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Abstract

The increasing volume of data in the biomedical field presents significant chal-
lenges related to information extraction and knowledge discovery. However,
this large volume of data also offers substantial opportunities to enhance our
understanding of disease mechanisms, identifying therapeutic targets, and
advance precision medicine. To fully leverage these opportunities, advanced
computational methodologies from the machine learning field are indispens-
able, allowing researchers to uncover valuable insights that would otherwise
remain hidden.

This thesis explores the development and application of transfer learn-
ing methods — especially transformer-based models — for identifying and
extracting relations from biomedical datasets. We contribute by providing
a comprehensive review of the applications of transformer models across
various biomedical subfields. Furthermore, we develop transformer-based
methodologies in three experimental studies. Firstly, we implement a text
mining workflow for extracting psychiatric attributes and psychopathological
symptoms from German psychiatric reports, enabling secondary use of pa-
tient data in research. Secondly, we propose a Siamese architecture to predict
virus-host protein-protein interactions using deep protein sequence embed-
dings, facilitating the prioritization of these interactions for drug discovery.
Finally, we present an end-to-end text mining workflow designed to iden-
tify miRNA-disease associations from recent scientific literature, allowing to
investigate the roles of miRNA in disease mechanisms.

In conclusion, the scientific advancements presented in this work demon-
strate the potential of transformer-based methodologies for the data-driven
extraction of valuable biological and medical relations, contributing to the
advancement of knowledge in biomedicine.
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1. Overview of the Thesis

The fascinating discipline of biomedicine is dedicated to the advancement of
human medicine by studying biological and chemical processes and has expe-
rienced a substantial surge in the volume of data, often referred to as big data.
This growth can be attributed to various factors. These include advancements
in information technologies for data collection, storage, and analysis, high-
throughput sequencing and imaging technologies, and widespread adoption
of electronic health records (EHRs) [41–43].

The big data phenomenon in biomedicine poses both challenges and oppor-
tunities. On the one hand, the sheer volume of data can be overwhelming to
manage, store, and analyze. The complexity of integrating and harmonizing
data from different sources presents challenges in data quality, data curation,
data interoperability, and privacy protection [44, 45]. Additionally, the need
for sophisticated computational infrastructure and expertise in data analyt-
ics adds to the challenge [45]. On the other hand, large-scale and diverse
biomedical data inherently presents more opportunities. It enables researchers
to gain deeper insights into disease pathophysiology by examining biologi-
cal processes across biological scales, from the molecular to organism level.
Furthermore, it facilitates the discovery of biomarkers, the development of
predictive models, and the advancement of the precision medicine paradigm
[45, 46].

The fusion of big data alongside the strides in artificial intelligence (AI) —
especially machine learning (ML) and deep learning (DL) — has immensely
impacted the field of biomedicine [47]. Recently, transfer learning (TL) has
emerged as a noteworthy paradigm in biomedicine, allowing to leverage large-
scale general datasets to build pre-trained models that can then be adapted to
various downstream tasks with scarce datasets [48]. This approach has been
particularly beneficial in biomedical natural language processing (bioNLP),
computer vision, EHR data analysis, and protein sequence analysis. For in-
stance, such models are capable of accurately modeling disease trajectories for
patients in a precision medicine context [6, 46], predicting protein structures
from protein sequences [49, 50], and assessing medical images for various
conditions [51, 52].

Leveraging AI and ML techniques to analyze large datasets enables the
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1. Overview of the Thesis

discovery of hidden patterns and transforms them into actionable knowl-
edge. To effectively harness such derived knowledge from the vast amount
of fragmented biomedical data, it is necessary to encode it into a reusable
and computable form. One common way is to transform and represent the
knowledge as triples, each consisting of a subject, a predicate, and an ob-
ject. These triples can capture complex and multimodal biomedical relations
and entities, such as drug-disease relationships, protein-protein interactions,
drug side effects, or disease phenotypes [53]. Structuring biomedical knowl-
edge as interconnected relations facilitates data integration, enables semantic
search capabilities, supports reasoning over complex data, and facilitates the
development of AI models through domain-specific knowledge fusion.

This thesis aims to investigate transformer-based methods for identifying
and extracting information from the data necessary to build biomedical re-
lations. The transformer-based methods represent a class of deep learning
models that utilize the transformer architecture introduced by Vaswani et al.
[54] and leverage transfer learning. Specifically, we will develop methodolo-
gies for extracting and structuring valuable insights from complex medical
and biological data. These methodologies will be thoroughly evaluated to
ensure their robustness and effectiveness for biomedical applications. With
the application of these methodologies, we will generate new biomedical
relations, which will contribute to the advancement of knowledge in the
biomedical field. Additionally, we will explore potential improvements and
refinements based on empirical findings from our experiments.

1.1. Objectives and Contributions

In this section, we present the key objectives that contribute to achieving the
overall aim of the thesis. Additionally, Figure 1 visually illustrates the con-
tributions of this work by depicting the relevant biomedical data modalities.
Some of the modalities will be used to develop transformer-based methodolo-
gies, leading to four main contributions.

Objective 1 Generate an overview of the applications and challenges of
transformer-based models in the field of biomedicine.

Contribution 1 In Chapter 6, we provide a comprehensive overview on how
transformer-based models are being applied in the biomedical field. We de-
scribe that transformers have been proposed for the analysis of biomedical
text, structured EHR data, biomedical graphs, biomedical imaging, and biolog-
ical sequences. Additionally, the study briefly introduces explainable artificial
intelligence (XAI) approaches suitable to offer explanations for predictions

4



1.1. Objectives and Contributions
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Figure 1.: Key contributions of this work: extraction of biomedical relational information
using transformer-based models on different biomedical data modalities.

Source: Original transformer architecture image by Daniel Voigt Godoy (https://github.com/dvgodoy/
dl-visuals) is licensed under CC BY 4.0. Image uses icons made by Freepik from www.flaticon.com.

made by these models. Finally, we discuss the strengths, challenges, and
future directions for improving transformer-based studies in the biomedical
field.

Objective 2 Explore the potential of German clinical psychiatric notes to
predict psychiatric attributes and psychopathological symptoms using a
transformer-based language model.

Contribution 2 Medical data residing in hospital silos contain information
that has an value for research. A large portion of this data exists in the
form of unstructured textual notes. Sophisticated and evaluated text mining
methods are required to structure the relevant information from these notes.
In the field of psychiatry, the mining of mental state examinations (MSEs)
present an unique opportunity to gain large-scale insights on the psychiatric
attributes and psychopathological symptoms of patients. To the best of our
knowledge, no analysis has yet been conducted on German MSEs. Our study,
summarized in Chapter 7, contributes to this research gap by creating a new
labeled dataset of MSE reports. We utilize this dataset to create and evaluate a
text mining workflow based on a German transformer-based language model
to structure psychiatric traits and determine their pathological associations
that can be classified as symptoms. Moreover, we employ the model to
predict psychopathological symptoms from unlabeled MSEs and report the
most frequently occurring symptoms. This work represents the initial step
toward structuring routinely-collected psychiatric textual notes, enabling its
use for secondary research analysis.
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1. Overview of the Thesis

Objective 3 Investigate the efficacy of deep protein sequence embeddings to
predict virus-host protein-protein interactions (PPIs) in the context of severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2) and John Cunning-
ham polyomavirus (JCV).

Contribution 3 The knowledge on virus-host PPIs is essential for under-
standing the mechanisms of viral infection and host’s response, as well as
developing new therapeutics. As experimental methods are costly and labo-
rious, computational methods have become a popular alternative to predict
and rank PPIs. The transformer-based models, pre-trained on billions of
protein sequences [55, 56], offer a way to apply transfer learning for the de-
tection of virus-host PPIs. In Chapter 8, we present a study that investigates
transformer-based Siamese models to accurately identify relevant PPIs based
solely on the protein sequence representations. The best-performing model
was then employed to identify interactions between human receptors and
selected proteins of two specific viruses, namely SARS-CoV-2 and JCV. With
this work, we underscore the potential of deep sequence embedding tech-
niques by reaching state-of-the-art performances on various PPI datasets. The
improvement of computational PPI detection approaches will facilitate the
prioritization of the PPIs for further investigation in this area.

Objective 4 Evaluate and utilize biomedical large language models (LLMs)
to develop a text mining workflow for inferring associations between micro
ribonucleic acids (miRNAs) and diseases from current scientific literature.

Contribution 4 MiRNAs are short sequences of nucleotides that play an im-
portant role in cellular processes and have been associated with a range of
human diseases [57]. Current biomedical databases on miRNA-disease asso-
ciations are often outdated and struggle to keep pace with rapidly emerging
information from new scientific research. In Chapter 9, we aim to retrieve
miRNA-disease associations from scientific texts by training and evaluating
new transformer-based models and embedding them into an end-to-end
text mining workflow. To train the models, we created a new dataset with
miRNA-disease associations by utilizing the distant supervision technique.
Subsequently, we applied the workflow to identify new associations from
PubMed abstracts published from 2020 to 2023. Finally, we compared the
predicted associations related to three diseases (Alzheimer’s disease, Parkin-
son’s disease, and epilepsy) with those in an existing biomedical database.
This workflow facilitates timely updates to biomedical databases that will
help researchers to advance the understanding of miRNA roles in further
downstream analysis.
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1.2. Study Design

1.2. Study Design

The experimental studies of each contribution (excluding literature review
study) adhere to a common workflow that is depicted in Figure 2.

Firstly, during the data collection and preprocessing processes, we either
collect or create new labeled datasets from various sources. When no labeled
data is available, we curate manually to assign labels to instances. In some
cases, we enhance or filter the datasets by using secondary information (such
as ontologies) from external databases. The datasets are then splitted into
training, validation, and test sets. We further set aside an inferencing dataset
without labels to assess the applicability of the models.

Secondly, we fine-tune one or more transformer-based models on the train-
ing data and validate them using the validation datasets. We utilize Bayesian
optimization to fine-tune the hyperparameters (such as learning rate, batch
size, and number of layers) of transformer-based models, as these parameters
influence their training performance. Finding appropriate values of hyper-
parameters is crucial to learn effectively from the training data and address
potential training issues (such as overfitting).

After the training and optimization processes, in the third step, we select
the best model for a final evaluation. We use the held-out, independent test
sets to measure the performance of models and assess their generalization
ability. Depending on the availability of appropriate external test sets, we also
utilize them to further ensure the reliability and robustness of the models.

Data collection

Data 
preprocessing

Model training / 
fine-tuning

Hyperparameter 
optimization

Model 
evaluation

Model 
application

Figure 2.: Common machine learning workflow implemented by our experimental studies.
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Finally, if inferencing datasets are available, we apply the best-performing
model to infer new biomedical relations from these datasets.

1.3. Structure of the Thesis

This thesis is structured into three main parts. With the current Part 1, titled
“Fundamentals”, we lay the groundwork for the thesis by providing essen-
tial background information. Continuing with the Chapter 2, we describe
what biomedical relations are, the types of relations obtained from various
data modalities, and how these are represented. Thereafter, we define two
specific fields relevant to our experimental studies: biomedical text mining
and protein sequence analysis, along with their main challenges in Chapter 3
and Chapter 4, respectively. Subsequently, in Chapter 5, we offer a concise
overview of transfer learning as well as provide an introduction to the trans-
former architecture including associated pre-training and fine-tuning strategy.
We further elaborate on the biomedical specific pre-trained transformer mod-
els, culminating in a discussion of the prospects and limitations of recent
LLMs in the biomedical field.

In Part 2, titled “Main Contributions”, we summarize the four research
studies, encompassing Chapter 6, Chapter 7, Chapter 8, and Chapter 9. In
each of these chapters, we highlight the contributions made to the specific
fields and briefly elaborate on the relevant findings of the studies.

In Part 3, titled “Recapitulation”, we provide a conclusion in Chapter 10 that
summarizes the key findings. In Chapter 11, we broadly consider potential
directions for further exploration of open challenges.
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2. Biomedical Relations

The term biomedical relation refers to the connections, links, associations, or
interactions between different biomedical entities or concepts, such as genes,
proteins, drugs, diseases, biological functions, and phenotypic traits. Such
biomedical relations can take various forms, which include physical interac-
tions between molecules, regulatory interactions between genes, functional
relationships between proteins, and therapeutic interactions between drugs
and targets. Relations are observed at multiple levels (see Table 1), ranging
from basic events that describe biological roles associated with an object to
more specific interactions where both the subject and object are associated
with a specific (possibly causal) link. Generally, all interactions are influenced
by surrounding conditions or temporal constraints. Finally, interactions may
also be accompanied by additional metadata, such as supporting evidence,
their provenance, a confidence score indicating the reliability of the interaction,
or its detection methodology.

Moreover, understanding these biomedical relations is essential in the
context of big data and AI applications in biomedicine. The ability to system-
atically represent and analyze these relations enhances our capacity to extract
meaningful insights from vast datasets, ultimately driving advancements in
biomedicine.

2.1. Representation of Biomedical Relations

The discipline of knowledge representation revolves around developing strate-
gies for encoding information — such as relations — to make it usable and
interpretable by computer systems [58, 59]. In the scientific community, nu-
merous well-established biomedical databases serve as key resources for
collecting and accessing relations. Some major database providers, such as
the European Bioinformatics Institute (EBI) and the U.S. National Center for
Biotechnology Information (NCBI), invest huge resources in expert curation
and harmonization to ensure the quality of information provided. These
databases facilitate the FAIRification process, which aims to enhance the
findability, accessibility, interoperability, and reusability (FAIR) of informa-
tion essential for knowledge sharing in scientific research. The Nucleic Acids
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Table 1.: Overview on levels of biomedical interactions with increasing complexity.

Levels of
interaction

Name Examples
(subject, relationship, object)

Level 1 Event expression of gene A,
phosphorylation of protein B,
complex of protein C1 and C2

Level 2 Simple as-
sociation

gene A is positively correlated with
disease A,
symptom B is associated with disease B1
and disease B2

Level 3 Specific (or
causal) in-
teraction

protein A catalyzes protein kinase activity,
virus B is causally linked with disease B

Level 4 Context-
specific
relations

interaction A is found in tissue A,
interaction B occurs in organ B during
infection with virus B,
interaction C occurred in patient C after
discharge

Research database issue publishes yearly statistics on the number of new,
updated, and discontinued databases, including those that offer information
on relations [60, 61]. For instance, TarBase v9.0 [62], BioLiP 2.0 [63], and
DGIdb 5.0 [64] provided updates on the experimentally-validated miRNA-
gene, the ligand-protein, and the drug-gene interactions, respectively. One
major challenge when accessing particular information is that it is scattered
across several databases, each having their own unique scope. Meta databases
aim to address this issue by aggregating data from a variety of sources. For
instance, the aforementioned DGIdb database collects drug-gene interactions
from databases such as ChEMBL [65], DrugBank [66], Drug Target Commons
[67], and PharmGKB [68]. Finding a specific database can also be challenging,
therefore, a curated catalog of biomedical databases is provided by Database
Commons [69].

Aside from databases, there are other resources suitable for the representa-
tion of relational knowledge. Biomedical ontologies are not only limited to
defining domain-specific concepts and their hierarchical relationships; they
may encompass additional axioms that describe interrelations between these
concepts [70]. The Chemical Entities of Biological Interest (ChEBI) [71] and
the Gene Ontology (GO) [72, 73] are two such biomedical ontologies that
include functional knowledge on chemical compounds and gene products,
respectively. In addition, a widely recognized resource is the International

10



2.1. Representation of Biomedical Relations

Classification of Diseases (ICD), which functions as a classification system
and specifies health-related concepts and their relationships [74].

A multitude of relations can also be represented as knowledge graphs
(also known as networks or pathways), where nodes represent biomedical
concepts and edges represent the relationships between them [53]. These
biomedical knowledge graphs can cover a variety of scopes and even include
multimodal knowledge. For instance, PrimeKG [53] includes highly-curated
knowledge designed for precision medicine analyses, BioKG [75] embeds
knowledge from public databases and text-mined information from PubMed
abstracts to enable data-driven biomedical research, while Coronavirus dis-
ease 2019 (COVID-19) Knowledge Graph integrates text-mined information
and limits the scope to COVID-19 pathophysiology [76]. In addition, pathway
databases such as Pathway Commons [77], Wikipathways [78], and Reactome
[79] provide a structured framework to scope relational knowledge. Quality
control of knowledge graphs, characterized in six dimensions including ac-
curacy, completeness, and timeliness, is however a huge unsolved challenge
[80].

Thus far, we have primarily addressed symbolic knowledge representation
techniques. However, ML methodologies based on statistical foundations
constitute another domain that is capable of representing data and relational
knowledge [58, 81, 82]. Particularly DL — a subfield of representation learning
that relies on neural networks — is highly effective at automatically learning
patterns as well as abstracting features and identifying their relationships from
large raw datasets [82]. Moreover, it is important to note that a trained ML
model itself contains relational information, which helps it making predictions
based on learned patterns. For instance, graph machine learning (GML) that
utilizes graph neural networks and prior knowledge in established graphs can
discover new links between concepts [83]. Furthermore, LLMs that represent
another class of deep neural networks have also demonstrated to effectively
predict relations from various data modalities [55, 84, 85] (see also Chapter 5
and Chapter 6).

Both symbolic and non-symbolic knowledge representation techniques are
subject to certain strengths and weaknesses. Biological databases, ontolo-
gies, knowledge graphs, and pathways are human-friendly as they enable
interpretability and facilitate logical reasoning. However, managing large
knowledge bases and keeping them updated is challenging. Deep learning
models, on the other hand, are often seen as black boxes with low explainabil-
ity. Nevertheless, they are uniquely capable of learning complex patterns from
data, handling large datasets, and dealing with noisy and unstructured data.
Researchers have suggested hybrid approaches to overcome the challenges of
both techniques. Symbolic representations can support deep learning models
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and enhance their interpretability and explainability [86]. For such intents, the
application of XAI methods has gained momentum in biomedicine to specifi-
cally address the transparency issues of AI. The XAI solutions are aimed at
providing accurate and humanly-accessible explanations to the predictions
made by AI systems [87].

2.2. Relations Across Biomedical Data Modalities

Extensive experimentation leads to the generation of a wide range of data
modalities, encompassing diverse types of information across biological scales.
Figure 3 visualizes common data modalities that are relevant to biomedicine.
In the following, we briefly cover each modality and explore the relations
researchers extracted from these.

Biological sequences comprise a type of modality, which originates from
fields such as genomics, proteomics, and transcriptomics. They essentially
provide unique cellular information from sequences of genes, proteins, RNA,
and DNA for an organism [88]. Such data can be used to reveal insights
on associations between miRNA and messenger ribonucleic acid (mRNA)
for cancer [89], gather information on disease biomarkers [88], or determine
causal molecular interactions [88]. The IntAct database, for instance, pro-
vides curated molecular interactions that were obtained from experimentally-
derived interaction data reported in scientific literature [90]. In this work, we
specifically focus on the protein sequence analysis, which is outlined in the
Chapter 4.

Structured-longitudinal EHR represents the real-world patient data from
clinical settings that can contain clinical variables such as patients’ demo-
graphics, family histories, diagnoses, symptoms, and prescribed therapies
and medications that are often embedded in a longitudinal way. Large EHR
datasets, such as QResearch [91] and CRPD [92], have been utilized in recent
years to perform predictive clinical modeling by using machine learning [93].
These models have become the basis for analyzing and detecting correla-
tions between clinical features [42, 93]. Common disease-symptom relations,
adverse drug events, and comorbidities have previously been studied [93].
Although large real-world EHR datasets are becoming more accessible for
research, including their access in federated mode [94], computational analy-
sis of these datasets remains challenging due to incompleteness, noise, bias,
and longitudinal nature of the data. Furthermore, real-world EHR data fre-
quently fails to offer a comprehensive patient profile, as it lacks narrative
notes, imaging, and in-depth phenotyping data, often due to unavailability
or privacy concerns. Therefore, such data is often inadequate for addressing
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Figure 3.: Various data modalities in biology and medicine.
Credit statement: Image uses icons made by Freepik from www.flaticon.com.

certain research inquiries (e.g., for identification of disease risk factors that
are casually linked) that aim to understand mechanisms of complex diseases,
which are typically the focus of observational studies [95].

High-throughput imaging technologies give rise to another relevant modal-
ity, namely biomedical images such as X-ray, computer tomography, and
magnetic resonance imaging. These images and the analysis derived from
them serve as a critical tool for biomedical research and clinical routine care.
Physicians can localize abnormalities, monitor disease progression, or plan
appropriate therapies. Different types of retinal diseases can be classified
through image analysis with deep learning as semantic segmentation can
assign tissue or organ labels to different regions in images [96, 97]. Solutions
for detection of lesions and abnormalities can, for instance, help to categorize
tumors in various stages or evaluate pathological features [98]. Moreover, live
cell imaging provides a way to study living cells over a certain time period
using optical microscopy for an analysis of drug responses.

Biomedical graphs are another data modality as briefly discussed in the
previous section. Such graphs can embed prior knowledge and facts on
biological systems, where nodes correspond to biomedical concepts or en-
tities and edges represent the various interactions occurring between them.
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These graphs can comprehend a wide range of scopes and also reflect the
multi-scale nature of biomedicine. For instance, a indication-specific mech-
anistic knowledge graph [99], curated human signaling pathways [100], or
a broadly-defined graph for precision medicine [53] are examples of graphs
covering vast knowledge over various human diseases, approved drugs, and
biological processes. Researchers leverage these graphs to infer new insights
by analyzing the underlying network, its topology, and associated attributes.
This approach has been successfully applied to predict a range of biomedical
relations, including interactions between drugs [101], interactions between
proteins [102], identification of potential therapeutic targets [103], and the
repurposing of approved drugs for new diseases [104].

Biomedical text serves as a primary medium for humans to disseminate
knowledge and communicate findings in the field of biomedicine. This textual
content is classified as unstructured data, can use highly-specialized vocabu-
lary, and is written in a variety of natural languages. It encompasses scientific
literature published in journals and conferences, clinical notes within EHR
systems, clinical guidelines, specific case reports, social media text, and other
related biomedical texts. Given the wide scope of biomedical research and
real-world data, it contains diverse types of relational information. Many
efforts have been focused on leveraging this data to extract genes/proteins
events [105], molecular relations [106], drug-target relations [107], adverse
drug events [108], radiology-related information [109], temporal relationships
[110], and more. Our previous work, such as Biological Expression Language
Information Extraction Workflow (BELIEF) [17, 23, 24, 35], and tools such
as Integrated Network and Dynamical Reasoning Assembler (INDRA) [111,
112], have focused on detecting and capturing relations, enriched with con-
text annotations, across biological scales from scientific literature to enable
the assembly of biological graphs. In the past, initiatives like International
Molecular Exchange Consortium (IMEx) have coordinated expert curation to
update databases with new interaction data, notably for Alzheimer’s disease
research [113]. For a comprehensive overview of the biomedical text mining
field, we refer to Chapter 3.

All the aforementioned data modalities can be integrated with each other,
producing multimodal data. Observational clinical cohort studies often collect
multimodal data on patients covering longitudinal EHR, imaging, clinical
notes, cognitive functioning tests, and deep phenotyping data. Significant
amount of work has been conducted to integrate two or more modalities into
a single AI model in order to address various types of biomedical research
questions [114]. Sakhovskiy and Tutubalina [115] built a multimodal model
to classify adverse drug reactions using text and drug embeddings. In the
clinical context, Liu et al. [116] have explored the integration of unstructured
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medical text with structured EHR data for medication recommendation and
diagnosis coding. A combination of EHR and imaging have been shown
to improve the differentiation between common causes of acute respiratory
failure [117]. Despite these efforts, the field of multimodal data analysis is still
subject to several challenges. These include learning a good representation
of each modality to handle the high heterogeneity of data as well as how to
effectively fusing information between different modalities [114, 118].

Beyond the discussed data modalities, there are other modalities in bio-
medicine that can also provide relational information, such as microbiome
data, metabolites data, wearable and ambient sensor data, and environmen-
tal data. For a comprehensive overview on the presented and additional
biomedical data modalities, please refer to [43, 114, 119].

In the next chapters, we focus on two major application fields of data
mining, namely biomedical text mining and protein sequence analysis.
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3. Biomedical Text Mining

Biomedical text mining, also known as bioNLP, is a field that focus on instruct-
ing machines to understand biomedical natural language [120]. Particularly, it
involves developing algorithms and tools to extract meaningful information
from biomedical scientific text, clinical notes, and other related texts. It stream-
lines the process of knowledge extraction and curation, allowing for the rapid
expansion and enrichment of biomedical databases and resources with the
up-to-date information from a wide range of sources [120]. By facilitating the
discovery and structuring of new knowledge, bioNLP plays a crucial role in
accelerating biomedical research.

3.1. Common Tasks in Biomedical Text Mining

This section introduces a collection of tasks that are relevant to the extraction
of relations within the scope of biomedical text mining.

Document classification. Document classification refers to the task in which
a pre-defined set of topics are assigned to a given document [121]. In ML
context, the assignment of topics to documents can be treated as a multi-label
classification problem, where each topic is treated as a binary classification
task [121]. The most prominent example of this task is the indexing of MED-
LINE with the Medical Subject Headings (MeSH) vocabulary. MEDLINE is a
journal citation database of the National Library of Medicine (NLM) that can
be browsed through the search engine PubMed [122, 123]. Indexing it with
MeSH vocabulary enables advanced semantic search capability in PubMed.
In the MEDLINE 2022 Initiative, NLM transitioned to a fully-automated in-
dexing of MEDLINE using the tool Medical Text Indexer that uses natural
language processing (NLP) techniques and extracts MeSH terms solely based
on title and abstract of an article [124]. However, NLM still uses human
review and curation of random samples of the automatic indexing to ensure
the MeSH indexing quality [125].
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Named entity recognition (NER) and named entity linking (NEL). NER is the
process of identifying and categorizing specific biomedical named entities,
such as genes, proteins, diseases, drugs/medications, medical diagnoses,
treatment procedures, and many more, from text [121]. Essentially, we want
to find the boundaries of such named entities in text. NEL extends NER
by harmonizing and linking these named entities to controlled biomedical
terminologies or ontologies [121]. Both tasks are often modeled as sequence
labeling tasks. Some examples of semantic search engines that allow to browse
NER and NEL results are SPIKE [126], EuropePMC [127], and SCAIView [26].
These results can also be accessed through dedicated APIs, which enables
efficient downstream analysis. NLM is also assessing the incorporation of
genes and chemicals detection tools for PubMed [124]. We refer to Chapter 6
that provides specifics on latest biomedical NER methodologies.

Relation extraction (RE). Once NER has discovered the relevant entities in
text, RE can be applied in order to identify and classify relationships between
these biomedical concepts [120]. Common RE tasks in biomedicine include the
extraction of PPIs, drug-disease associations, genotype-phenotype relations,
and chemical-protein interactions [121]. Many such interactions between
entity classes lead to the definition of biological pathways [121]. The types
of these relationships can be simple associations (such as co-occurrence, tri-
occurrence, correlated with, related to, causally related to, or interacts with) or
complex pre-specified types including participation relation (such as part of,
has participant, or agent in), spatial relation (such as contained in, contains,
located in, or location of), or temporal relation types (such as derives from,
precedes, or transformation of) [128] (see also Table 1). The Relation Ontology
(RO) contains a collection of relationship types for standardization across
ontologies and knowledge graphs [128, 129].

Many communities such as BioCreative, BioNLP Shared Task, and BioASQ
have organized challenges with regards to RE. Their initiatives have played a
significant role in developing new benchmarking datasets and advancing the
bioNLP field. For instance, our BioCreative challenges [17, 21, 32, 37] focused
on developing text mining systems for extracting complex molecular inter-
actions between biological and chemical entities. Similarly, other challenges
facilitated the extraction of PPIs [130], drug-drug interactions [131], and tem-
poral relations in clinical records [132]. The thirteenth BioASQ challenge,
organized in 2025, encourages the bioNLP research community to focus on
the task of gut-brain interplay information extraction [133, 134].

We refer to Chapter 6 for an overview on the latest biomedical RE method-
ologies.
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Literature-based discovery (LBD). The task of LBD, also known as hypothesis
generation, covers the discovery of novel biomedical knowledge from the
literature using computational approaches. The main objective is to leverage
explicitly stated relationships in text in order to infer new relationships that
are not explicitly mentioned. Using the Swanson’s ABC co-occurrence model,
LBD systems derive the discovery of ‘A implies C’ by leveraging explicit rela-
tions within the text such as ‘A implies B’ and ‘B implies C’ [135]. For example,
evidence might suggest that physical activity (A) improves cardiovascular
health (B). Another evidence suggests that improvement of cardiovascular
health (B) could lead to improvement of cognitive function (C). Researchers
could use this information to infer that physical activity (A) might have a
positive effect also on cognitive function (C), leading them to investigate
this relationship further by conducting new experiments. Although LBD has
led to some discoveries in the past, there are critics who argue that the field
lacks a formal definition, comprehensive benchmark datasets to evaluate LBD
methods, and has not made significant progress in recent years, despite the
advancement of ML techniques [136].

