6± 1.4* 96.0± 0.7* 97.6± 0.2* 98.7± 0.2
T ̸⊂Gynecological 97.0±0.2* 98.6± 0.3* 97.2± 0.3* 97.2± 0.2* 95.5± 0.4* 64.8± 0.8* 97.9± 0.4* 99.4± 0.1*
T ̸⊂Cerebral 96.2±0.3 98.3± 0.3* 96.6± 0.4 99.1± 0.1* 94.4± 0.5* 95.8± 0.4* 75.4± 0.7* 99.1± 0.1*
T ̸⊂Ophthalmological 96.6±0.2* 98.5± 0.2* 96.5± 0.2* 95.2± 0.3 93.8± 0.6 95.4± 0.6* 97.4± 0.3* 90.7± 0.5*
T 95.4± 0.4 97.3± 0.4 95.6± 0.5 95.2± 0.2 92.4± 0.8 93.4± 0.2 95.3± 0.4 98.4± 0.3

LSTM
T ̸⊂Gastrointestinal 63.6 ± 3.0* 94.6 ± 0.7* 85.8 ± 1.0* 96.1 ± 0.5* 88.2 ± 0.9 92.2 ± 0.8 90.6 ± 0.7* 96.6 ± 0.6*
T ̸⊂Urogenital 90.2 ± 0.4 56.7 ± 1.6* 86.0 ± 0.5 97.4 ± 0.2* 89.8 ± 0.3* 91.6 ± 0.4 90.9 ± 0.3* 96.2 ± 0.1
T ̸⊂Internal 86.9 ± 0.6 93.0 ± 0.7 62.6 ± 1.2* 95.1 ± 0.5 86.9 ± 0.5 89.7 ± 0.4 90.6 ± 0.5 96.1 ± 0.4
T ̸⊂Otorhinolaryngeal 88.5 ± 0.6 93.8 ± 0.6 85.2 ± 1.0 89.8 ± 0.5* 89.4 ± 0.8 92.4 ± 0.7 90.2 ± 0.5* 96.1 ± 0.4*
T ̸⊂Dermatological 90.6 ± 0.3 93.4 ± 0.5 85.4 ± 0.4* 96.0 ± 0.1* 53.4 ± 0.5* 91.8 ± 0.5 90.4 ± 0.6* 95.2 ± 0.2
T ̸⊂Gynecological 89.3 ± 0.5 92.4 ± 0.3 86.4 ± 0.2* 96.1 ± 0.3 89.2 ± 0.4 69.1 ± 1.2* 90.8 ± 0.4* 96.2 ± 0.2
T ̸⊂Cerebral 87.8 ± 0.6 93.7 ± 0.2 85.6 ± 0.6 96.8 ± 0.3* 89.0 ± 0.4 93.0 ± 0.2* 68.8 ± 0.5* 96.7 ± 0.2*
T ̸⊂Ophthalmological 89.5 ± 1.0 93.1 ± 0.7 86.6 ± 0.9* 96.9 ± 0.4* 89.4 ± 1.0 93.6 ± 0.3* 90.9 ± 0.3* 61.5 ± 2.1*
T 88.9 ± 1.1 93.0 ± 0.8 85.2 ± 0.8 95.4 ± 0.2 87.8 ± 0.8 90.9 ± 0.6 88.7 ± 0.3 94.6 ± 0.7

Table 8: Bootstrapped 95% confidence intervals for difference of means between models trained on T ̸⊂x and T of
the bleeding classification dataset. Means are computed as performance of models trained on T ̸⊂x minus T . Total =
difference of means on the full test set.

Total Gastrointestinal Urogenital Internal Otorhinolaryngeal Dermatological Gynecological Cerebral Ophthalmological
ELECTRA

T ̸⊂Gastrointestinal -1.5 , -0.9 -23.6 , -15.0 0.2 , 2.3 -0.6 , 2.0 0.5 , 1.5 0.6 , 3.3 1.6 , 3.3 1.4 , 2.6 0.5 , 1.1
T ̸⊂Urogenital -2.0 , -1.4 0.6 , 2.8 -33.2 , -24.7 1.0 , 2.7 0.9 , 2.1 1.8 , 5.0 1.2 , 3.6 1.8 , 3.8 -0.6 , 1.3
T ̸⊂Internal -0.8 , -0.4 0.2 , 2.4 0.7 , 2.4 -18.5 , -9.1 0.1 , 2.2 0.1 , 4.6 0.4 , 3.9 1.2 , 3.0 0.1 , 1.2
T ̸⊂Otorhinolaryngeal -0.3 , 0.4 -0.2 , 1.6 0.2 , 1.7 -0.5 , 1.9 -2.9 , -2.1 0.7 , 4.0 0.7 , 2.5 1.5 , 2.6 0.2 , 1.4
T ̸⊂Dermatological -1.8 , -1.1 0.0 , 2.4 0.4 , 1.7 0.1 , 1.3 -0.2 , 1.6 -23.5 , -19.8 1.8 , 3.6 1.9 , 2.9 -0.1 , 1.2
T ̸⊂Gynecological -2.2 , -1.5 1.1 , 2.3 0.7 , 2.1 0.8 , 2.2 1.3 , 2.7 1.6 , 4.9 -29.5 , -27.3 2.1 , 3.4 0.6 , 1.4
T ̸⊂Cerebral -1.5 , -0.5 -0.1 , 1.6 0.2 , 1.9 -0.2 , 2.3 0.5 , 1.6 0.4 , 3.5 1.7 , 3.3 -21.3 , -18.7 0.3 , 1.3
T ̸⊂Ophthalmological -0.6 , -0.1 0.5 , 2.3 0.5 , 2.1 0.1 , 1.7 -0.7 , 0.7 -0.1 , 3.7 1.0 , 3.4 1.5 , 2.9 -8.6 , -6.5

LSTM
T ̸⊂Gastrointestinal -1.9 , -1.4 -30.3 , -18.6 1.0 , 2.1 1.0 , 2.2 0.1 , 1.4 -0.6 , 1.4 -0.2 , 2.6 0.8 , 2.9 1.2 , 3.0
T ̸⊂Urogenital -2.1 , -1.8 -1.7 , 4.0 -38.6 , -34.0 -0.5 , 3.6 1.4 , 2.8 0.1 , 4.1 -1.3 , 2.6 1.2 , 3.1 -0.1 , 3.0
T ̸⊂Internal -1.8 , -1.4 -4.6 , 0.7 -1.4 , 1.7 -23.0 , -20.3 -1.4 , 1.1 -2.1 , 1.0 -2.6 , 0.2 -2.6 , 0.2 0.0 , 3.0
T ̸⊂Otorhinolaryngeal -0.7 , -0.1 -2.7 , 1.8 -0.8 , 2.1 -1.2 , 3.4 -6.9 , -4.5 -1.3 , 4.1 -0.6 , 3.0 0.1 , 2.6 0.2 , 2.7
T ̸⊂Dermatological -2.2 , -2.0 -1.1 , 4.2 -2.2 , 2.5 -1.3 , 3.0 0.2 , 1.0 -36.3 , -32.1 -0.2 , 2.0 0.4 , 3.4 -1.0 , 2.2
T ̸⊂Gynecological -1.5 , -1.1 -1.9 , 2.7 -2.0 , 0.4 0.3 , 3.8 -0.1 , 1.6 -0.4 , 3.7 -24.3 , -19.0 1.4 , 2.8 0.0 , 2.8
T ̸⊂Cerebral -1.7 , -1.2 -3.4 , 0.4 -1.0 , 1.7 -0.3 , 3.0 1.0 , 1.8 -0.6 , 3.4 1.4 , 2.7 -21.0 , -19.0 0.6 , 3.4
T ̸⊂Ophthalmological -2.6 , -1.8 -2.9 , 3.8 -1.1 , 1.4 0.1 , 4.8 0.7 , 2.4 -0.2 , 3.4 1.4 , 3.9 1.3 , 3.0 -38.5 , -28.5
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Table 9: Bleeding test set sensitivity (%) and standard error on an anatomical location by percentage of subgroup
samples in the modified training set. * denotes a significant difference at the 0.05 level between models trained on
the modified training set and the full training set, T .

Anatomical subgroup fraction
0.0 0.01 0.15 0.30 0.60 0.80 1.0

ELECTRA
Gastrointestinal 75.7±2.4* 76.6± 0.6* 90.4± 1.1* 93.2± 0.3* 94.5± 0.5* 96.6± 0.5 95.8± 0.4
Urogenital 68.5±2.2* 72.4± 1.1* 91.0± 1.3* 96.6± 0.3* 97.1± 0.1* 97.0± 0.1* 98.4± 0.4
Internal 82.3±2.0* 84.3± 1.8* 91.8± 0.6* 93.6± 0.2* 94.8± 0.5* 95.9± 0.4* 96.4± 0.4
Otorhinolaryngeal 92.6±0.4* 92.2± 0.7* 92.9± 0.3* 94.8± 0.2* 95.4± 0.6 95.8± 0.2 95.6± 0.3
Dermatological 70.6±1.4* 74.6± 1.3* 87.9± 0.7* 88.7± 0.9* 93.3± 0.7 93.4± 0.3 94.5± 0.6
Gynecological 64.8±0.8* 63.4± 1.3* 87.3± 0.6* 89.2±0.3* 92.0± 0.7* 93.7± 0.2 93.9± 0.4
Cerebral 75.4±0.7* 80.0± 1.5* 89.4± 0.4* 91.5± 0.7* 95.6± 0.5* 96.6± 0.6 97.2± 0.3
Ophthalmological 90.70±0.5* 93.6± 0.3* 96.7± 0.4* 97.8± 0.3* 98.8± 0.1 98.7± 0.1 98.9± 0.2

LSTM
Gastrointestinal 63.6 ± 3.0* 60.0 ± 1.0* 71.9 ± 1.7* 79.2 ± 0.7* 86.6 ± 0.5* 88.0 ± 0.9* 89.1 ± 0.6
Urogenital 56.7 ± 1.6* 58.6 ± 0.9* 79.3 ± 0.7* 87.2 ± 0.6* 90.6 ± 0.2* 92.2 ± 0.3* 93.7 ± 0.1
Internal 62.6 ± 1.2* 65.6 ± 0.8* 72.6 ± 0.8* 77.2 ± 0.5* 80.2 ± 0.8* 83.9 ± 0.5 85.5 ± 0.5
Otorhinolaryngeal 89.8 ± 0.5* 88.5 ± 0.3* 91.8 ± 0.3* 93.6 ± 0.3* 93.8 ± 0.1* 95.2 ± 0.5 95.5 ± 0.3
Dermatological 53.4 ± 0.5* 56.5 ± 1.5* 73.5 ± 2.4* 77.4 ± 0.6* 84.5 ± 0.3* 86.8 ± 0.4 88.1 ± 0.5
Gynecological 69.1 ± 1.2* 69.3 ± 0.5* 80.1 ± 0.7* 86.6 ± 0.7* 89.3 ± 0.5* 90.7 ± 0.4* 91.6 ± 0.3
Cerebral 68.8 ± 0.5 * 72.2 ± 1.6* 79.7 ± 0.4* 83.1 ± 0.6* 86.4 ± 0.4* 88.4 ± 0.5* 90.5 ± 0.2
Ophthalmological 61.5 ± 2.1* 65.4 ± 1.4* 89.4 ± 0.4* 90.3 ± 0.5* 93.0 ± 0.7* 94.4 ± 0.4* 95.7 ± 0.4

Table 10: Bootstrapped 95% confidence intervals for difference of means between models trained on a modified
training set, including a percentage of subgroup samples, and models trained on the full training set, T , of the
bleeding classification dataset. Means are computed as performance of models trained on the modified training set
minus T .