3.2. Challenges of Biomedical Text Mining

Although numerous database providers, such as DisGeNET [137], UniProt
[138], PubMed [123], DrugBank [66], incorporate certain biomedical text min-
ing tools to enrich their databases, the integrated information is often viewed
as having low confidence [139]. This is mainly due to the inherent challenges
in text mining and the potential for noise, errors, and biases in the extracted
information. To ensure the reliability and accuracy of the curated information,
database providers apply additional measures and quality control processes.
Specifically, they offer the extracted information as supporting material to
their curators, enabling them to thoroughly assess and validate it while simul-
taneously improving curation efficiency. In the following, we discuss some of
the main challenges in bioNLP.

Information quality. To ensure the quality of the extracted information, the
systems essentially need to clearly identify correct biomedical concepts and
their interactions. They do not only need to effectively handle errors, noise,
ambiguity, and conflicting information in a given text, but also infer whether
the findings contradict any established knowledge. Moreover, the identifi-
cation of speculation, negation, and additional evidence related to a specific
interaction will further contribute to strengthening the reliability of infor-
mation [139]. It is important to note that while most bioNLP research has
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focused on abstracts of scientific articles, the majority of the crucial informa-
tion, including study details and knowledge claims, can only be obtained by
having access to the full text (in a more easily parsable format). Therefore,
expanding text mining efforts beyond abstracts is essential to ensure compre-
hensive access to pertinent biomedical knowledge and improve the overall
trustworthiness of the information.

Contextual understanding. To identify the correct context of the extracted
information requires an understanding of specialized biomedical terminology.
For instance, a PPI might have been identified in a particular tissue or organ-
ism. Without such contextual information that defines the boundaries within
which the interaction operates, usage of such interaction in downstream ex-
periments may yield inaccurate results. Accurately interpreting the meaning
of biomedical concepts and identifying the context presents a formidable
challenge, especially considering the evolving nature of scientific knowledge
[139].

Data Heterogeneity. Biomedicine covers a wide range of subfields that pro-
duce a diverse nature of data modalities, as discussed in the previous chap-
ters. Hence, biomedical texts contain complex and heterogeneous information
equipped with specialized domain terminologies. Moreover, such information
originates from various sources such as clinics, research institutes, experimen-
tal laboratories, academic journals, and medical conferences that focus on
diverse topics, and could contain multi, inter, and transdisciplinary knowl-
edge. This heterogeneity makes it challenging to harmonize and extract
relevant information. The models need to be equipped with a general under-
standing of multiple languages and, at the same time, they need to be aware
of domain-specific terminologies, ontologies, and the nature of data.

We refer to Chapter 6 that provides an overview on latest methodologies to
analyze biomedical texts.
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Protein sequences encompass the sequential arrangement of amino acids
for building proteins. While biological sequences like deoxyribonucleic
acid (DNA) or ribonucleic acid (RNA) also exist, our primary emphasis in this
work lays on analyzing protein sequences. The analysis of protein sequences
— and proteins in general — has facilitated biological discoveries by unveil-
ing detailed knowledge about their structure, function, and evolutionary
relationships [140].

Protein sequences resemble natural language as both are represented by a
string of characters. This shared characteristic, along with the recent advance-
ments in NLP, has motivated researchers to leverage NLP techniques for the
analysis of sequences [141]. However, there remain significant differences,
since human languages contain separable structures like words, sentences,
and paragraphs, whereas we have less knowledge on functional units in
protein sequences [140]. Nevertheless, similar to natural language, protein
sequences can also be transformed into vector representations. These vector
representations of protein sequences can then be utilized to tackle a wide
range of tasks and challenges [55].

4.1. Common Protein Sequence-Based Prediction
Tasks

This section introduces a collection of tasks that are within the scope of protein
sequence analysis.

Protein function prediction. The objective of this task is to predict one or more
functions of a protein by solely analyzing its amino acid sequence. For the
prediction task, GO terms are commonly used as labels [142]. The GO terms
describe the known or predicted functions of proteins based on experimental
evidence or computational predictions, respectively. Moreover, the predic-
tion of protein function is valuable for understanding the involvement of
proteins in disease pathobiology, determining the functions of metagenomes,
and identifying potential drug targets [142]. Numerous databases serve as
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valuable repositories for protein function information. Some examples in-
clude UniProt Knowledgebase (UniProtKB) [138] that organizes sequence
and functional information for millions of proteins, Braunschweig Enzyme
Database (BRENDA) [143] that collects information on enzymes, and Moon-
Prot database [144] that gathers information on moonlighting proteins that
have multiple functions [145].

Interaction prediction. This task refers to the prediction of protein-protein
or protein-RNA interactions based on protein sequences. Protein-protein
interaction prediction involves identifying pairs or groups of proteins that
are likely to interact with each other in a biological system [146]. Protein-
RNA interaction prediction essentially identifies RNA-binding sites on a
protein’s surface using its sequence [147]. It focuses on determining the
specific amino acids within the sequence that are capable of interacting with
RNA molecules [147]. Protein interactions play a crucial role in many cellular
processes and understanding these interactions can provide insights into the
functional relationships within a cell or organism [148]. They are instrumental
in determining the mechanisms underlying both normal and disease states
[148]. Databases such as BioGRID [149], IntAct [90], and STRING [150] offer a
compilation of experimentally-validated and predicted protein-protein and
protein-RNA interactions.

Site prediction. In the context of protein sequences, site prediction refers
to the task of identifying specific functional sites or regions — essentially a
span of amino acids — within the sequences. These sites may encompass
binding sites for PPIs [151] or protein-ligand interactions [152], catalytic sites,
post-translational modification sites [153], or other regions of interest that
play a functional role in the biological activity of the protein. To predict the
location of the functional sites, computational methods typically integrate
local , contextual, and global features extracted from protein sequences [151].
The PiSite database provides information on actual binding sites of individual
proteins at the residue level [154], however, their predictions are based on 3D
structure rather than the sequence.

Protein structure prediction. Understanding the secondary and tertiary struc-
ture of a protein is essential for making inferences about its function as a
whole, however, experimentally determining protein structures is challenging
[49, 155]. The protein structure prediction task aims to determine the 3D
structure of a protein based on its amino acid sequence using computational
methods. The development of the deep learning model AlphaFold propelled
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the task of protein structure prediction to new heights [49, 50, 156]. The open
access database, namely AlphaFold Protein Structure Database, provides over
200 million AlphaFold structure predictions for proteins of various organisms
[157].

4.2. Challenges of Protein Sequence Analysis

Despite significant progress in the field of protein sequence analysis, there are
still numerous challenges.

Sequence variability. Sequence variability refers to the possibility of proteins
with similar sequences exhibiting different functions. Additionally, individual
proteins can exhibit multiple functions [145]. This makes the prediction of
protein function solely based on sequence data a challenging task. While
structural information can aid in identifying functions, it is often unavailable
for many proteins. However, recent advancements made by models such
as AlphaFold [49, 50, 156], which can predict protein structures, offer the
potential to enhance protein function prediction by leveraging sequence and
structural features simultaneously.

Protein sequence length. Protein sequences can vary greatly in length, con-
sisting of hundreds or even thousands of amino acids. For instance, according
to the Swiss-Prot database [138], Titin [158] is the largest known protein with
a length of approx. 34,350 amino acid residues [159], whereas T cell receptor
delta diversity 1 [160] is considered to be the smallest polypeptide (small
protein) with a length of two amino acids in humans. Recent works on protein
sequence representation learning ignored small protein sequences that are
smaller than 20 amino acids [55]. Handling and analyzing such data can
be complex and computationally intensive as huge memory requirements
are needed for larger proteins. However, some deep learning models utilize
fragmentation strategies (such as splitting sequences into smaller pieces) to
reduce the computational effort [55].

Integration with other modalities. To attain a holistic understanding of bio-
logical processes, it is often necessary to use protein sequence information
together with other data modalities. As mentioned earlier, incorporating
protein structural information could enhance the accuracy of protein function
prediction [145, 161]. Additionally, utilizing RNA sequence and structural
information can be valuable in predicting protein-RNA interactions [147].
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Embedding homology information in deep learning models has shown to
improve the performance for secondary structure and contact prediction tasks
[161, 162]. Hence, researchers [147, 161] suggest focusing on building mul-
timodal machine learning models to learn the best features from each data
modality that are suited to solve the tasks at hand.

We refer to Chapter 6 that provides an overview on latest methodologies to
analyze protein sequences.

24



5. Transfer Learning

Transfer learning is a machine learning technique that enables models to
leverage knowledge gained from one source domain and applies it to an-
other related target domain [163]. There are two main subcategories, namely
homogeneous and heterogeneous transfer learning. Homogeneous transfer
learning refers to the case where the source and target domains have similar
feature and label space (e.g., performing a document classification task by
transferring knowledge from domain-specific textual corpus). Conversely,
heterogeneous transfer learning aims to transfer knowledge in the setting
where source to target domain have distinct feature and label spaces (e.g.,
generating textual image descriptions by using an image-based object de-
tection model). For a comprehensive overview of current transfer learning
approaches, we refer to Zhuang et al. [163] and Wang and Chen [164]. In this
work, we focus on parameter-based homogeneous transfer learning, specifi-
cally model pre-training and fine-tuning. Here, the general idea is that the
weights learned by utilizing previous knowledge from the source domain can
be transferred to the target domain, thereby reducing the amount of labeled
data and training time required for tackling the target domain task [164].

To enable transfer learning, the models must acquire general features, pat-
terns, and representations from data, essentially capturing the underlying
structure of the data. Although traditional machine learning methods (such
as support vector machines, [165] and random forests, [166]) were simply
trained on the available dataset and directly utilized, it has been shown that a
two-step process of pre-training and fine-tuning can further improve model
performance, particularly in deep learning [164]. First, during pre-training,
the model is trained on a large dataset in a self-supervised manner to learn
a general understanding of the data (see Figure 4). In self-supervision, the
model learns from the data by generating and utilizing labels derived from
the data itself (e.g., masking certain words in text and training the model to
predict them). Then, during fine-tuning, the pre-trained model is fitted to a
specific learning task by an additional supervised training on a smaller labeled
dataset (see Figure 4). The two-step process allows the models to leverage the
general knowledge and adapt it to perform well on a specific downstream
task [164]. Pre-training typically requires significant computational resources
depending on the size of the model architecture, scale of the pre-training
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datasets, and the number of epochs (e.g., training rounds). Whereas, fine-
tuning is considered computationally efficient as it requires less data and
often very few epochs. The computational effort can be further reduced by
freezing one or more layers of the pre-trained model. However, freezing
layers could lead to a decrease in performance [167, 168], and therefore should
be considered carefully.

Pre-training 
datasets

Pre-training

AI Model
Pre-trained 

AI Model
Fine-tuned

AI Model

Fine-tuning

Fine-tuning 
datasets

AI AI AI

Figure 4.: Pre-training and fine-tuning paradigm

Transfer learning has been successfully applied in various domains, in-
cluding computer vision, NLP, and biomedical research, where labeled data
may be limited or costly to obtain. Current state-of-the-art models are built
on the transformer architecture. Some prominent examples of models that
utilize the pre-training and fine-tuning mechanism are bidirectional encoder
representations from transformers (BERT) for language processing [169], vi-
sion transformers for image processing [170], and generative pre-trained
transformer (GPT) for language generation [171]. In biomedicine, numerous
studies have proposed new variants of these models and applied them to
tasks such as bioNLP, image analysis, or drug discovery [84, 172].

5.1. Transformer Architecture

Before diving into the introduction of the current state-of-the-art models, we
discuss the transformer architecture that represents the backbone of these
models. The original transformer [54] was proposed as a neural network fol-
lowing an encoder-decoder architecture that utilizes the attention mechanism.
Figure 5 illustrates the original transformer architecture. The objective of the
encoder is to capture the contextual information in the data by finding the
relationships and dependencies between the tokens of the input sequences.
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The decoder is used to generate the output sequence for a given task. In other
words, a given input sequence (x1 . . . xn) ∈ Rn×dmodel is mapped to a sequence
of continuous representations (z1 . . . zn) ∈ Rn×dmodel , which are used by the
decoder to generate an output sequence (y1 . . . yn) ∈ Rn×dmodel one element at
a time, where n are the number of tokens and dmodel is their dimension [54].

Figure 5.: The architecture of the original transformer model. The left yellow-colored box
represents the encoder and the right green-colored part illustrates the decoder.

Source: This image by Daniel Voigt Godoy (https://github.com/dvgodoy/dl-visuals) is licensed under CC BY
4.0.

5.1.1. Encoder and Decoder

Initially, the input sequence is transformed into high-dimensional vector repre-
sentations, also called word embeddings. The transformation process assigns
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a unique identifier to each token in a vocabulary. An embedding matrix is
used to look up the identifier and retrieve the corresponding word embedding
vector. As the transformer treats the input sequence as an unordered bag of
words, a positional embedding is added to the word embedding to retain the
positional information of the input. The positional encoding p ∈ Rn×dmodel is
computed by

pk,2i = sin
(

k
100002i/dmodel

)
and (5.1)

pk,2i+1 = cos
(

k
100002i/dmodel

)
(5.2)

using the position k of the token in the sequence, where n being the number
of tokens in the input sequence if considering a single sequence, dmodel being
the dimensionality of the embedding, and i representing the index of the
dimension in the embedding.

The encoder consists of the N stacks, which consist of a multi-head attention
layer and a feed-forward layer (Figure 5). Both sublayers have residual
connections around them and are followed by normalization layers:

ui = LayerNorm(xi + Sublayer(xi)). (5.3)

We refer to Ba et al. [173] for the definition of LayerNorm function, repre-
senting the normalization layer.

The decoder also consists of the N stacks. As depicted in Figure 5, the
decoder includes an additional sublayer, known as masked multi-head at-
tention layer, positioned before the other two sublayers that mirror those of
the encoder (see next section for details). The output of the encoder is used
in the multi-head attention layer as keys and queries, whereas the output of
the masked multi-head attention is used as values. Similar to the encoder, all
three sublayers have residual connections around them and are followed by
normalization layers.

5.1.2. Attention Mechanism

The multi-head attention layer implements self-attention that allows the
model to attend each token to all other tokens in the input sequence. It
uses the scaled dot-product attention layer (see Figure 6) that takes the query
Q, the key K, and the value V matrices as input, defined as:

Q = WQ
i · x, K = WK

i · x, V = WV
i · x, (5.4)
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where x ∈ Rn×dmodel and the weight matrices WQ
i ∈ Rdmodel×dk , WK

i ∈ Rdmodel×dk ,
and WV

i ∈ Rdmodel×dv with dk, dq (where dk = dq), and dv being the dimen-
sions. A dot-product is computed for the query with all keys, which is scaled
by 1/

√
dk. A softmax function [174] is applied on the scaled dot-product to

obtain the weights on the values. The final matrix can be considered as a
single-head attention:

Attention(Q, K, V) = softmax(
QKT
√

dk
)V. (5.5)

The multi-head attention allows to jointly use different representation sub-
spaces of the given queries, keys, and values. Intuitively, the model can
combine knowledge from different behaviors of the same attention mecha-
nism, such as capturing dependencies of various ranges (short or long) within
a sequence. Specifically, given a query, key, and value matrix, let h be the
number of attention heads. h subparts of this matrix are calculated, which are
passed through the scaled dot-product attention independently to retrieve the
h heads:

headi = Attention(QWQ
i , KWK

i , VWV
i ). (5.6)

In the last step, the h heads are concatenated and linearly projected to obtain
the final attention:

MultiHead(Q, K, V) = concat(head1, . . . , headh)WO (5.7)

where WO ∈ Rhdv×dmodel .
The special case of masked multi-head attention layer adds an additional

masking operation. While performing a self attention the model attends each
position in the input sequence to all other positions, the masking operation
ensures that the attention calculation does not consider future positions. The
decoder should only have access to previous positions. This is required to
ensure the autoregressive nature of the decoder during training or inference.
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Figure 6.: The left part represents the multi-head attention. The right part visualizes the
layers in scaled dot-product attention.

Source: Original images by Daniel Voigt Godoy (https://github.com/dvgodoy/dl-visuals) licensed under CC
BY 4.0.

5.2. Pre-trained Transformer-Based Models

The transformer has enabled the development of new state-of-the-art models
for various NLP tasks ranging from text classification to information extrac-
tion and text generation [169, 175]. The studies on the development of new
transformer-based models share a common pattern. They utilize at least
some parts of the transformer architecture (e.g., encoder, decoder, and atten-
tion mechanism), perform pre-training on huge datasets, and fine-tuning on
smaller datasets for specific downstream tasks. Furthermore, the fine-tuned
models are empirically evaluated on the test sets of the respective downstream
tasks.

5.2.1. Bidirectional Encoder Representations from Transformers
(BERT)

BERT was among the first models to apply the transformer architecture in
combination with pre-training and fine-tuning to solve NLP tasks. It demon-
strated effectively that large-scale pre-training on huge amounts of text can
lead to significant improvements in various downstream tasks. The model
proposed by Devlin et al. [169] employs just the encoder of the original trans-
former (Figure 5) by using a stack of several encoder blocks on top of each
other. The encoder is specifically designed to produce contextual word embed-
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dings from the given text. It captures the meaning of a word by considering
its surrounding context, allowing it to produce representations that are sen-
sitive to the specific context in which the word appears. This is achieved by
using bidirectional training where every token can attend to both left and
right tokens of a given textual sequence. In this way, the context from both
directions can be incorporated by the model, which has been shown to im-
prove language understanding [169]. The model also includes an additional
classification head. This head is specific to the downstream tasks and takes
the representation of the input sequence produced by the encoder. Typically,
the classification head consists of one or more linear layers followed by an
activation function (e.g., sigmoid or softmax [174]).

We now discuss the BERT architecture in more detail. BERT takes a se-
quence of words as input. This sequence undergoes a preprocessing step
called wordpiece tokenization, which splits the sequence into individual to-
kens. These could be either words or smaller segments of words, which are a
string of characters commonly found in other words. For example, the word
“methylation” is tokenized into “meth”, “##yla”, and “##tion”, where the “##”
symbol indicates the current token’s connection to the preceding token. The
wordpiece tokenization allows BERT to handle words that are not part of the
vocabulary, obtained from the pretraining dataset, and thereby capture more
fine-grained information [169]. The tokenized input is then converted into
numeric vector representations, similar to the original transformer model.
The BERT output can be either a sequence embedding or token embeddings,
depending on the specific prediction task at hand. The token embeddings
represent every token in the sequence, while the sequence embedding is the
pooled output of all tokens and, hence, represents the whole input sequence.
For instance, the sequence embedding can be employed for sentence classifi-
cation, while token embeddings are more suitable for tasks such as named
entity recognition.

BERT utilizes two self-supervised prediction tasks, namely masked lan-
guage modeling (MLM) and next sentence prediction (NSP), as pre-training
objectives to train the model [169]. During training with MLM, a subset of
typically 15% of the input tokens is masked at random and the task of the
model is to predict only these masked tokens based on their surrounding
context. MLM task helps the model to learn deep contextual relationships
between words. The NSP task is especially designed to train the model to
understand relationships between two consecutive sentences. By predicting
the next sentence, the model gains insights into sentence coherence. In ad-
dition to the pre-training objectives, BERT pre-training made use of the two
BookCorpus [176] and English Wikipedia corpora that consisted of 800M and
2,500M words, respectively. After the generation of the pre-trained BERT
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model, the authors fine-tuned it by using diverse NLP datasets to evaluate
its performance. BERT showed state-of-the-art performances on various NLP
tasks such as general language understanding, question answering, NER, and
grounded commonsense inference.

BERT Variants Many variants of BERT have been published in recent years.
For instance, Robustly Optimized BERT Approach (RoBERTa) [177] removed
the NSP task and instead focused exclusively on MLM as the pre-training ob-
jective. Furthermore, it had employed additional training data and optimized
the pre-training phase by training longer and with different hyperparameters.
The A Lite BERT (ALBERT) [178] model focused on techniques to reduce
model parameters, which lowered the memory consumption and increased
the pre-training speed. Additionally, ALBERT replaced the NSP objective
with sentence-order prediction, which predicts the correct order of two sen-
tences. Both techniques were found to be helpful to increase the efficacy
and performance of the ALBERT model on downstream tasks. For further
information and in-depth details on additional variants, including DistilBERT
[179], Efficiently Learning an Encoder that Classifies Token Replacements
Accurately (ELECTRA) [180], and Sentence-BERT [181], please refer to [182].

5.2.2. Generative Pre-trained Transformer (GPT)

GPT or GPT-1 model is another variant of the original transformer model
[183]. GPT only uses the decoder block of the transformer, but without the
multi-head attention layer as there is no encoder involved. Hereby, multiple
decoder blocks are stacked in a multi-layer architecture. The masked multi-
head attention layer in the decoder uses the so-called left-to-right mechanism
for self-attention, where every token can only attend to previous tokens. In
addition to the decoder block, GPT employs the input embedding layer with
positional encodings identical to the original transformer model. Furthermore,
GPT is considered as a generative model that can produce human-like text by
considering the context of the input textual sequence.

Radford et al. [183] used unsupervised pre-training by using the large Book-
Corpus dataset [176] to learn the underlying structure of the data. This process
essentially adjusts the weights of the model based on the language model-
ing pre-training task. Given a sequence of words, the language modeling
task predicts the probability distribution of the next word. In this way the
model learns to understand the relationship between words and generate
semantically meaningful text. After the pre-training, they followed with a
supervised fine-tuning process to tackle the downstream target tasks. They
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used datasets of various tasks such as natural language inference, question
answering, sentence similarity, and text classification, where they achieved
state-of-the-art results on various datasets.

The research community has built various models based on GPT-1. GPT-2
[184] and GPT-3 [175] can be considered as the direct successors of GPT-1.
Both models use more decoder blocks in their architecture, which increases
the size of learnable model parameters. In comparison to GPT-1 that has
117 million parameters, GPT-2 and GPT-3 contain 1.5 billion and 175 billion
learnable parameters, respectively. They also utilize additional pre-training
data. By doing so they improved the model performances on general language
modeling. GPT-2 was trained on around 40GB, whereas GPT-3 used 570GB
of text data. Further variants of GPT are GPT-J [185], DistilGPT2 [179, 186],
GPT-3.5 [187], InstructGPT [188], and ChatGPT [189], of which only some are
available as open source models. For more details on variants of GPT, please
refer to Kalyan [190].

5.3. Biomedical Pre-trained Transformer-Based Models

The significant achievements and widespread adoption of pre-trained transfor-
mer-based models such as BERT, GPT, and their variants inspired the research
community to experiment and adapt these models to the bioNLP domain.
A timeline for the development of these models that are relevant to the
biomedical domain is illustrated in Table 2. Particularly, the period after
the publication of BERT and GPT models marks the introduction of ground-
breaking transformer variants, which have fundamentally transformed the
way biomedical data is analyzed.

Models including BioBERT [191], PubMedBERT [192], BioELECTRA [193],
SciBERT [194], and ClinicalBERT [195] have been designed to accommodate
the needs and requirements of bioNLP domain. Typically, these models per-
form an additional pre-training on a huge biomedical textual corpus while
utilizing the already pre-trained weights of the general language understand-
ing model BERT as their initialization.

Although the aforementioned models are designed for textual data, there
are other data modalities in biomedicine, which are also of sequential nature.
Studies have shown that transformer-based models also perform well on dif-
ferent sequential data modalities such as biomedical images, structured EHR
data, and protein or DNA sequences. For instance, MedBERT [85], BEHRT
[196], and our work on ExMedBERT [6] have shown significant improvements
on various tasks of structured EHR data. Protein or DNA sequences have
been used to pre-train models including ProtTrans [55], Evolutionary Scale
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Modeling (ESM)-1b [56], and DNABERT [197]. ESM-2 [198] and the successor
AlphaFold2 [50] have made significant achievements in predicting the 3D
structures of proteins by using protein sequences as input.

For more details on pre-trained transformer models that are being applied
in the field of biomedicine, we refer to Wang et al. [199] and to our publication
[1] that builds the foundation for Chapter 6.
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5.3. Biomedical Pre-trained Transformer-Based Models

Table 2.: Timeline for the development of transformer-based models that are relevant to the
biomedical domain for various data modalities. The modalities B. Text, B. Seq.,
and B. Graph stand for biomedical text, biological sequence, and biomedical graph,
respectively. Models marked with an asterisk (∗) represent our own work.

Date · · · • Modality Model name

Dec. 2017 · · · • Text Original transformer [54]

Dec. 2018 · · · • Text GPT-1 [183]

Jun. 2019 · · · • Text BERT [169]

Feb. 2020 · · · • B. Text BioBERT [191]

Apr. 2020 · · · • B. Text ClinicalBERT [195]

Apr. 2020 · · · • EHR BEHRT [196]

Nov. 2020 · · · • B. Text BioMegatron [200]

Dec. 2020 · · · • Text GPT-3 [175]

Jan. 2021 · · · • Graph Graph Transformer [201]

Apr. 2021 · · · • B. Seq. ESM-1b [56]

Jun. 2021 · · · • Images Vision Transformer [170]

Jul. 2021 · · · • B. Seq. ProtTrans (ProtBERT) [55]

Aug. 2021 · · · • B. Seq. AlphaFold 2 [50]

Jan. 2022 · · · • B. Text PubMedBert [202]

Jul. 2022 · · · • B. Seq. ProtGPT2 [203]

Sep. 2022 · · · • B. Seq. ∗STEP [3]

Sep. 2022 · · · • B. Text BioGPT [204]

Nov. 2022 · · · • Text ChatGPT [205]

Dec. 2022 · · · • B. Text ∗Bio-GottBERT [13]

Feb. 2023 · · · • EHR Hi-BEHRT [206]

Jul. 2023 · · · • Text LLaMA 2 [207, 208]

Sep. 2023 · · · • EHR ∗ExMed-BERT [6]

Mar. 2024 · · · • Text GPT-4 [189]

Jun. 2024 · · · • B. Seq. AlphaFold 3 [156]

Jan. 2025 · · · • Tabular
data

TabPFN [209]
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5.4. Prospects and Limitations of Recent Large
Language Models

Although the contributions of our work has mostly considered the encoder-
only BERT models for biomedical tasks, there are noteworthy developments
in the generative artificial intelligence (GAI) field that also spark new hopes
for biomedicine. We shortly want to introduce and discuss these solutions
and put them in context to this work.

Various solutions that provide an interface to LLMs possessing generative
capabilities (such as for text and images) were published in recent years. They
have shown impressive capabilities in understanding and generating the
natural language. ChatGPT (GPT-3.5 and GPT-4) from OpenAI, Gemini [210]
from Google, and Large Language Model Meta AI (Llama) Chat [211] from
Meta are some examples of GAI solutions, also referred to as chat bots. There
are certain principles that these solutions and their integrated LLMs have in
common. A noteworthy aspect is that these solutions required significant soft-
ware engineering effort to scale their access to millions of users. Furthermore,
the integrated LLMs have basically used a modified transformer architecture,
pre-trained with self-supervised learning on large-scale multi-lingual datasets,
fine-tuned using reinforcement learning with human feedback (or so-called in-
structions), and utilized huge computational resources. During reinforcement
learning (RL), which represents a subfield of machine learning, an agent
(e.g., a model) is instructed to take actions that maximize a reward signal
[212]. Hereby, the human feedback provides examples of correct responses
and ranking of different responses. By fine-tuning the models with human
feedback in a RL context, these LLMs have been improved considerably [188].
By doing so, the models also support zero/few-short learning (also called
in-context learning) using prompts, which allow the users to include one or
more examples in their inquiry. By providing this additional context, the
models can produce accurate predictions for tasks without being explicitly
trained on.

Most of these solutions are free to use but remain closed source, only some
(e.g., Llama) are openly available. Reproducing these models in academic
settings is difficult due to the lack of availability of computational resources
and large-scale datasets. Although this hinders an in-depth analysis of models
and extensive experimentation, some researchers are actively assessing the
potential of these models to address and overcome existing challenges of in-
formation extraction and representation in biomedicine. For instance, Babaiha
et al. [213] evaluated the performance of ChatGPT for extraction of cause-and-
effect triples and benchmarked the output against human-curated graphs.
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They discovered various limitations and shortcomings such as missing in-
formation and inaccurate harmonization. Similar discovery has been made
by others [214, 215], who benchmarked LLMs for various biomedical-related
tasks including NER, RE, document classification, and question answering in
a zero or few-shot scenario discovering varying performances on almost all
tasks. These studies emphasized task-specific fine-tuning of LLMs for optimal
performance.

Wang et al. [216] fine-tuned Llama 2 model to link rare disease concepts to
ontologies. In another study, a fine-tuned Llama model was created by using
clinical notes to improve the prediction of diagnosis-related patient groups
[217]. Zhou et al. [218] focused on improving the clinical RE by adapting the
prompts for the Llama model with a new instruction dataset. This dataset
contains additional explanations for the clinical concepts and relations. An-
other noteworthy study utilizes LLM as agents to generate explanations for
clinical decision reasoning [219]. The authors argue that their proposed multi-
agent framework using generator, verifier, and reasoner agents increases the
confidence in clinical decisions by creating sound and reasonable arguments.
A systematic analysis of open and closed-source chat bots in comparison
with web search was performed in the context of medical question answer-
ing that simulated the need of individuals seeking health advice [220]. The
analysis revealed the growing potential of LLMs in providing information
on diagnoses and examination as well as certain limitations on providing
treatment recommendations. The authors emphasized a need for a robust AI
in healthcare [220].

Although these LLMs are trained on huge datasets, the amount of biomedi-
cal-related data in these datasets is limited. This is due to the unavailability of
biomedical datasets (full-text, clinical notes etc.) as they are mostly hidden in
closed silos. Hence, these models are not primarily designed for biomedical
use cases. Considering these gaps, Wornow et al. [221] defines an evaluation
framework based on six categories that can be used to measure performance
of clinical language and foundation models. The latter are capable of pursuing
diverse tasks for different modalities without being explicitly trained for them
[221, 222]. The categories include the traditional validation based on metrics,
but also measuring simplified model deployment or multi-modal evaluation.
Moving beyond the existing narrow versions of AI, Moor et al. [222] envision
a generalist medical AI that will be able to perform diverse tasks with little
labeled data. This type of AI should be built by leveraging various types
of biomedical data modalities. However, this requires significant effort on
collecting and aligning data modalities and solving many technical challenges
(e.g., suitable model architecture) to support multiple modalities.
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6. Transformer Models in Biomedicine

This chapter presents an overview of the following survey study [1], which is
included in Appendix A.

S. Madan, M. Lentzen, J. Brandt, D. Rueckert, M. Hofmann-
Apitius, and H. Fröhlich, “Transformer models in biomedicine,”
BMC Medical Informatics and Decision Making, vol. 24, no. 1, p. 214,
2024. D O I: 10.1186/s12911-024-02600-5

Summary

The transformer model [54] originated in the field of NLP and is now a highly
popularized deep neural network that has signficantly transformed the land-
scape of modern machine learning. Its architecture forms the backbone of
many prominent LLMs such as BERT [169], GPT [171], and Llama [207, 208].
Such LLMs utilize vast amounts of data to understand the hidden patterns
within language itself. They can perform various NLP tasks such as transla-
tion, text generation, and question answering. As discussed in the Chapter 5,
the self-attention mechanism as well as encoder-decoder structure allows
them to learn complex sequence representations and handle long-range de-
pendencies efficiently. These models leverage the transfer learning approach
using a two-step process: pre-training on large amounts of unlabeled data to
learn general representations, followed by fine-tuning on labeled data for spe-
cific tasks. Transformers have advanced various fields in biomedical research,
where they can be employed for analyzing diverse data modalities including
scientific literature, clinical notes, imaging, and genetic information.

Our study [1] aims to provide a review on the application of transformer-
based models covering six biomedical modalitites, namely 1) biomedical
text, 2) biological sequences, 3) structured EHR data, 4) biomedical images,
5) biomedical graphs, and 6) multimodal data (see also Figure 3). For each
biomedical field, we provide an overview of proposed transformer-based
models, along with data sources in use, the underlying model architecture
(such as BERT or vision transformer), and on which biomedical tasks these
models focused on. In the following, we discuss the application of transformer
models covering these modalities.
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Biomedical text. In the field of bioNLP, most studies have been conducted
with transformer models and we discussed the development of such domain-
specific models and their adoption on common bioNLP tasks such as doc-
ument classification, NER, and RE (see also Section 5.3). For instance, such
models were utilized to extract drug-drug interactions from text [223] and
lung cancer staging information were extracted from computed tomography
reports [224].

Biological sequences. Recently, researchers have used billions of biological
sequences (such as DNA, RNA, and protein sequences) across all organisms
to build pre-trained transformer models for biological sequences [55, 56,
197]. These models have produced state-of-the-art results on 3D protein
structure, protein function, and protein-DNA interaction prediction [55, 56,
225]. AlphaFold 2 [50] represents a prominent model that has demonstrated
the ability to predict protein structures with high accuracy. However, these
sequence models face similar limitations to natural language models, as they
require huge amounts of compute resources, require large training datasets,
and can struggle to capture long-range interactions.

Structured EHR data. Another biomedical modality where transformer mod-
els have successfully been employed is the structured EHR data, which con-
sists of a multivariate discrete, irregular time series data. As EHR data is
inherently different from textual, sequence, or image data, studies have fo-
cused on identifying a suitable data representation [196]. They consider the
sequences of diagnosis, procedure, and medication codes as a form of lan-
guage, where the codes recorded during a specific visit act as tokens. In this
field, the models have primarily focused on tasks such as hospitalization and
mortality prediction, ventilation risk prediction, ICD coding prediction, and
generation of synthetic EHR data [85, 196, 226].

Biomedical images. So called vision transformers have shown success in the
analysis of biomedical images, where traditionally convolutional neural net-
works (CNNs) have dominated. By leveraging the self-attention mechanism,
they can capture long-range dependencies and global information in order to
improve the performance of image segmentation, classification, and anomaly
detection. To process the images with vision transformers, they are divided
into sequence of patches, which are then flattened into fixed-length vectors,
quite similar to tokens. These models struggle to effectively generalize with
limited data, however, their performance scales well with growing datasets.
For instance, vision transformers were used to analyze lung X-rays to detect
COVID-19 disease [227], to detect gastric cancer from histopathological imag-
ing data [228], and to classify brain tumor from magnetic resonance imaging
data [229].
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Biomedical graphs. Variants of transformers have also been adapted to han-
dle graph-structured data by encoding nodes, edges, and the graph topology.
In some cases, they have shown improvements over traditional graph neural
networks, for instance on identification of disease targets [230] or on detecting
adverse effects of a certain drug [231].

Multimodal data. Modeling complex processes of biology and medicine neces-
sitates the integration and learning across multiple modalities. Transformer-
based models have been adapted to handle these multimodal inputs. The
applications range from emotion recognition to clinical diagnosis using vision-
and-language models [232, 233]. However, the development of universal
architectures that can effectively handle diverse modalities and tasks remains
a significant challenge.

We concluded the study by discussing the challenges and limitations of
transformers and the future research prospects of transformer-based models
in the biomedical field. We identified four possible avenues for future research,
namely integration of knowledge, integration of multimodal data, generative
modeling, and improvements in XAI, for which we expect new developments
in the biomedical field.

Authors’ contributions

To describe the contribution of each author in our publication [1], we follow
the standardized roles defined in Contributor Roles Taxonomy (CRediT) [234,
235].
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alization, Methodology, Supervision, Writing - Original Draft, and Writing -
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7. Deep Learning-Based Detection of
Psychiatric Attributes from German
Mental Health Records

In this chapter, we summarize our publication [2] presented fully in Appendix
B.

S. Madan, F. Julius Zimmer, H. Balabin, S. Schaaf, H. Fröhlich, J.
Fluck, I. Neuner, K. Mathiak, M. Hofmann-Apitius, and P. Sarkheil,
“Deep Learning-based Detection of Psychiatric Attributes from
German Mental Health Records,” International Journal of Medical
Informatics, vol. 161, p. 104 724, 2022. D O I : 10.1016/j.ijmedinf.
2022.104724

Summary

In the field of psychiatry, information on patient evaluation is predominantly
captured and stored in form of text-based EHRs [236]. These documents,
containing real-world mental health information, represent an important
resource in understanding psychopathological factors of diseases, diagnosing
conditions, and aiding further predictive analyses. Techniques of text mining
are well-suited to process and analyze such text-based records, enabling the
extraction of relevant psychiatric information.

In our work [2], we focused on German MSE reports that are part of the
patients’ discharge summaries. The MSE serves as a standardized assessment
tool performed by psychiatrists for evaluating and describing the mental
state and behaviors of patients’ [236]. To identify the psychiatric attributes
and to link them with pathological conditions (commonly referred to as psy-
chopathological symptoms), our workflow performs three main text mining
tasks: NER, RE, and NEL. During the NER task, three types of named en-
tities are extracted: 1) psychiatric attribute, 2) normal assessment, and 3)
pathological assessment. Subsequently, in the RE task, the pathological as-
sessment entities are linked to their respective psychiatric attributes. Finally,
in the NEL task, these pathological-associated attributes are mapped to the
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Association for Methodology and Documentation in Psychiatry (AMDP) psy-
chopathological symptom terms. The AMDP system represents a standard
to collect psychopathological findings, physical symptoms, and anamnesis
data in mentally ill patients, consisting of a terminology of 140 features of
psychopathological symptoms grouped in various classes [237, 238].

Our study data consists of a sample of 660 patient MSEs, originating be-
tween 2014 and 2019, from the electronic archives of the Department of Psy-
chiatry at University Clinic Aachen. This data is characterized by medical
experts into the categories of ICD-10 [239] mental disorders (such as F20-29
schizophrenia/schizotypal/delusional disorders, F30-39 mood disorders, and
more). We anonymized the study data and divided into two datasets: a
labeled dataset used for model training and evaluation, and an unlabeled
inference dataset intended for system application. The labeled dataset was
manually annotated by a medical expert for psychiatric attributes and symp-
toms, and further verified by a board-certified psychiatrist. The labeled
dataset consisted of 150 MSEs, which include an equal number of male and
female patients (n=75 each). Furthermore, we randomly splitted this dataset
for training (n=100) and for independent testing (n=50). The additional un-
labeled inference dataset contained 510 patient MSEs. The gold standard
annotations consisted of psychiatric attributes and assessment entities (e.g.,
normal and pathological). Furthermore, the pathological assessment entities
were linked to their related psychiatric attributes, which were mapped to the
AMDP terminology.

Our newly-constructed training set was used to fine-tune a pre-trained LLM
to detect the named entities. Specifically, we leveraged GermanBERT model
[240], which is a pre-trained LLM trained on the German language domain
data. For the classification head, we designed a combination of a feed-forward
and softmax [174] layers. We used a five-fold cross-validation to evaluate
the model and to optimize the hyperparameters of the model. To assess the
performance of the fine-tuning process, we measured precision, recall, and F1-
scores for each entity class individually. We tested the best-performing model
on an independent test set of 50 MSEs, reaching an F1-score of 86%-88% for
the identification of attribute and the assessment entities. In order to identify
the psychopathological symptoms, we designed a rule-based system that
linked the psychiatric attributes to pathological assessment entities and map
them to the AMDP terminology, reaching an F1-score of 91%. Furthermore,
we applied our full workflow on remaining 510 MSEs to predict patients’
psychiatric attributes and symptoms, revealing Dysphorisch (eng. dysphoric),
Affektarm (eng. emotionless), Konzentrationsstörungen (eng. concentration
disorders), Antriebsarm (eng. less energized), and Aufmerksamkeitsstörungen
(attention disorders) as the top five occurring symptoms.
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In conclusion, this study successfully demonstrates the application of a
text mining approach to extract relevant psychiatric information from MSE
reports using a pre-trained LLM. The promising performance of this approach
demonstrates its potential for the analysis of routine psychiatric patient data in
German clinical settings, facilitating its secondary usage for further research.
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8. Accurate Prediction of Virus-host
Protein-Protein Interactions via a
Siamese Neural Network Using
Deep Protein Sequence
Embeddings

In this chapter, we summarize our publication [3] presented fully in Appendix
C.

S. Madan, V. Demina, M. Stapf, O. Ernst, and H. Fröhlich, “Ac-
curate prediction of virus-host protein-protein interactions via
a Siamese neural network using deep protein sequence embed-
dings,” Patterns, vol. 3, no. 9, p. 100 551, 2022. D O I : 10.1016/j.
patter.2022.100551

Summary

Viral infections can cause significant damage to tissues in the human body.
For example, viruses such as John Cunningham polyomavirus (JCV) can harm
brain cells, leading to neurological disorders [241]. Similarly, some viruses
such as SARS-CoV-2 can affect lung cells, causing respiratory issues [242,
243]. Novel therapeutic interventions are required to combat these effects and
prevent further tissue damage. Moreover, researchers are designing virus-like
particles that open novel opportunities to deliver therapeutics to targeted
cell types and tissues [244]. To develop effective treatments, it is crucial to
understand the interactions between virus and host proteins. PPI databases
such as VirHostNet [245] have limited coverage of virus-host interactions,
highlighting the need for advanced ML methods to enhance such databases.

In our work [3], we developed the deep learning architecture Siamese Tai-
lored deep sequence Embedding of Proteins (STEP), designed for predicting
virus-host PPIs using only protein sequences as input. The STEP architecture
learns to perform binary classification to identify whether an interaction ex-
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ists between two proteins. STEP is characterized by three main aspects, 1)
using pre-trained embeddings of protein sequences 2) employing a Siamese
architecture consisting of two identical subnetworks, and 3) utilizing a bot-
tleneck classification head for fine-tuning. More specifically, we obtained the
pre-trained embeddings of protein sequences by using ProtBERT, which is
a pre-trained transformer-based model that was trained on more than two
billion protein amino acid sequences [55].

We first constructed a brain-specific dataset of 54,555 unique PPIs (involv-
ing 20,396 unique proteins) from PPT-OhmNet database [246]. Furthermore,
a second PPIs dataset containing 334 interactions (with 338 unique proteins)
between SARS-CoV-2 and human proteins was obtained from VirHostNet
[245]. We enhanced the PPI datasets with sequences of proteins obtained from
UniProt [138]. For both datasets, we employed a positive-unlabeled learn-
ing scheme to handle the lack of negative PPI samples. Random sampling
was used to create pseudo-negatives, which were added to the constructed
datasets.

The brain-specific PPI dataset was divided into single splits, consisting of
training (60%), validation (20%), and test (20%) datasets. We used the training
dataset to fine-tune and the validation dataset to optimize the hyperparame-
ters of the so-called STEP-brain model. On the unseen test dataset, the best
STEP-brain model achieved an area under receiver operator characteristic
curve (AUC) and area under precision-recall curve (AUPR) of 88.78% and
88.32%, respectively. On the SARS-CoV-2 PPI dataset, we performed a nested
cross-validation procedure using five outer and inner folds for validating
the STEP-virus-host model’s performance under various hyperparameters.
The final generalization performance was 83.42% (±3.91%) AUC and 84.02%
(±4.58%) AUPR. Finally, for both cases, we extended the test sets with a 1:10
positive to pseudo-negative samples ratio, showcasing stable performances
of the model.

The STEP architecture was compared with various previously published
methods on three different PPI detection datasets published by Tsukiyama et
al. [247], Guo et al. [248], and Sun et al. [249]. We employed the original data
splits and adopted the same evaluation strategy (e.g., 5-fold or 10-fold cross
validation) as established by the initial authors. The results showed that STEP
performed at least at par with state-of-the-art methods. Furthermore, the
STEP architecture was also evaluated on two additional datasets published by
Chen et al. [250] for the tasks — PPI type prediction and PPI binding affinity
estimation, where it also achieved state-of-the-art performances.

Utilizing the proposed STEP-brain model, we predicted interactions be-
tween human brain receptors and the major capsid protein VP1 of the JCV.
The top-scored interactions showed a strong enrichment of different neuro-
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transmitters, including serotonin receptors, which is in line with the current
literature. We also used the STEP-virus-host model to predict interactions be-
tween human receptors and spike glycoprotein of three different SARS-CoV-2
variants (such as Omicron), revealing a highly-probable interaction with
sigma intracellular receptor 2, aligned with evidences from existing literature.
Furthermore, we applied techniques of XAI (such as Integrated Gradients
[251]) to identify the relevant locations in protein sequences that might have
contributed to the prediction of their respective PPIs. These predicted interac-
tions and the identified protein subsequences certainly require experimental
validation in subsequent studies.

In conclusion, this work highlights the potential of protein sequence em-
beddings to build modern deep learning methods that can predict virus-host
PPIs. This method could enhance drug development approaches that utilize
virus-like particles for targeted delivery and support by predicting virus-host
PPIs a better understanding of the underlying biological mechanisms.
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9. Dataset of miRNA–Disease
Relations Extracted from Textual
Data Using Transformer-Based
Neural Networks

In this chapter, we summarize our publication [4] presented fully in Appendix
D.

S. Madan, L. Kühnel, H. Fröhlich, M. Hofmann-Apitius, and J.
Fluck, “Dataset of miRNA–disease relations extracted from tex-
tual data using transformer-based neural networks,” Database,
vol. 2024, baae066, 2024. D O I: 10.1093/database/baae066

Summary

MiRNAs are short sequences of nucleotides that play important roles in post-
transcriptional processes and regulate major cellular functions [57]. Their
deregulation impacts cellular processes and has been linked with several
human diseases such as respiratory diseases [252, 253], cancer [57], and
Alzheimer’s disease [254]. This makes miRNAs potential candidates for
targeted therapy, even more so in the light of the advancements in miRNA
delivery technologies [57]. Understanding the role of specific miRNAs in
biological processes and diseases requires extensive experimental research.
This information is often published in scientific literature and can be extracted
using text mining techniques.

In our study [4], we proposed a deep learning-based text mining workflow
to extract miRNA-disease associations from scientific literature. The worfklow
uses PubMed abstracts as input and conducts a sentence-level extraction of
miRNA-diseases associations. To detect such associations, the workflow
focuses on three main tasks: NER for detection of miRNA and disease entities
in text, NEL to link both entity types to specific database identifiers, and RE
to detect associations between miRNA and diseases.

To train and evaluate the models for NER, we utilized two openly-available
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training datasets for disease mention annotations and two further corpora
for miRNA mentions. For the RE model, we employed distant supervision
to create a new training dataset by extracting and labeling miRNA-disease
associations from two databases (Human microRNA Disease Database 3
[255, 256] and miR2Disease [257]), which reduced the manual curation effort
significantly. This corpus was further expanded with additional miRNA-
disease relations obtained from the corpus published by Bagewadi et al. [258].
In total, our own RE corpus has 1,928 positive and 1,322 negative miRNA-
disease associations

For modelling, we conducted experiments by fine-tuning two different
LLMs, such as BioBERT [191] and BioMegatron [200]. We further implemented
two different learning strategies: single-task and multi-task learning. In
single-task mode, the model architecture features a single classification head
to fine-tune it with a unique dataset. Conversely, the multi-task learning mode
leveraged additional, related datasets to fine-tune the model with multiple
classification heads using a shared representation. We used precision, recall,
and F1-measure to determine the performance of NER models. While in the
case of RE models, we utilized AUC and AUPR for the binary classification
of positive and negative associations. Furthermore, in all cases we applied
five-fold cross-validation to choose the best models.

BioMegatron-based model [200] outperformed BioBERT [191] on all NER
datasets, possibly due to its larger parameter size. The experiments with the
multi-task learning mode using five related datasets were not significantly
better than the single-task mode. The generalization performance for NER
was evaluated on a held-out test set, with an F1-score ranging between 86,60%
and 89.71% for disease mention and an F1-score ranging between 94.71% and
97.10% for miRNA mention detection. The best-performing RE model is a fine-
tuned version of the BioMegatron model trained using multi-task learning. It
achieved an AUC of 98.02% and an AUPR of 98.66% on the independent test
set.

To disambiguate the various mentions of a single concept, NEL is typi-
cally performed. For instance, mentions such as AD, Alzheimer’s disease,
Alzheimer’s dementia can be disambiguated to the MeSH identifier D000544.
For this purpose, we developed a rule-based system to link miRNA entities
to their respective miRBase [259] identifiers, while the publicly-available soft-
ware NormCo [260] was utilized to map disease entities to MeSH identifiers.

After the training and validation process, we predicted and extracted
miRNA-disease associations from around 6.1 million PubMed [123] abstracts
and 1.98 million PubMed Central (PMC) [261] full-text documents published
between 2020 and 2023. The extraction resulted in over 370,000 (unique:
52,000) associations, with a score above 90%. In a subsequent analysis, we
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focused on three diseases: epilepsy, Alzheimer’s disease, and Parkinson’s
disease, detecting thousands of unique miRNA–disease associations for each
disease. A comparison with the DisGeNET database [137] revealed that our
workflow identified a significant number of new associations that are ab-
sent in the current version of DisGeNET. We conducted a final assessment
by manually verifying the validity of randomly selected top-scored associa-
tions, which underscored the high performance of the automated extraction
workflow.

In conclusion, our study presented a methodology for identifying miRNA-
disease associations from biomedical scientific literature using pre-trained
domain-specific LLMs. The introduced text mining workflow could help to
extend and update existing databases with the latest findings. Our newly-
published dataset consisting of extracted miRNA-disease associations could
help researchers to investigate roles of specific miRNAs in diseases. To
maintain the effectiveness of the extraction workflow, it will be crucial to
continuously adapt and improve such automated extraction processes with
advancements in bioNLP field.
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10. Conclusion

In this thesis, we demonstrated the feasibility of transformer-based models
for the data-driven extraction of biomedical relations. Overall, the contribu-
tions of this thesis are fourfold, 1) we offered a literature survey of existing
transformer models that are specifically designed for the biomedical field, in-
cluding details of their downstream tasks, 2) we mined German MSEs reports
with the GermanBERT LLM to gain insights on the psychiatric attributes and
psychopathological symptoms of patients, 3) we predicted virus-host PPIs
using deep protein sequence embeddings from ProtBERT in a Siamese model,
and 4) we extracted a dataset of miRNA-disease associations from scientific
literature using a text mining workflow based on BioMegatron LLM.

For the field of psychiatry, we proposed a workflow to extract psychiatric
attributes and psychopathological symptoms from MSEs (see Chapter 7). As a
matter of fact, there are additional notes and datasets within psychiatric EHRs
that can be leveraged to extract prescribed medications, retrieve family history
of psychiatric disorders, identify severity of symptoms, detect different thera-
pies, and predict diagnoses based on symptoms [262, 263]. Structuring and
harmonizing this information across hospitals could provide comprehensive
patient profiles for cohort selection and secondary use [262]. However, imple-
menting AI-based research workflows in clinical settings is difficult due its
high-risk nature. It would require a dedicated effort to streamline hospital’s
information technology infrastructure to enable their implementation and
deployment (e.g., by introducing trusted research environments [264]).

Despite the advancements in the field of LLMs, their application in German
clinical settings remains challenging. This is due to the scarcity of annotated,
anonymized clinical textual data, which limits the fine-tuning and evaluation
of LLMs on such data. Some efforts have concentrated on generating new
data, however, large-scale datasets covering different branches of medicine
remain unaccessible [265]. Moreover, generative LLMs present many potential
risks (such as confabulations, bias, and privacy issues), which needs to be
addressed by the medical informatics community [266].

Transfer learning approaches are well-established also in protein sequence
analysis. In our work, in Chapter 8, we predicted tissue-specific virus-host
PPIs using a ProtBERT-based Siamese model, which facilitated the prioriti-
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zation of virus-host PPIs for further investigation (such as therapeutic de-
velopment). Advancing from a simple binary prediction of PPI to identify
interaction types and estimate the binding affinity of the interactions would
enable a granular understanding of the PPIs. Moreover, the XAI methods
have the potential of explaining how the PPIs are grounded by offering deeper
insights on relevant binding regions. However, validating XAI predictions is
hard due to the missing ground truth. Further commitments are necessary to
validate these findings. Moreover, a full parameter fine-tuning with ProtBERT
alongside with hyperparameter optimization for the PPI prediction model
required significant computational resources. In practical settings, however,
parameter-efficient delta-tuning techniques, which includes freezing parts
of the pre-trained model, could be considered to train more efficiently [267].
Nonetheless, the incorporation of protein structure embeddings derived from
AlphaFold [49, 50, 156] has the potential to further improve the PPI prediction
performance significantly.

In Chapter 9, we inferred a dataset of miRNA-disease associations from
PubMed using LLMs, which enables a further investigation into the roles of
miRNAs in various diseases. While the dataset includes new associations
not contained in current DisGeNET [137], contextualizing them through the
identification of mRNA target, tissue types, cell types, organisms, and used
detection methods would benefit further investigation. Given that such con-
textual information is commonly included in the body of scientific articles, a
comprehensive analysis of full-text is necessary. Despite advancements, fully
automating the retrieval of such complex relations from text remains and
unsolved challenge [213]. Besides the growing trend of applying zero or few-
shot learning with generative AI models [205, 213], there is another approach
to apply multi-task learning by training joint models that integrate NER, NEL,
and RE tasks to minimize the error propagation seen in sequential multi-step
workflows [268]. However, these persistent challenges of biomedical text
mining (such as context identification, full-text analysis, and development of
general purpose models) will require significant effort in creating an extensive
and cohesive labeled dataset derived from full-text documents. Active learn-
ing strategies can be employed to efficiently scan the literature and generate a
robust dataset [269].
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There are promising future research avenues within the development of
transformer-based models on various biomedical data modalities for extract-
ing relations.

Particularly, the detection of biomedical relational knowledge across biomed-
ical fields can be significantly enhanced by integrating multiple modalities.
The transformer-based models also have the capacity to advance the land-
scape of multimodal data analysis [270, 271] (see also Chapter 6). To learn
across modalities, some have proposed general-purpose transformer-based
architectures such as PercieverIO [272, 273]. However, realizing this potential
requires a collaborative effort by researchers and industries to collect linked
and cohesive multimodal datasets [114].

Given the significant advancements in NLP, it is worthwhile to explore LBD,
which aims to generate new hypotheses leveraging knowledge from literature.
The integration of generative LLMs in the LBD process has the potential to
transform the generation of credible hypotheses [274–276]. Assuming that
the challenges (such as confabulations) of generative models are effectively
addressed, they can not only contextualize the existing relations but also
incorporate new paths in these hypotheses.

Routinely-collected, structured, and narrative EHR data can reveal im-
portant clinical relations. However, most of this data is inaccessible due to
privacy reasons. Federated learning enables the analysis of such data with-
out transferring it to a potential unsafe location [277]. Although some have
demonstrated the utilization of pre-trained transformer-based models to learn
from federated data [278], there is a lack of experimental research in the con-
text of EHR [277]. Nevertheless, federated learning with transformer-based
models has the potential to advance the analysis of retrospective EHR data
and can deliver new insights into disease risk factors, procedure outcomes,
and medication efficacies while adhering to privacy laws [279, 280].

These efforts lead to models that can potentially be served as deployable
solutions in biomedical applications and healthcare systems. However, these
models are not perfect and their success in making predictions and provid-
ing explanations varies widely. Therefore, establishing these models is still
challenging [47, 281, 282]. Nevertheless, there are many examples of AI-based
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solutions approved by the US Foods and Drugs Administration (FDA) for
the healthcare system [283]. In Mayo Clinic’s 2030 vision, the authors antici-
pate leveraging AI solutions across various healthcare branches to “reduce
cognitive burden for clinicians” [284]. This indicates that AI is already revolu-
tionizing the biomedical and healthcare sectors and further breakthroughs
are on the horizon.
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Abstract 

Deep neural networks (DNN) have fundamentally revolutionized the artificial intelligence (AI) field. The transformer 
model is a type of DNN that was originally used for the natural language processing tasks and has since gained 
more and more attention for processing various kinds of sequential data, including biological sequences and struc‑
tured electronic health records. Along with this development, transformer-based models such as BioBERT, MedBERT, 
and MassGenie have been trained and deployed by researchers to answer various scientific questions originating 
in the biomedical domain. In this paper, we review the development and application of transformer models for ana‑
lyzing various biomedical-related datasets such as biomedical textual data, protein sequences, medical structured-
longitudinal data, and biomedical images as well as graphs. Also, we look at explainable AI strategies that help 
to comprehend the predictions of transformer-based models. Finally, we discuss the limitations and challenges of cur‑
rent models, and point out emerging novel research directions.

Keywords  Transformer, Biomedicine, Life Science, Deep learning, Neural networks, Machine learning

Introduction
The transformer [1] is a well-known deep neural network 
(DNN) model, which has revolutionized the artificial 
intelligence (AI) field. The architecture of the transformer 
builds the backbone of large language models (LLM), 
enabling them to harness the power of vast amounts 
of data to gain a more profound understanding of the 
underlying information. The architecture was initially 

developed for comprehending natural language, achiev-
ing this by analyzing every input sentence and captur-
ing the context of each word through focusing on other 
words. Generic LLMs have brought significant advance-
ments to various natural language processing (NLP) tasks 
ranging from machine translation over text generation to 
question answering. Most common examples of generic 
LLMs include Generative Pre-trained Transformer 
(GPT) [2], Bidirectional Encoder Representations from 
Transformers (BERT) [3], Large Language Model Meta 
AI (LLamA) [4, 5], and BigScience Large Open-science 
Open-access Multilingual Language Model (BLOOM) 
[6].

The success of transformer-based models can be 
attributed to the self-attention mechanism, integrated 
encoder-decoder architecture, and scalable as well as 
modular structure. These characteristics allow it to learn 
effective representations of the underlying data, encode 
long-range dependencies, and process huge amounts of 
data in an efficient way. The basic building block of the 
transformer is the self-attention mechanism [1, 7]. This 
mechanism allows the model to learn complex sequence 
representations by incorporating or attending to the 
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information throughout the other parts of the same 
sequence. Equally important is the encoder-decoder 
structure of the transformer while both comprise multi-
ple layers and variants of the self-attention mechanism 
(Fig. 1). This type of architecture facilitates sequence-to-
sequence learning; therefore, transformers were origi-
nally used to solve the machine translation problem (e.g., 
translation from English to German). The encoder-only 
architecture (for instance, utilized in BERT) can be used 
for classification and understanding tasks [3], whereas 
decoders-only (such as GPT, LLamA, and BLOOM) are 
used for generative tasks [8, 9]. Furthermore, the modu-
lar and scalable architecture of the transformer allows the 
stacking of encoder and decoder blocks on each other, 
which substantially increases the capacity of the model. 
By processing huge amounts of data with larger models, 
the performance of transformers has been significantly 
increased on various tasks [8].