Anatomical subgroup fraction
0.0 0.01 0.15 0.30 0.60 0.80

ELECTRA
Gastrointestinal -23.6 , -15.0 -20.2 , -18.2 -8.3 , -2.6 -4.2 , -1.2 -2.6 , -0.2 -0.2 , 1.8
Urogenital -33.2 , -24.7 -27.7 , -24.0 -10.0 , -4.8 -2.6 , -1.4 -2.2 , -0.4 -2.2 , -0.6
Internal -18.5 , -9.1 -15.2 , -9.0 -5.8 , -3.4 -3.8 , -1.8 -2.4 , -1.0 -3.0 , -0.1
Otorhinolaryngeal -2.9 , -2.1 -4.8 , -2.1 -3.5 , -1.8 -1.5 , -0.2 -0.7 , 0.3 -0.6 , 1.0
Dermatological -23.5 , -19.8 -22.6 , -16.5 -7.8 , -5.0 -7.8 , -3.4 -3.0 , 1.0 -2.4 , 0.1
Gynecological -29.5 , -27.3 -33.6 , -27.5 -8.1 , -5.3 -5.5 , -3.8 -3.6 , -0.8 -0.8 , 1.5
Cerebral -21.3 , -18.7 -20.1 , -13.8 -8.4 , -7.3 -7.0 , -4.4 -2.6 , -0.7 -1.3 , 0.0
Ophthalmological -8.6 , -6.5 -6.0 , -4.5 -2.7 , -1.8 -1.8 , -0.5 -0.6 , 0.6 -0.2 , 0.6

LSTM
Gastrointestinal -31.7 , -19.8 -31.0 , -27.2 -21.4 , -14.3 -12.3 , -7.6 -4.1 , -0.6 -1.9 , -0.1
Urogenital -39.8 , -33.8 -36.7 , -32.9 -15.8 , -13.0 -7.8 , -4.8 -3.5 , -2.5 -2.1 , -0.9
Internal -25.7 , -19.6 -22.3 , -17.4 -15.0 , -10.6 -9.5 , -7.1 -7.4 , -3.1 -3.4 , 0.4
Otorhinolaryngeal -7.0 , -4.5 -8.2 , -6.2 -4.5 , -3.0 -2.5 , -1.4 -2.3 , -1.1 -1.8 , 1.0
Dermatological -35.6 , -33.8 -35.5 , -28.6 -19.0 , -10.1 -12.8 , -9.0 -4.9 , -2.5 -3.1 , 0.0
Gynecological -25.4 , -19.5 -23.3 , -21.2 -13.4 , -10.3 -6.5 , -3.4 -3.9 , -0.9 -1.2 , -0.6
Cerebral -22.3 , -21.2 -21.1 , -15.1 -11.8 , -9.8 -8.7 , -5.8 -5.0 , -3.2 -3.4 , -0.8
Ophthalmological -38.4 , -30.5 -33.4 , -27.2 -7.4 , -5.1 -6.5 , -4.1 -3.9 , -1.1 -2.1 , -0.6

Table 11: Precision, recall, and F1 performance for the VTE classification dataset. T ̸⊂x denotes the training set
from which an anatomical location, x, has been removed. SE = Standard error. CI = 95% confidence interval.

ELECTRA LSTM
Precision ± SE (CI) Recall ± SE (CI) F1 ± SE (CI) Precision ± SE (CI) Recall ± SE (CI) F1 ± SE (CI)

T ̸⊂Lower extremity 86.3 ± 0.7 (84.9 - 87.7) 41.8 ± 1.5 (39.1 - 44.7) 56.3 ± 1.3 (53.8 - 58.8) 77.2 ± 0.2 (76.9 - 77.6) 61.4 ± 1.5 (58.8 - 64.5) 68.3 ± 0.8 (66.8 - 70.1)
T ̸⊂Lung 86.1 ± 1.0 (84.1 - 87.9) 57.4 ± 3.2 (51.8 - 63.8) 68.6 ± 2.0 (64.9 - 72.7) 78.6 ± 0.5 (77.6 - 79.6) 54.8 ± 0.7 (53.5 - 56.1) 64.6 ± 0.3 (63.9 - 65.3)
T 96.4 ± 0.3 (95.9 - 97.0) 72.3 ± 0.7 (71.0 - 73.6) 82.7 ± 0.4 (81.9 - 83.5) 91.4 ± 0.1 (91.2 - 91.6) 57.2 ± 0.6 (56.0 - 58.4) 70.4 ± 0.4 (69.4 - 71.2)
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Table 12: Sensitivity (%) and standard error for all anatomical locations of the VTE classification dataset. * denotes
a significant difference at the 0.05 level between models trained on T ̸⊂x and T .

Lower extremity Lung Liver Cerebral Upper extremity
ELECTRA

T ̸⊂Lower extremity 9.3 ± 0.8* 98.6 ± 0.2* 50.1 ± 3.6* 23.8 ± 1.9* 25.3 ± 1.4*
T ̸⊂Lung 99.7 ± 0.2* 16.6 ± 3.5* 65.7 ± 7.7 13.6 ± 4.1 99.0 ± 0.3*
T 99.1 ± 0.2 97.6 ± 0.3 66.3 ± 1.6 11.5 ± 1.6 96.7 ± 0.3

LSTM
T ̸⊂Lower extremity 34.2 ± 1.5* 92.6 ± 0.5* 76.2 ± 2.2* 52.6 ± 2.2* 47.6 ± 2.8*
T ̸⊂Lung 95.3 ± 0.2* 15.7 ± 0.4* 54.2 ± 1.8* 24.7 ± 1.3* 91.4 ± 0.4*
T 93.8 ± 0.6 86.6 ± 0.6 29.8 ± 1.6 7.0 ± 0.5 81.8 ± 1.3

Table 13: Bootstrapped 95% confidence intervals for difference of means between models trained on T ̸⊂x and T of
the VTE classification dataset. Means are computed as performance of models trained on T ̸⊂x minus T . Total =
difference of means on the full test set.

Total Lower extremity Lung Liver Cerebral Upper extremity
ELECTRA

T ̸⊂Lower extremity -18.0 , -16.3 -91.3 , -88.3 0.2 , 1.6 -23.9 , -7.3 8.0 , 16.6 -74.0 , -68.7
T ̸⊂Lung -12.4, -9.2 0.3 , 0.9 -87.2 , -73.7 -12.6 , 11.6 -2.0 , 8.3 1.8 , 2.7

LSTM
T ̸⊂Lower extremity -5.1 , -3.5 -63.0 , -56.5 4.3 , 7.7 43.8 , 50.0 40.3 , 49.6 -41.9 , -28.2
T ̸⊂Lung -6.6 , -5.4 0.6 , 2.6 -72.5 , -69.5 18.9 , 28.8 14.9 , 19.7 7.5 , 11.9

Table 14: VTE test set sensitivity (%) and standard error on an anatomical location by percentage of subgroup
samples in the modified training set. * denotes a significant difference at the 0.05 level between models trained on
the modified training set and the full training set, T .

.

Anatomical subgroup fraction
0.0 0.01 0.15 0.30 0.60 0.80 1.0

ELECTRA
Lower extremity 9.3 ± 0.8* 77.6 ± 3.7* 97.2 ± 0.3* 97.7 ± 0.4 98.6 ± 0.3 98.8 ± 0.2 98.4 ± 0.2
Lung 16.6 ± 3.5* 57.1 ± 8.1* 94.6 ± 0.3* 96.6 ± 0.3 97.7 ± 0.2 98.2 ± 0.1 97.6 ± 0.3

LSTM
Lower extremity 34.2 ± 1.5 40.6 ± 0.7 83.7 ± 0.6 90.7 ± 0.5 94.4 ± 0.6 95.5 ± 0.6 94.9 ± 0.7
Lung 15.7 ± 0.4 16.0 ± 0.9 71.5 ± 1.1 81.6 ± 0.7 88.0 ± 0.9 88.3 ± 0.9 89.2 ± 0.8

Table 15: Bootstrapped 95% confidence intervals for difference of means between models trained on a modified
training set, including a percentage of subgroup samples, and models trained on the full training set, T , of the VTE
classification dataset. Means are computed as performance of models trained on the modified training set minus T .

Anatomical subgroup fraction
0.0 0.01 0.15 0.30 0.60 0.80

ELECTRA
Lower extremity -91.3 , -88.3 -28.8 , -15.0 -2.2 , -0.4 -1.9 , 0.4 -0.2 , 0.7 -0.4 , 1.1
Lung -87.2 , -73.7 -58.8 , -27.4 -3.6 , -2.2 -2.0 , 0.0 -0.7 , 0.8 -0.1 , 1.2

LSTM
Lower extremity -63.0 , -56.5 -56.2 , -52.2 -13.2 , -9.4 -5.6 , -2.9 -2.3 , 1.2 -1.3 , 2.2
Lung -72.5 , -69.5 -76.3 , -70.1 -20.6 , -14.4 -9.2 , -6.0 -3.5 , 0.8 -3.6 , 1.9
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Table 16: Most frequent words used to describe bleeding mentions for each anatomical location of the bleeding
classification dataset. Words are translated from Danish to English and, therefore, some cells include two words.

.

Word Frequency Location uniqueness Word Frequency Location uniqueness
Location: Otorhinolaryngeal Location: Gynecological

bleeding 324 0.13 bleeding 714 0.29
nose bleeding 273 1.0 uterus 108 0.97
epistaxis 254 0.99 allowable 78 0.94
nostril 148 1.0 vagina 69 1.0

Location: Dermatological Location: Cerebral
haematoma 354 0.56 sah 217 0.99
bleeding 170 0.07 bleeding 190 0.08
skin 122 0.73 ct 185 0.63
right 97 0.29 haematoma 161 0.25

Location: Urogenital Location: Internal
haematuria 536 0.99 bleeding 273 0.11
urine 311 0.98 haemothorax 249 1.0
blood 205 0.23 fluid 174 0.80
macroscopic 186 0.99 blood 140 0.16

Location: Gastrointestinal Location: Ophthalmological
bleeding 560 0.23 corpus hemorrhagicum 270 1.0
blood 247 0.28 corpus hem 205 1.0
fresh 180 0.48 bleeding 198 0.08
melaena 165 0.98 haemorrhage 180 0.70
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CHAPTER 5

Language models for information extraction
in Danish electronic health records

This chapter presents our work on utilizing language models for information extraction in the
narrative text of EHRs.

Section 5.1 presents the paper Deep learning detects and visualizes bleeding events in electronic
health records [18] where we presented the first study for extracting bleeding events from Danish
EHRs.

Section 5.2 presents our paper Doctors identify bleedings better during chart review when assisted
by artificial intelligence [19]. In this follow-up paper, we improved the performance of the bleed-
ing detection algorithm, and we presented a user study that investigated MDs’ performance
when using the algorithm in a clinical scenario and the MDs’ perception of using it.

Section 5.3 presents our paper Danish Clinical Named Entity Recognition and Relation Extraction
[20]. In this paper we presented the first Danish clinical NER dataset and an associated language
model that can be used to extract six types of clinical events, six types of attributes, and three
types of relations in Danish EHRs.

5.1 Extraction of bleeding events from the narrative text of Dan-
ish electronic health records

As written in the introduction, previous bleeding events are an important factor for predict-
ing the risk of future bleeding and this information is therefore used in clinical guidelines for
administering prophylactic medicine. In the paper Deep learning detects and visualizes bleeding
events in electronic health records [18] we presented our work on developing a dataset with EHR
paragraphs annotated as positive or negative for bleeding mentions. The dataset was used to
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develop NLP algorithms for extracting bleeding descriptions from Danish EHRs. As this study
was conducted prior to the development of the Clin-ELECTRA model, we used other deep
learning-based architectures with clinical word embeddings to develop the automatic bleeding
detection algorithm.

We found that a hybrid RNN-CNN-based architecture could classify and extract bleeding
events in the free text of EHRs with an accuracy of 90%. Moreover, we argued that automatic
bleeding detection algorithms can be used to make a fast overview of a patient’s bleeding his-
tory by highlighting the relevant text in the narrative part of the EHR. However, the perfor-
mance of the classifier should be improved before being taken into use in clinical practice.