Transformer-based models such as BERT or GPT apply 
a two step process in their approach to understand the 
data provided to them and handling various downstream 
tasks. In a pre-training phase, they leverage the abundant 

unlabeled data to learn a general representation through 
an embedding model of the underlying objects in a self-
supervised manner. Unlabeled data, characterized by the 
absence of labels or tags, is widely available. For instance, 
the web contains a vast amount of textual content in the 
form of web pages, blogs, and forums that are not catego-
rized or labeled. In contrast, labeled datasets contain data 
that have been annotated with specific labels or catego-
ries, such as the label “gene” in case of biomedical texts. 
Due to the manual annotation process, obtaining labeled 
data is often more challenging and time-consuming com-
pared to unlabeled data. In the fine-tuning phase, the 
pre-trained general representation model is used to train 
a supervised use case-specific task model using the lim-
ited labeled data. Over time they have been applied suc-
cessfully beyond language to process other modalities 
and brought significant advancements to speech process-
ing, computer vision (CV), and many more areas.

Transformers are now in the spotlight of many areas 
of biomedical-related AI research. They have been 
proven instrumental in addressing diverse biomedi-
cal-related questions, facilitating the analysis of data 

Fig. 1  The transformer architecture with its self-attention mechanism. Original transformer images by https://​github.​com/​dvgod​oy/​dl-​visua​ls / CC 
BY 4.0.)
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modalities ranging from biomedical literature to com-
plex imaging and genetic information. The pace of 
progress has reached a limit that is difficult to grasp 
and, therefore, requires a thorough survey of the field. 
To our knowledge, such a thorough review is miss-
ing so far. Our paper thus tries to fill a gap. In the fol-
lowing, we highlight and discuss transformer-based 
models in five application fields (Fig.  2): 1) biomedi-
cal natural language processing (including biomedi-
cal literature, clinical notes, and social media text), 2) 
biological sequences (including protein sequences), 
3) structured-longitudinal electronic health records 
(EHR), 4) biomedical images, and 5) biomedical 
graphs. We also introduce some studies that have pur-
sued learning on multiple modalities jointly. Finally, 
we discuss methods to make transformer-based pre-
dictions, and we conclude by providing a prospect for 
future research.

Table 1 provides a glossary of concepts of AI that are 
discussed in this work. The mathematical details on 
transformers will not be elaborated in this work, how-
ever, we refer the readers to [10, 11] for more details.

Biomedical natural language processing
Domain‑specific transformers
Transformer-based models have made major strides in 
the biomedical NLP field, largely through adapting gen-
eral language models for the biomedical domain by pre-
training on huge publicly available biomedical corpora 
including documents from databases such as PubMed, 
PubMed Central (PMC), and Medical Information Mart 
for Intensive Care-III (MIMIC-III) [12, 13]. The major-
ity of the studies introducing domain-specific language 
models often follow a familiar pattern, focusing on a spe-
cific transformer-based model architecture, initializing it 
with random weights or the weights of a general language 
model, pre-training the initialized model with domain-
specific corpora as well as multiple objective tasks, and 
finally evaluating the models with different sizes on vari-
ous biomedical downstream tasks.

For instance, BioBERT, which is initialized with the 
weights of the general English language model Bidi-
rectional Encoder Representations from Transform-
ers (BERT) [3], is a domain-specific model further 
pre-trained on PubMed abstracts and PMC full-text 
documents [14]. BioBERT was fine-tuned for various 

Fig. 2  Application fields of transformers in biomedicine. Transformer image by https://​github.​com/​dvgod​oy/​dl-​visua​ls / CC BY 4.0
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Table 1  Glossary of AI and machine learning terminology sorted alphabetically

Concept Definition

Classification head It consists of one or multiple layers attached to the head of the model that outputs predictions, typically 
accepting embeddings and performing classification, prediction or other tasks.

Contrastive learning A technique that can be used to improve performance of machine learning models by learning 
representations that bring similar samples closer to each other and move dissimilar ones further apart 
in the embedding space.

Decoder Similar to the encoder, the decoder in the transformer architecture also captures the relevant context 
of the input data and generates an output sequence by translating the high-dimensional embedded 
information in a step-by-step process. It can be used for many generative tasks performed by models such 
as GPT, BioGPT, and CEHR-GPT.

Distant supervision A technique in machine learning that utilizes indirect labels to generate or augment training datasets 
for model training.

Domain-specific transformer-based models These specialized models have been pre-trained or fine-tuned on data from a specific domain such 
as biomedicine.

Embeddings They are numerical representations of data needed to process them with machine learning algorithms. 
Embeddings can be generated for various kinds of objects such as words, proteins, diagnosis codes, 
and medications.

Encoder As a part of the transformer architecture captures the relevant context of the input data and generates 
a high-dimensional embedding that can be used in many downstream tasks (such as text classification, 
graph node classification, and image segmentation). Transformer-based models such as BERT are based 
solely on the encoder.

Explainable AI (XAI) XAI refers to the field of designing algorithms that can comprehend predictions of machine learning mod‑
els, providing more insights into their decision-making process.

Generative modeling Refers to the process of generating new samples from a certain distribution that is learned 
from the underlying training data. The pre-trained transformer decoder-based models can generate new 
text, protein sequences, structured EHRs, and images.

Graph neural networks These are neural networks specifically designed to learn from homogeneous and heterogeneous knowl‑
edge graphs and can perform tasks such as node classification, link prediction, and graph or sub-graph 
classification. They learn from the underlying structure and interconnections in graphs.

Fine-tuning phase In this phase, the pre-trained model can subsequently be tuned by an additional supervised training 
for a specific task using labeled data.

Large language models (LLM) LLMs are large neural networks based on transformer architecture pre-trained on vast amounts of textual 
data. They are capable of understanding and generating natural language.

Machine reading comprehension task This task aims to train algorithms to comprehend and extract relevant information from textual data. 
The algorithm takes in a document and a query as input. The goal is to derive the correct answer based 
on the provided text. One common application is span extraction, where the output consists of the rel‑
evant span of text from the document that answers the query. During query definition additional knowl‑
edge can also be utilized to improve the performance.

Machine translation This is a task of automatically translating from one human language to another using advanced machine 
learning algorithms.

Pre-training phase In this phase, the machine learning models leverage the data to learn a general representation 
of the underlying objects (such as text or images) in a self-supervised manner.

Self-attention mechanism It is a technique utilized in deep neural networks to focus on all or different parts of the input while pro‑
cessing this input. For instance, to learn the context of each word in a sentence, the model attends 
to every other word. This technique has been proven as beneficial for natural language processing 
and other sequential data.

Self-supervised learning It is a machine learning approach in which the intrinsic data properties are utilized to create pseudo-
labels for the data itself. Subsequently, the models are trained using this self-labeled data to understand 
and learn the underlying patterns and relationships.

Sequence labeling task The objective of this task is to assign labels to units of a sequence. For instance, words or tokens in a sen‑
tence can be labeled as biological concepts. Similarly, in case of protein sequences, amino acids can be 
assigned labels for secondary structure elements (such as alpha-helix, beta-strand, or coil).

Sequence-to-sequence learning The models trained with this learning technique are designed to map input sequences of one domain 
to output sequences of another domain. Summarization or translation of text or predicting the secondary 
structure from protein sequence are typical examples of sequence-to-sequence learning tasks.

Relational graph attention networks These are a type of graph neural network that, as the name suggests, apply the self-attention mechanism 
to graph-relational data modeling the different relationships embedded in the graph.

Representation learning It enables the data such as text, images, protein sequences for processing with mathematical operations 
by representing them as compact and dense vectors. These vectors are also called embeddings that carry 
relevant features of input data.
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downstream biomedical NLP tasks and achieved new 
state-of-the-art performances for named entity recog-
nition (NER), question answering (QA), and relation 
extraction (RE). More studies have introduced various 

variants of biomedical pre-trained models using different 
transformer-based architectures such as ELECTRA [15], 
RoBERTa [16] and GPTs (GPT1, GPT2, GPT3) [2, 9, 17]. 
Furthermore, BERT variants have been pre-trained on 

Table 1  (continued)

Concept Definition

Transfer learning With this technique the model designed for one task is reused or fine-tuned to perform a different, 
however related task, leveraging its pre-trained knowledge to improve learning efficiency and potentially 
achieve better performance with less data.

Transformer It is a deep neural network architecture that utilizes self-attention to process sequential data (such as text, 
protein sequences and images) in a modular and scalable encoder-decoder architecture.

Transformer-based models Deep learning models that employ the self-attention mechanism to handle data. Their structure utilizes 
encoder, decoder, or both parts of the transformer architecture.

Vision transformer (ViT) Transformer architecture specifically designed for computer vision tasks.

Table 2  Overview of pre-trained biomedical language models

Study Data sources Model architecture Biomedical tasks

BioBERT
 [3]

PubMed, PMC BERT Biomedical named entity recognition (NER), relation extraction 
(RE), and question answering (QA)

PubMedBERT
 [21]

PubMed BERT Biomedical NER, RE, QA, evidence-based medicine information 
extraction, document classification, and sentence similarity

BioMegatron
 [22]

PubMed Megatron Biomedical NER, RE, and QA

BioELECTRA​
 [23]

PubMed ELECTRA​ Biomedical NER, RE, QA, evidence-based medicine information 
extraction, document classification, medical natural language 
inference, and sentence similarity

BioALBERT
 [24]

PubMed, PMC ALBERT Biomedical NER, RE, QA, evidence-based medicine information 
extraction, document classification, medical natural language 
inference, and sentence similarity

BioMed-RoBERTa
 [25]

PubMed, ChemProt RoBERTa Chemical relation classification

BioGPT
 [26]

PubMed GPT-2 Biomedical RE, QA, document classification, and text generation

ClinicalBERT
 [27, 28]

MIMIC-III, i2b2 datasets BERT Identification of clinical entities, natural language inferencing

ClinicalXLNet
 [29]

MIMIC-III XLNet Identifying patient reports with prolonged mechanical ventila‑
tion and 90-day mortality

RoBERTa-MIMIC, ALBERT-MIMIC
 [30]

MIMIC-III, i2b2 datasets RoBERTa, ALBERT Identification of clinical entities

Clinical-Longformer,
Clinical-BigBird
 [31]

MIMIC-III Longformer, BigBird Document classification, question answering, named entity 
recognition, natural language inference

GatorTron
 [32]

University of Florida Health, 
MIMIC-III, PubMed, Wikipedia

BERT, BioMegatron Clinical concept extraction, medical relation extraction, 
semantic textual similarity, medical natural language inference, 
medical QA

Bioreddit-BERT
 [33]

Reddit health-related articles BERT Biomedical named entity recognition, adverse reaction mention 
detection

Bio-GottBERT
 [18]

German medical text BERT Identification of procedures, diagnoses, and medications

CamemBERT-bio
 [19]

French clinical documents RoBERTa Detection of clinical entities

KM-BERT
 [20]

Korean medical literature BERT Identification of diseases and treatment entities
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different types of biomedical corpora, see Table 2 for an 
overview.

Finally, different efforts have been made to develop lan-
guage-specific transformer variants for biomedical texts 
in different regions of the world (Table 2). Some examples 
of these variants are Bio-GottBERT [18], CamemBERT-
bio [19], KM-BERT [20] dedicated to languages like Ger-
man, French, and Korean, respectively. Noteworthy, the 
main limitation of these efforts is often the limited avail-
ability of language-specific data.

Applications to document and topic classification
Document and topic classification are typical NLP down-
stream application tasks to which pre-trained trans-
former models have been applied in biomedicine: During 
the Coronavirus disease 2019 (COVID-19) pandemic, 
a new search engine LitCovid [34] was introduced by 
the United States National Library of Medicine (NLM), 
which provides an overview of the latest COVID-19 lit-
erature and allows users to filter the literature based on 
different categories such as case reports, mechanism, 
prevention, or diagnosis. The classification of the litera-
ture was done manually by the creators. However, in a 
later stage, various experiments with transformer-based 
models like BioBERT, PubMedBERT, and others showed 
high performance with an F1-score of approx. 94% to 
automatically assign categories to new literature [35]. 
CO-Search is another example of a COVID-19 search 
engine that used a Siamese-BERT-based document 
retrieval engine with a strong evaluation performance 
[36]. Nentidis et  al. [37] report results of a semantic 
indexing challenge in which the best participating system 
utilized BERT and BERTMeSH [38] models.

Applications to Named Entity Recognition (NER) and linking 
(NEL)
After identifying relevant documents for a certain topic, 
one is often interested in finding hidden but valuable bio-
medical concepts inside them. NER and named entity 
linking (NEL) tasks are specifically designed to extract 
these relevant concepts and link them to biological data-
bases. Such concepts appear in various areas of biomedi-
cine, ranging from molecular biology (genes, proteins, 
microRNAs, biological functions, and cellular compo-
nents) to the clinical domain (medication/drug, adverse 
drug reactions, diagnoses, and diseases). For instance, the 
sentence “Apolipoprotein E: Structural Insights and Links 
to Alzheimer Disease Pathogenesis” (PMID:33,176,118) 
contains the mention of the protein Apolipoprotein E, 
the disease Alzheimer disease, and the biological pro-
cess Pathogenesis that can be linked to Uniprot term 
APOE_HUMAN (ID: P02649), disease ontology term 
Alzheimer’s disease (DOID:10,652), and National Cancer 

Institute Thesaurus (NCIT) term Pathogenesis (NCIT: 
C18264), respectively. In the case of NER, the majority of 
studies have considered this task as a sequence labeling 
task (Table 1), in which they used BERT-based models to 
predict labels for each token in a sequence. Rather than a 
sequence labeling task, NER has also been formulated as 
a machine reading comprehension task (Table 1), which 
allows easy integration of prior knowledge into models 
[39].

Most authors fine-tune domain-specific transformer 
models, such as BioBERT, to detect one specific entity, 
for example drugs or genes [14]. However, multi-task 
learning strategies have also been proposed to detect 
chemical or disease mentions with one single model [40]. 
Some work has also been performed to capture complex 
cases of entities (such as discontinuous or overlapping 
entities) by Khandelwal et al. [41], where they combined 
BERT and GloVe embeddings with a new label-tagging 
schema to train an NER model in a distant supervision 
setting showing a significant performance boost in detec-
tion of disorder entities obtained from clinical free-text 
notes. Zaratiana et al. [42] have studied an integration of 
a BERT-based model with graph neural networks to cre-
ate a span representation that can reduce the number of 
overlapping spans of disease mentions. They reported an 
F1 performance of 87.43%, however, the best F1-score 
reported on the used dataset is at 90.48%1. An overview 
of different studies employing transformers for NER and 
NEL is shown in Table 3.

Applications to relation extraction
Relation extraction, often performed after NER, is one of 
the main tasks in information extraction, which creates 
semantic links between two or more entities appearing in 
the text. These links, among others, can be loose (associ-
ates, interacts, correlates, etc.), quite specific (increase/
decrease, binds, has participants, etc.), or even causal 
(directly increases, directly decreases, determined by) 
as defined by the relation ontology [49]. For instance, 
the sentence “STK38 is associated with PPARgamma” 
(PMID:34,670,478) contains a simple association rela-
tion between two proteins, whereas “Mitotic exit kinase 
Dbf2 directly phosphorylates chitin synthase Chs2” 
(PMID:27,086,703) describes a causal relation. The 
extracted relations from unstructured text are mostly 
used to construct biomedical knowledge graphs and 
expand existing ones with new knowledge [50, 51].

Transformer-based models have achieved remarkable 
success in extracting relations from textual content. Most 

1  https://​paper​swith​code.​com/​sota/​named-​entity-​recog​nition-​ner-​on-​ncbi-​
disea​se.
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of the studies have typically fine-tuned BERT-like models 
on subject-predicate-object relations of one dataset in a 
supervised manner. For instance, Zhu et al. [52] utilized 
BioBERT to extract drug-drug interactions from text 
with an overall F1 performance of 80.9% beating previous 
deep learning approaches. Other approaches for relation 
extraction involve multi-task learning, where multiple 
datasets are used for fine-tuning with the intuition that a 
model will learn a general representation of encoded rela-
tions that are of different types. To extract associations 
between drug-drug, chemical-protein, and medical diag-
nosis-treatment concepts, Moscato et al. [53] proposed a 
transformer-based architecture with multiple classifica-
tion heads each designed to learn features for a specific 
type of relation. With their multi-task model, they could 
improve the performance by approx. 1.5% for chemical-
protein and medical diagnosis-treatment associations. 
However, the model showed a decline of performance 
by 0.6% for drug-drug interactions in comparison to the 
single-task model. This showed that the effectiveness of 
multi-task learning can vary across different datasets. 
Solutions have also been proposed to simultaneously link 

entities and extract relations either by integrating multi-
ple models in a pipeline manner [54, 55] or train a joint 
model responsible for extracting entities and relations at 
once [56–58]. Some have also experimented with data-
sets that were created either using distant supervision 
[59] or even without any supervision [60]. An overview 
about different studies employing transformers for rela-
tion extraction is shown in Table 4.

To get an even broader view of transformer-based 
models used in biomedical text mining - especially on 
tasks this work has not focused on - we refer to various 
surveys published by many researchers around the world 
[30, 61–63].

In summary, transformer-based models are well set in 
the biomedical NLP field. One main challenge is how-
ever the lack of clinical datasets due to privacy reasons, 
which hinders the development and evaluation of models 
specific to clinical settings. Another challenge is the lim-
ited diversity of datasets used in studies evaluating pre-
trained models as they often focus on single entity types 
like disease and chemical mentions. More efforts to uti-
lize and generate NLP datasets that cover a wider range 

Table 3  Overview of biomedical named entity recognition studies employing transformer models

Study Data sources Model architecture Biomedical tasks

 [43] Emergency department notes from Stanford Health Care BioBERT-based model Extraction of COVID-19 symptoms and risk factors

 [44] Mental state examinations from University Hospital Aachen GermanBERT Extraction of psychiatric symptoms

PLM-ICD
 [45]

MIMIC-II, MIMIC-III BioBERT,
ClinicalBERT, PubMed‑
BERT, RoBERTa-PM

Prediction of clinical coding of medical records

 [46] i2b2 corpora, Physionet corpus, Dernoncourt-Lee corpus BERT, SciBERT, BioBERT Deidentification of clinical records

 [47] EHRs, Stockholm EPR corpora, Swedish BERT Deidentification of clinical records

BERN2
 [48]

PubMed BioBERT Recognition and normalization of genes/proteins, 
disease, drugs, species, and mutations

Table 4  Overview of biomedical relation extraction applications

Study Data sources Model architecture Biomedical tasks

 [64] PubMed BioPREP based on BioBERT Detection of Xanthium compound-diabetes 
associations.

BioPrep
 [65]

SemMedDB BioBERT, SciBERT General biomedical predicate classification

 [66] Wikipedia and Mayo Clinic articles 
from DISNET

BioBERT Creation of disease network

 [67] DrugTargetCommons, ChEMBL, DisGeNet, 
PubMed

SciBERT, BioBERT, BioMed-RoBERTa, 
BlueBERT

Prediction of drug-target interactions

KSM
 [68]

PubMed, BioCreative VI Track 4 PPI extrac‑
tion task dataset

Multiple transformers with knowledge 
selector

Identification of protein-protein interactions

Patent_BERT
 [69]

CLEF 2020 - ChEMU Task data, Chemical 
Patents

BioBERT Extraction of chemical reactions

 [70] Drug-adverse event corpus, PubMed RoBERTa Identification of drug-adverse effect relations

 [71] PubMed BioBERT Identification of plant-phenotype relations
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of biomedical entities and relations are required. Further-
more, the processing and analysis of longer biomedical 
texts still poses a challenge, which require sophisticated 
models. Newer models including LLaMa, BLOOM, and 
GPT4 implement techniques to cope with these chal-
lenges by enabling in-context learning and allowing to 
process longer texts. However, since these models are not 
specifically designed for the biomedical domain, thor-
ough evaluation efforts are necessary to identify their 
advantages and limitations.

Biological sequences
Biological sequences, such as deoxyribonucleic acid 
(DNA), ribonucleic acid (RNA), or protein sequences, 
are relatively similar to natural languages. In the same 
way that characters in a natural language construct 
meaningful words, phrases, or sentences to convey some 
meaning, the building blocks of sequences arranged in 
different combinations form structures or support spe-
cific biological functions. It is not a surprise that the 
recent success of transformer-based models in NLP tasks 
also motivated the development of dedicated models to 
represent and analyze biological sequences. This trend 
is further supported by the availability of large databases 
(UniProt; [72], ENSEMBL [73], GenBank [74] containing 
vast amounts of biological sequences that can be used to 

perform pre-training of transformer-based models based 
on amino-acid as well as DNA sequences (Table 5).

Trained protein embeddings are, among other things, 
used to evaluate whether the prediction of per-residue 
secondary structure and subcellular localization shows 
a similar accuracy as methods that use evolutionary 
information [75], the recovery of proteins along the spe-
cies or gene axes is possible, the biochemical properties 
(such as hydrophobic or aromatic nature) of amino acids 
can be recovered [76], or the retrieved embeddings gen-
eralize over different protein sequence lengths [77]. For 
instance, Elnaggar et  al. [75] used the pre-trained Prot-
Trans models to predict the secondary structure labels 
(such as alpha-helix, beta-strand, or coil) for each amino 
acid, reaching state-of-the-art performance on multiple 
datasets. Although the majority of studies that develop 
these pre-trained models using protein sequences 
employ them for various downstream classification tasks, 
such models can also generate de novo protein sequences 
with the same fundamental characteristics as the natural 
ones [78–82]. ProtGPT2, a protein autoregressive pre-
trained language model trained on 50 million sequences, 
is such a model that can predict subsequent amino 
acid sequences given a certain context (such as a num-
ber of amino acids as input) [82]. The generated protein 
sequences have shown properties of globular proteins 

Table 5  Overview of biological sequencing analysis studies

Study Data sources Model architecture Biomedical tasks

ProtTrans
 [75]

UniRef, UniParc, and Big Fantastic Database BERT, T5, Transformer-XL, 
Albert, Electra, XLNet

Prediction of secondary structure and per-pro‑
tein location and membrane prediction

ESM-1b Transformer
 [76]

UniParc Transformer Remote homology detection, prediction of sec‑
ondary structure and tertiary contacts, prediction 
of mutational effects

ProteinBERT
 [77]

UniRef, Gene Ontology BERT extended Prediction of secondary structure, remote homol‑
ogy, fluorescence, and protein stability

MSA Transformer
 [96]

Multiple sequence alignments (MSA) based 
on UniRef

Modified transformer Contact prediction, secondary structure predic‑
tion

ProtGPT2
 [82]

UniRef GPT2 Sequence generation, homology detection, 
disorder prediction,

SignalP 6.0
 [97]

UniProt, PROSITE, TOPDB ProtBERT + CRF Detection of signal peptide types

Tranception
 [98]

UniProt, ProteinGym Autoregressive transformer Protein fitness prediction

 [99] UniProt, EVmutation ESM-1b transformer, 
variational autoencoder 
and more

Protein fitness prediction

TMBed
 [100]

OPM, SignalP 6.0 ProtT5 + CNN Prediction of transmembrane classes for each 
residue

ReLSO
 [101]

GIFFORD, GB1, GFP, TAPE Transformer-based encoder Designing new protein sequences

 [102] BIOSNAP, DAVIS, and BindingDB ProtBERT + ChemBERTa Prediction of drug-target interactions

STEP
 [103]

BIOSNAP [104] Siamese ProtBERT Prediction of protein-protein interactions
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and preserved functional hotspots [82]. However, major 
limitations still exist as there is no way of anticipating 
the discovery of functional traits underlying new protein 
sequences, which would require costly high-throughput 
experimental approaches.

Recent studies have more systematically explored 
amino acid sequence representations learned by pre-
trained transformers [83–85]. For example, the anal-
ysis by Detlefsen et  al. [83] shows that pre-trained 
transformer models have difficulties separating details of 
a single protein family. In consequence, the authors pro-
pose fine-tuning (evo-tuning) on the respective protein 
family to increase their capacity to show clear phyloge-
netic separation. They also show that enforcing specific 
biological properties on representations is not a straight-
forward task and that it is currently steered by model 
architecture, specific preprocessing (such as using mul-
tiple sequence alignment) of underlying data, objective 
functions for the pre-training, and placing prior distribu-
tions on parts of the model to better mimic certain bio-
logical traits.

Fine-tuned transformer models for amino acid 
sequences have been used for various downstream tasks 
such as protein function classification, protein fitness 
prediction, and detection of protein interactions with 
chemical substances (Table  5). Furthermore, Alpha-
Fold [86, 87] has achieved considerable improvements 
in the protein 3D structure prediction by using protein 
sequences as input. AlphaFold2 [87], builds upon two 
core deep learning-based modules, namely Evoformer 
and Structure modules, that has significantly improved 
the performance on the Critical Assessment of Protein 
Structure Prediction (CASP) 14 dataset by setting a new 
state-of-the-art [86, 87]. The transformer-based Evofor-
mer module uses representation of multiple sequence 
alignment (MSA) and pairwise representation of protein 
sequence as input. The MSA, which is precomputed by 
conducting a search through sequence databases to find 
sequences that resemble the input protein sequence, 
informs the model about evolutionary conservation and 
variation. Whereas, the pairwise representation captures 
the interactions between pairs of amino acid residues, 
which is crucial for understanding the spatial geometry 
of protein. The Structure module uses these represen-
tations to construct an atomistic model of the protein’s 
structure. It employs an additional attention mechanism 
and optimization procedure to ensure that the predicted 
3D structure is physically plausible and adheres to known 
biophysical constraints. AlphaFold2 combines both 
modules to refine the representations and 3D structure 
prediction in an iterative process to produce the final 
structure. Like AlphaFold, the transformer-based models 
RoseTTAFold [88] and ESMFold [89] were independently 

developed to also predict accurate 3D-protein structures 
by learning patterns appearing in protein sequences.

Some recent studies have proposed to learn and cap-
ture global representations of DNA sequences [90, 91]. 
Ji et  al. [91] pre-trained a DNABERT model, which is 
based on the BERT model with masked language mod-
eling (MLM) objective and used tokenized k-mer (with 
best k at 6) sequences as input instead of regarding each 
nucleotide as a single token. Due to the specific tokeniza-
tion, the vocabulary size of DNABERT was set to 4k + 5 
(using permutations of 4 nucleotides with additional 5 
special tokens such as for separator and padding). The 
pre-trained DNABERT model was analyzed using vari-
ous fine-tuning tasks showing particularly that it can 
effectively identify proximal and core promoter regions, 
transcription factor binding sites, and functional genetic 
variants. Furthermore, DNABERT can also be used for 
interpretability by using learned attention weighting 
that characterizes the contextual relationships within a 
sequence to visualize its important regions and motifs.

Another relevant biological problem of how non-cod-
ing DNA regions influence gene expression in cells has 
been analyzed by Avsec et al. [92], who propose a trans-
former-based architecture called Enformer that enables 
the integration of long-range interactions in the genome 
producing significant improvements in predicting tissue 
and cell-type-specific gene expression. Similar to Kelley 
et al. [93], to read long sequences with a size of around 
197.000 base pairs, the Enformer uses a number of con-
volutional layers that perform convolution on input 
sequences to reduce the spatial dimensionality. After 
the convolutional layers, instead of dilated convolution 
as used by Kelley et  al. [93], the Enformer implements 
transformer layers that use attention mechanisms to 
represent the long-range interactions. The Enformer has 
shown significant performance gains in gene expression 
prediction; however, it has not yet reached the accura-
cies of experimental approaches. Furthermore, Enformer 
has also shown improvements in variant effect prediction 
that was performed on expression quantitative trait loci 
(eQTL) data [92].

In summary, studies on pre-trained transformer-based 
models for biological sequences have highlighted their 
capabilities to produce state-of-the-art results on 3D 
structures, functions, and interactions prediction. These 
sequence models however have similar limitations to 
NLP models. They require huge amounts of training data, 
which can represent a bottleneck for certain sequences 
(such as small RNAs). Additionally, these models often 
struggle to capture long-range interactions due to fixed-
length context windows, which can be crucial in biologi-
cal sequences. In the case of protein structure prediction, 
AlphaFold and others are highly accurate in predicting 
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single protein chains; they however lack the ability to 
generate precise multi-chain protein complexes. Newer 
studies such as AlphaFold-Multimer [94] and ESMPair 
[95] have extended the previous models to also predict 
accurate protein complex structures. While transformer-
based models show the ability to generalize on biological 
sequences data, further research is required to identify 
additional methods (for e.g. layers or architecture) to 
overcome the aforementioned limitations.

Structured‑longitudinal electronic health records
Electronic health records (EHRs) are now routinely and 
in vast quantities collected by many healthcare systems. 
Typically, they contain unstructured information like 
clinical notes but also structured data, including time-
stamped diagnosis and medication codes as well as 
time-stamped codes for medical procedures. The latter 
provide excellent opportunities for the efficient develop-
ment of machine learning models for better personalized 
healthcare. However, it is difficult to utilize such data due 
to high dimensionality, heterogeneity, temporal depend-
ency, sparsity, and irregularity [105]. More specifically, 
structured EHRs can be regarded as an instance of multi-
variate discrete, irregular time series data.

Several studies have recently proposed transformer-
based models for the analysis of structured EHR data. 
The intuition behind these approaches is that sequences 
of diagnosis, procedure and medication codes might 
be interpreted as a kind of language, in which codes 
recorded at one particular visit might be viewed as 
tokens. Accordingly, transformers have been pre-trained 
on large amounts of patient data to generate numeric 
representations of a patient’s medical history, which are 
then used for downstream tasks like medication recom-
mendation or mortality prediction. For example, Shang 
et al. [106] developed the graph-augmented transformer 
model G-BERT. It uses the hierarchical information from 
the International Statistical Classification of Diseases and 
Related Health Problems (ICD) and Anatomical Thera-
peutic Chemical (ATC) ontologies to train a graph neu-
ral network, which encodes in a first step diagnosis and 
medication codes in a lower dimensional space. In a sec-
ond step, corresponding concept embeddings are used as 
a modified position encoding in a BERT-like transformer 
architecture. The authors pre-trained their model on 
20,000 patients from the MIMIC-III dataset, then applied 
it to a medication recommendation task and found it 
slightly superior to baseline techniques (1.06% gain in 
AUPR to the second-best approach).

Later, Li et  al. [107] developed BERT for EHR 
(BEHRT), which uses an altered embedding layer to pro-
cess a sequence of diagnosis codes. Unlike G-BERT, the 

model provides a patient representation for the entire 
medical history rather than each visit. When applied to 
a diagnosis code prediction task, BEHRT surpassed base-
line methods (1.2–1.5% higher area under the receiver 
operating characteristic curve (AUROC) and 8.0-10.8% 
increased area under the precision-recall curve (AUPR) 
for the disease prediction task). Since BEHRT – like many 
other transformer-based models – is restricted to a maxi-
mum sequence length of 512 codes, Li et al. [108] devised 
a hierarchical BEHRT (HI-BEHRT) variant in a subse-
quent study. This method applies BEHRT to parts of the 
medical history using a sliding window separately before 
aggregating the information by forwarding the individual 
representations to a final transformer. In addition to the 
hierarchical modification, the authors included informa-
tion on medications, procedures, and laboratory tests. 
In disease prediction tasks, it was discovered that HI-
BEHRT outperforms BEHRT by 1–5% and 3–6%, respec-
tively, in terms of AUROC and AUPR. Another variant 
is the Med-BERT model [109]. Compared to G-BERT 
and BEHRT, it employs a more extensive vocabulary of 
diagnosis codes. Furthermore, it introduces a new train-
ing objective called prediction of prolonged length of stay 
(LOS). During pre-training, the model predicts whether 
patients had hospital visits of seven or more days 
(LOS > 7 days) for their entire EHR sequences. After pre-
training on data from 28 million patients, the model was 
applied to a disease prediction task. On three datasets 
originating from two clinical databases, the AUROC per-
formance was increased by 1.21–6.14% compared to the 
baseline approaches. Very recent work further extended 
Med-BERT by adding demographic information, medica-
tions as well as quantitative lab measurements [110].

Other studies addressed the potential shortcom-
ings of the approaches mentioned above. For instance, 
Pang et  al. [111] proposed CEHR-BERT that, unlike 
Med-BERT and BEHRT, employs a different method 
to embed the time-series data before passing it to the 
transformer layers. It uses embeddings initialized 
with time2vec model [112] to encode the relative time 
between visits and the patient’s age. The age, time, 
and concept embeddings are concatenated and passed 
through a fully connected layer to generate the BERT 
architecture’s temporal concept embeddings. In addi-
tion, it incorporates a new pre-training task called 
visit type prediction (VTP) alongside MLM. This task 
requires the model to determine if the visit was inpa-
tient, outpatient, emergency, or masked. Compared to 
baseline approaches, including the retrained versions of 
BEHRT and Med-BERT, CEHR-BERT increased AUPRs 
and AUROCs by 0.6–4.2% and 0.4–2.51%, respectively. 
The aspect of appropriate time encoding was also cov-
ered in several other studies [113–117].
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In contrast, Agarwal et al. [118] based their Transmed 
approach on the notion of a hierarchical transformer for 
EHRs. On the one hand, a static context encoder was 
employed to handle information such as a patient’s age, 
sex, race, and prior conditions such as diabetes or smok-
ing. On the other hand, temporal context encoders were 
used to process the information at individual visits. The 
aggregated representations from the static and temporal 
encoders are then used to predict a patient’s risk of hospi-
tal stay or mechanical ventilation following a COVID-19 
diagnosis. Across all four tasks, Transmed outperformed 
a newly pre-trained version of BEHRT (11–20% higher 
AUROC) and was mostly on par or better than a baseline 
gated recurrent unit (GRU) model.

There have also been attempts to combine structured 
and unstructured EHR data into joint patient represen-
tations. For instance, the Bidirectional Representation 
Learning model with Transformer architecture on Mul-
timodal EHR (BRLTM) [119] utilizes diagnosis, drug, 
and procedure codes as well as information derived from 
unstructured clinical notes via latent Dirichlet allocation 
(LDA). When the authors compared BRLTM to other 
models, including a retrained version of BEHRT, they 
discovered that it was superior at accurately predicting 
diseases over multiple time frames. Liu et  al. [120] fol-
lowed a different approach with their Med-PLM model. 
Instead of deriving features from clinical notes, they 
use ClinicalBERT for processing clinical notes and a 
G-BERT-like model for processing structured EHR data 
before combining both using a cross-attentional module. 
The authors found that the final model outperformed 
unimodal counterparts (e.g., ClinicalBERT or G-BERT) 
in all tasks, highlighting the potential of merging both 
data modalities. Similarly, Darabi et  al. [113] used both 
data modalities for their TAPER model and reached com-
parable results.

Another recent development in the context of EHRs 
is the synthetic generation of EHRs with transformers. 
Cheng et al. [121] recently proposed CEHR-GPT, a model 
that builds upon their previous work on CEHR-BERT to 
generate synthetic EHRs using GPT. Unlike CEHR-BERT, 
CEHR-GPT includes additional information on demo-
graphics, patient history, and temporal dependencies. 
Each visit is represented by a visit type token (VTT), and 
time is encoded using artificial time tokens (ATT) and 
long-term (LT) tokens. In their experiments, the authors 
compared three different patient representations of GPT. 
They found that CEHR-GPT was the most suitable vari-
ant for generating realistic synthetic EHR data while 
preserving patient privacy and temporal dependencies. 
However, they reported that the prevalence of concepts 
in the generated data was skewed compared to the origi-
nal data and that the representation of time intervals is 

currently limited, suggesting that further improvements 
could be made in training the model and the representa-
tion of EHR data.

A broad overview of different studies employing trans-
formers for structured-longitudinal EHR analysis is 
shown in Table 6.

In summary, transformer-based models are promising 
for working with structured EHR data. However, apply-
ing these models to EHR data also presents several chal-
lenges. Firstly, EHR data is highly heterogeneous and 
diverse, making it relatively unclear how to best repre-
sent it compared to text, sequence, and image data. Many 
studies focus on finding a suitable data representation. In 
addition to this challenge, comparing these models and 
their results is difficult. Since most pre-trained mod-
els and datasets are publicly unavailable due to privacy 
concerns, a direct comparison of the models is often 
impossible. Although studies often use other models as 
baselines and perform pre-training on available data to 
compare model architectures, a direct comparison of 
initially pre-trained models is not feasible, as is common 
in the NLP field. Furthermore, Kumar et  al. [122] point 
out that simple linear models could not only be data and 
computationally efficient but could achieve comparable 
performance to transformer-based models. For instance, 
they propose an attention-free architecture called SAN-
Sformer that outperformed BEHRT and BRLTM mod-
els. Despite these challenges, transformer-based models 
remain a promising tool for analyzing EHR data. Further 
research is important to understand their full potential as 
well as limitations and how they can improve patient out-
comes and provide better decision support.

Biomedical images
Due to the self-attention mechanism employed in trans-
former-based models, they have shown superior ability to 
model long-term dependencies in data, however, mostly 
in cases where the data is of sequential nature. Recently, 
transformers have also been adapted successfully to a 
wide variety of image analysis cases. For the purpose of 
image analysis, the image is first split into a sequence of 
patches (regions), which are then flattened to fixed vec-
tor length - quite similar to tokens. The flattened image 
patches are then linearly projected and combined with 
their positional embeddings that provide spatial infor-
mation on each patch. The sequence of transformed 
patches can then be fed to a transformer. This approach 
is referred to as a vision transformer (ViT) in the litera-
ture [123–126]. Dosovitskiy et al. [124] formulated image 
classification as a sequence prediction task, which he 
addressed via a ViT. They examined two approaches for 
aggregating spatial information from images: the use of 
a CLS token and global pooling [124]. The CLS token in 
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ViTs aggregates global information through self-atten-
tion, dynamically adjusting to capture complex image 
relationships. Global pooling, including methods like 
global average and max pooling, simplifies feature aggre-
gation by applying straightforward mathematical opera-
tions across all image patches. While the CLS token’s 
aggregation is learnable and adapts to task specifics, 
global pooling offers a more generalized and computa-
tionally efficient summary [124].

ViTs have been applied to medical images derived from 
imaging techniques such as X-ray, computer tomography 
(CT), MRI, ultrasonography, optical coherence tomogra-
phy (OCT), and high-content cell imaging screens. For 
instance, ViTs were used to analyze lung X-rays to detect 
COVID-19 disease [127–129], breast sonography images 
to classify breast cancer [130, 131], or femur X-rays to 
check for fractures [132]. Chen et al. [133] have proposed 
a ViT to detect gastric cancer from histopathological 
imaging data. Furthermore, CT images were used by Wu 
et  al. [134] to build a medical application for classifica-
tion of emphysema that can be further divided into three 
different subtypes, whereas Wang et  al. [135] screened 
rare medical OCT imaging dataset for lesions associated 
with genitourinary syndrome of menopause. Nonethe-
less, MRI datasets have also been classified using ViTs for 
brain tumors [136] or for intraductal papillary mucosal 

neoplasms in the pancreas by [137]. Upon closer exami-
nation of the work of Tanzi et al. [132], you can observe 
potential benefits of ViT architectures compared to con-
ventional approaches. Based on their results, it seems 
worth exploring the superiority of embedding space 
representations generated by ViTs, which can boost per-
formance for medical classification tasks. Examining 
attention layers, that are commonly part of ViT archi-
tectures, makes these models inherently explainable, an 
attribute highly regarded by clinicians for model evalu-
ation. Lastly, their retrospective analysis of integration 
into clinical practice, allows for the conclusion that a 
ViT-based computer aided diagnosis (CAD) system can 
contribute to improving clinical workflows and decision 
making for young residents and experienced doctors 
alike.

Another relevant task in the biomedical computer 
vision field is to detect segments of object instances 
such as lesions in functional magnetic resonance images, 
tumors in histopathological images, brain tissues in mag-
netic resonance images, retinal vessels in fundus imagery, 
or single-cell information from microscopy imagery 
[138, 139]. Transformer-based models are being heavily 
used for segmentation as they often improve accuracy 
compared to the traditional convolutional neural net-
work-based (CNN) methods. Although most studies use 

Table 6  Summary of models performing structured-longitudinal EHR analysis

Study Data sources Model architecture Biomedical tasks

BEHRT
[107]

CPRD Transformer-based encoder Disease prediction

Hi-BEHRT
[108]

CRPD Hierarchical BEHRT Disease prediction

G-BERT
[106]

MIMIC-III Graph neural network and BERT Drug recommendation

BRLTM
[119]

UCLA EHR data Transformer-based encoder Disease prediction

Med-BERT
[109]

Cerner Health Facts®, Truven Health Mar‑
ketScan®

Transformer-based encoder Disease prediction

ExMed-BERT
[110]

IBM Explorys Therapeutic Dataset Extended Med-BERT Disease prediction

CEHR-BERT
[111]

CUIMC-NYP OMOP Transformer-based encoder with additional 
FFN for temporal embedding

Various predictive tasks (disease, readmis‑
sion, death, hospitalization)

Med-PLM
[120]

MIMIC-III G-BERT / Med-BERT + ClinicalBERT + Cross-
modal module

ICD coding, readmission, drug recommen‑
dation

TransMED
[118]

STARR OMOP Hierarchical use of BERT Hospital stay, ventilation risk

T3Net
[114]

KPMAS Transformer-based encoder Hospitalization and mortality prediction

TAPER
[113]

MIMIC-III Transformer-based encoder, BERT Readmission and mortality prediction

CEHR-GPT
[121]

EHR data from the Columbia University 
Irving Medical Center-New York Presbyte‑
rian Hospital

Transformer-based decoder, GPT Generation of synthetic EHR data
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hybrid transformer architectures, some have also built 
pure transformer-based models. For instance, Gao et al. 
[140] have proposed a hybrid transformer-based archi-
tecture UTNet by integrating a complexity-reduced self-
attention into a CNN for segmentation. In comparison 
Huang et al. [141] introduced the pure transformer-based 
method MISSFormer, optimized especially for medical 
image segmentation tasks. Most studies have focused 
on the medical field, but some have also applied trans-
former-based methods for segmenting cells in images 
that originated in in-vitro experiments. Prangemeier 
et  al. [139] have proposed a cell detection transformer 
for direct end-to-end instance segmentation, reaching a 
similar accuracy as the CNN-based methods while show-
ing the simplicity and improved runtime of the proposed 
model.

In the drug discovery field, it is common nowadays 
to perform an automated high-content screening of 
cells treated with specific chemical substances. These 
screening experiments might identify substances that 
have desirable effects on the phenotypes of cells. High-
content images of cells are also used for image-based 
profiling, where the profiles are derived by extract-
ing relevant features from screened images [142]. 
Such phenotypic profiles can be used in downstream 
applications such as identifying a disease-associated 
phenotype, identifying lead compounds, bioactivity 
and toxicity assessment, and detecting a compound’s 
mechanism of actions [142], where recently trans-
former-based models are being applied to [143, 144]. 
For instance, Cross-Zamirski et  al. [143] proposed a 
ViT-based model that uses weak labels to learn pheno-
typic representations from a publicly available dataset 

containing high-content images of cells and evaluate 
the model on two mechanism-of-action classification 
tasks. Furthermore, the authors show that the repre-
sentations are biologically meaningful by analyzing the 
attention maps. Table 7 provides a broader overview of 
recent applications of ViTs.

Even though ViTs have proven to be powerful archi-
tectures for a variety of problems in biomedical imaging, 
they can not be recommended unlimitedly in favor of 
more established computer vision models, e.g. convolu-
tional neural networks (CNNs) [145, 146]. It is important 
to understand how both architectures “perceive” images, 
in order to understand its particularities, advantages and 
disadvantages. The architecture of convolutional net-
works is inspired by the visual cortex of the brain [147]. 
They use receptive fields to learn kernels enabling them 
to recognize features crucial to their task. A subsequent 
pooling operation relatively increases the receptive fields 
of the kernels. This process is repeated iteratively, so the 
kernels can interpret more distant areas of the image 
[148]. This, by design, creates inductive biases, like trans-
lation equivariance and locality [124], important proper-
ties for image classification.

In contrast, as described earlier, a ViT treats an image 
as a sequence of patches, and through self-attention, 
every patch of the sequence attends to every other patch, 
so it needs to learn all spatial relations from data training 
[124]. Essentially, this causes ViT to struggle in effectively 
generalizing with limited data [124]. However, their per-
formance scales well with growing datasets, outperform-
ing CNNs as the number of training samples increases. 
Unfortunately, especially in the biomedical domain, large 
publicly available datasets are scarce.

Table 7  Summary of transformer models for biomedical image analysis

Study Data sources Model architecture Biomedical tasks

 [127–129] Lung X-rays Vision transformer Detection of COVID-19

 [130, 131] Breast sonography images Vision transformer Classification of breast cancer

 [132] Femur X-rays Vision transformer Detection of fractures

GasHis-Transformer
 [133]

Histopathological imaging Vision transformer Detection of gastric cancer

 [134] CT imaging Vision transformer Classification of emphysema and their subtypes

ViT-P
 [135]

OCT imaging Vision transformer Detection of lesions associated with genitourinary syndrome 
of menopause

 [136] MRI dataset Vision transformer Detection of brain tumors

 [137] MRI dataset Vision transformer Classification of intraductal papillary mucosal neoplasms in the pan‑
creas

Cell-DETR
 [139]

Live-cell microscopy dataset Based on trans‑
former encoder-
decoder

Segmentation of yeast cells in microstructures

 [143] Stained breast cancer cell images Vision Transformer Mechanism of action prediction of cells treated with compounds

 [144] High-content imaging screen Vision Transformer Classification of cell phenotypes
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Nonetheless recent work by He et al. [149] has shown 
that pre-training techniques, such as training a masked 
autoencoder (MAE) for patch embeddings, can reduce 
the number of training samples, training times, and boost 
performance in natural images. Zhou et  al. [150] later 
showed that this can be applied in the medical domain 
as well. Varma et al. [151] tackled the issue of ViTs rely-
ing on predefined image sizes, necessitating pre-process-
ing steps that can degrade image information. Through 
their flexible positional embedding and alternate batch-
ing strategies, they can reduce image manipulation while 
maintaining fine-grained image features.

Driven by its popularity and constant developments 
through ongoing research, one can assume that ViT 
architectures will increase in value and impact for bio-
medical imaging tasks in the near future.

Biomedical graphs
Besides textual content, biological sequences, imaging 
data, and structured EHR data, graphs are frequently 
used in biomedicine to describe relations between con-
cepts. Graphs can cover various aspects of life sciences, 
hence, they can connect different types of nodes and 
edges with each other. Graph representation learning 
with machine learning methods enables the usage of 
graphs for various biomedically relevant downstream 
tasks such as protein-protein interaction prediction, pre-
diction of adverse drug reactions, cell-type-association 
prediction, disease-subgraph classification drug-inter-
action prediction, patient-treatment prediction [152]. 
These tasks can be modeled as graph or sub-graph classi-
fication, node classification, or link prediction, which are 
often performed by encoding the information included 
in graphs, such as the graph structure, local graph neigh-
borhoods, and the distinguishing features of nodes and 
edges [152].

Graph Transformer [153], Graph Transformer Net-
works [154], GTransformer [155], Structured Trans-
former [156], GraphFormers [157], and Relphormer [158] 
are some adaptations of transformer-based models suit-
able for graph representation learning. Transformers for 
graphs are conceptually similar to relational graph atten-
tion networks (RGATs) [159]. They regard each node of a 
graph as an entity in a pseudo-sequence. However, unlike 
transformers for sequences, the attention is restricted to 
neighboring nodes, hence taking into account the graph 
topology.

Graph-based transformers have, for instance, been 
applied in the drug discovery field where the focus 
lies on the identification of targets [160, 161], predic-
tion of response [162], prediction of ATC code [163], 
or adverse reactions for a certain drug [164]. Additional 
work has also been performed to predict the properties 

of molecules involving toxicity, carcinogenicity, or blood-
brain barrier penetration [165–167]. Recently, also tex-
tual and image analysis tasks (such as relation extraction 
or deformable image registration) have been successfully 
pursued using graph transformers [168, 169]. A further 
example is the prediction of interactions between tran-
scription factors and DNA, which can be formulated as 
a link prediction task in a bipartite graph [170]. Other 
authors have delved into engineering new proteins by 
generative graph representations of 3D protein structures 
[156, 171]. Also, the prediction of protein-protein inter-
actions has been performed using graph neural networks 
while using protein 3D structure graphs and learned 
sequence embeddings of ProtBERT [172].

Although the analysis or usage of graphs to support 
biomedical tasks with graph transformers is yet focused 
only on some niche areas, researchers are already pros-
pecting new fields, such as the analysis of single-cell 
multi-omics in immuno-oncology to characterize cellular 
heterogeneity [173], where this technology could also be 
helpful. Nonetheless, further experiments are required to 
assess whether the transfer learning strategies, along with 
graph transformers, will ultimately prevail over the gen-
eral graph neural networks like RGATs.

Transformers for multimodal data
The majority of existing research studies have addressed 
biomedical tasks using just one single data modality, 
however, modeling complex processes of biology and 
medicine inherently requires the integration of and learn-
ing on multiple modalities, such as genetic, proteomics, 
pharmacogenomic, imaging, and text [174]. Recently, 
transformer-based models have been adapted to pro-
cess multiple data modalities simultaneously. Koorathota 
et  al. [175] introduced a multimodal neurophysiologi-
cal transformer for recognizing emotions using multiple 
modalities (such as time series and extracted features) 
obtained through electroencephalography, galvanic skin 
response, and photoplethysmogram techniques. Inspired 
by the multisensory integration mechanism of the brain, 
Shi et  al. [176] proposed an adapted transformer-based 
model to integrate visual and auditory modalities to 
improve emotion and bird species recognition using 
video-audio clips.

Furthermore, vision-and-language models are a recent 
development, which take textual content and images 
as input and jointly learn to capture the relationships 
between both modalities. These models have also been 
adapted to the clinical domain, for instance, for chest 
X-ray disease diagnosis [177] or to automatically generate 
reports for abnormal COVID-19 chest CT scans [178]. 
Similarly, paired images and textual reports of chest 
and musculoskeletal X-rays were used with contrastive 
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learning to build new pre-trained models that improved 
upon medical image classification and retrieval on vari-
ous datasets [179]. Others have explored an integration 
of molecular structures using simplified molecular-input 
line-entry system (SMILES) signatures in biomedical 
text to build a transformer-based multimodal system 
that can predict molecular properties, classify chemical 
reactions, and improve NER as well as relation extrac-
tion [180]. Finally, Lentzen et  al. [110] proposed a mul-
timodal transformer architecture to combine structured 
EHRs with quantitative clinical measures. Their idea was 
a concatenation of the latent representation learned by 
the transformer encoder with a feature vector represent-
ing quantitative data. The concatenated representations 
are then passed forward through the classification head 
during the fine-tuning phase.

Development of transformer-based models capable of 
learning from multimodal data is a non-trivial challenge. 
These models are highly specific to the particular modali-
ties (for e.g. text, image, or structured EHR) and tasks at 
hand. There is a pressing need for further investigation 
into how transformer-based architectures can evolve into 
universal architectures that are agnostic to various bio-
medical modalities and the underlying tasks.

Making transformers explainable
Specifically in biomedicine, it is essential to study which 
features a model used to make predictions in order to 
identify potential flaws and build trust in the results. 
Since the first appearance of transformer-based models, 
several studies have proposed different approaches for 
post-hoc model explanation based on techniques devel-
oped in the booming field of Explainable AI (XAI) [181].

Most approaches focus on the implicitly learned atten-
tion weights of transformer-based models. For instance, 
Vig [182] developed the BertViz tool for displaying the 
attention weights for analysis and debugging purposes. 
Later, Ji et  al. [91] used similar visualizations for their 
pre-trained DNABERT model. Following the evaluation, 
the authors studied the attention landscape and found, 
for instance, that the model prioritizes intronic sequence 
sections when predicting splice sites. Similarly, Avsec 
et  al. [92] investigated their model, which was built to 
predict gene expression and chromatin states using the 
average attention weights. Their analysis revealed that 
the developed model attends to parts of the sequence 
located up to 100 kb from the gene site. A slightly differ-
ent strategy was followed by Koorathota et al. [175], who 
proposed a multimodal neurophysiological transformer 
for predicting valence and arousal as a response to 
music. They created a metric known as the sum of abso-
lute activation differences to interpret the interactions 
between the different modalities. Unlike the majority of 

attention-weight analyses, this analysis is neither affected 
by individual samples nor the selection of attention layers 
or heads. The study revealed that, for instance, electroen-
cephalography and photoplethysmogram signals signifi-
cantly affect the model’s prediction.

Other studies investigate the application of general-
purpose XAI methodologies. For instance, Kokalj et  al. 
[183] introduced TransShap, an adaptation of Shapley 
Additive Explanations (SHAP) [184] that may be uti-
lized to evaluate and understand the functioning of text 
classifiers. Lastly, Madan et  al. [103] applied the inte-
grated gradients method [185] instead of focusing on 
the attention weights of the model. The authors utilized 
this method to explain their predictions on virus-host 
protein-protein interactions while discovering sections 
of sequences that contribute to the model’s predictions. 
Advances in the field of XAI methods, in general, have 
opened up new opportunities to interpret the models 
while gaining new insights on predictions, although sig-
nificant limitations still exist due to the lack of validation 
datasets, hence, careful investigation of the reliability of 
these XAI strategies is highly necessary [186]. Further-
more, a general caveat is the possible misinterpretation of 
XAI approaches as providing a causal understanding of 
the prediction problem.

Discussion
Strengths of transformers
Transformer-based models have pushed the bounda-
ries for processing and analyzing various data modali-
ties such as text, EHRs, biological sequences, images, 
and graphs across a wide variety of biomedical tasks, as 
demonstrated by the examples shown in the previous 
sections. Since transformers originated in the NLP field, 
the biomedical NLP has seen a certain momentum with 
these models earlier than other disciplines, resulting in a 
greater number of transformer-related research studies 
within the NLP field. At the moment, transformers have 
mainly been applied to discrete data, but also first adap-
tations to continuous time series data have been pro-
posed [187].

The success of the transformer can be mainly explained 
by two factors:

a)	 the attention mechanism, which allows for capturing 
long-range dependencies in the input.

b)	 the self-supervised learning paradigm that supports 
pre-training from huge amounts of unlabeled data 
and subsequent fine-tuning / transfer-learning of a 
domain-specific task.

Specifically, the second aspect allows for effective uti-
lization of background information, which explains 
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the often-observed superior prediction performance 
compared to more conventional machine learning 
approaches.

Challenges when using transformers
The pre-training of transformers using the self-super-
vised learning paradigm depends on huge training 
datasets. Accordingly, the training of transformers is 
computationally intensive. It should be noted that trans-
formers have millions of parameters (one of the larg-
est model PaLM published by Chowdhery et  al. [188] 
has 540  billion parameters), and the underlying atten-
tion mechanism has a quadratic time complexity with 
regard to the input sequence length. To overcome these 
challenges, new solutions have been proposed such as 
optimizing the transformer model [189–193] or apply-
ing knowledge distillation technique [194]. For instance, 
Kitaev et  al. [191] proposed the Reformer model that 
improves the efficiency of the transformer by reducing 
the complexity of the dot-product attention mechanism 
and by optimizing the storage of activations in the model.

Future direction 1: knowledge integration
Another line of research focuses on the utilization of 
background knowledge during the training procedure. 
For example, in the NLP field K-BERT is an extension 
of BERT, in which the input token stream is expanded 
by background information extracted from a knowledge 
graph [195]. ERNIE uses two encoders, a T-encoder 
for the original tokens and a K-encoder for entities in a 
knowledge graph, and both representations are fused 
[196, 197]. While the authors of these papers report 
enhanced prediction performances of NLP-related tasks 
outside the biomedical domain, there is the question of 
how according methods might be impacted by incom-
pleteness and errors in the knowledge graph, which could 
be a major concern in the biomedical field. Furthermore, 
not all knowledge can be effectively represented as a 
graph. Depending on the respective application, other 
knowledge representations, such as logical rules and 
mathematical equations, could be worthwhile to consider 
in future research as well.

Future direction 2: multimodal data integration
Integrating multimodal data is key for many systems 
and precision medicine tasks. Heterogeneous informa-
tion across different data modalities, such as genetics, 
epigenetics, proteomics, metabolomics, imaging, text, 
and clinical observations, must be aligned and fused to 
perform multimodal learning with transformer-based 
models. Although first publications are now focusing on 
multimodal transformers (see section above), this line of 
research is still at the beginning. For example, one general 

challenge in the area of multimodal data integration 
are varying dimensions and numerical ranges of input 
modalities [198]. Recent studies have begun to explore 
general-purpose architectures that can handle different 
modalities of varying dimensionalities [199–201], but we 
expect more work to come along those lines.

Future direction 3: generative modeling
More recently, generative transformer models have 
shown impressive advancements in the NLP field. One 
of the most prominent examples, which is however not 
particularly devoted to biomedicine, is ChatGPT [202]. 
ChatGPT has shown remarkable performances on gen-
erating near-human level textual content and lead-
ing dialogues with humans. Generative transformer 
models such as ChatGPT or its freely available variants 
(e.g., GPT4All; [203]) could in the future support many 
tasks in medical routine, such as generating synthetic 
clinical notes [32], writing discharge letters, or coding 
and billing diagnosis and medications. Furthermore, 
these models could also support the field of biomedical 
research. Researchers have already started experiment-
ing with generative transformers to generate synthetic 
protein sequences [82, 204]. However, a huge challenge 
of applying such models in biomedicine is to verify the 
trustworthiness of the generated content. For instance, 
engineered protein sequences need to be experimentally 
tested. Automatically generated discharge letters have to 
be validated manually.

Future direction 4: better explainable models
By being able to explain and understand the predic-
tions through XAI techniques, trust and confidence can 
be built in biomedical AI models, which is even more 
relevant for decision-making processes in the clinical 
domain. Several general-purpose XAI techniques have 
been adapted for transformers recently [205–207]. Some 
have shown that trust in models can also be increased by 
producing counterfactual explanations that show under 
which hypothetical changes to the input a different out-
put will be generated, a method often used by humans to 
understand unfamiliar processes [208, 209]. However, the 
XAI field as such is still in its infancy. For example, there 
is no generally accepted definition of “explainability”, and 
there is a lack of gold standards against which new meth-
ods could be compared. Accordingly, existing attempts to 
make transformers explainable have to be seen relative 
to the advances of the XAI field as a whole. While first 
approaches in the XAI field mainly focused on images, 
the development of general-purpose model explanation 
techniques, such as SHAP is still relatively recent. We can 
thus expect that with the increasing advances of the XAI 
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field also better explanation techniques for transformers 
will become available.