The paper is presented in its original form below. It is licensed under a CC BY-NC-ND 4.0
license which can be found at https://creativecommons.org/licenses/by-nc-sa/
4.0/.

https://creativecommons.org/licenses/by-nc-sa/4.0/
https://creativecommons.org/licenses/by-nc-sa/4.0/
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Abstract
Background: Bleeding is associated with a significantly increased morbidity and 
mortality. Bleeding events are often described in the unstructured text of electronic 
health records, which makes them difficult to identify by manual inspection.
Objectives: To develop a deep learning model that detects and visualizes bleeding 
events in electronic health records.
Patients/Methods: Three hundred electronic health records with International 
Classification of Diseases, Tenth Revision diagnosis codes for bleeding or leukemia were 
extracted. Each sentence in the electronic health record was annotated as positive or 
negative for bleeding. The annotated sentences were used to develop a deep learning 
model that detects bleeding at sentence and note level.
Results: On a balanced test set of 1178   sentences, the best-performing deep learning 
model achieved a sensitivity of 0.90, specificity of 0.90, and negative predictive value 
of 0.90. On a test set consisting of 700 notes, of which 49 were positive for bleeding, 
the model achieved a note-level sensitivity of 1.00, specificity of 0.52, and negative 
predictive value of 1.00. By using a sentence-level model on a note level, the model 
can explain its predictions by visualizing the exact sentence in a note that contains 
information regarding bleeding. Moreover, we found that the model performed con-
sistently well across different types of bleedings.
Conclusions: A deep learning model can be used to detect and visualize bleeding 
events in the free text of electronic health records. The deep learning model can thus 
facilitate systematic assessment of bleeding risk, and thereby optimize patient care 
and safety.
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Essentials

• Bleeding events are difficult to locate in electronic health records.
• A deep learning model detects bleeding events and visualizes them to the clinicians.
• The model identified 90.0% of bleeding-positive sentences and 89.6% of negative sentences
• The model identified 100% of bleeding-positive notes and 52.4% of negative notes.

1  |  INTRODUC TION

Bleeding occurs in 3.2% of medical patients within 14 days of ad-
mission, and approximately one-third of the bleeding events are 
considered major events.1 Bleeding is associated with a significantly 
increased morbidity and mortality.2,3 Furthermore, previous clini-
cally relevant bleeding events are a strong independent risk factor 
for future bleeding.1 Hence, knowledge about bleeding history is es-
sential for providing optimal care to patients.

In clinical practice, bleeding risk can be assessed using bleed-
ing risk scores that include information about the patient's bleeding 
history, for example the HAS-BLED (hypertension, abnormal renal 
and liver function, stroke, bleeding, labile international normalized 
ratio, elderly, drugs or alcohol) score, which is recommended for de-
termining bleeding risk during anticoagulation treatment,4,5 or the 
IMPROVE (International Medical Prevention Registry on Venous 
Thromboembolism) score, which is recommended to guide prophylac-
tic anticoagulant treatment for adult medical patients at admission.1

Although crucial for patient care, bleeding risk is not always sys-
tematically evaluated. Studies have shown that a large proportion 
of hospitalized medical patients do not get appropriate prophylactic 
anticoagulant treatment during admission.6-8 One reason is that the 
recommended scoring systems for assessment of thrombosis and 
bleeding risk are not always used in clinical practice.6-8 This could be 
caused by the fact that risk scores are laborious to obtain because 
it requires manual work to go through the electronic health record 
(EHR) for relevant information7 and that it must be done at the time 
of admission when health care professionals are busy handling the 
acute situation.

In recent years, deep learning techniques have achieved state-
of-the-art performance on text classification benchmarks.9 In med-
icine, various deep learning techniques have been used for text 
classification including, but not limited to, recurrent neural networks 
(RNNs),10-12 convolutional neural networks (CNNs),13,14 and hybrid 
models combining more than one technique.15 These techniques 
have the potential for automatic detection of relevant clinical infor-
mation in EHR text. This could facilitate the systematic assessment 
of bleeding risk and thereby optimize patient care and safety as 
well as freeing up time for health care professionals. To date, only 
a few studies have used deep learning for finding bleeding events 
in EHRs.15-17

A general concern about deep learning is how the models reach 
their conclusions. It often remains a black box, making the users 
struggle to assess the basis for results or whether the model answers 
the questions for which clinicians want assistance.18,19 Therefore, 
there is a growing awareness that deep learning models need to be 
self-explanatory.20 For text classification models, it means that it is 
relevant to show the prediction-supporting part of the text upon re-
quest. However, such approaches are lacking in bleeding detection 
models.

Therefore, the purpose of this study was to establish a deep 
learning model that automatically detects bleeding events on a sen-
tence level and to visualize the bleeding events to the clinician in the 
unstructured EHR text.

2  |  METHODS

2.1  |  Population and data set

Data were acquired from the EHR system of the Region of Southern 
Denmark. To ensure inclusion of EHR notes with a high likelihood of 
bleeding events in the text, we extracted EHRs from 300 patients 
with International Classification of Diseases, Tenth Revision (ICD-10) 
diagnosis codes for bleeding or leukemia. ICD-10 codes for bleed-
ing from the following sites were included: eyes, ear-nose-throat and 
respiratory tract, gastrointestinal, urogenital, internal organs, hema-
toma, and others. EHRs from patients with leukemia were included, 
as this patient group has a high incidence of bleeding (see Appendix 
S1 for ICD-10 codes).21 Before annotation, we discarded administra-
tive notes, as they would not contain any bleeding events.

Twelve physicians annotated the 300 EHRs. Each EHR was anno-
tated by one physician. To determine the agreement between physi-
cians’ annotation, we calculated the kappa score on a sample of 1328 
sentences from randomly chosen EHRs.

The EHRs were annotated22 on sentence level with two different 
labels:

1.	 Positive: Sentences that indicate any kind of bleeding.
2. Misinterpretable negative: Sentences that were deemed by the
annotator to have a high risk of being misinterpreted by the deep
learning model, for example, “The patient is not bleeding.”

K E Y W O R D S
decision support systems (clinical), deep learning, electronic health record, hemorrhage, 
international classification of diseases, machine learning
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All sentences left after annotation of positive and misinterpre-
table negative sentences were then considered negative sentences. 
We chose to annotate the misinterpretable negative sentences as 
a subcategory to the negative category to be able to feed many 
negative samples that resemble positive samples to the model. This 
should help the model distinguish for example “the patient has a 
bleeding” from “the patient might have a bleeding.”

Data were split into a balanced training (80%), validation (10%), 
and test set (10%) using subsampling of the overrepresented class.23 
The negative sentences consisted of 50% random negatives and 
50% misinterpretable negatives. The training set was used to train 
the models, the validation set was used to tune parameters of the 
models during training, and the test set was used to evaluate final 
performance.

Sentences were tokenized using the Stanza sentence tokenizer.24 
Samples were preprocessed by elimination of superfluous spaces, 
special characters, and duplicate sentences.

2.2  |  Models for detection of bleeding events on 
sentence level

2.2.1  |  Rule-based classifier

A rule-based classifier was developed to compare the deep learning 
models with a traditional approach to text classification.

The rule-based model was constructed by defining a set of 
bleeding-indicating words and modifiers using corpus statistics 
and manual inspection of the data. Corpus statistics were used 
to calculate the most frequent words in bleeding-indicating sen-
tences. A bleeding-indicating word could for example be bleeding, 
and a modifier could, for example, be no (bleeding). Next, by eval-
uating performance on the training data, a window size was de-
fined where a modifier could modify a bleeding-indicating word. 
For example, no would modify bleeding in “no sign of bleeding” for 
a window size of 3. The model uses the indicating and modifying 
words and the window size to create rules for classifying individual 
sentences. The rules were iteratively updated during training to 
improve performance.

2.2.2  |  Deep learning models

Three different deep learning models were developed: a CNN model, 
an RNN model, and a hybrid model combining an RNN and a CNN. 
In deep learning, a model transforms the input to a classification via 
many layers of processing steps that are learned from labeled data 
during training. The input to the models is the individual words from 
each sentence represented as word embeddings. Word embeddings 
are numerical vector representations of words that encode their 
meaning with similar words having similar vectors. For this study, 
100-dimensional GloVe word embeddings pretrained on 323  122
Danish EHRs were used.25,26

2.3  |  Evaluation of internal validity

We performed an internal sensitivity analysis on the best-performing 
model to evaluate if it performs equally well on the seven patient 
groups included in the study.

2.4  |  Bleeding detection on note level

Because each note may contain multiple positive sentences that 
often describe the same bleeding event, we calculated the perfor-
mance of the best model on a note level by classifying all sentences 
of each note. A positive note is defined as a note that includes at 
least one bleeding-positive sentence. The test was performed on 
seven randomly selected EHRs from patients in the leukemia group 
not included in the original data set. A total of 100 notes per EHR 
were collected.

2.5  |  Visualization of bleeding events in EHR text

Finally, we present how the bleeding-positive output of the model 
can be presented to the physician as a visualization of complete 
notes with the bleeding events highlighted, helping the physician 
understand the prediction and decreasing the time needed to find a 
bleeding event in an EHR.

2.6  |  Statistical analysis

We calculated accuracy, sensitivity, specificity, positive predictive 
value (PPV), negative predictive value (NPV), and a harmonic mean of 
sensitivity and positive predictive value (F1) score. For each model, 
we plotted receiver operating characteristic curves and calculated 
area under the receiver operating characteristic curve (AUC).

The models were developed in Python 3.6 (Python Software 
Foundation, Wilmington, DE, USA) using the Tensorflow 2.0 
framework.

3  |  RESULTS

The 300 extracted EHRs contained 88 477 notes. Of those, we fil-
tered out 43 602 as administrative notes. The remaining 44 875 EHR 
notes were annotated on a sentence level. In total, 6111 sentences 
were annotated as positive and 5630 as misinterpretable negative. 
Overall, 3973 notes contained bleeding events and there were 1 to 
19 positive sentences per note. The EHRs contained 0 to 108 notes 
with bleeding per patient.

Among the different patient groups, “gastrointestinal bleeding” 
had the highest average number of positive sentences per EHR 
(n  =  25) while “Hematomas and other bleedings” had the lowest 
(n = 8; see Table 1). Although the EHRs were extracted on the basis 
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of ICD-10 codes for bleeding, 13 EHRs did not contain any informa-
tion about bleeding (“internal bleedings,” n = 2; “eyes,” n = 5; and “he-
matomas and others,” n = 6). Another 5 EHRs from leukemia patients 
did not contain bleeding events.

When assessing agreement among the 12 physicians, they 
achieved a kappa score of 0.75 on a sample of 1328 sentences from 
randomly chosen EHRs. This is considered a substantial agreement.27

3.1  |  Establishing models

For development of models, we removed duplicate sentences 
(n = 218), resulting in 5893 positive samples. To create a balanced 
data set, we randomly subsampled 2947 misinterpretable negative 
sentences. These were added to 2946 randomly extracted nega-
tive samples to give 5893 total negative samples. Together with 
the 5893 positive samples, they constitute the balanced data set of 
11 786 samples.

The balanced data set was divided into training (n = 9430), val-
idation (n = 1178), and test sets (n = 1178). The distribution is seen 
in Table S1.

3.1.1  |  Rule-based results

The bleeding-indicating and modifying words were aggregated into 
a stem to capture different conjugations; for example, the Danish 
word for hemorrhage (hæmoragi) was aggregated to hæm and defined 
as a bleeding-indicating word.

The developed rule-based classification model searched each 
sentence for a positive word. If no positive words were found, the 
sentence was classified as negative. If a positive word was found, the 
model searched its context words in a window of size 4 to look for 
negative modifiers. If a word from the positive list was not accom-
panied by a negative modifier, the sample was classified as positive. 
If all positive words were accompanied by negative modifiers, the 
sample was classified as negative.

3.1.2  |  Deep learning

The developed CNN consisted of convolutional layers that extract 
information from neighboring words. The extracted information was 
used by a linear classification layer that classifies the sentence as 
either bleeding present or bleeding absent.

Our RNN model was based on the Bidirectional Gated Recurrent 
Unit (BiGRU).28 The model consisted of a single BiGRU layer that ex-
tracts information from the input words by processing them sequen-
tially. The extracted information was used by a linear classification 
layer that classifies the sentence.

The hybrid model used the output from both a CNN and an RNN 
to classify the sentences. This model was developed to exploit the 
information extracted from both a CNN and RNN in a final linear 
classification layer.

A more thorough description of the models can be seen in 
Appendix S2.

For each deep learning model, the seven versions of the model 
that performed best on the validation set were selected for an en-
semble classifier. The ensemble classifier averages the predictions of 
each model to a final prediction.