Conclusion
Transformers, originally created in the NLP field, are still 
a relatively new deep learning approach. Recent years 
have witnessed a dramatically increased use for various 
data types with transformers, which are of relevance in 
biomedicine, including structured EHRs, graphs, images, 
and biological sequences. The main strengths of trans-
formers are the in-built attention mechanism and the 
possibility for self-supervised pre-training, which, how-
ever, requires huge datasets. Accordingly, transform-
ers have currently found little use in domains where 
such datasets are not available, e.g., signals coming from 
wearable devices, or clinical studies and registries. Also, 
despite research on modeling time-series data with trans-
formers [187], dedicated studies in biomedicine for this 
type of data are yet to emerge. Currently emerging direc-
tions of research include better strategies for knowledge 
integration, multimodal data fusion, and the adaptation 
of novel XAI techniques. We expect that efforts to inte-
grate data across the entire healthcare system, such as 
those in United Kingdom (UK) like Health Data Research 
UK (https://​www.​hdruk.​ac.​uk/), UK Biobank (https://​
www.​ukbio​bank.​ac.​uk/) and Genomics England (https://​
www.​genom​icsen​gland.​co.​uk/), will enable an even more 
wide-spread use of transformers in the future.
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A B S T R A C T   

Background: Health care records provide large amounts of data with real-world and longitudinal aspects, which is 
advantageous for predictive analyses and improvements in personalized medicine. Text-based records are a main 
source of information in mental health. Therefore, application of text mining to the electronic health records – 
especially mental state examination – is a key approach for detection of psychiatric disease phenotypes that 
relate to treatment outcomes. 
Methods: We focused on the mental state examination (MSE) in the patients’ discharge summaries as the key part 
of the psychiatric records. We prepared a sample of 150 text documents that we manually annotated for psy
chiatric attributes and symptoms. These documents were further divided into training and test sets. We designed 
and implemented a system to detect the psychiatric attributes automatically and linked the pathologically 
assessed attributes to AMDP terminology. This workflow uses a pre-trained neural network model, which is fine- 
tuned on the training set, and validated on the independent test set. Furthermore, a traditional NLP and rule- 
based component linked the recognized mentions to AMDP terminology. In a further step, we applied the sys
tem on a larger clinical dataset of 510 patients to extract their symptoms. 
Results: The system identified the psychiatric attributes as well as their assessment (normal and pathological) and 
linked these entities to the AMDP terminology with an F1-score of 86% and 91% on an independent test set, 
respectively. 
Conclusion: The development of the current text mining system and the results highlight the feasibility of text 
mining methods applied to MSE in electronic mental health care reports. Our findings pave the way for the 
secondary use of routine data in the field of mental health, facilitating further clinical data analyses.   

1. Introduction 

Beside the common advantages of clinical routine data like avail
ability and cost-effectiveness, the use of routine data in mental health 
research has additional values regarding the longitudinal information. 

Because mental health conditions are highly dependent on dynamic 
brain-related processes like developmental, adaptive, and degenerative 
changes, follow-ups and reevaluations over an extended period can 
provide essential information in understanding the psychopathological 
aspects of the diseases. Retrospective studies based on large electronic 

* Corresponding authors at: Department of Bioinformatics, Fraunhofer Institute for Algorithms and Scientific Computing SCAI, Schloss Birlinghoven, 53757 Sankt 
Augustin, Germany (S. Madan). Department of Psychiatry and Psychotherapy, University of Münster, 48149 Münster, Germany (P. Sarkheil). 

E-mail addresses: sumit.madan@scai.fraunhofer.de, sumit.madan@gmx.de (S. Madan).   
1 These authors worked at 1 during conduction of the study. 

Contents lists available at ScienceDirect 

International Journal of Medical Informatics 

journal homepage: www.elsevier.com/locate/ijmedinf 

https://doi.org/10.1016/j.ijmedinf.2022.104724 
Received 24 November 2021; Received in revised form 7 February 2022; Accepted 18 February 2022   



International Journal of Medical Informatics 161 (2022) 104724

2

collections of mental health records can be an attractive source of lon
gitudinal information. To enable the use of unstructured clinical routine 
data in mental health research, considerable work needs to be done to 
extract structured information, which involves coding of free-text re
ports through text mining techniques. 

Commonly, a psychiatric clinical examination consists of an inter
view regarding the past and present symptoms and observing the current 
pathological signs. Mental status exam (MSE) [1] is a standardized form 
of examination with methods for observing and describing the mental 
state and behaviors of each patient, based on both objective observa
tions of the clinician and subjective descriptions given by the patient 
herself. To capture the information related to MSE, a medical expert 
examines the patient for any possible signs or symptoms of a psychiatric 
condition and provides documentation as a part of the patient’s medical 
record. The MSE has a great potential to be a main information source to 
extract phenotype information from the electronic health records [2]. 
Text documentation of MSE follows a specified form and semantics [3] 
that intends to facilitate rapid medical communication and training 
(Fig. 1). To identify the entities that contain the main relevant and 
classifiable information, advanced text mining approaches are needed as 
MSE documentation often contains incomplete sentences, abbreviations, 
acronyms, negations. Also, the documentation is very individual and 
often contains vague or uncertain expressions. 

Mapping the MSE documentation to a reference system is an 
important step for generation of the comparable results. For relating the 
mentioned symptoms to the standard psychopathological concepts, we 
relied on the assessment based on the Association for Methodology and 
Documentation in Psychiatry (AMDP) system [4], which has been 
developed for the standardized assessment of mental state. The AMDP 
system, which has been internationally recognized and translated into 
many languages (English, French, German, Italian, Portuguese, etc.), 
represents a terminology of psychopathological symptoms and their 
rating. It contains a short definition for each symptom, notes on the 
severity (mild, medium, severe), and a list of distinct examples. The 
symptoms listed by the AMDP system (in total 140 features) are 
numbered and grouped together in the AMDP manual. Altogether, 
AMDP can serve as a terminology for the MSE. 

Researchers have proposed rule and machine learning-based text 
mining methods to extract various kind of information from electronic 
health records (EHR). Barak-Corren et al. [5] extracted demographic 
characteristics, diagnostic codes, laboratory results and prescribed 
medications from English EHRs to predict suicidal behavior. Hazewinkel 
et al. [6] have analyzed textual data included in notes and reports of 
Dutch EHRs of patients that were admitted in a psychiatric hospital in 
The Netherlands. Clinical notes in English language of psychiatry wards 
from Mayo Clinic were utilized by Sohn et al. [7] to detect drug side 
effects using a rule-based approach. Named entity recognition (NER) has 
been particularly popular in mental health care in identification of the 
relevant concepts from the clinical records [8,9]. It has been already 
applied to identify predictors of suicide from EHR [8] and social media 
[9]. 

Recently, transfer learning-based methods such as Bidirectional 
Encoder Representations from Transformers (BERT) have gained a lot of 
attention [10]. Briefly, transfer learning rests on the idea that pre- 
trained word embeddings [11] learned from large amounts of training 

data (e.g., Wikipedia articles) using deep learning models already 
contain a significant amount of information that is relevant for more 
specific downstream tasks, including NER in clinical documents. Lee 
et al. [12] published BioBERT which is additionally trained on PubMed 
and PubMed Central articles, achieving state-of-the-art results in several 
biomedical natural language processing (NLP) tasks. Similarly, for the 
clinical domain, Alsentzer et al. [13] have created Clinical BERT em
beddings by performing a pre-training on 2 million freely available 
clinical notes [14] using the BERT architecture [10]. To our knowledge 
no transformers-based language model has yet been applied to German 
clinical data. An extended description of the related work is included in 
Supplementary. 

In this work, we introduce a text mining approach to extract key 
clinical information from MSE documents. As a first step, we extracted 
MSE containing documents from the clinical information system and 
prepared a manually annotated dataset. The text mining system was 
implemented as a two-step procedure for 1) deep learning-based 
recognition of relevant entities, such as psychological assessments 
(NER), and 2) mapping to the standard AMDP terminology (entity 
linking). For NER, we fine-tuned a freely available deep learning-based 
general language understanding model, so called GermanBERT [15], 
that is pre-trained on German textual content. Additionally, we evalu
ated our text mining system thoroughly based on an independent test set 
and demonstrate the promising prediction performance. Finally, we 
applied our workflow to identify psychopathological symptoms from an 
enhanced set of psychiatric patient data. We also self-assess the quality 
of our medical AI work that employs medical data using the IJMEDI 
checklist [16] (included in Supplementary). 

2. Materials and methods 

2.1. Study data 

2.1.1. Sample selection 
We selected a set of MSE texts from discharge summaries, which are 

issued when or after the patient leaves the care of the hospital as the 
primary communication mechanism between hospitals and other 
healthcare providers. More than 30.000 German documents of this kind 
are available in the electronic archives of the Department of Psychiatry 
and Psychotherapy, University Hospital Aachen (UKAachen). For the 
current study, MSE sections of 660 patients were isolated from the 
discharge summaries of (pseudo-)randomly selected patients from 
various ranges of mental disorders, who received treatment in the 
inpatient services of UKAachen between 2014 and 2019. Patients’ 
identification information (such as names, gender) were removed from 
all study data. The study data consists of two different datasets – an 
annotated dataset used for system training and evaluation, and an 
additional unlabeled dataset for later system application. Note that the 
additional dataset has no label annotations and thus cannot be used for 
model evaluation purposes. The dataset for training consisted of 100 
documents, which were randomly chosen out of the 150 annotated 
documents. The remaining 50 annotated documents were used as in
dependent test data. 

Table 1 shows the demographics of the patient collective (n = 150) of 
the dataset for system training and evaluation in which 75 (50%) were 

Fig. 1. An exemplary MSE report.  
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female and 75 (50%) were male. The sample is further characterized by 
the categories of mental disorders encoded with ICD-10 [17] diagnoses, 
since various disorders are expected to be differential in MSE outcomes 
(Supplementary Table S1). Whereas the additional dataset of anony
mized, unannotated psychiatric discharge summaries from years 2017 to 
2019 was used to predict the patients’ symptoms by applying the 
developed system. In total, we extracted 510 MSEs (170 MSEs for each of 
the three categories; see Supplementary Table S1) from discharge 
summaries. 

2.2. Data annotation 

To build the gold standard, MSEs have been tagged by a medical 
expert with the following label types: 1) Attribute: assessed components, 
2) NormalAssessment (related to a component), and 3) Pathologica
lAassessment (related to a component) and further verified by a board- 
certified psychiatrist. Fig. 2 shows exemplary excerpts of two MSEs. 
Furthermore, the phrases that have been labeled with the type Patho
logicalAssessment in combination with their related attributes were 
mapped to the AMDP terminology (Fig. 3). The mapping was performed 
only for this label type, because the AMDP terminology only covers the 
pathological mental states. The annotation guidelines are included in 
Supplementary. 

2.3. Ethics and data protection 

The data used for this retrospective research is considered as “real- 
world data” collected during the primary mental health care in hospital. 
The use of patients’ data for the current research was approved by “the 
Medical Ethics Committee” at the RWTH Aachen Faculty of Medicine 

(EK 349/20). 

3. Methodology 

In order to automatically detect entities in MSEs, we employed the 
widely used approach of fine-tuning a pre-trained language model on a 
given task-specific dataset. One of the most well-known deep learning 
models used for this type of approach is Bidirectional Encoder Repre
sentations from Transformers (BERT) [10]. BERT fully relies on using 
attention functions [18] to learn token embeddings. The original BERT 
model is limited to the English language. However, recently, a version 
for the German language (GermanBERT [15]) has been made publicly 
available. Following the example of the BERT transfer learning 
approach, GermanBERT [15] forms the equivalent adaptation of the 
language model to the German language domain. Using the same 
hyperparameters as the original BERTBASE [10] model, the GermanBERT 
[15] model was trained from scratch on the German Wikipedia dump, 
the OpenLegalData [19] dump and German news articles. In this work, 
we further fine-tuned GermanBERT on our study data to recognize the 
defined entity classes. Once the model is fine-tuned on the MSEs, it can 
be used to predict new labels on other unseen examinations. Lastly, the 
identified entities are mapped / normalized to the best matching AMDP 
concepts. A summary of the overall workflow is shown in Fig. 4. 

3.1. Preprocessing datasets for Fine-Tuning process 

For NER, the offsets of the annotated entities, which represent the 
actual position in text, were first converted into an inside-outside- 
beginning (IOB) format [20] (see Fig. 5). Overall, there were a total of 
nine labels present in the token classification setting. Seven of them 
represented the IOB scheme, namely one outside class, together with the 
beginning and inside labels for each of the three original annotation 
classes. Additionally, there were two more labels for padding and 
tagging sub words of a labelled entity. Afterwards, the documents were 
segmented into single sentences. Only sentences containing entities 
were considered for fine-tuning GermanBERT. 

3.2. Fine-tuning GermanBERT on study data for entity recognition 

Based on the pre-trained GermanBERT model, a tokenizer and a 
language model were initialized. To adapt the general-purpose language 
model to the given entity recognition task, a token classification head 
consisting of a feed-forward and a softmax layer was added on top of the 
output of the GermanBERT model. More precisely, this final output layer 
represented each possible token label (resulting in dimout = 9) and, 
additionally, was fully connected to the previous layer (of dimension 
768). 

After tokenization and preprocessing, the training data was used 
within a 5-fold cross-validation to fit and optimize the parameters of the 
model. The respective hyperparameters are listed in Supplementary 
Table S3. For assessing the performance of the fine-tuned models, we 
used entity-level precision, recall, and F1-scores, both separately for 
each class, as well as the micro and macro averages of all classes. 

Table 1 
Demographics of the patient collective of two different datasets for system 
training and evaluation, and for system application.   

Dataset for system training 
and evaluation 

Dataset for system 
application 

Total n = 150 (training = 100 and 
test = 50) 

n = 510 

Gender 75 female, 75 male 223 female, 287 male 
Age at date of discharge 

(years) 
44.52 (mean) 
17.56 (standard deviation) 

48.66 (mean) 
12.08 (standard 
deviation) 

Retrospective time span 2014 – 2018 2017 – 2019  

Table 2 
Total number of manual annotations for each class appearing in the 
annotated set of 150 documents.  

Class Total annotations 

Attribute 3,423 
NormalAssessment 1,734 
PathologicalAssessment 1,302 
AMDP concept 1,276  

Fig. 2. Exemplary excerpts from the MSE document. The gold standard annotation of the attributes is represented by the green boxes. Each attribute of the type 
NormalAssessment or PathologicalAssessment is related to an annotation of the type Attribute. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 
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Precision =

∑
true positive

∑
true positive + false positive  

recall =
∑

true positive
∑

true positive + false negative  

F1 − score = 2⋅
precision⋅recall

precision + recall  

3.3. Linking to AMDP terminology 

Our initial empirical experiments showed that due to the small size of 
AMDP annotations, training of a robust machine learning (ML) model to 
map pathologically assessed attributes to AMDP terminology was not yet 
feasible. Therefore, we implemented a traditional dictionary-lookup 
algorithm to link the mentions to AMDP. The dictionary is derived in 
a multi-step process. First, we gathered all linked mentions of patho
logically assessed attributes from the training data. In a second step, we 
concatenated the mentions of both classes to generate synonyms for the 

AMDP concepts appearing in training data. Next, we derived further 
synonyms by also considering the labels of all available AMDP concepts 
in the terminology themselves. Finally, we merged the synonyms and 
harmonized (such as lower casing, removal of special characters) them 
in a post-processing step. 

This dictionary was used as the main resource for the matching al
gorithm that was used to link mentions of attribute and pathological 
assessment classes to AMDP terminology. After processing the docu
ments with the ML-based named entity recognition, the detected entities 
were used as an input to the matching algorithm. As a first step, the 
sentences containing attribute and pathological assessment entities were 
filtered for further processing. A rule was defined to link the mentions of 
attributes to pathological assessments. The entities were linked to build 
pairwise combinations. The mentions of pairwise combinations are 
concatenated, which are further labeled as queries. Furthermore, a 
stemming approach, using the German Snowball stemmer, was applied 
on the synonyms of the dictionary and on the queries. Now, with the 
exact string match the queries were compared with the synonyms. If no 

Fig. 3. An annotated sentence that relates the Attribute “Konzentration” (English: concentration) and its pathological assessment “herabgesetzt” (English: reduced) 
to the AMDP concept “Konzentrationsstörungen” (ID: AMDP:10) (English: concentration disturbance). 

Fig. 4. Outline of the general workflow used for the analysis of MSE reports, consisting of the fine-tuning procedure of the pre-trained GermanBERT model, as well as 
additional pre- and post-processing steps. Sentences are used as input, as described by the (simplified) input cells in the entity labeling box. The entity labels are 
normalized in the entity normalization procedure to the AMDP terminology. The results are then further loaded in the database of the HIS. 
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result was found, a fuzzy string match was performed. In our experi
ments, on the validation set we found a threshold of 91 as the best value 
for the fuzzy string-matching algorithm (see Section Implementation). 
This value was further used as a threshold for the final system. 

3.4. Implementation 

The system has been implemented with Java and Python. We use a 
modified version of BratReader from the DKPro Core [21] library to read 
the annotated documents and create a JSON document for further pro
cessing. We employed the spaCy library [22] for converting text into IOB 
format. The deep learning-based model for entity recognition was based 
on the Framework for Adapting Representation Models (FARM) [23] 
that internally uses the PyTorch implementation of the pre-trained 
model in the Transformers [24] library. The machine learning life
cycle was managed with the Mlflow [25] library that allows for logging 
all training and evaluation experiments as well as metrics and models. 
For entity normalization, German Snowball stemmer [26] integrated in 
pystemmer [27] was used to perform stemming of German tokens and 
fuzzywuzzy [28] was used to execute fuzzy string matching. 

3.5. Data availability 

The data that support the findings of this study are available on 
request from the corresponding authors, but restrictions apply to the 
availability of these data. The data are not publicly available due to data 
protection and privacy reasons as they represent sensitive patient data. 

4. Results 

4.1. Datasets 

Data was obtained from the health care records of the Dept. of Psy
chiatry and Psychotherapy, RWTH Aachen University Hospital for 
training and evaluation of the models. A total of 150 documents were 
annotated manually with several classes. Table 2 contains the total 
number of annotations for each class. All the annotations were per
formed on the sentence level. In the annotated dataset 1,089 Attribute 
annotations can be found. These attributes have been further linked to 
mentions that are annotated with two classes NormalAssessment (569 
entries) and PathologicalAssessment (386 entries). The pathological 
assessed attributes are normalized with the AMDP terminology. In total 
773 AMDP concepts have been linked to 386 pathological assessed 
attributes. 

Table 3 lists 10 top lower-cased annotations for each of the important 
classes that appear in the annotated dataset. The most common attri
butes are wach, stimmung, konzentration, and antrieb. The most common 
pathological AMDP concepts that appear in the dataset are Dysphorisch 
(eng. Dysphoric), Affektarm (eng. Emotionless), Konzentrationsstörungen 
(eng. Concentration disorders), Antriebsarm (eng. Less energized). 

4.2. Entity recognition 

To detect the mentions of each class, we used the pre-trained Ger
manBERT model and fine-tuned it on the MSE documents. For this 
purpose, we initially split the entire dataset into a training dataset (100 
documents) and a test dataset (50 documents) at random. To identify the 
best possible model variant based on the training data we employed 5- 
fold cross-validation. Based on the performance assessed through 
cross-validation (detailed results are included under Section Cross- 
Validation Results in Supplementary), we use the optimized hyper
parameters to train the final model on the whole training dataset. The 
generalization performance of the final model was assessed on the held- 
out test set of 50 documents. Table 4 presents the classification scores for 
each class on the test set averaged over five runs (the results of the 
training performance are included in Supplementary Table S2). We 
reached a precision of 89.0%, a recall of 87.4%, and an F1-score of 

Fig. 5. Exemplary sentence taken from the preprocessed MSE reports. B-ATTR, 
I-ATTR and B-NORM denote the beginning of an attribute, inside of an attri
bute, and beginning of a normal assessment entity, respectively. Any word that 
is not belonging to one of the three classes is labelled with O (meaning outside). 

Table 3 
The most frequent annotations for Attributes, NormalAssessments, PathologicalAssessments, and AMDP concepts appearing in the annotated dataset. Some of the 
entries (such as “wach”, eng. Alert, or “ängste”, eng. Fears) count as Attributes and normal/pathological assessments at the same time and might appear in different 
classes.  

Attributes (n) NormalAssessments (n) PathologicalAssessments (n) AMDP Concepts (n) 

wach 47 kein 126 reduziert 60 Dysphorisch (AMDP:67) 67 
stimmung 47 orientiert 50 gedrückt 21 Affektarm (AMDP:61) 54 
konzentration 46 wach 46 ängste 17 Konzentrationsstörungen (AMDP:10) 52 
antrieb 46 klar 37 verlangsamt 14 Antriebsarm (AMDP:80) 47 
kontakt 41 geordnet 33 distanziert 14 Aufmerksamkeitsstörungen (AMDP:152) 44 
aufmerksamkeit 40 kein anhalt 26 herabgesetzt 11 Auffassungsstörungen (AMDP:9) 31 
ich-störung 40 freundlich 24 angespannt 11 Motorisch unruhig (AMDP:83) 24 
suizidalität 39 gepflegt 21 depressiv 11 Affektstarr (AMDP:79) 22 
affekt 36 keine hinweise 20 vermindert 10 Ängste (AMDP:153) 21 
bewusstsein 36 ruhig 16 beeinträchtigt 8 Affektlabil (AMDP:77) 20  

Table 4 
Precision, recall and F1-score on the test dataset (50 documents) of the NER on 
MSEs task, averaged over five runs. Support column informs about the total 
number of instances of each class in the test dataset.   

Precision (%) Recall (%) F1-score (%) Support 

Attribute 89.0 ± 0.0 87.4 ± 1.2 88.6 ± 0.8 795 
Pathological Assessment 87.4 ± 2.0 85.0 ± 0.0 86.2 ± 1.0 314 
Normal Assessment 86.6 ± 2.0 85.6 ± 1.2 86.2 ± 1.6 282 
macro average 88.0 ± 0.0 87.0 ± 0.0 87.0 ± 0.0 1,391 
micro average 88.0 ± 0.0 87.0 ± 0.0 87.0 ± 0.0 1,391  
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88.6% for the detection of Attribute class. The PathologicalAssessment 
and NormalAssessment classes are both detected with an F1-score of 
86.2%. For all three classes, the scores are significantly better than 
achieved through cross validating the models. In summary, the valida
tion on an unseen test set reveals that the model is quite generalizable 
and robust in terms of entity detection. 

4.3. Extraction of AMDP concepts 

One of the goals of the current work is to delineate the pathological 
attributes as AMDP concepts. For this purpose, the extracted patient 
attributes are first linked with their assessment. If pathological, they 
have been mapped to the corresponding concepts from the AMDP ter
minology. Table 5 shows the results of the extraction of AMDP concepts 
by using the algorithm mentioned in Section Normalization to AMDP on 
the test set. We reached a precision of 90.0%, a recall of 92.0%, and an 
F1-score of 91.0%. 

4.4. System application on additional patient records 

Next, we applied the developed system to the additional dataset of 
510 unannotated MSEs. The system could detect 7,047 Attribute 
(unique: 183), 3,073 NormalAssessment (unique:67), and 2,254 Path
ologicalAssessment entities (unique: 157). Furthermore, the mapping to 
the AMDP terminology retrieved a total of 2,197 AMDP concepts 
(unique: 44). Table 6 provides an overview of the top 10 annotations 
with their associated total amounts of the available classes. Most 
importantly, 7 out of top 10 AMDP concepts in the annotated training 
dataset are identical to the results of this dataset (Table 6). 

5. Discussion 

Most of the clinical routine data in the mental health discipline is 
recorded as text documents. Therefore, text mining techniques are 
becoming crucial for extraction of relevant information. In this work, we 
present the first text mining approach to mental health data analytics in 
the German speaking region. We focused on MSE as the main part of the 
clinical evaluation of psychiatric patients and a standard for communi
cating the evaluation results. A pre-trained deep neural network (Ger
manBERT [15]) have been fine-tuned to identify relevant attributes and 
psychological assessments in German clinical routine data. In a further 
step, a method to relate the extracted information to AMDP, a standard 
terminology for psychopathology, have been implemented. We vali
dated the results of the approach on an independent test set to demon
strate the robustness of the method. Finally, we applied the workflow on 
a larger clinical dataset, which returns a set of symptom variables for 
further clinical and research data analyses. 

Based on the expert annotation of our dataset, consisting of 150 MSE, 
90% of the MSE pathological entities could be referred to the AMDP 
symptom list, which confirms the efficacy of this system in normalizing 
the unstructured MSE in routine data. The fine-tuned model that detects 
various entities such as attributes and their assessment as normal or 
pathological reached an F1-score of around 86% on test dataset for all 
entity classes, which is a quite reasonable performance. Furthermore, 
the mapping / normalization of the pathological symptoms to AMDP 
terminology achieved a high F1-score of 91%. These promising results 
encourage future efforts towards automatically structuring the clinical 
notes from the EHRs. Our results revealed that the AMDP concept of 
dysphoria has been most frequently identified in the MSE reports, 

suggesting evaluation of dysphoria to be the focus of clinicians. Other 
frequent AMDP concepts include emotionality, concentration, and drive. 
Altogether, it can be inferred that the clinicians use the MSE as a tool to 
observe and assess the patient’s current mental state with a focus on 
affective evaluations. Text mining of MSE reports in EHR might pri
marily inform about the affective signs and symptoms. Several psychi
atric attributes are reported rarely. As for now, we have only analyzed 
MSE of 660 patients through our information extraction pipeline, which 
may not comprehensively cover more diverse psychiatric attributes. 
Therefore, we plan to extend the work with a broader analysis of addi
tional MSE reports that could reveal interesting associations. 

The AMDP terminology has been developed to introduce a system
atic to the terminology of psychopathology. The purpose for its devel
opment was a comparable and reliable documentation of evaluation 
results in clinical practice and research [4]. The AMDP system offers 100 
psychopathological (and 40 somatic) definable symptoms, sorted in 
main categories as individual entries. We suggest the AMDP system can 
be used as a normative reference for the identified entities in text mining 
of MSE documents. That mentioned, the standard clinical terminology 
SNOMED-CT is quite popular for documenting patient clinical infor
mation in many countries. Recently, Germany has become a new 
member of the SNOMED International consortium and will start to apply 
this terminology in clinical research and practice. We suggest that in the 
near future a mapping of AMDP to SNOMED-CT will be required for a 
consistent harmonization of mental health care data to assure the 
convergence of clinical interpretations and machine-readable codes. 
This mapping might be also indicated as SNOMED-CT is likely to code 
specific items, while AMDP is a comprehensive system that includes the 
normal findings and unmentioned attributes. 

The current workflow is based on costly manual extraction of the 
MSE section from the discharge summaries for training data creation. To 
speed up and improve the workflow further approaches are needed to 
include automatic segmentation of the MSE section in the clinical doc
uments. A further point for future development is identifying the 
severity of disease symptoms and predicting ICD-10 codes directly from 
the collection of symptoms. Such approaches offer a great potential for a 
more cost-effective coding for secondary use of clinical data, for example 
in scientific research or in the context of insurance claims. Extending the 
text mining techniques to other clinical text sections like medical history 
and nursing reports is a useful further step for capturing the data needed 
for a broad biopsychosocial phenotyping. To test and improve the 
generalizability of the workflow, further future research is planned by 
applying the workflow to documents from multiple clinical centers. 

6. Conclusion 

In this study, we constructed a text analysis system composed of a 
neural network model and a traditional NLP and rule-based analysis 
methods extracting mental state attributes from the psychiatric 
discharge summaries. Routine clinical data was used for training, test, 
and validation. The proposed approach achieved promising results. 
Automatized transforming unstructured texts into a structured format, 
the standard AMDP terminology, enables identification of meaningful 
patterns and new insights from the clinical routine data in the psychi
atric discipline. 
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Summary Points. 
“What was already known on the topic”:  

• Application of routine data in mental health investigations has been 
very limited to date.  

• The major obstacle has been the unstructured information, mainly as 
text-based documents.  

• Hazewinkel et al. [6] and Sohn et al. [7] have analyzed Dutch and 
English EHRs from psychiatry to obtain frequently used concepts and 
drug side effects.  

• To our knowledge, extraction of psychiatric attributes and symptoms 
has not been scientifically explored yet. 

“What this study added to our knowledge”: 

• We propose a text mining system for extraction of the relevant in
formation from the mental health examination records, which we 
evaluated on an independent dataset.  

• A deep-learning approach has been applied to identify the relevant 
attributes in the mental state examination records.  

• We created a system to link the attributes to the AMDP standard 
terminology to semantically enhance the data and make it 
interoperable.  

• We achieved encouraging results and demonstrated the feasibility of 
using text mining methods to extract relevant information from pa
tient data, which can be used in future for mental health research. 

Appendix A. Supplementary data 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.ijmedinf.2022.104724. 
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SUMMARY

Prediction and understanding of virus-host protein-protein interactions (PPIs) have relevance for the devel-
opment of novel therapeutic interventions. In addition, virus-like particles open novel opportunities to deliver
therapeutics to targeted cell types and tissues. Given our incomplete knowledge of PPIs on the one hand and
the cost and time associated with experimental procedures on the other, we here propose a deep learning
approach to predict virus-host PPIs. Our method (Siamese Tailored deep sequence Embedding of Proteins
[STEP]) is based on recent deep protein sequence embedding techniques, which we integrate into a Siamese
neural network. After showing the state-of-the-art performance of STEP on external datasets, we apply it to
two use cases, severe acute respiratory syndrome coronavirus 2 and John Cunningham polyomavirus, to
predict virus-host PPIs. Altogether our work highlights the potential of deep sequence embedding tech-
niques originating from the field of NLP as well as explainable artificial intelligence methods for the analysis
of biological sequences.

INTRODUCTION

Viral infections can cause severe tissue-specific damage to hu-

man health. In case of the infection of brain cells, severe neuro-

logical disorders can be the consequence.1 Accordingly, predic-

tion and understanding of tissue-specific virus-host interactions

is important for designing targeted therapeutic intervention stra-

tegies. At the same time virus-like particles (VLPs), such as John

CunninghamVLPs, open novel opportunities to deliver therapeu-

tic compounds to targeted brain cells and tissues, because

THE BIGGER PICTURE The development of novel cell and tissue-specific therapies requires a profound
knowledge about protein-protein interactions (PPIs). Identifying these PPIs with experimental approaches
such as biochemical assays or yeast two-hybrid screens is cumbersome, costly, and at the same time diffi-
cult to scale. Computational approaches can help to prioritize huge amounts of possible PPIs by learning
from biological sequences plus already known PPIs. In this work, we developed an approach that is based
on recent deep protein sequence embedding techniques, whichwe integrate into a Siamese neural network
architecture. We use this approach to train models by using protein sequence information and known PPIs.
We apply the models to two use cases to predict virus protein to human host interactions. Altogether our
work highlights the potential of deep sequence embedding techniques as well as explainable artificial intel-
ligence methods for the analysis of biological sequence data.

Development/Pre-production:Data science output has been
rolled out/validated across multiple domains/problems
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these proteins have the ability to cross the blood-brain barrier.2

Hence, it is also relevant from a therapeutic perspective to know

the binding of VLPs to potential drug receptors in the brain.

The knowledge about virus-host interactions covered in data-

bases like VirHostNet3 is limited. While various experimental ap-

proaches exist to measure PPIs, including yeast two-hybrid

screens, biochemical assays, and chromatography,4 these

methods are often time consuming, laborious, costly, and diffi-

cult to scale to large numbers of possible PPIs. Thus, computa-

tional methods have been proposed that use various types of

protein information to predict PPIs. Older approaches focused

on predicting PPIs either using structure and/or genomic context

of proteins.5 Other approaches6,7 suggested classical machine

learning algorithms (such as support vector machines) in combi-

nation with manually engineered features derived from protein

sequences to predict PPIs.

In recent years, deep learning-based approaches8–11 have

become popular and have increasingly superseded traditional

machine learning approaches for the prediction of PPIs. Often

these approaches use known PPIs from established PPI data-

bases (e.g., BioGrid, IntAct, STRING, human protein references

database, VirHostNet)3,12–15 to generate datasets to train deep

neural network architectures. Some of thesemethods use recent

network representation learning techniques to complete a

known virus-host PPI graph.16 Other authors focused on protein

sequences to predict PPIs. For example, Sun et al.8 and Wang

et al.9 proposed using a stacked autoencoder. Chen et al.17

developed a deep learning framework using a Siamese neural ar-

chitecture to predict binary and multi-class PPIs. Tsukiyama

et al.10 recently proposed a long short-term memory (LSTM)-

based model on top of a classical word2vec embedding of

sequences to predict human-virus PPIs by using protein se-

quences. Using the same embedding technique, Liu-Wei

et al.18 developed an approach that predicts host-virus PPIs

for multiple viruses considering their taxonomic relationships.

In the last few years, transfer learning-based approaches from

the natural language processing (NLP) area have massively

impacted the field of protein bioinformatics.19–21 These methods

are trained on a huge amount of protein sequences to learn infor-

mative features of protein sequences. For instance, Elnaggar

et al.19 used 2.1 billion protein sequences for the pre-training

of ProtTrans, a collection of transformer models originally stem-

ming from the NLP field. Such methods allow the transformation

of a protein sequence into a vector representation, which can

subsequently be used efficiently for various downstream tasks,

e.g., protein family classification.22 There are several advantages

of using the available pre-trained transformer models, such as

avoiding the error-prone design of hand-crafted features to

encode protein sequences and, correspondingly, a much more

efficient development of new AI models with a potentially higher

prediction performance.

In this article, we introduce a novel deep learning architecture

combining the recently published ProtBERT19 deep sequence

embedding approach with a Siamese neural network to predict

PPIs by using the primary sequences of protein pairs. While

recent publications generally follow a similar strategy, they

have used more traditional sequence embedding methods.10

To our knowledge, our work thus constitutes the first attempt

to evaluate the use of the most recent, pre-trained transformer

models to obtain a deep learning-based biological sequence

embedding for PPI prediction. After evaluating the promising

prediction performance of our method (Siamese Tailored deep

sequence Embedding of Proteins [STEP]), we use it for two

cases: (i) predicting interactions of the John Cunningham polyo-

mavirus (JCV) major capsid protein VP1 (UniProt:P03089) with

human receptors in the brain, and (ii) predicting interactions of

the severe acute respiratory syndrome coronavirus 2 (SARS-

CoV-2) spike glycoprotein (UniProt:P0DTC2) with human recep-

tors. Predicted interactions in both cases demonstrate a clear

interpretation in the light of existing literature knowledge, hence

supporting the biological relevance of predictions made by our

method.

In this study, we make four contributions to the state-of-the-

art. First, we construct a novel deep learning architecture

STEP for virus-host PPI prediction that requires only the protein

sequences as the input and discards the need of handcrafted or

other types of features. Second, we demonstrate that using

transformer-based models for PPI prediction achieves at least

state-of-the-art performance for PPI prediction. In computer

vision and NLP, such transformer-based models have shown

that they are well suited for learning contextual relationships

hidden in sequential data. However, these have not yet been

applied to the field of PPI prediction. Hence, we use and build

on the huge effort of Elnaggar et al.,19 who published a pre-

trained ProtBERT model that was trained on more than 2 billion

amino acid sequences. In addition, we demonstrate that using

transfer learning in STEP achieves state-of-the-art performance,

for which we evaluated STEP onmultiple publicly available virus-

host and host-host PPI datasets. Third, we predict interactions

for two viruses that are known to cause serious diseases and

provide an interpretation on those predictions demonstrating

the support through existing literature knowledge. Last, we

show how experimental explainable AI (XAI) techniques could

be used to identify regions in protein amino acid sequences

that attribute to the prediction of PPI.

RESULTS

Comparative evaluation of STEP with state-of-the-
art work
We performed a head-to-head comparison of our STEP archi-

tecture (Figure 2) on three different datasets published by Tsu-

kiyama et al.,10 Guo et al.,23 and Sun et al.8 Tsukiyama et al.10

recently published the LSTM-PHV Siamese model, which uses

a more traditional word2vec sequence embedding. The dataset

published by the authors consists of host-virus PPIs that were

retrieved through the Host-Pathogen Interaction Database24

3.0. In total, the dataset consists of 22,383 PPIs with 5,882 hu-

man and 996 virus proteins. Additionally, it includes artificially

sampled negative instances with the positive to negative ratio

of 1:10. The authors themselves compared LSTM-PHV on their

dataset against a random Forest approach by Yang et al.25

Guo et al.23 published a yeast PPI dataset and used support vec-

tor machines to build a PPI detection model. Sun et al.8 created a

dataset using human protein references database, which con-

tains human-human PPIs. Tsukiyama et al.10 and Guo et al.23

performed a five-fold cross-validation (CV) experiment, whereas

Sun et al.8 used a 10-fold CV setting. We evaluated our STEP
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architecture using the exact same datasets with the exact same

data splits as the authors of the compared methods. STEP was

initialized with the hyperparameters shown in Table S1. Table 1

shows the results of all experiments, demonstrating at least

state-of-the-art performance of our method. Additionally, we

can conclude that our approach compared on exactly the

same data published by Tsukiyama et al.10 performs similar to

their LSTM-PHV method and better than the approach by

Yang et al25

Finally, we also evaluated our STEP architecture on two addi-

tional tasks, namely, PPI type prediction and a PPI binding affin-

ity estimation using the data and the CV setup provided by Chen

et al.17 For both tasks, we reached at least state-of-the-art per-

formances with our approach (see Note S1.1. and Table S4).

Prediction of JCV major capsid protein VP1 interactions
We split the brain tissue-specific interactome dataset including

all positive and pseudo-negative interactions into training

(60%), validation (20%), and test (20%) datasets. The validation

set was used for tuning hyperparameters of the model only (see

Table S5). After tuning on the validation set, we used our best

model tomake predictions on the hold-out test set. Figure 1 illus-

trates the area under receiver operator characteristic curve

(AUC) and precision-recall curve (AUPR). The model achieved

an AUC and AUPR of 88.78% and 88.32% on the unseen test

set, respectively. Also, on an extended test set with a ratio

1:10 of positive to pseudo-negative samples the results are quite

stable (see Table S6).

We used this STEP-brain model to predict interactions of the

JCV major capsid protein VP1 with all human receptors. Table 2

shows the top 10 predicted interactions that are ranked by the

score retrieved by the logistic output function of the model.

File S3 contains all the predicted interactions. According to the

method of integrated gradients, large parts of the VP1 sequence

contribute to our model’s prediction of the PPI with the top

ranked receptor KIAA1549 (Figure S4). More specifically, signal

peptide N-regions in KIAA1549 negatively contribute to the pre-

dicted class, whereas the beginning of the non-cytoplasmic

domain region is contributing positively.

Altogether, we observed a strong enrichment of VP1 interac-

tions predicted with olfactory, serotonin, amine, taste, and

acetylcholine receptors (Figure S2). Notably, neurotransmitter

(and specifically serotonin) receptors have previously been sug-

gested to be the entry of the virus into myelin-producing glial

brain cells,26 causing progressive multifocal leukoencephalop-

athy as a fast progressing and life-threatening neurodegenera-

tive disorder.27 Furthermore, we found an enrichment of tyrosine

kinase activity (Figure S3), which is in line with the fact that tyro-

sine kinase inhibitors have been suggested as therapy against

JCV.28,29

We further performed an enrichment analysis with InterPro30

protein domains for the predicted interactions between JCV

major capsid protein VP1 and human receptors (Figure S5,

Table S7). In line with the gene ontology (GO) enrichment anal-

ysis, the two top-ranked protein domains Inter-Pro:IPR006029

and Inter-Pro:IPR006202 are neurotransmitter-gated ion

channel transmembrane domains that open transiently upon

binding of specific ligands, which then allow transmission

of signals at chemical synapses.31,32 Furthermore, the recep-

tor-type tyrosine-protein phosphatase/carbonic anhydrase

domain is enriched, which is in line with the enrichment of tyro-

sine kinase activity found via GO analysis. The enriched do-

mains Inter-Pro:IPR013106 (immunoglobulin V-set domain)

and Inter-Pro:IPR007110 (immunoglobulin-like domain) are

both immunoglobulin-like domains that are involved in cell-

cell recognition, cell surface receptors, and immune system

response,33 which play a role in the recognition of a virus

protein.

Table 1. Overview of the results of comparative evaluation of STEP on LSTM-PHV,10 yeast,23 and human PPI8 datasets

AUC AUPR F1 MCC

Comparative analysis on host-virus PPI dataset from Tsukiyama et al.10 via 5-fold CV

Tsukiyama et al.10 97.58% (±0.13%) 93.86% (±0.35%) 91,00% (±0.53%) 90.30% (±0.53%)

STEP (ours) 98.72% (±0.16%)* 95.71% (±0.51%)* 91.53% (± 0.65%)* 90.82% (±0.72%)*

Comparative analysis on single independent host-virus PPI test dataset from Tsukiyama et al.10

Yang et al.25 96.30% 81.00% 72.40% 69.70%

Tsukiyama et al.10 97.30% 93.80% 91.10%* 90.40%*

STEP (ours) 98.50%* 94.50%* 89.69% 88.76%

Comparative analysis on Yeast PPI dataset from Guo et al.23 via 5-fold CV

Guo et al.23 NA NA 87.34% (±1.33) 75.09% (±2.51%)

Chen et al.17 NA NA 97.09% (±0.23%) 94.17% (±0.48%)

STEP (ours) 99.61% (±0.10%) 99.58% (±0.17%) 97.37% (±0.27%)* 94.77% (±0.54%)*

Comparative analysis on Human PPI dataset from Sun et al.8 via 10-fold CV

Sun et al.8 NA NA 97.15% NA

STEP (ours) 99.74% (±0.03%) 99.66% (±0.04%) 98.84% (±0.09%)* 97.67% (±0.18%)

NA, not available in original publication.

For LSTM-PHV and Yeast PPI datasets, we applied a 5-fold CV similar to the authors of the given studies. For the Human PPI dataset of Sun et al.,8 we

applied a 10-fold CV for training the STEP models. The highest values are marked with asterisks. More details of each experiment can be found in

Tables S1–S3.
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Prediction of SARS-CoV-2 spike glycoprotein
interactions
We performed a nested CV procedure on the given SARS-CoV-2

interactions dataset. We used five outer and five inner loops to

validate the generalization performance and while performing

the hyperparameter optimization in the inner loop. In each outer

run, we created a stratified split of the interactome into train (4/5)

and test (1/5) datasets. In the nested run, we further split the

outer train dataset into train (1/5) and validation (1/5) datasets,

which were used to optimize the hyperparameters of the model

using the respective training data. The performance of the clas-

sifiers was evaluatedwith AUC andwas averaged over all nested

runs. The best identified hyperparameters (see Table S8) were

used to train the models in the outer loop. We retrieved a final

generalization performance of 83.42% (±3.91%) AUC and

84.02% (±4.58%) AUPR that was calculated by averaging the

prediction results of the outer loop (see Table 3). On an extended

test set with a ratio 1:10 of positive to pseudo-negative samples,

the results are stable for the AUC; however, the AUPR decreases

significantly (Tables S9 and S10).

We used the STEP-virus-host model obtained from the best

outer fold to predict interactions of the SARS-CoV-2 spike pro-

tein (alpha, delta, and omicron variants) with all human receptors

that were not already contained in VirHostNet (see Tables S11–

S13). File S4 contains all the predicted interactions for the omi-

cron variant. Interestingly, for all virus variants the sigma intracel-

lular receptor 2 (GeneCards:TMEM97; UniProt:Q5BJF2) was the

only one predicted with an outstanding high probability (of >70%

in all cases) (Tables S11–S13). The sigma 1 and 2 receptors are

thought to play a role in regulating cell survival, morphology, and

differentiation.34,35 In addition, the sigma receptors have been

proposed to be involved in the neuronal transmission of SARS-

CoV-2.36 They have been suggested as targets for therapeutic

intervention.37–39 Our results suggest that the antiviral effect

observed in cell lines treated with sigma receptor binding ligands

might be due to a modulated binding of the spike protein, thus

inhibiting virus entry into cells. In this context, an analysis via

the integrated gradients method shows that only parts of the

sigma 2 receptor and the SARS-CoV-2 spike protein contribute

to our model’s prediction of the PPI (Figure S6). More specif-

ically, the non-cytoplasmic domain and EXPERA domains

demonstrate positive integrated gradient scores, i.e., the exis-

tence of these domains influences our model to make the ac-

cording prediction.

DISCUSSION

Huge advancements have been made recently by applying deep

learning algorithms from NLP to protein bioinformatics. Protein

language models such as ProtTrans and ProtBERT,19 which

are trained on billions of protein sequences, learn informative

features through the transformation of sequences to vector rep-

resentations. These models previously showed their predictive

power in various tasks such as prediction of secondary structure

or classification of membrane proteins.19

In our work, we used ProtBERT within a specifically designed

Siamese neural network architecture to predict PPIs by only us-

ing the primary sequences of protein pairs. We trained our

models following a positive unlabeled (PU) learning scheme

and performed an extensive evaluation and hyperparameter

optimization of our models, demonstrating high prediction per-

formances for virus protein to human receptor interactions of

JCV and SARS-CoV-2. An additional head-to-head comparison

with the recently published method by Tsukiyama et al.10 using a

more traditional word2vec sequence embedding combined with

an LSTM unit revealed state-of-the-art prediction performance

of our STEP approach.

Interactions predicted by our proposed model between JCV

major capsid protein VP1 and receptors in brain cells showed

a strong enrichment of different neurotransmitters, including se-

rotonin receptors, which is in line with the current literature. For

the SARS-Cov-2 spike protein, our model interestingly predicted

for all virus variants an interaction with the sigma intracellular re-

ceptor 2, which might explain the cytopathic effects of sigma re-

ceptor binding ligands reported in the literature.38–40 In both

cases, recent techniques coming from the field of XAI allowed

us to interpret model predictions and identify those parts of pro-

tein sequences that, according to our model, mostly influence

the prediction of respective PPIs. Of course, a validation of these

predictions would require experimental procedures that are

beyond the scope of this article.

Altogether, our work demonstrates the potential of modern

deep learning-based biological sequence embeddings and

modern XAI techniques for bioinformatics. While in this article

Figure 1. Receiver operator characteristic (ROC) curve (left) andAUPR (right) obtained by applying the STEP-brainmodel on unseen test data
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we focused on JCV and SARS-CoV-2, our proposed model

could in future work be easily trained to predict interactions of

other viruses as well and, thus, contribute to the emerging set

of computational methods that might help to respond to future

epidemic and pandemic situations more effectively. In addition,

there is the potential to use our method in the context of modern

drug development approaches, which use virus-like particles to

deliver compounds to specific tissues and receptors.

EXPERIMENTAL PROCEDURES

Resource availability

Lead contact

Further information and requests for code and data should be directed to and

will be fulfilled by the lead contact, Holger Fröhlich (holger.froehlich@scai.

fraunhofer.de).

Materials availability

This study did not generate any physical materials.

Data and code availability

The data and source code are available at https://github.com/SCAI-

BIO/STEP.

Construction of datasets

Primary data sources

The following primary resources were used to create training and test datasets

in this work:

1. UniProt protein sequence dataset41 containing human protein se-

quences.

2. UniProt mapping dataset41 containing mappings to other databases.

3. VirHostNet dataset3 including virus-host interactions of SARS-CoV-2

spike glycoprotein.

4. PPT-Ohmnet dataset42 (https://snap.stanford.edu/biodata/datasets/

10013/10013-PPT-Ohmnet.html, accessed November 18, 2021) con-

taining brain tissue-specific protein-protein-interactions.

5. The GO43 receptor protein dataset containing annotation of proteins

as receptors and parts of protein complexes.

6. Sequences of JCV major capsid protein VP1 (https://www.uniprot.

org/uniprot/P03089, accessed on 18 November 2021) and SARS-

CoV-2 spike glycoprotein (https://www.uniprot.org/uniprot/P0DTC2,

accessed November 18, 2021).

7. Pathogen-host PPI training and test set provided by Tsukiyama et al.10

(http://kurata35.bio.kyutech.ac.jp/LSTM-PHV/download_page, ac-

cessed November 18, 2021) (used for comparative analysis).

8. Yeast PPI dataset from Guo et al.23 (used for comparative analysis).

9. Human PPI dataset from Sun et al.8 (used for comparative analysis).

10. PPI type prediction dataset SHS27k from Chen et al.17 (used for

comparative analysis).

11. PPI binding affinity estimation dataset from Chen et al.17 (used for

comparative analysis).

Construction of brain-specific protein-protein interactome dataset

We chose the PPT-Ohmnet database42 that includes tissue-specific human

PPIs collected from various sources. PPT-Ohmnet only takes physical PPIs

into account that are supported by experimental evidence (https://snap.

stanford.edu/biodata/datasets/10013/10013-PPT-Ohmnet.html). More spe-

cifically, interactions contained in PPT-Ohmnet were collected from various

curated databases such as TRANSFAC, IntAct, and MINT.44 The tissue infor-

mation for an interaction was inferred through the low-throughput tissue-spe-

cific gene expression data.45 The protein-protein interactome can be consid-

ered as a graph, in which the proteins represent nodes and the interactions

between them are considered as edges. Furthermore, every edge contains

Table 2. Top 10 predicted interactions of the JCVmajor capsid protein VP1 and human receptors ranked by the probability obtained by

our model

Rank

Receptor

protein ID Receptor protein name Score (in %) Associated GO molecular function

1 Q9HCM3 UPF0606 protein KIAA1549 99.31 –

2 O94991 SLIT and NTRK-like protein 5 99.09 protein binding

3 Q7Z443 polycystic kidney disease protein 1-like 3 98.68 calcium channel activity, sour taste receptor activity

4 O60840 voltage-dependent L-type calcium

channel subunit alpha-1F

98.63 high voltage-gated calcium channel activity, metal ion

binding

5 P13611 versican core protein 98.51 calcium ion binding, hyaluronic acid binding,

glycosaminoglycan binding, extracellular matrix structural

constituent conferring compression resistance

6 P23471 receptor-type tyrosine-protein

phosphatase zeta

98.33 protein tyrosine phosphatase activity, integrin binding,

protein binding, phosphatase activity, hydrolase activity,

phosphoprotein phosphatase activity, transmembrane

receptor protein tyrosine phosphatase activity

7 Q8N2Q7 neuroligin-1 98.33 neurexin family protein binding, signaling receptor activity,

identical protein binding, cell adhesion molecule binding,

scaffold protein binding, PDZ domain binding,

amyloid-beta binding

8 Q9BZV3 interphotoreceptor matrix proteoglycan 2 98.23 heparin binding, hyaluronic acid binding, extracellular

matrix structural constituent

9 P41968 melanocortin receptor 3 98.19 peptide hormone binding, G protein-coupled receptor

activity, melanocyte-stimulating hormone receptor activity,

neuropeptide binding, melanocortin receptor activity

10 P23470 receptor-type tyrosine-protein

phosphatase gamma

98.14 protein tyrosine phosphatase activity, identical protein

binding, phosphatase activity, transmembrane receptor

protein tyrosine phosphatase activity, hydrolase activity,

phosphoprotein phosphatase activity
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the information about the tissue type. In total, there are 144 tissue types with

4,510 proteins (nodes) and about 3,666,563 non-unique edges (interactions)

in the whole PPT-Ohmnet graph. More details about the creation and content

of the PPT-Ohmnet database can be found in Menche et al.44 and Greene

et al.45

We extracted all tissue types and manually filtered the ones specific for the

brain. In total, 36 brain-specific tissue types could be found from a total of 144

in the PPT-Ohmnet database (Figure S1). Using the information about brain

tissue specific co-expression of proteins, we filtered the PPT-Ohmnet

interactome. The final brain tissue-specific interactome contains 3,548 pro-

teins (nodes) and 977,990 non-unique edges (interactions). Furthermore, the

interactome contains 56,021 unique edges, from which 1,466 PPIs that

interact with themselves were excluded. In total, 54,555 PPIs were used for

further analysis. Figure S1 shows the distribution of proteins and their interac-

tions for each brain-specific tissue type. File S1 contains the brain-specific tis-

sue types.

We further enriched each interaction with information about the experi-

mental detection methods that were used. This information is not included in

PPT-Ohmnet; hence, we used BioGRID and IntAct as the two largest PPI da-

tabases to extract the experimental procedures, such as ‘‘pull down,’’ ‘‘two

hybrid,’’ by which the interactions were originally discovered. The list of exper-

imental procedures was further manually curated to filter out detection

methods considered as unreliable. Only PPIs detected by methods consid-

ered as reliable were used for further processing.

To train deep learning models, we retrieved the sequences of all proteins in

our PPIs from theUniProt database.We downloaded the human proteins data-

set from the manually curated part of UniProt—the so-called SwissProt.41

Next, we extracted for all proteins their sequences and metadata such as

name, ID, and label. In total, sequences for 20,396 human proteins could be

found. Finally, we filtered the PPIs and human receptor proteins for which

we found the sequences.

Construction of SARS-CoV-2 protein-protein interactome dataset

As a second dataset, we used the VirHostNet3 database to collect all PPIs be-

tween SARS-CoV-2 and human proteins. We extracted for all human and

SARS-CoV-2 proteins their sequences and metadata such as name, ID, and

label from SwissProt. Our VirHostNet interactome contained 334 PPIs

involving 338 proteins between SARS-CoV-2 and Homo sapiens.

Collection of human receptor proteins

To extract human receptor proteins, we first performed a search in GO for the

term ‘‘receptor.’’ The GO branch annotation ‘‘cellular components’’ was used

to filter only for proteins. The GO annotation ‘‘organism’’ was used to filter for

human proteins. In total, 2,075 results were found, in which 2,059 human re-

ceptor proteins and 16 human protein complexes were included. For further

analyses, we only focused on human receptor proteins, for which we retrieved

associated protein sequences from SwissProt. In total, sequences for 2,027

human receptor proteins could be found. File S2 includes the list of identified

human receptor proteins.

Preparation for PU learning

The goal of PPI detection is to learn amodel that is able to detect whether there

exists an interaction between two proteins. This task is often considered as a

binary classification problem that can be solved by training a classifier to

distinguish between positive and negative instances. However, the available

PPI databases just contain positive, true interactions. Interactions not listed

in a PPI databasemight still exist, but are possibly unknown today. PU learning

is a scheme where a machine learning algorithm only has access to positive

and unlabeled instances.46,47 In PU learning all non-existent or unknown

PPIs can be considered as ‘‘unlabeled’’ or as ‘‘pseudo-negatives’’; however,

they might also contain an unknown fraction of positive instances. Therefore,

PU learning amounts to constructing a binary classifier that ranks instances

with respect to the positive class conditional probability.

A popular strategy of PU learning is to first focus on the selection of reliable

negative instances. In a second step, a conventional binary classifier is trained

on positive and selected negative instances.46 There are two types of strate-

gies to sample pseudo-negative instances: random sampling or similarity-

based sampling. With the random sampling strategy, the negative instances

are created by randomly exchanging one of the partners in an interaction pro-

tein pair. While the similarity-based sampling considers the sequence similar-

ity (or dissimilarity) of proteins. An example of this strategy is the dissimilarity-

random-sampling method,48 also used by Tsukiyama et al.,10 which follows

the hypothesis that, if two viral proteins have similar sequences, a human pro-

tein that interacts with one of them cannot be paired with the other as a nega-

tive example. A sampling of highly dissimilar negative samples might result in

overly optimistic classification performances.10 Therefore, in our work, we

applied the random sampling approach to create negative instances. A major

challenge in this context is the high-class imbalance between positive and un-

labeled training instances in our data. Hence, we decided to randomly sub-

sample an equal number of pseudo-negatives.

Architecture and transfer learning of STEP

We used a deep Siamese neural network architecture while using transfer

learning to learn relevant, latent features of PPI pairs based on protein

sequences.

ProtBERT: Pre-trained embeddings of protein sequences

ProtBERT19 is a pre-trained model trained on approximately 2 billion protein

sequences using a masked language modeling objective.49 It is based on

the BERT model49 that was developed for the natural language domain. Here-

by, ProtBERT considers protein sequences as sentences and the so-called

building blocks of proteins—amino acids—as vocabulary. The ProtBERT

model, specifically the BFD variant19 used in this work, consists of 30 layers

with 16 attention heads and 1,024 hidden layers. It was trained by using the

Lamb50 optimizer for around 23.5 days on 128 compute nodes each containing

1,024 tensor processing units. During training, the language model learns to

extract the biophysical characteristics of proteins from billions of protein

sequences.

Siamese neural network architecture

Given a pair of proteins, we first obtained their sequences. These sequences

were then fed into a Siamese model architecture (Figure 2), in which the pre-

trained ProtBERT model was used to obtain embeddings of both protein

sequences. There are various ways to infer the relation between sequence

embeddings. Some researchers focus on concatenation and others focus

on element-wise multiplication (also known as Hadamard product) of both

sequence embeddings. In this work, we implemented an integration layer

that uses the Hadamard product to combine the sequence embeddings, as

it is often found to be the most effective way to model symmetric characteris-

tics of proteins.17

Classification head for PU learning

On top of the integration layer, we added a classification head represented by

multiple hidden layers (Figure 2). We designed the classification head as a

bottleneck-shaped architecture with a combination of dropout and linear

layers, which ended in an output layer using a logistic function and thus al-

lowed to rank protein pairs as either more likely to interact (positive) or not

(negative). Notably, a network with bottleneck structure introduces a gradual

decrease of the number of neurons per layer that allows the network to focus

on relevant information and discards redundant or irrelevant information.

Evaluation criteria

We evaluated our models using an independent test dataset. This consisted of

a defined fraction of known PPIs taken at random and excluded from training

plus a specified fraction of pseudo-negatives that were not part of the training

set. The performance was measured using the AUC and the AUPR.