3.2  |  Performance of models for bleeding detection 
in EHRs on sentence level

Table 2 shows the performance of the rule-based and deep learning 
classifiers on the test set.

Figure 1 shows the ROC curves of the hybrid, CNN, RNN, and 
rule-based models with their corresponding AUC.

Overall, the performance of the hybrid model was the best. It 
achieved an F1 score of 0.90, a sensitivity of 0.90, a specificity of 
0.90, a PPV of 0.90, and an NPV of 0.90. The CNN model achieved 
equally high sensitivity of 0.90 but performed slightly worse on the 
additional metrics, while the RNN performed consistently worse on 
all metrics against both the hybrid and CNN model. The rule-based 
model performed worse than all deep learning models.

TA B L E  1 Patient group distribution of extracted EHRs

Patient group
Number 
of EHRs

Number of 
EHR notes

Number of positive 
EHR notes

Number of positive 
sentences

Average number of positive 
sentences per EHR

Eye bleeding 65 7781 771 1546 24

Ear-nose-throat and respiratory 
tract bleeding

23 3702 372 532 23

Gastrointestinal bleeding 51 6968 1,055 1,250 25

Urogenital bleeding 45 4409 499 855 19

Internal organ bleeding 45 6078 753 1,082 24

Hematoma and other bleeding 38 5597 229 319 8

Leukemia bleeding 33 10 340 294 527 16

Total 300 44 875 3973 6111 …

Abbreviation: EHR, electronic health record.
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3.3  |  Test of internal validity

We evaluated the hybrid model’s performance within each of the 
different patient groups on sentence level (Figure  2). It was cal-
culated on the full data set including training, validation, and test 
sets. The model shows an almost equal performance for all patient 
groups, highest for “eyes” at 0.98, and lowest for “leukemia” at 0.95.

3.4  |  Performance of the hybrid model 
on note level

We further tested the performance of the hybrid model on a note 
level by classifying all sentences and aggregating the result to the 

full note. The seven EHRs contained 700 notes, of which 49 were 
positive. The hybrid model achieved a sensitivity of 1.00, a specific-
ity of 0.52, a PPV of 0.14, an NPV of 1.00, an F1 score of 0.24, and 
an AUC of 0.76.

3.5  |  Visualization of bleeding events in EHR text

In this study, we chose to use the sentence-level model on a note 
level because it makes the model capable of explaining its predic-
tions. The model outputs all notes with predicted bleeding events, 
highlighting the sentence(s) found to indicate bleeding (representa-
tive example translated to English in Figure 3, original in Figure S1).

4  |  DISCUSSION

We present a deep learning model that automatically detects bleed-
ing events in EHRs with a sensitivity of 0.90 on sentence level and 
1.00 on note level. This enables clinicians to receive automatic visu-
alization of EHR notes with bleeding events. The hybrid model, com-
bining an RNN and a CNN, performed best for bleeding detection on 
sentence level (F1 = 0.90).

In congruence with our study, others have found that machine 
learning can be used for finding bleeding in EHRs. Rumeng et al.15 
used a deep learning model to detect bleeding events in sentences 
of EHRs (F1 = 0.94). The study comprised a data set of 2902 sen-
tences extracted from 878 notes from patients with cardiovascular 
events. Taggart et al.17 detected bleeding events at a note level with 

TA B L E  2 Performance of models for detecting bleeding in 
electronic health records on sentence level

Rule-based CNN RNN Hybrid

Accuracy 0.80 0.89 0.89 0.90

Sensitivity 0.86 0.90 0.89 0.90

Specificity 0.72 0.89 0.88 0.90

Positive predictive value 0.76 0.89 0.88 0.90

Negative predictive value 0.84 0.90 0.90 0.90

F1 score 0.81 0.89 0.89 0.90

AUC 0.79 0.89 0.89 0.90

Abbreviations: AUC, area under the receiver operating characteristic 
curve; CNN, convolutional neural network; F1, harmonic mean of 
sensitivity and positive predictive value; RNN, recurrent neural network.

F I G U R E  1 ROC curves and AUC for 
all models on sentence level. (A) Hybrid 
model. (B) CNN model. (C) RNN model. 
(D) Rule-based model. AUC, area under
the curve; CNN, convolutional neural
network; RNN, recurrent neural network;
ROC, receiver operating characteristic
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a rule-based approach (F1 = 0.74) and a CNN (F1 = 0.40) on a test set 
consisting of 660 notes. The rule-based model was trained on 990 
notes and the CNN was trained on 450 notes.

In contrast to our study, Taggart et al. found that their rule-
based approach performed better than their CNN but it may, how-
ever, be due to the limited amount of training data for the CNN, 
which is a well-known limitation in machine learning.29,30 Rumeng 
et al. also used a small data set, and moreover, the data used were 
exclusively from patients with cardiovascular events. Therefore, in 
the above studies, the data sets might not be representative of 
bleeding in all sites and the model might not be generalizable to 
other patient groups. The model presented in our study used a 
data set of 11  786 sentences extracted from 44  875 notes rep-
resentative for multiple types of bleeding. In the internal validity 
test, we found that our model generalizes well to different types 
of bleeding.

Lee et al.16 used a rule-based (sensitivity = 0.83), machine learn-
ing (sensitivity  =  1.00), and score function (sensitivity  =  0.98) ap-
proach to find clopidogrel-induced bleedings in EHRs. They defined 
bleeding events as the presence of specific ICD, Ninth Revision (ICD-
9) codes, specific keywords, and unique identifiers of the Unified 
Medical Language System related to bleeding. Thus, the bleeding 
definition was simplified to specific words, which is a limitation for 
use in clinical practice, as bleeding can be reported with numerous 
different phrases in EHRs. In agreement, we found thousands of 
different sentences that corresponded to bleeding according to the 
physicians involved. Moreover, the construction of keyword and rule 
lists requires manual effort that is difficult to scale because of the 
unstructured and noisy nature of the clinical notes (eg, grammatical 

ambiguity, synonyms, term abbreviation, misspelling, or negation of 
concepts).31

Additionally, validation of ICD-9 and ICD-10 diagnosis codes has 
shown that they are not always accurate.32,33 However, the major 
concern is that diagnosis coding requires manual collection of the 
patient history to choose the codes of relevance and that bleeding 
events that are not a major contributing cause of admittance are not 
registered with a code for bleeding. The present study provides an 
attractive alternative by leveraging the information-rich yet unstruc-
tured text data in clinical notes in EHRs, which are currently often 
omitted when developing models.34

In the present approach, we established a deep learning model 
that points out relevant information in the EHRs on sentence level. 
The advantage of making a sentence-level classifier is that it en-
ables the model to explain its predictions on a note level by show-
ing the prediction-supporting part of the text. We were, therefore, 
able to visualize where in the notes the model has detected a 
bleeding event, which enables us to point out relevant sentence(s) 
in the long unstructured EHR text for the physician. A fast over-
view of patient bleeding history facilitates clinical decision making. 
Accordingly, studies have shown that clinical practice may improve 
when decision support systems give automatic recommendations 
where the decision is interpretable and understandable for the 
physician.35,36

An automatic summary of bleeding history may be valuable 
in clinical practice to diagnose, monitor disease, or address treat-
ment options. The presented approach can be extended to include 
other symptoms and findings. Information regarding specific past 
events, for example, bleeding events during medical procedures, is 

F I G U R E  2 Internal validity for 
detection of bleeding on note level for the 
hybrid model

F I G U R E  3 Example of the visualization 
of bleeding events in an electronic health 
record note. To keep the original format, 
the text is translated directly from Danish 
to English, which results in incorrect 
sentence structures
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important when planning a new medical procedure. Thus, the infor-
mation may have an impact on patient safety because, for example, 
procedure and operation bleeding risk and medication side effects 
can be monitored effectively. It may also prove useful for health care 
statistics and resource management. Finally, the approach may save 
time because a focused review of an EHR to find all past bleeding 
events is very time consuming. Thus, it provides more time for direct 
patient care.

To summarize the main points of the discussion, comparing the 
related studies, the current study used the largest annotated corpus, 
providing an advantage to the deep learning model. This study also 
included many different types of bleeding, and it evaluated model 
accuracy by type of bleeding. In contrast to Taggart et al., we found 
that a deep learning approach works better than a rule-based ap-
proach. We additionally show a simple approach to visualizing the 
sentences indicating bleeding to physicians, allowing for interpreta-
tion of the deep learning model.

4.1  |  Limitations

The rule-based algorithm may have been further optimized by being 
more specific on search terms with inclusion of more words and their 
common misspellings instead of using more global terms to group 
words; for example, the Danish stem hæm may find words with vari-
ous meanings that do not imply bleeding. Another limitation is that 
the study included only EHRs with an ICD-10 code of bleeding, which 
does not capture all EHRs with bleeding events. Additionally, we did 
not validate the algorithm on an independent cohort. Of note, we 
found a high sensitivity for bleeding in EHRs from patients with leu-
kemia, who comprise a patient group experiencing bleeding from 
different organ systems.21 It thus suggests that the model performs 
well on EHRs without ICD-10 for bleeding. It is crucial that the text 
that we used for training the model is representative for any way 
that bleeding can be reported in the EHR. It is a limitation to the 
study that we cannot guarantee this, and it would be beneficial to 
include a larger and more general data set. Nevertheless, this ap-
proach clearly showed that it is feasible to automatically extract 
and visualize bleeding events in EHRs. Future research shall focus 
on developing a model on data including even more bleeding types 
and optimizing the strategy, which includes differentiation between 
clinically relevant versus trivial bleedings and surgical versus medical 
bleeding.

5  |  CONCLUSION

We have developed a deep learning model that identifies bleeding 
events in EHRs with a sensitivity of 0.90 on sentence level and 1.00 
on note level. Further, we have shown how bleeding-positive notes 
can be visualized to physicians, making the model easily interpret-
able to the clinician.
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eFigure 4. Overview of the hybrid architecture combining a convolutional and recurrent neural 

network. 

eTable 1. Train, validation, and test distribution of the sentence level dataset. 
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eText 1: ICD-10 codes defining bleeding types 

Eye bleeding: DH052, DH113, DH210, DH180A, DH313, DH356, DH431, DH448 , DH450, DB303C 

Ear-nose-throat and respiratory tract bleeding: DR04, DR040, DR041, DR042, DR048, DR049, DS003A, DH922 

Gastrointestinal bleeding: DK250, DK251, DK252, DK254, DK256, DK260, DK262, DK270, DK272, DK274, 

DK276, DK280, DK282, DK284, DK286, DK290, DK625, DK638B, DK638C, DK766B, DK920, DK921, DI841C, 

DI844C, DI848C, DI850, DI859, DI864A, DK228F, DK922 

Urogenital bleeding: DN02, DN508X, DN308B, DR31 

Internal organ bleeding: DK661, DM250, DK838F, DK762, DK858B, DK868G, DS260, DT144A, DE078B, DE274B, 

DG361, DI230, DI288A, DI312, DN830A, DN831B, DN836, DN837, DN838D, DN838E, DN838F, DN857, DN897, 

DJ942, DJ942A, DJ950C, DK089A, DG951A 

Hematoma and other bleeding: DS601A, DS902A, DT140D, DT140K, DR233, DR233A, DN908D, DD500, DD62, 

DN488D, DN488E, DN501A, DN501B, DN501C, DN501D, DN501E, DN421 

Leukemia bleeding: C91, C92, C93, C94, C95 

 

eText 2: Description of deep learning models 

A convolutional neural network (CNN) uses a set of learned filters to recognize local patterns in input data, for example 

by looking at two words at a time. The advantage of a CNN is its ability to extract patterns from relationships between 

neighboring words, whereas it is not capable of capturing patterns from words that are far apart.  

The developed CNN consists of two parallel series of convolutional layers (conv-layers). The first series has two 1D 

conv-layers followed by a max-pooling layer. These conv-layers have a filter size of 1 and each 1792 filters. This means 

that the first series is analyzing the sentences one word at a time with 3584 filters that look for different patterns. The 

second series has the same structure except that the conv-layers have a filter size of 2, meaning that the sentences are 

analyzed looking at two words at a time. The outputs from the parallel convolutional series are concatenated and sent to 

a dense classification layer with a dropout layer in-between (eFigure 2).  

A recurrent neural network (RNN) is another kind of neural network that in contrast to CNNs is capable of modelling 

long term dependencies. The RNN infers meaning from text by processing the input words sequentially, and in this way 

its final prediction is based on the information it has learned from all the previous input words.  

The developed RNN model is based on a type of RNN called Gated Recurrent Unit (GRU). This type of RNN has 

specialized units that make it capable of forgetting insignificant information and remembering important information. 

The developed GRU model has a hidden layer size of 16 (eFigure 3).  

The hybrid model consists of two parallel layers, one being a CNN and the other a RNN. Both the CNN and RNN are 

constructed as described above, except that their output representations are concatenated before being sent to the 

classification layer. This was done to combine the local pattern strengths of the CNN with the capability of modelling 

long term dependencies of the RNN in a single model (eFigure 4). 

 

 

eFigure 1. Original Danish example of the visualization of bleeding events in an 

electronic health record note.  
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eFigure 2. Overview of the convolutional neural network architecture. 

 

 

eFigure 3. Overview of the recurrent neural network architecture. 

 

 

 

eFigure 4. Overview of the hybrid architecture combining a convolutional and 

recurrent neural network. 
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eTable 1. Train, validation, and test distribution of the sentence level dataset. 

  Training Validation Test Total 

Positive 4715 589 589 5,893 

Negative 4715 589 589 5,893 

Total 9,430 1,178 1,178 11,786 
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5.2 Improving and validating the bleeding identification model

In the previous paper Deep Learning Detects and Visualizes Bleeding Events in Electronic Health
Records [18] we presented a bleeding detection algorithm based on a hybrid RNN-CNN archi-
tecture. To improve the results of that paper, we created a larger bleeding detection dataset and
fine-tuned Clin-ELECTRA on the extended dataset.

In the follow-up paper Doctors Identify Bleedings Better During Chart Review When Assisted
by Artificial Intelligence [19] we presented the extended dataset and the results of the fine-tuned
Clin-ELECTRA model. Moreover, we evaluated MDs’ accuracy in obtaining bleeding infor-
mation with and without algorithm assistance in the narrative text of Danish EHRs. This was
done to evaluate the potential benefits of using language technology in a clinical setting and to
understand how it can assist MDs in their decision-making processes.

We found that the Clin-ELECTRA model performed with a sensitivity of 93.7% and a speci-
ficity of 98.1% on the test set. Moreover, we found that MDs identified more bleeding events
during chart review when assisted by an algorithm and that they were positive towards using
the algorithm for obtaining information regarding bleeding. This paper thereby indicated that
pre-trained language models could be used as helpful assistive tools in clinical practice.

Due to copyrights, only the abstract is presented below.
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Abstract 

Objectives: This study evaluated if medical doctors could identify more hemorrhage events 

during chart review in a clinical setting when assisted by an artificial intelligence (AI) model, 

and medical doctors’ perception of using the AI model. 

Methods: To develop the AI model, sentences from 900 electronic health records were 

labeled as positive or negative for hemorrhage and categorized into one of twelve anatomical 

locations. The AI model was evaluated on a test cohort consisting of 566 admissions. Using 

eye-tracking technology, we investigated medical doctors’ reading workflow during manual 

chart review. Moreover, we performed a clinical use study where medical doctors read two 

admissions with and without AI assistance to evaluate performance when, and perception of 

using the AI model. 

Results: The AI model had a sensitivity of 93.7% and a specificity of 98.1% on the test 

cohort. In the use studies, we found that medical doctors missed more than 33% of relevant 

sentences when doing chart review without AI assistance. Hemorrhage events described in 

paragraphs were more often overlooked compared to bullet-pointed hemorrhage mentions. 

With AI assisted chart review, medical doctors identified 48 and 49 percentage points more 

hemorrhage events than without assistance in two admissions, and they were generally 

positive towards using the AI model as a supporting tool. 

Conclusions:  Medical doctors identified more hemorrhage events with AI assisted chart 

review and they were generally positive towards using the AI model. 

Keywords: Electronic Health Records, Hemorrhage, Artificial Intelligence, Decision Support 

Systems, Natural Language Processing 
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5.3 Development of a Danish clinical named entity recognition
dataset

The two papers presented in this chapter deal with extraction of a specific medical condition.
In the paper Danish Clinical Named Entity Recognition and Relation Extraction [20] we developed a
NER dataset. In contrast to sentence classification tasks where a sample has a single label, NER
samples have a label, known as a named entity, appended to all tokens in that sample, as seen
in Figure 5.1. This is a challenging task because a single sample contains as many labels as there
are words. Moreover, entities in the labeled corpus often follow a long-tail distribution meaning
that a few entities account for a large part of the labels, while others appear only a few times [76].
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FIGURE 5.1: Illustration of named entity recognition where a prediction is per-
formed for each word in the input sample. For example, ‘patient’ is predicted as

the entity ‘Person’, and ‘arm’ is predicted as the entity ‘anatomy’.

The developed NER dataset contains different types of entities such as diseases, symptoms,
diagnostics, treatments, and test results. Moreover, each entity was described by an attribute,
e.g., to specify if it is a current or prior disease. Finally, entities could also be linked by rela-
tions, e.g., to connect a diagnostic treatment with a result. This was done to make the dataset
applicable to many different clinical scenarios.

The main challenge in developing a NER dataset is to create enough samples to create a
well-performing algorithm, while at the same time ensuring a low rate of annotation errors.
However, annotating a dataset for multiple entities and their connections is a challenging task.
As written earlier, EHR text contains ambiguous expressions, variations in terminologies, and
misspellings which make it difficult to identify and label entities correctly. Consequently, la-
beling each token in a sample with its corresponding named entity label is a labor-intensive
and time-consuming task, especially when dealing with large datasets. Therefore, creation of
a clinical NER dataset requires multiple medical professionals who are willing to spend hours
on creating the dataset. To mitigate the risk of annotator errors, a crucial part of creating a NER
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dataset is a thorough annotation process which requires creating detailed annotation guide-
lines, inter-annotator agreement checks, and motivated annotators [76]. Six annotators anno-
tated the NER dataset consisting of 11,607 EHR paragraphs. Clin-ELECTRA was fine-tuned on
the dataset and acquired a macro F1 of 60.05%, 44.85%, and 70.64% for clinical events, attributes,
and relations, respectively. With further development, the developed model could for example
be used to make a fast overview of a patient’s disease and treatment history that the MDs could
use to guide the treatment of the patient.

The paper is presented below. It is licensed under a CC BY 4.0 license which can be found at
https://creativecommons.org/licenses/by/4.0/.

https://creativecommons.org/licenses/by/4.0/
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Abstract

Electronic health records contain impor-
tant information regarding the patients’
medical history but much of this infor-
mation is stored in unstructured narra-
tive text. This paper presents the first
Danish clinical named entity recognition
and relation extraction dataset for extrac-
tion of six types of clinical events, six
types of attributes, and three types of
relations. The dataset contains 11,607
paragraphs from Danish electronic health
records containing 54,631 clinical events,
41,954 attributes, and 14,604 relations.
We detail the methodology of develop-
ing the annotation scheme, and train a
transformer-based architecture on the de-
veloped dataset with macro F1 perfor-
mance of 60.05%, 44.85%, and 70.64%
for clinical events, attributes, and rela-
tions, respectively.

1 Introduction

Electronic health records (EHR) contain important
information regarding the patients’ medical his-
tory including diagnoses, medications, treatment
plans, allergies, and test results. However, much
of this information is stored in unstructured nar-
rative text. While this information could be used
to guide diagnostic decision making and treatment
plans, the unstructured format makes it infeasible
to fully exploit in clinical practice and research.

Natural language processing (NLP) algorithms
could be used to transform the unstructured nar-
rative text of the EHR into structured information

*Equal contribution

and give medical doctors (MD) a fast overview of
even a medical history spanning multiple years.
NLP models’ ability to process and extract infor-
mation from written text keeps improving with
benchmark-breaking models being published on
a regular basis. For example, transformer-based
models such as GPT-3 (Brown et al., 2020), BERT
(Devlin et al., 2019), and ELECTRA (Clark et al.,
2020) have recently shown promising results for
many NLP tasks, e.g. named entity recognition
and relation extraction (NER). In NER, models
are trained to tag words with predefined entities
and find the relations between them. In clinical
NER, entities such as diseases, treatments, drugs,
and tests have been extracted automatically from
EHRs. However, many of the developed datasets
are only in English and for specific clinical spe-
cialities or note types (Uzuner et al., 2007, 2010;
Bethard et al., 2016).

This paper describes the methodology for de-
veloping the first Danish clinical NER dataset.
The dataset consists of text paragraphs from Dan-
ish EHRs spanning multiple departments and note
types.

First, the paper describes the clinical dataset,
the strategy for choosing entities tailored to extract
important information from EHRs, and the anno-
tation scheme. Next, we train a transformer-based
architecture on the developed NER dataset.

2 Related works

The annotation schemes and extracted clinical en-
tities and relations vary. Agrawal et al. (2022) ex-
tracted medications, their status (active, discontin-
ued, neither), and attributes. The i2b2 2009 chal-
lenge (Uzuner et al., 2010) and n2c2 2018 Track
2 (Henry et al., 2020) only extracted medications
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and their attributes. Examples of attributes are
name, dosage, mode of administration, frequency,
duration, reason, strength, form, and adverse drug
effects.

SemEval-2016 Task 12 (Bethard et al., 2016)
extracted time entities; event entities and their
contextual modality, degree, polarity, and type;
and temporal relations between time and event en-
tities (before, overlap, before—overlap, after).

SemEval-2015 Task 14 (Elhadad et al., 2015)
and CLEF eHealth 2013 Task 1 (Pradhan et al.,
2015) extracted disorder mentions and mapped
them to their UMLS/SNOMED concept unique
identifier. The former also classified attributes
such as the disorder’s subject, course, body loca-
tion, and severity, and whether it was negated, un-
certain, conditional, or generic.

The i2b2 2010 challenge (Uzuner et al., 2011)
extracted entities (medical problems, treatments,
tests), assertions (present, absent, possible, con-
ditional, hypothetical future, and associated with
someone other than the patient), and relations be-
tween medical problem entities and each of medi-
cal problem, treatment, and test entities.

The i2b2 2012 challenge (Sun et al., 2013b) ex-
tracted clinically relevant events. Their type was
classified as concept (problem, test, treatment),
clinical department, evidentials indicating source
of information, or occurrences (events that hap-
pen to the patient). Polarity was classified as pos-
itive or negated, and modality as happens, pro-
posed, conditional, or possible. Temporal expres-
sions were extracted with their type (date, time,
duration, frequency), value, and modifier indicat-
ing whether the temporal expression was exact or
not. Temporal relations indicating the type of con-
nections between events and temporal expressions
were also extracted.

3 Methods

This section describes the data, annotation
scheme, and model used for Danish clinical NER.

3.1 Data

We extracted 11,607 paragraphs with a length be-
tween 11 and 75 words from EHRs from Odense
University Hospital in Denmark. Paragraphs were
sampled randomly from different EHR note types
across every department of the hospital to ensure
the data distribution would resemble that of EHRs:
46% were from clinical contacts, 13% primary

Clinical event Description

Disease

A disorder of structure or function, especially one that has a
known cause and a distinctive group of symptoms, signs, or
anatomical changes. Examples include cancer, influenza,
and narcolepsy.

Symptom

A symptom is a physical or mental feature which is regarded as
indicating a condition of disease, particularly such a feature that
is apparent to the patient. We include abnormal findings, which
the MD makes when examining the patient objectively, as these
are sometimes coinciding with symptoms—e.g. bruises.
Examples include headache, stomach ache, and pain.

Diagnostic
Any tool or method concerned with the diagnosis of illnesses or
other problems. Includes measurements and tests. Examples
include CT scans, blood samples, and temperatures.

Treatment A treatment is any medical care given to a patient for an illness
or injury. Examples include medication, plaster, and rehabilitation.

Anatomy Any part of human anatomy. Includes body fluids and
excrements. Examples include arms, organs, and blood.

Result

All results of diagnostics that do not carry any meaning without
being coupled to the diagnostic. Examples include numbers that
indicate length, temperature, or volumes. Diseases or symptoms
found by diagnostics are annotated as such, e.g. a tumour found
by a CT scan.

Table 1: Description of clinical events. Descrip-
tions were inspired by the Oxford English Dictio-
nary.

journals, 10% care data, 3% epicrises, 3% ambu-
latory care contacts, 2% surgical notes, 2% emer-
gency room journals, and 20% were from 55 dif-
ferent minor EHR note types. Paragraphs were
lowercased and anonymised by two of the authors.

3.2 Annotation

3.2.1 Annotation scheme
Two MDs with expert clinical domain knowledge
developed the annotation scheme through an itera-
tive process of making annotation rules and testing
them.

Annotation rules were made to extract clinically
relevant information from the medical history. Fo-
cus was for the rules to be as complete as possi-
ble to capture all important information about the
medical history while still being simple to use for
the annotators.

We extracted three types of information: clini-
cal events, the attributes of the clinical events, and
relations between the clinical events.

Clinical events were: diseases; symptoms, in-
cluding abnormal findings; diagnostics; treat-
ments; anatomies including body fluids and ex-
crements; and results. Symptoms and abnormal
findings were joined in one as they sometimes co-
incided. Normal findings were not included as
there were so many that they would cloud the vi-
sualisation of the history. Table 1 shows all clini-
cal events and their descriptions as defined by the
medical experts.

Clinical events were further described by their
attributes. Attributes were: prior; current; fu-
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Attributes Description

Prior Entities that occurred in prior admissions or in the distant past.
Includes treatments that are being stopped at that point in time.

Current Entities that occur in the present. Includes prescribed medicine.

Future Entities that occur or might occur in the future—e.g. the risk of
skin cancer, or ordering diagnostics for a later day.

Doubt Any entity that is not confirmed. Includes any treatments that
might need to be started in the future.

Negation Entities such as diseases or symptoms that are mentioned as
not being present.

Non-patient Entities that are not related to the patient in question. One
example is the disease history of the patient’s relatives.

Table 2: Description of attributes.

ture; doubt; negation; and non-patient. All clinical
events could take one of the six attributes except
anatomies and results. Anatomies did not take any
attributes while results could only take a prior or
current attribute. Table 2 shows all attributes and
their descriptions.

Clinical events could connect to each other in
limited ways through one-way relations. Dis-
eases, diagnostics, and symptoms could connect to
anatomies through a “has location” relation. Dis-
eases, symptoms, and anatomies could connect to
treatments through a “is treated with” relation. Di-
agnostics could connect to results through a “has
result” relation.

Figure 1 shows an overview of the clinical
events, attributes, and relations. Appendix A
shows the full annotation guidelines with further
details and explanations to the annotators.

3.2.2 Annotation process
Six annotators were recruited for the task. Five
were Master of Science in Medicine students and
one was a MD.

Figure 2 shows the process of annotator train-
ing. It included reading the annotation guide and
an iterative process of annotating a learning set of
55 paragraphs (not included in dataset) followed
by error analysis until a final test was made on
a set of 98 gold paragraphs annotated by an ex-
pert MD. Paragraphs were annotated using the
CLAMP software (Soysal et al., 2017). We report
the micro F1 of each annotator on the gold set.

Figure 3 shows an example of an annotated
paragraph.

3.3 Entity and relation extraction model
This section describes the architecture of the
Princeton University Relation Extraction system
(PURE) (Zhong and Chen, 2021) which we used
and adapted for Danish clinical NER. It further
describes the dataset used and the training of the
models.

3.3.1 Model architecture
PURE—the 2021 state-of-the-art on entity and re-
lation extraction—is a NER deep learning model
based on a transformer structure. The model has a
separate entity and relation extraction part.

For entity extraction, the model takes as input
all possible text spans up to a maximum length. A
transformer extracts contextual word embeddings
for the start and end token of each span. They
are concatenated with a learned span width em-
bedding and classified by a feedforward network.

When extracting relations, for each candidate
pair of entities, the text is passed through a trans-
former with inserted entity start and end marker to-
kens for the subject and object entity, also indicat-
ing the type. The concatenation of the start marker
token for the candidate subject and object entity is
classified by a feedforward neural network.

We used PURE’s entity extraction approach for
clinical events and the relation extraction approach
for relations between clinical events.

We used our own approach adapted from the
PURE relation extraction approach for attributes.
We inserted clinical event start and end marker
tokens, passed all tokens through a transformer,
concatenated the start and end marker tokens, and
classified the attribute using a feedforward net-
work. The marker tokens were used for classi-
fication instead of the word(s) forming the clini-
cal event to guide the model to look more at the
context rather than the specific word—the context
being the important factor in attribute classifica-
tion. Additionally, enriching the input with the
type of the clinical event could guide the model if
attributes were described differently for different
clinical events.

Figure 4 shows the three types of extraction
tasks.

3.3.2 Datasets
Table 3 shows the number of clinical events, at-
tributes, and relations by type in the train, val-
idation, and test set. The dataset had a total
of 11,607 paragraphs, each containing a varying
number of clinical events, attributes, and relations.
On average, each paragraph contained 4.7 clini-
cal events, 3.6 attributes, and 1.3 relations. We
split the paragraphs in train, validation, and test
sets for an approximate 80%–10%–10% ratio be-
tween each type of clinical event, attribute, and
relation. The sets were unbalanced on type of
entity or relation—e.g. for the attributes training
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(B) A�ributes(A) Clinical events and rela�ons

Figure 1: (A) Clinical events and relations between them. Symptoms include abnormal findings.
Anatomies include body fluids and excrements. Diagnostics include measurements and tests. Blue:
“is treated with”. Orange: “has location”. Grey: “has result”. (B) Attributes. Anatomy (dashed lines)
takes no attributes. Other clinical events must take one attribute. Results only take prior or current
attributes.

Train (% of row total) Validation (% of row total) Test (%of row total) Total (% of column total)
Paragraphs 9,687 (83%) 960 (8%) 960 (8%) 11,607 (100%)

Clinical events
Diseases 2,033 (78%) 295 (11%) 272 (10%) 2,600 (5%)
Symptoms 11,937 (80%) 1,455 (10%) 1,571 (10%) 14,963 (27%)
Diagnostics 8,921 (80%) 1,095 (10%) 1,194 (11%) 11,210 (21%)
Treatments 6,918 (79%) 911 (10%) 882 (10%) 8,711 (16%)
Anatomies 10,172 (80%) 1,227 (10%) 1,278 (10%) 12,677 (23%)
Results 3,522 (79%) 473 (11%) 475 (11%) 4,470 (8%)
TOTAL 43,503 (80%) 5,456 (10%) 5,672 (10%) 54,631 (100%)

Attributes
Prior 2,028 (80%) 237 (9%) 283 (11%) 2,548 (6%)
Current 23,217 (79%) 3,021 (10%) 3,109 (11%) 29,347 (70%)
Future 1,237 (79%) 161 (10%) 160 (10%) 1,558 (4%)
Doubt 2,479 (82%) 263 (9%) 289 (10%) 3,031 (7%)
Negation 3,890 (80%) 496 (10%) 500 (10%) 4,886 (12%)
Non-patient 480 (82%) 51 (9%) 53 (9%) 584 (1%)
TOTAL 33,331 (79%) 4,229 (10%) 4,394 (10%) 41,954 (100%)

Relations
is treated with 1,485 (80%) 175 (9%) 197 (11%) 1,857 (13%)
has location 6,501 (80%) 779 (10%) 823 (10%) 8,103 (55%)
has result 3,652 (79%) 499 (11%) 493 (11%) 4,644 (32%)
TOTAL 11,638 (80%) 1,453 (10%) 1,513 (10%) 14,604 (100%)

Table 3: Composition of the train, validation and test sets by type of clinical event, attribute, and relation.
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Figure 2: Annotator training process. Figure in-
spired by Sun et al. (2013a).

has loca�on
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slight redness in the le� breast

Symptom

Current %

Figure 3: Example of annotated paragraph. % sig-
nifies that no attribute could be assigned to the
clinical event per the annotation scheme.

has loca�on

slight redness in the le� breast[O:An] [/O:An][S:Sy] [/S:Sy]

Anatomy

slight redness in the le� breast

Symptom

slight redness in the le� breast[Sy] [/Sy]

Current

(A)

(B)

(C)

Figure 4: (A) Classification of clinical events from
start and end tokens of span. Span width embed-
ding not depicted. (B) Classification of attribute
using clinical event marker tokens. (C) Classifi-
cation of relation using subject/object and clinical
event marker tokens. Figure inspired by Zhong
and Chen (2021).

Evaluation
metric Loss Micro Macro

R% P% F1% R% P% F1%

Micro F1 Unweighted 79.14 79.14 79.14 38.34 40.51 38.56
Weighted 61.81 61.81 61.81 45.35 33.20 34.23

Macro F1 Unweighted 77.30 77.30 77.30 41.88 41.90 41.48
Weighted 60.13 60.13 60.13 51.37 41.87 43.85

Table 4: Validation set micro and macro recall,
precision, and F1 score on the attribute extrac-
tion task when selecting the best iteration of the
model based on micro and macro F1 score with
unweighted and weighted loss. 2 hidden layers of
size 75 was used for the test. R: Recall. P: Preci-
sion.

set, there were 23,217 current and only 480 non-
patient attributes. All datasets were in the json for-
mat used by PURE (see Zhong and Chen (2021)).

3.3.3 Training
When training the clinical event extraction model,
we used a Danish Clinical ELECTRA pretrained
on the narrative text from 299,718 EHRs from
Odense University Hospital as the transformer
base (Pedersen et al., 2022). The model had
∼13M parameters and consisted of 12 transformer
layers with 4 attention heads. We used a dropout
of 0.1 after the last ELECTRA hidden layer out-
put. We tested classification heads with two hid-
den layers of varying size, each followed by a
dropout of 0.2 and a ReLU activation function.
We used a maximum span of 8 and a train batch
size of 32. We trained for 100 epochs using the
AdamW optimizer with learning rate 1e-5 for the
transformer layers and 1e-4 for the classification
head, and a warm-up proportion of 0.1.

When training each of the models for extract-
ing attributes and relations, we used the same
transformer base with a normalisation layer and a
dropout of 0.1 after the concatenation of tokens.
We tested classification heads with two hidden
layers of varying size, each followed by a dropout
of 0.2 and a ReLU activation function. We fur-
ther tested a classification head only consisting of
a single classification layer. We used a train batch
size of 32 and a maximum sequence length of 128.
We trained for 20 epochs using the AdamW opti-
mizer with learning rate 2e-5 and a warm-up pro-
portion of 0.1.

We modified the training method of PURE to
guide the models towards equal performance on
all classes by using a weighted loss function to
counteract the unbalanced dataset and chosing the
best model for each of the clinical event, attribute,
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and relation extraction tasks as the model itera-
tion with the best macro F1 on the validation set,
rather than the micro F1 standard of PURE. Ta-
ble 4 shows a test of the performance on the at-
tribute extraction task when selecting the best iter-
ation of the model based on micro and macro F1
score with unweighted and weighted loss. Using
the macro F1 score with weighted loss gave the
best performance across all classes. Appendix B
shows the confusion matrices for each combina-
tion.

Class weights were calculated for the training
of each model using the default formula in Scikit-
learn (Pedregosa et al., 2011):

wx =
nsamples

nclasses · nx
(1)

where x is the class, nsamples is the number of to-
tal samples, and nclasses is the number of classes.
The negative class, i.e. samples not to be given
any label by the model, was given a weight of 1.

The negative class was excluded when calculat-
ing the F1. We only trained the attribute and re-
lation models to make classifications that were al-
lowed for the connected clinical events according
to the annotation scheme. Appendix C shows the
results of the hyperparameter search. We report
the micro and macro recall, precision, and F1 for
the best models on the test set.

4 Results

This section presents the agreement of the annota-
tors on the gold set and the results of the Danish
clinical NER models.

4.1 Annotation

Table 5 shows the annotators’ micro F1 per-
formance on the gold set. For clinical events,
it ranged 83.71%–91.24% (average 85.62%) for
overlapping matches, and 74.12%–85.15% (aver-
age 77.67%) for exact matches. For attributes, it
ranged 79.21%–86.19% (average 81.71%) and for
relations 71.28%–90.06% (average 77.79%).

4.2 Entity and relation extraction model

The models that had the best validation perfor-
mance in the hyperparameter search were:

• A clinical event extraction model with two
hidden layers of size 450 in the classification
head.

Annotator A B C D E F
Overlap match, micro F1%

Clinical event 91.24 84.22 84.41 85.71 84.43 83.71
Attribute 86.19 83.06 79.21 81.29 79.75 80.75
Relation 90.06 76.97 75.60 77.01 71.28 75.84

Exact match, micro F1%
Clinical event 85.15 76.08 76.29 78.69 74.12 75.71

Table 5: The anonymised annotators’ performance
on the gold set. Exact match: a match is defined
as the exact tokens annotated in the gold set with
the same label. Overlap match: a match is defined
as minimum one token overlapping with the gold
set annotation of the same label. Only an overlap
match F1 is calculated for attributes and relations
as evaluating an exact match would propagate the
potential error in the span of the clinical event to
which the attribute or relation is connected.

Micro Macro
R% P% F1% R% P% F1%

Overlap match
Clinical events 66.29 77.31 71.38 64.88 72.60 68.20

Exact match
Clinical events 60.97 65.64 63.22 59.84 61.30 60.05
Attributes 66.04 66.04 66.04 51.60 42.64 44.85
Relations 75.88 72.66 74.23 74.74 67.85 70.64

Table 6: Performance of the best clinical event,
attribute, and relation extraction models on the test
set. Attributes and relations are only reported with
an exact match as the models do not consider the
span of the clinical event from which the attribute
or relation is classified. R: Recall. P: Precision.

• An attribute extraction model with a single
classification layer.

• A relation extraction model with two hidden
layers of size 150 in the classification head.

Table 6 shows the performance of the best mod-
els on the test set. Clinical events were ex-
tracted with exact micro F1 63.22% and macro
F1 60.05%, attributes with micro F1 66.04% and
macro F1 44.85%, and relations with micro F1
74.23% and macro F1 70.64%. The negative class
was excluded when calculating the recall, preci-
sion, and F1 scores.

Figure 5 shows the confusion matrices of per-
formance on clinical events, attributes, and rela-
tions. The confusion matrices include the clinical
events and relations that were not extracted and
falsely extracted by the model (’O’).

The model for clinical event extraction per-
formed best on anatomies (69%) and worst on re-
sults (53%). 1,568 spans were falsely extracted
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(A) Clinical events (B) Attributes (C) Relations

Figure 5: Confusion matrices of performance on (A) clinical events, (B) attributes, and (C) relations. ’O’
counts the clinical events and relations that were not extracted and falsely extracted by the model.

as a clinical event with symptoms being the most
frequent (21%). The model for attribute extrac-
tion performed best on negations (84%) and worst
on non-patient (23%). The model for relation ex-
traction performed best on “has result” (93%) and
worst on “is treated with” (62%). 432 false rela-
tions were extracted of which “has location” was
the most frequent misclassification (45%).

5 Discussion and limitations

This paper presented a methodology for develop-
ing a dataset for Danish clinical NER. It presented
an annotation scheme for annotation of all clinical
events, their attributes, and relations that are rele-
vant for the medical history. The dataset included
text paragraphs from Danish EHRs spanning mul-
tiple departments and note types.

We trained and adapted PURE NER deep learn-
ing models to extract clinical events (overlap
match macro F1 68.20%; exact match macro F1
60.05%), attributes of clinical events (macro F1
44.85%), and relations between clinical events
(macro F1 70.64%). The results are promis-
ing for Danish clinical NER but need improve-
ment. A discussion of possible improvements to
the methodology, limitations, and future work is
provided below.

The clinical event extraction model had simi-
lar performance on all classes with accuracies be-
tween 53% (results) and 69% (anatomies). There
was little contamination between classes as most
errors were caused by failure to extract or false ex-
traction of a clinical event. There was some con-
tamination between symptoms and diseases with
12% of diseases being classified as symptoms and

5% of symptoms being classified as diseases. This
supports claims by annotators that diseases and
symptoms in some cases are difficult to differen-
tiate and that extra attention must be given to dif-
ferentiate these in the annotation guidelines.

The attribute extraction model had large dif-
ferences in performance with accuracies between
23% (non-patient) and 84% (negation). There
were more misclassifications of the non-patient
attribute as doubt (40%) than correct classifica-
tions. The future and doubt attributes had signif-
icant contamination between them with 25% and
11% misclassifications as the other class, respec-
tively. The many misclassifications between non-
patient and doubt attributes, and especially future
and doubt attributes, could indicate that the model
would improve if the non-patient, doubt, and fu-
ture attributes were merged to a single class of un-
certain attributes. This would most likely not harm
the usefulness of the model to MDs significantly.

The fact that more prior attributes were mis-
classified as current (41%) than correct classifica-
tions (36%) likewise indicates that these two at-
tributes could be merged into a single class of clin-
ical events that occurred. This would, however,
decrease the usefulness of the model as it is im-
portant for MDs reviewing the medical history to
know if a clinical event is prior or current.

The relation model extracted 93% of the “has
result” relations, and 62% and 69% of the “is
treated with” and “has location” relations, respec-
tively. The differences are likely caused by the fact
that the “has result” relation only connects diag-
nostics to results while the two other relations have
three different one-way relationships.
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In this paper, we only explored one type of
NER model and tested a limited set of architec-
tures and hyperparameters. Future work could in-
clude testing other architectures and enriching the
model input with more information, e.g. the out-
put of a text parser, which could help differenti-
ate attributes dealing with the time-aspect. The
six annotators had an average micro F1 (overlap
match) of 85.62%, 81.71%, and 77.79% for clin-
ical events, attributes, and relations, respectively.
Merging certain attributes and more emphasis on
differences between symptoms and diseases could
increase these scores.

The Danish clinical NER dataset is not made
publicly available due to it containing sensitive
information. We advise interested researchers to
contact us for sharing possibilities.

6 Conclusions

This paper presented methodology and annotation
scheme for developing the first Danish clinical
NER dataset. The corpus consists of 11,607 para-
graphs annotated for six entity types, six attributes,
and three relations. The corpus was used to fine-
tune language models which showed promising re-
sults for classifying the entities, attributes, and re-
lations of the dataset.
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Appendices

A Annotation guidelines

A.1 Clinical events

A.1.1 Disease
Contains all diseases including diseases that could
be considered a result of a Diagnostic.

A.1.2 Symptom
Includes all symptoms and abnormal findings.
Findings that are not abnormal should not be anno-
tated. However, a negation of an abnormal finding
should be annotated because the abnormal finding
is mentioned even though it is not present. For ex-
ample, “fracture” should be annotated in the sen-
tence “there is no sign of fracture.”

If there is a negation of a non-abnormal finding,
it should be annotated in the entity. For example,
“cannot hear” is annotated in the sentence “patient
cannot hear anything.”

In the sentence “no symptoms,” the word
“symptoms” should not be annotated as a symp-
tom, as it does not contain any information.

In case a symptom or abnormal finding is found
by a Diagnostic, there may be a coincidence with
the Result entity. Here, it is annotated as Symptom
if the entity can provide sufficient meaning alone.
For example, “cyst” or “tumour.”

If the Symptom cannot stand alone and one
needs to know which Diagnostic was carried out
in order to understand the result, the entity should
instead be annotated as Result and have a “has re-
sult” relationship from the Diagnostic entity. For
example, this applies to “Temp: 24 C” and “Stix:
3+”. “Temp” and “Stix” are annotated as Diagnos-
tic with “is treated with” relationship to Result “24
C” and “3+.”

A.1.3 Result

Includes all results of Diagnostic, e.g. values and
blood test results.

A Result cannot stand on its own. A rela-
tion from the Diagnostic is needed for it to make
sense. These can be entities like “stable”, “posi-
tive”, “negative”, “24 C” or “3+”.

Typically, this entity will appear in sentence
structures with a colon: “Diagnostic: Result”.
Note that the two entities are mentioned very close
to each other in the text—in this case only with a
colon in between. An example could be “Temp:
24 C” or “Stix: 3+”. “Temp” and “Stix” are anno-
tated as Diagnostics with a “has result” relation to
Result “24 C” and “3+”.

Entities that can instead be annotated as Symp-
tom will typically be mentioned further away or
completely lack a Diagnostic as a Symptom can
stand alone and make sense.

See also the description for Symptom.

A.1.4 Diagnostic

Includes all diagnostics, measurements, and tests.
This can include CT scans, blood tests, MR scans,
and recordings of a newborn’s length, tempera-
ture, etc.

Note that “blood sample results” and “radiology
description” are not a Diagnostic and should not
be annotated.

If KAD is mentioned along with a volume, e.g.
“KAD emptied of 200 mL,” it is marked as Diag-
nostic - Result. If there is no volume specified,
KAD is annotated as Treatment.

A.1.5 Treatment

Includes all forms of treatment including medica-
tion.

To annotate entities as concisely as possible, for
example in the sentence “good effect of 2.5 mg
morphine IV,” only “morphine” should be anno-
tated as Treatment.
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In the sentence “treated for xxx,” the word
“treatment” should not be annotated as Treatment
as it does not contain any information.

If KAD is mentioned without a volume indica-
tion, it should be annotated as Treatment. If KAD
is mentioned with a volume, for example “KAD
emptied for 200 mL,” it should be annotated as
“Diagnostic - Result.”

A.1.6 Anatomy
Includes all mentions of anatomies and things
from the body (blood, feces, urine, sweat, etc.).

Typically used to indicate the location of a Dis-
ease or Symptom, a Diagnostic, or a Treatment.
Examples: “brain”, “left foot” or “duodenum”.

When Anatomy is described by an adjacent
word, for example “left”, this should be included
in the entity.

Remember to annotate the Anatomy entities
that should not be linked to other entities.

A.2 Attributes

A.2.1 Current
The entity is either present, carried out, or cur-
rent. If medication is prescribed to the patient, this
should also be marked as “Treatment - Current”,
as it can be assumed that the treatment will start
and it may be the last time it is mentioned in the
journal. On the other hand, “Scheduling a CT for
Tuesday.” should be marked as “Future” as it will
be described in a future medical note, for example
with the result.

A.2.2 Negation
The entity is not present. For example, if it is men-
tioned that the patient does not have a fracture, the
fracture should be marked as Symptom - Negation.
Note that the word “not” should not be part of the
marked entity. However, if there is a negation of
a normal finding, it should be annotated as such.
For example, “cannot hear” in the sentence “pa-
tient cannot hear anything” is annotated as Symp-
tom - Present.

A.2.3 Prior
If the entity refers to a previous case, i.e., a pre-
vious hospitalisation or if it happened a long time
ago. For example, it should be annotated as a prior
Treatment when a cast or drain is removed, as the
treatment is finished. However, if a CT scan from
the previous day is mentioned, it should be anno-
tated as Current.

A.2.4 Future
Everything that takes place in the future. For ex-
ample, cancer is annotated as Disease - Future if it
is mentioned that “there is a risk of cancer if you
use tanning beds too often.”

It is marked as Diagnostic - Future if an MRI
scan is planned for the next day. However, if it
is written “the treatment with xxx starts” or “rp.
xxx” it should be marked as Treatment - Current
as it is assumed that the treatment will certainly
happen.

Also includes references to possible future
treatments.

A.2.5 Doubt
If the patient might have a disease that has not yet
been confirmed.

If a Treatment should be given provided that
certain things change.

The difference between Doubt and Future is that
Future is more certain - it is going to happen -
while Doubt is more uncertain or conditional.

A.2.6 Non-patient
If an entity does not have a direct connection to
the patient. This can occur when a general let-
ter is sent out regarding cancer screening. Cancer
should then be annotated as Disease - Non-patient.
If it is mentioned that the patient’s mother had a
certain disease, it should also be annotated in this
way.

A.3 Relations

When entities are annotated, the relationships
between entities can be annotated. This is done
by pulling the “From entity” over to the “To
entity”. The direction of the relationship is
important. Therefore, pay attention to the name of
the relationship and read it out loud if necessary,
“Entity - Relation - Entity” and listen to see
if it makes sense or if the arrow needs to be
reversed. CLAMP will show which relationships
can be annotated for the pair being drawn between.

has location
From entities: Disease, Symptom, Diagnostic.
To entities: Anatomy.

has result
From entities: Diagnostic.
To entities: Result.
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is treated with
From entities: Disease, Symptom, Anatomy.
To entities: Treatment.

The “is treated with” relation links the en-
tities Disease, Symptom, and Anatomy to a
Treatment. In some cases, sentences describing
a required treatment could be linked to both an
Anatomy and Treatment entity. In this case,
the Treatment should be linked to the Symptom
instead of the Anatomy. You should only link the
Anatomy to the Treatment using the “is treated
with” relation if the Treatment cannot be linked to
anything else. Example: “Left knee skin scraping
is treated with plaster.” Annotation: skin scraping
- “Treated with” - plaster.

A.4 General notes

It is important not to annotate periods, commas,
etc. unless they are part of an abbreviation. For ex-
ample, in “Patient has cancer,” only “cancer” and
not “cancer.” should be marked. If you double-
click a word, CLAMP will only mark the word
and not any punctuation next to the word. This
can make it a bit troublesome to include periods in
abbreviations.

Entities should be annotated as concisely as
possible without losing meaning. This means
that in the sentence “there are signs of cancer,”
only “cancer” and not “signs of cancer” should be
marked as an entity. If an entity has some describ-
ing words next to it, the following rule can be used
to decide how much should be annotated. In the
sentence “pain in the front of the arm,” only “arm”
is marked as Anatomy since “front” and “arm”
are connected through the word “of.” In the sen-
tence “pain in the left arm,” “left arm” is marked as
Anatomy since there are no words between “left”
and “arm”. In sentences describing a prescription
of medication, only the name is marked as Treat-
ment, and not, for example, the quantity indication
or the number of days.

Entities may not overlap with each other.

B Selection of loss and evaluation metric

Figure 6 shows the confusion matrices for the at-
tribute extraction task when selecting the best iter-
ation of the model based on micro and macro F1
score with unweighted and weighted loss.

Using the micro F1 to select the best iteration
of the model resulted in some classes being prac-

Classification head Validation
hidden layers Exact F1 %

Clinical event

2x 75 58.49
2x 150 59.82
2x 300 60.68
2x 450 61.34
2x 600 60.91

Attribute

None 48.01
2x 50 43.20
2x 75 43.85
2x 150 44.10
2x 300 44.32

Relation

None 66.15
2x 75 68.39
2x 150 68.85
2x 300 67.39

Table 7: Results of the hyperparameter search.

tically excluded during classification. Using the
macro F1 to select the best model iteration and
training with a weighted loss gave the most equal
performance on all classes.

C Hyperparameter search

Table 7 shows the results of the hyperparameter
search.
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(A) Micro F1 (B) Macro F1

(C) Micro F1 weighted (D) Macro F1 weighted

Figure 6: Confusion matrices showing the attribute extraction validation performance of the models
chosen based on (A) micro F1, (B) macro F1, (C) micro F1 trained with weighted loss, and (D) macro
F1 trained with weighted loss.
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CHAPTER 6

Conclusion

The work during my studies has been concerned with developing Danish clinical language
technology resources by 1) collecting large EHR datasets to pre-train language models, 2) de-
veloping pre-trained language models, 3) developing datasets that can be used to fine-tune
language models and extract different diseases and symptoms in the narrative text of Danish
EHRs, and 4) evaluate and compare the language models with regards to accuracy and possible
biases in clinical classification tasks.

This chapter revisits the research questions of the dissertations by reviewing how each chap-
ter contributed to answer these.

• How do Danish clinical pre-trained language models perform compared to Danish
open-source pre-trained language models and other deep learning-based architectures?

Chapter 3 presented our work on developing two pre-trained language models, Clin-ELECTRA
and MeDa-BERT, that can be used for Danish clinical NLP tasks.

Clin-ELECTRA was pre-trained on a large clinical corpus of approximately 300,000 Dan-
ish EHRs. The performance of the Clin-ELECTRA model was compared with a general do-
main BERT model and an LSTM model with clinical word embeddings. We found that Clin-
ELECTRA performed better than the two other models, even though the BERT model was ten
times larger in terms of parameters.

MeDa-BERT was pre-trained on Danish medical text from the internet and medical books.
The MeDa-BERT model performed better on four clinical classification tasks compared to a
Danish BERT model trained on the general domain. The collected corpus was aslo used to de-
velop medical word embeddings. When used as input to an LSTM model, the medical word
embeddings performed better than general domain word embeddings. The medical word em-
beddings and the MeDa-BERT model were made publicly available to strengthen development
and research in Danish NLP.
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These results suggest that Danish clinical language models are valuable for extracting infor-
mation from Danish EHRs as their performance surpass other pre-trained language models and
deep learning-based architectures.

• How can bias in clinical language models arise from the representation of patient sub-
groups in the datasets used for model development?

Chapter 4 presented the paper Investigating anatomical bias in clinical classification algorithms
[17]. This paper highlights the crucial role of dataset curation when developing language mod-
els. We found that the performance of language models for classifying bleeding and thrombosis
varied significantly for specific patient populations if the training samples were not evenly dis-
tributed across anatomical locations. The paper stressed the importance of carefully construct-
ing datasets that are used to train language models in order to avoid anatomical bias. This
is essential to avoid implementing clinical algorithms that might discriminate against specific
patient populations.

• How can clinical language models contribute to extracting clinically important infor-
mation from Danish EHRs?

Chapter 5 presented three papers that focus on extracting information from the narrative
text of Danish EHRs.

The paper Deep learning detects and visualizes bleeding events in electronic health records [18]
presented our initial work on extracting bleeding episodes from Danish EHRs. In this study,
we created a large annotated dataset consisting of paragraphs from EHRs that did or did not
describe bleeding events. This dataset was used to train a hybrid RNN-CNN model with clinical
word embeddings to classify paragraphs as either positive or negative for bleeding. The model
performed with an accuracy of 90% on the test set.

In our follow-up paper, Doctors identify bleedings better during chart review when assisted by
artificial intelligence [19], we used Clin-ELECTRA to improve our accuracy for bleeding classifi-
cation, and we presented a user study that investigated MDs’ performance when using the al-
gorithm in a clinical scenario and the MDs perception of using it. MDs had a positive sentiment
toward using the algorithm in clinical practice, and they registered more bleeding episodes
when using the bleeding classification algorithm. We found that MDs failed to register up to
46% of bleeding paragraphs when reviewing an admission without algorithm assistance. This
indicates MDs may not obtain the information they need for the assessment of bleeding risks,
and that algorithm assistance could provide important information to MDs.

In the paper Danish Clinical Named Entity Recognition and Relation Extraction [20], we pre-
sented a Danish clinical NER dataset with six types of clinical events, six types of attributes, and
three types of relations. The Clin-ELECTRA model was fine-tuned on the dataset and achieved
a macro F1 of 60.1%, 44.9%, and 70.6% for clinical events, attributes, and relations, respectively.
Contrary to the bleeding dataset, the NER dataset can be used to develop language models that
can provide valuable information in many different clinical scenarios, e.g., to get an overview
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of a patient’s disease history.

In summary, this dissertation has developed resources for Danish clinical NLP, contributed
with research for mitigating bias in clinical language models, and shown promising results for
extracting clinically important information from the narrative text of Danish EHRs. The find-
ings of the dissertation suggest that Danish clinical pre-trained language models can play a
significant role in shaping the future EHR system. Today, EHRs are designed to facilitate the
retrieval of clinical information by structuring the information as much as possible. However, a
large part of the EHR consists of unstructured narrative text. Consequently, when the number
of healthcare contacts increases for each patient, there is a risk of information overload causing
crucial clinical information to be lost in the narrative text. Language technology could help mit-
igate the problem of information overload by facilitating effective search functionalities within
EHR systems. This would enable healthcare professionals to efficiently navigate through the
EHR, reduce the time-expensive task of manually reviewing the EHR, and free up time for the
MD to direct patient interaction. Additionally, it could advance clinical research possibilities,
as access to relevant clinical data becomes more readily available. To fulfill these positive out-
comes, it is crucial to develop safe and unbiased language models. Language models could
have a direct effect on all patients in the institution it is utilized, and therefore their outcome
predictions must be thoroughly evaluated on the patient groups they are meant to assist.

6.0.1 Future work

Throughout my PhD studies, language technology has advanced at a rapid pace with new
innovations, possibilities, and challenges emerging every month. Often, while working on im-
plementing and acquiring knowledge about a new technology, a new and better technology has
already been developed. Since the models and datasets presented in this dissertation were de-
veloped, new research has been introduced. This sub-section presents the potential directions
and areas of research that could build upon the findings of the dissertation and contribute to
further advancement in Danish clinical NLP.

Generalization across Danish hospitals

The models developed for this dissertation have only been trained and tested on data from
OUH. In the future, we will evaluate the models on datasets with EHR text from other hospitals
in Denmark. This is necessary since other hospitals could use terminologies, abbreviations,
and linguistic patterns different from that of OUH. By testing the models on text from other
hospitals, we can assess their ability to adapt and perform consistently across these linguistic
differences. This will provide insights into the models’ robustness and generalization abilities.
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Development of new pre-trained clinical language models

When introduced, the ELECTRA pre-training approach was the most efficient method for pre-
training language models. After its introduction, other innovations quickly followed. For exam-
ple, the DeBERTa model [77] made small improvements to the original transformer architecture
by using a new attention mechanism where each token is represented using two vectors that
encode its content and position, and a new way to capture the absolute position of tokens. In
a follow-up paper, the authors presented DeBERTaV3 [78] that combined the DeBERTa archi-
tecture with the ELECTRA RTD pre-training approach which provided better results than both
ELECTRA and DeBERTa.

Recently, we have acquired access to more clinical data, resulting in a total amount of ap-
proximately 900,000 EHRs that we can use to pre-train language models. Moreover, we have
gained access to more compute power that allows us to pre-train larger language models and
to pre-train the models for a longer time. In the future, we would like to pre-train a large De-
BERTaV3 model on the new EHR corpus. We expect this architecture to improve our results on
the various evaluation datasets that have been established, and that it can solve future clinical
problems better than our current models.

Development of domain-adapted clinical language models

MeDa-BERT was developed by initializing it from an existing language model and pre-training
it on an in-domain medical dataset. Similarly, we could pre-train a clinical language model from
an existing Danish or multilingual language model [12]. Creating a clinical language model in
this way might create a superior model compared to pre-training one from scratch because of
its increased exposure to data in the pre-training stage. However, the disadvantage of this ap-
proach is that the existing model might have encoded biases from its initial pre-training corpus
which often stems from online text including debate forums. This creates an increased risk of in-
corporating biases into the clinical models and, therefore, there is a tradeoff between including
text from online sources compared to only including the narrative text of EHRs.

Development of generative pre-trained language models

The main focus of this dissertation has been on developing pre-trained language models using
the encoder of the transformer architecture. The reason for this is that the encoder model is
specifically trained and constructed to solve classification tasks, which was the main objective
of this dissertation. Decoder models, on the other hand, are trained to solve generative tasks
such as question answering and text summarization. The performance of generative models
such as GPT4 [79] has been surprisingly good, and not only for the typical generative tasks
such as text summarization. Generative models have achieved SOTA performance on multiple
NLP benchmarks and are able to produce highly coherent and contextually relevant passages
[35, 80]. Generative models could be used as assistants to summarize and provide information
queried by healthcare professionals. Healthcare professionals could for example ask questions
regarding the information in the EHR and the generative model will provide the answer with
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references to the relevant medical notes. Moreover, generative models are also capable of using
APIs which allows them to create graphs requested by the healthcare professional [81]. How-
ever, generative models also have imitations. For example, they can generate content that is
misleading or untrue and the same question framed differently can sometimes lead to different
responses [82]. Generative models should therefore be tested thoroughly for potential biases.
Moreover, the use of commercial models such as GPT-4 is limited for clinical tasks because the
sensitive information of EHRs cannot be uploaded to these models. Consequently, we have not
been able to use or compare our results with these models. However, open-source generative
models with similar performance to GPT-4 have been introduced recently [83, 84]. In the future,
we will evaluate and compare the performance of such models for Danish clinical tasks.
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