It should be re-emphasized that in our data negative samples are those pro-

tein pairs for which an interaction is unknown. Therefore, we evaluated the

Table 3. Results of the outer loop folds retrieved during the

nested CV of STEP-virus-host model by using the test set with a

ratio of 1:1 positive to pseudo-negative instances

Outer fold AUC AUPR

1 88.17% 89.93%

2 86.83% 88.62%

3 77.03% 77.73%

4 82.52% 81.67%

5 82.56% 82.15%

Mean 83.42% (± 3.91%) 84.02% (±4.58%)
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Figure 2. Architecture of our STEP model that uses the Siamese neural network while using the ProtBERT embeddings
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ability of our models to enrich true positives at the beginning of a predicted

ranking of potential PPIs. This ability is exactly reflected by AUC and AUPR

measures, which are thus frequently used in the literature about PU learning.47

Notably, from a theoretical point of view the AUC estimated via PU learning

and the one from a fully labeled dataset are provably linearly correlated.51

Hyperparameter optimization

To tune our system, we performed an extensive Bayesian hyperparameter

optimization52 using the training data. Owing to the huge amount of training

time for a single trial, hyperparameter candidates were evaluated using a sin-

gle validation set consisting of a specified fraction of known PPIs plus an equal

amount of sub-sampled negatives. For each trial, intermediate and final perfor-

mances were assessed using the AUC measure and captured in an SQL

database for later analyses. The captured data were also used by the pruning

process of Optuna to stop unpromising trials at an early stage.53 Each optimi-

zation trial was executed on a 23 A100 NVIDIA GPUswith VMEMof 32 GB and

five trials were executed parallelly by using 103GPUs in total. The whole opti-

mization process took 10 full days by executing 116 trials in total. The evalu-

ated hyperparameter ranges and the best parameters are illustrated in

Tables S5 and S8.

Making STEP models explainable: An analysis of integrated

gradients

One of the main criticisms of modern deep learning approaches is their often-

perceived black box character. To address this concern, we aimed to under-

stand the influence of individual amino acids on model predictions. For that

purpose, we used the integrated gradients method,54 which offers an intuitive

and mathematically sound approach to explain predictions made by a deep

neural network. Integrated gradients require no modifications to the trained

model. Given an input sample (x˛Rn), integrated gradients rely on a base-

line/reference input sample (x0 ˛Rn), which we constructed using the concat-

enation of one class, multiple padding, and one separator token. For a STEP

model F : Rn/½0; 1�, integrated gradients are then obtained by accumulating

the partial derivatives vFðxÞ
vxi

with respect to input feature i while moving from the

reference x0 to the observed input x:54

IntegratedGradsiðxÞ =
�
xi � x0i

�
3

Z1

a = 0

vFðx0 +a3 ðx � x0ÞÞ
vxi

da

We used 1,000 steps to approximate the integrated gradients, as suggested

by Sundararajan et al.54 for highly nonlinear networks.

Gene set enrichment analysis

To better understand the biology of all ranked predictions in the individual use

cases, we performed a gene set enrichment analysis to investigate an enrich-

ment of gene sets listed in the Molecular Signatures Database55 (MsigDB). We

downloaded molecular function gene sets of the GO included as the collection

C5 from MsigDB (v7.4, MsigDB/c5.go.mf.v7.4.symbols.gmt and MsigDB/

c5.go.bp.v7.4.symbols.gmt). We considered a GO term to be statistically sig-

nificant if, after applying the multiple hypothesis testing correction with the

Benjamini-Hochberg method,56 its adjusted p value was less than 0.01.

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.
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Abstract
MicroRNAs (miRNAs) play important roles in post-transcriptional processes and regulate major cellular functions. The abnormal regulation of 
expression of miRNAs has been linked to numerous human diseases such as respiratory diseases, cancer, and neurodegenerative diseases. 
Latest miRNA–disease associations are predominantly found in unstructured biomedical literature. Retrieving these associations manually can 
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achieves an area under receiver operator characteristic curve of 98% on a holdout test set for the detection of miRNA–disease associations. We 
demonstrate the applicability of the approach by extracting new miRNA–disease associations from biomedical literature (PubMed and PubMed 
Central). We have shown through quantitative analysis and evaluation on three different neurodegenerative diseases that our approach can 
effectively extract miRNA–disease associations not yet available in public databases.
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Introduction
Short RNA molecules such as microRNAs (miRNAs) that 
bind to target messengerRNAs (mRNAs) play important roles 
in post-transcriptional processes and regulate major cellu-
lar functions [1]. Deregulation of expression of miRNAs, 
which impacts the gene expression patterns and disrupts 
cellular processes, has been associated with several human 
diseases such as respiratory diseases [2–4], cancer [1], and 
Alzheimer’s disease (AD) [5–7]. Targeting disease-associated 
mRNAs through selected miRNAs makes these molecules 
interesting candidates for therapy, which is even more of 
significance with further clinical advancements in miRNA 
delivering technologies [1]. However, this requires a thorough 
knowledge of the involvement of specific miRNAs in nor-
mal biological processes and in diseases, which is obtained 
through in vivo and in vitro experiments and published in 
research literature.

Extraction of such miRNA–disease associations from the 
literature can be performed through text mining techniques. 
In the past, Bagewadi et al. [8] proposed the extraction of 
miRNA, species, genes/proteins, and disease annotations and 
their relations by creating new corpora and utilizing rule-
based methods (such as regular expressions) and machine 
learning methods (such as support vector machines). They 
reached an F1-score of up to 76% for miRNA relations. In 
addition, Li et al. [9] created a rule-based text mining system 
called miRTex that focused on extracting just miRNA–gene 
and gene–miRNA regulation relations from scientific litera-
ture. Their final system achieved an F1-score of 88% on a test 
set of 150 PubMed abstracts; however, the recall (81%) was 
significantly lower than precision (96%), which is a common 
characteristic of a rule-based system. Gupta et al. [10] pro-
posed the miRiaD text mining tool, which reached an F1-score 
of 89.4% on a set of 200 sentences, to extract miRNA–disease 
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relations from the entire Medline identifying 8301 abstracts 
containing such relations. The tool BeFree, proposed by Bravo 
et al. [11], that exploits morphosyntactic information of the 
text reached an F1-score of 85% for the extraction of gene–
disease associations that also includes miRNAs. The results of 
BeFree are integrated in the DisGeNET database, a platform 
for disease genomics [12].

In the meantime, transformer-based general language mod-
els such as Bidirectional Encoder Representations from Trans-
formes (BERT) [13] or Generative Pre-trained Transformer 
(GPT) [14] have revolutionized the field of natural lan-
guage processing (NLP), as they can effectively represent 
long-term interactions in text using the built-in attention 
mechanism [15]. These models are pretrained on large text 
corpora to model the English language. Furthermore, vari-
ous biomedical domain-specific models such as BioBERT [16], 
BioMegatron [17], and ClinicalBERT [18] have been cre-
ated by additional pretraining on PubMed abstracts, PMC 
full-text documents, and clinical notes. These biological lan-
guage models have been proposed for various biomedical NLP 
(bioNLP) tasks, such as named entity recognition (NER), 
relation extraction (RE), and document classification. In the 
past, the bioNLP research has mostly focused on extract-
ing protein–protein interactions [19], drug–drug interactions 
[20], adverse effects detection [21], clinical entity extrac-
tion [22, 23], molecular event extraction [24], and more
[25, 26].

In this paper, we introduce a deep learning-based text min-
ing workflow that extracts miRNA–disease associations from 
the literature. The text mining workflow defines three differ-
ent tasks: (I) detection of miRNA and disease entities (NER), 
(II) linking of miRNA and disease entities to specific database 
identifiers [entity linking (EL)], and (III) detection of their 
associations (RE). We also create a new training dataset con-
taining miRNA–disease associations using distant learning 
from multiple databases, which is used to train the relation 
extraction model. After evaluating the promising prediction 
performance of our workflow, we use it to extract miRNA–
disease associations from PubMed between 2020 and 2023. 
We further discuss the predicted associations in the context 
of three diseases of interest. For re-usage, we publish the new 
corpus, the predicted associations, and the source code of our 
workflow.

Materials and methods
First, we describe all datasets that are required for the three 
tasks NER, EL, and RE. Next, the training, evaluation, 
and application of machine learning modeling approach are 
described in detail

Datasets
Collection of miRNA and disease entity recognition datasets
We used the openly available National Center for Biotechnol-
ogy Information (NCBI) Disease published by NCBI [27] and 
BioCreative V Chemical Disease Relation (BC5CDR Disease) 
[28] corpora that both contain disease mention annotations. 
These annotations also include entity links to concept identi-
fiers from the Medical Subject Headings (MeSH) database, 
whereas miRNA mentions are included in miRNA [8] and 
miRTex [9] corpora. For all datasets, we used the so-called 
Beginning-Inside-Outside-standoff format [29] for labeling 
the datasets, where ‘O’ is assigned to every token that does 

not represent an entity, ‘B’ corresponds to the first token of an 
entity, and ‘I’ is assigned to following tokens of an entity.

Building a corpus of miRNA–disease relations using distant 
supervision
Distant or weak supervision aims to create a training dataset 
(or corpus) by extracting instances from a single or multiple 
existing knowledge bases, in order to reduce the amount 
of manual curation effort [30]. To create a suitable train-
ing corpus containing miRNA–disease relations, we used 
two different databases, namely Human microRNA Disease 
Database 3 [31, 32] and miR2Disease [33]. We first applied 
rule-based approaches to extract miRNA and disease enti-
ties from PubMed abstracts using MiRNADetector [8] and 
JProMiner, a re-engineered NER algorithm based on the 
ProMiner software developed by Hanisch et al. [34]. In a post-
processing step, we filtered out sentences with no miRNA or 
disease annotations. Furthermore, sentences containing mul-
tiple miRNA or disease annotations were manually curated. 
We further extended our corpus with miRNA–disease rela-
tions published by [8]. An overview of all datasets used for 
training can be seen in Table 1, including some descriptive 
statistics on the number of mentions and relations for each 
individual dataset. 

Training and application of the miRNA–disease 
detection pipeline
General workflow
The miRNA–disease association detection workflow consists 
of two pipelines, which are illustrated in Fig. 1. The train-
ing and evaluation pipeline is used to train models that are 
able to detect miRNA and disease entities and their under-
lying associations between them. The inferencing pipeline is 
used to apply the trained models to detect miRNA–disease 
associations from huge text collections.

In the training and evaluation pipeline (Fig. 1), the first 
step consists of reading and preprocessing the NER and RE 
corpora. In the next step, we split the whole corpus in vari-
ous training, validation, and test sets. For NER, we performed 
tokenization of sentences and prepared the entities and result-
ing tokens for IOB-tagging. For RE, we also tokenized the 
sentences and masked the miRNA and disease entities with 
predefined tokens for further processing. As each model has 
its own specific wordpiece tokenization scheme, we utilized 
the model-specific tokenizer that converts the instances into 
fixed-sized vectors. In the next stage, these instances are used 
to fine-tune and optimize the pretrained models for both NER 
and RE tasks. A model evaluation and selection reveals the 
best models that can be used for prediction. The inferenc-
ing pipeline (Fig. 1) is designed to predict associations from 
text. First, documents from databases [PubMed and PubMed 
Central (PMC)] are prepared for inferencing. Subsequently, 
the models for NER and RE are applied to detect miRNA 
entities, disease entities, and their associations. In a normal-
ization step, the miRNA and disease entities are normalized to 
the specific database concepts, namely to Mirbase and MeSH 
identifiers.

Fine-tuning of BERT-based models
We used the BioBERT [16] and BioMegatron [17] models for 
our experiments. Both are based on the BERT model pub-
lished by Google [13], which is trained in a self-supervised 
manner on huge amounts of text that were obtained from 
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miRNA–disease relations extracted using transformer-based neural networks 3

Table 1. Overview of training and test dataset including number of sentences, mentions, and relations in each dataset

 Training  Test

NER class Dataset name Sentences (%) Mentions (%) Sentences (%) Mentions (%)

Disease NCBI Disease [27] 6224 (87) 5920 (86) 907 (13) 960 (14)
Disease BC5CDR Disease [28] 9278 (65) 8427 (66) 4950 (35) 4424 (34)
miRNA miRNA corpus [8] 1864 (70) 528 (58) 780 (30) 375 (42)
miRNA miRTex corpus [9] 2063 (57) 1540 (56) 1556 (43) 1217 (44)

 Training relations  Test relations

RE class Dataset name Positive (%) Negative (%) Positive (%) Negative (%)

 gene–disease GAD corpus [11] 2520 (90) 2276 (90) 281 (10) 253 (10)
gene–disease EU-ADR [53] 235 (90) 83 (90) 27 (10) 10 (10)
miRNA–disease SCAI-MDC (ours) 1468 (76) 1032 (78) 460 (24) 290 (22)

The numbers in brackets represent the proportions in the training and test sets. The proportions of all external datasets are kept as defined in the original 
studies. In the case of relation datasets, the number of sentences is identical to the number of relations.

Figure 1. Training, evaluation, and inferencing pipelines for extraction of miRNA and disease entities (NER) and their associations (RE).

OpenBooks, Wikipedia, etc. BioBERT and BioMegatron used 
the pretrained BERT model and its wordpiece tokenizer. Both 
were trained further using both PubMed and PMC articles 
to obtain a domain-specific model for biomedicine. BERT, 
BioBERT, and BioMegatron are so-called general purpose 
language models that can be used for various text mining 
tasks such as NER, RE, document classification, or question 
answering. To use them for these tasks, they need to be further 
fine-tuned in a supervised manner on datasets that are specific 
to the underlying tasks.

For RE, we experimented with two different training 
modes, namely single-task mode (STM) and multi-task mode 
(MTM). In the STM, the models were fine-tuned on a sin-
gle dataset, whereas in MTM, related datasets were used for 
fine-tuning the various classification heads of the BioBERT 
model. In MTM, we apply the paradigm of multi-task learn-
ing, where a single model is trained to accomplish multiple 
closely-related tasks simultaneously by using a shared repre-
sentation [35]. Previous studies have shown that multi-task 
learning can be beneficial as it improves the generalization 
by focusing on the commonalities of the tasks and learning 
relevant features contained in training data of different tasks 
[35]. The architecture of the final model that is used for fine-
tuning BioBERT and BioMegatron is depicted in Fig. 2. We 
also experimented with different variants for the classification 
head (such as multiple linear layers, bottleneck architecture). 
However, the experiments revealed that a simple linear layer 
works best in all cases. Therefore, our final model contains 

a single linear layer on top of the pre-trained BioBERT and 
BioMegatron models.

Linking of miRNA and disease entities
We implemented a rule-based system to link miRNA enti-
ties to miRBase identifiers. miRBase [36] is a database that 
includes published miRNA sequences and annotations, and 
furthermore, it provides a registry with unique names for 
miRNAs. To link the recognized disease entities to MeSH 
identifiers, we used the software NormCo [37].

Evaluation of NER and RE models
For NER, we used precision, recall, and F1-measure to deter-
mine the performance of the models. For RE, which is defined 
as a binary classification, we used the area under receiver oper-
ator characteristic curve (AUROC) and precision–recall curve 
(AUPR) to evaluate performance. We also provide a confusion 
matrix report for tasks where it is appropriate, which includes 
true positive, false positive, false negative, and true negative 
cases.

In an initial stage, we prepared training and test splits for 
each dataset. It is important to note that the proportions of 
the splits are kept as defined in their original studies. Further-
more, we applied five-fold cross-validation to choose the best 
models. For each iteration, we created a stratified split of the 
training dataset into training (n − 1 folds) and validation (1 
fold) datasets. We then trained on the training dataset and 
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4 Madan et al.

Figure 2. A general architecture of the model for task-specific fine-tuning of domain-specific language models (such as BioBERT and BioMegatron). The 
STM contains just one head. MTM contains additional heads for each auxiliary task or corpus.

evaluated (and optimized the hyperparameters) on the valida-
tion dataset for n iterations. The results of n evaluations are 
aggregated and the standard deviation is reported. The final 
evaluation of the best models was performed on the withheld 
independent test set.

Hyperparameter optimization
We performed a Bayesian hyperparameter optimization [38] 
using the Optuna [39] framework for all our models with the 
appropriate training data. We assessed the intermediate and 
final performances of each experimental trial using the F1-
measure (NER) and AUROC (RE). The results were captured 
in an SQL database for later analyses, such as identifying the 
best experimental trials. The captured trial data were also used 
by the Optuna pruner to identify and halt unpromising trials 
already at an early stage.

Comparison of predicted associations with 
DisGeNET
In a consecutive analysis, we compare our predicted associ-
ations with data from DisGeNET, where we focus on three 

different diseases, namely epilepsy, AD, and Parkinson’s dis-
ease (PD). To compare the associations, it was necessary to 
retrieve MeSH and UMLS concept identifiers for the disease 
terms as our workflow normalizes to MeSH and DisGeNet 
include UMLS identifiers. To retrieve the MeSH and UMLS 
classes for these diseases, we first gathered all subclasses of the 
disease from the MONDO ontology [40] and then retrieved 
their MeSH and UMLS associated identifiers. Both tasks were 
performed using the OLS4 API (https://www.ebi.ac.uk/ols4). 
After gathering the associations, we filtered them using the 
disease identifiers.

Results
Detection of miRNA and disease entities
To detect miRNA and disease mentions, we used the pre-
trained BioBERT and BioMegatron models and fine-tuned 
them on various datasets. To identify the best possible 
model variant based on the training data, we employed a 
5-fold cross-validation during training. Based on the per-
formance assessed through cross-validation, we used the 
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miRNA–disease relations extracted using transformer-based neural networks 5

Table 2. Evaluation results of NER task models trained and tested on various datasets.

 BioBERT  BioMegatron

Entity class Dataset Prec. Recall F1 Prec. Recall F1

Disease NCBI Disease 84.62 90.09 87.27 88.22 91.25 89.71
BC5CDR 82.07 85.39 83.70 85.49 87.75 86.60
NCBI Disease +  BC5CDR – – – 86.26 87.83 87.04

miRNA miRNA 91.32 98.13 94.60 91.75 9787 94.71
miRTex 93.93 95.79 94.85 96.59 97.62 97.10
miRNA + miRTex – – – 94.51 96.23 95.36

The confusion matrix of the BioMegatron model is included in Supplementary Table S7. – indicates data are not available. Bold entries represent the best 
results.

optimized hyperparameters to train the final model on the 
whole training dataset. The generalization performance of the 
final models was assessed on the held-out test set. Table 2 
presents the classification scores for each dataset in the
specific test set. 

For the NCBI dataset, we achieved the highest performance 
with an F1-score of 89.71%, precision of 88.22%, and recall 
of 91.25%. For the BC5CDR dataset, the best F1-score was 
86.60% with precision of 85.49% and recall of 87.75%. We 
also trained a model with the combination of both datasets, 
where a micro F1-score of 87.04% was reached on the com-
bined test set. Overall, BioMegatron performed better than 
BioBERT, which is probably due to the large parameter size 
of the BioMegatron model.

In the case of miRNA entity detection, the best F1-measure 
for the miRNA dataset was 94.70%, precision was 91.75%, 
and recall was 97.86%, and the best performance for the miR-
Tex dataset was achieved with an F1-score of 97.10% and a 
precision of 96.59%. The training on the combined dataset 
reached a micro F1-score of 95.36%. Similar to the disease 
category, the BioMegtron model performed significantly bet-
ter than BioBERT, while the BioBERT model delivered the best 
recall of 98.13% on the miRNA dataset. The confusion matri-
ces of the best NER models are provided in Supplementary 
Table S7. The optimized hyperparameters of the best NER 
models are included in Supplementary Table S1–S4 and S6.

We also experimented with MTM; however, the results 
were not significantly better in comparison to the STM. 
Although the NER datasets and tasks share with each other 
certain similarities, the significant differences in the anno-
tation guidelines and their varying levels of complexity of 
the mentions likely reduced the effectiveness of the multi-
task approach. The shared representations in the model might 
have led to negative transfer, showing a drop in the model 
performance. Similar observations have also been made by 
Crichton et al. [41]. Hence, for further analysis we focused
only on STM.

It is important to note that the BC5CDR corpus is a sub-
corpus of the CTD-Pfizer corpus [42]. The creators of the 
corpus aimed to investigate the potential involvement of phar-
maceutical drugs in cardiovascular, neurological, renal and 
hepatic toxicity. Therefore, the BC5CDR corpus is focused 
on drugs and their role in toxicity [42]. In contrast, the NCBI 
disease corpus is intended to represent the entire PubMed. In 
an analysis of both corpora performed by Kühnel and Fluck 
[43], they revealed that the BC5CDR corpus contains more 
complex contexts, including abbreviations from diseases but 
also mentions several gene names, such as BRCA1, resembling 
the structure of an abbreviation. This could explain why the 

Table 3. Evaluation results of RE task on test dataset for STM and MTM 
training modes based on BioMegatron model.

Datasets Mode AUROC (in %) AUPR (in %)

miRNA–disease STM 97.58 97.55
MTM 98.02 98.66

Bold entries represent the best results.

model performances for the NCBI Disease dataset are slightly 
better.

Detection of miRNA–disease associations
We trained an association detection model using the BioMega-
tron model on our own training dataset (80% of the whole 
dataset). As BioMegatron, in comparison to BioBERT, deliv-
ered the best results in almost all cases, we only focused 
on experimenting with the BioMegatron model further. The 
model selection was based on five-fold cross-validation. 
After choosing the best hyperparameters, we evaluated the 
final model performance using measures, such as AUROC 
and AUPR on an independent test set (20% of the whole 
dataset). Table 3 illustrates the evaluation performances. We 
reached a high rate of 9758% AUROC and 9755% AUPR 
with the STM. Even higher scores are reached with the 
MTMs, amounting to 98.02% and 98.66% for AUROC 
and AUPR, respectively. The receiver operator characteristic 
and precision–recall curves of the best model are depicted 
in Supplementary Figure S1. The optimized hyperparameters 
of the best RE model are included in Supplementary Tables
S5 and S6. 

Prediction of miRNA–disease associations from 
PubMed
We applied our miRNA–disease association extraction work-
flow on around 6.1 million PubMed abstracts and 1.98 
million PMC full-text documents published between 2020 
and 2023. Overall, the workflow predicted 727 009 (unique: 
75 887) normalized positive associations found in 69 816 
PMC and PubMed documents. These associations include 
2730 disease and 2427 miRNA concepts. Overall, 374029 
positive associations (unique: 52624; found in 59187 PMC 
documents) of them have a high confidence score of 90% 
(retrieved through a sigmoid function). Figure 3 provides an 
overview of the total predicted miRNA–disease associations 
for PubMed abstracts, PMC full-text documents, and both 
corpora combined.

In a subsequent analysis, we filtered for associations 
of three different diseases, namely epilepsy, AD, and PD
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6 Madan et al.

Figure 3. An overview of the total predicted unique associations between miRNA and diseases in comparison to the DisGeNET database. The three 
subfigures represent the results extracted between 2020 and 2023 from PubMed abstracts, PMC full-text documents, and both combined. 
Furthermore, it provides an overview over the miRNA–disease associations of three diseases (epilepsy, AD, and PD).

(see Fig. 3). For epilepsy, AD, and PD, the workflow detected 
2226 (unique: 211), 6306 (unique: 438), and 3159 (unique: 
287) miRNA–disease associations, respectively. In a first 
step, we compared the extracted miRNA associations with 
those in the existing database DisGeNET, which contains 
curated miRNA–disease associations extracted from differ-
ent resources before 2020. In all cases, we could signifi-
cantly increase the number of miRNA–disease associations 
and found a high number of new relations not contained 
in DisGeNET (see Fig. 3). Since we focus on new findings, 
only a small number of the relations overlap with the rela-
tions contained in DisGeNet and others are only available in 
DisGeNet.

We also performed an analysis of the missed DisGeNet 
associations for the year 2020 of the three diseases. In total, 
DisGeNet contains four unique miRNA–disease associations 
for epilepsy, eight for AD, and eight for PD from publi-
cations published in the year 2020. Only two associations 
(one for AD and one for PD) were missed by our work-
flow. In these cases, the workflow predicted wrong associa-
tion labels (no association). All the other missed associations 
were from publications published before 2020, which we 
have not included in our workflow. To expand this analy-
sis, we randomly analyzed additional unique associations that 
were missed by our pipeline. In some cases, the association 
was detected, however, with a lower score (<0.9). In other 
cases, the disease and miRNA normalizer were not able to 
properly normalize the mentions. We provide some exam-
ples of these cases in the Supplementary Section ‘Examples of
Workflow Issues’.

Evaluation of newly detected miRNA–disease associations
For all three diseases, AD, PD, and epilepsy, we randomly 
choose associations from the predicted results of the PubMed 
corpora that had a high score (>0.9). Examples of extracted 
associations with their corresponding sentences are shown in 
Table 4. For AD, our workflow detected three miRNA–disease 
associations from a study by Kumar et al. [5]. In this study, by 
analyzing postmortem brains of AD and control samples using 
a miRNAs microarray platform, the authors have addressed 

the question of whether synaptosomal miRNAs affect AD 
synapse activity. They found that three specific miRNAs are 
potentially associated with AD Braak stages. In the case of 
PD, our workflow detected two miRNA–disease associations 
from the study published by Chen et al. [44]. The authors 
investigated blood circulating miRNAs that are proposed to 
be promising biomarkers for neurodegenerative diseases such 
as PD. They analyzed the plasma of PD patients, multiple 
system atrophy patients, and healthy controls. Our work-
flow detected two associations from the study [45], where 
the authors studied the role of let-7b miRNAs in temporal 
lobe epilepsy (TLE). They found a novel noncoding RNA-
mediated mechanism involving the miRNA let-7b and H19 [a 
long noncoding RNA (lncRNA)] in seizure-induced glial cell 
activation. 

For a systematic analysis of the newly found associations, 
we analyzed the precision and recall for the PD–miRNA 
associations. To check the overall precision of the newly pre-
dicted associations, 30 sentences were examined. This analysis 
showed that only two extractions were incorrect. In the sen-
tence ‘PD was associated with postoperative expression of 
GFAP; ePOCD was associated with postoperative expres-
sion of microRNA-21-5p and GFAP as well as intraoperative 
expression of NSP’ (PMID:34 300 256) [46], the abbreviation 
‘PD’ means postoperative delirium and hence the association 
with the disease PD is incorrect. The second error occurred 
in an extraction from the text fragment ‘[…] Mitochondrial 
complex I deficiency and functional abnormalities are impli-
cated in the development of PD. MicroRNA-29a […]’ (PMID: 
36 174 668) [47] that consists of more than one sentence and 
could not be verified as the correct source for the extracted 
association, although the relation was mentioned later in the 
abstract. In summary, this analysis shows a precision of over 
93%.

In order to analyze the recall, we utilized a systematic 
review of PD–miRNA associations published by [48]. All ref-
erenced associations from publications in 2020 to 2023 were 
compared with our automatically extracted set. Out of 23 
associations, a total of 15 associations were extracted from 
the same abstract also referenced by the review, but 8 could 
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miRNA–disease relations extracted using transformer-based neural networks 7

Table 4. Examples of predicted miRNA–disease associations for AD, PD, and epilepsy with their corresponding sentences.

Disease miRNA Sentence PMID

AD hsa-miR-501-3p (MIR-
BASE:MIMAT0004774)

The miR-501-3p, miR-502-3p, and miR-877-5p were 
identified as potential synaptosomal miRNAs upreg-
ulated with disease progression based on AD Braak 
stages.

36454178

AD hsa-miR-502-3p (MIR-
BASE:MIMAT0004775)

The miR-501-3p, miR-502-3p, and miR-877-5p were 
identified as potential synaptosomal miRNAs upreg-
ulated with disease progression based on AD Braak 
stages.

36454178

AD hsa-miR-877-3p (MIR-
BASE:MIMAT0004949)

The miR-501-3p, miR-502-3p, and miR-877-5p were 
identified as potential synaptosomal miRNAs upreg-
ulated with disease progression based on AD Braak 
stages.

36454178

PD hsa-miR-133b (MIR-
BASE:MIMAT0000770)

Elevated miR-133b and miR-221-3p distinguished
PD from controls with 84.8% sensitivity and 88.9% 
specificity.

34315950

PD hsa-miR-221-3p (MIR-
BASE:MIMAT0000278)

Elevated miR-133b and miR-221-3p distinguished
PD from controls with 84.8% sensitivity and 88.9% 
specificity.

34315950

Epilepsy hsa-let-7b-5p (MIR-
BASE:MIMAT0000063)

Overexpression of let-7b inhibited hippocampal glial cell 
activation, inflammatory response and epileptic seizures
by targeting Stat3.

32648622

Epilepsy hsa-let-7b-5p (MIR-
BASE:MIMAT0000063)

LncRNA H19 could competitively bind to let-7b to 
promote hippocampal glial cell activation and epileptic 
seizures by targeting Stat3 in a rat model of TLE.

32648622

The normalized miRNA names mentioned in the second column corresponds to the bold miRNA names in the Sentence column.

not be found in the abstracts. These eight associations were 
reviewed further. Two associations (from Wu 2020 [49]) could 
not appear in our result set as the corresponding publication 
journal ‘Acta Medica Mediterranea’ is not part of the Medline. 
Furthermore, in the publication by Ravanidis et al. [50], the 
two associations were not mentioned in the abstract, but only 
in the full-text. Finally, in the publication by Cressati et al. 
[51], miR-153 and miR-223 were mentioned in the abstract 
and these associations were correctly recognized, but in the 
review, they are listed as miR-153-3p and miR-223-5p. Only 
two associations were not found by the automated extraction 
system although they were mentioned in the abstract. These 
were missed because the corresponding miRNAs were not rec-
ognized. In summary, this analysis shows that 19 associations 
were described in the Medline articles, of which our sys-
tem recognized 17 associations. This corresponds to a recall
of 89%.

This evaluation shows that even after the sequential exe-
cution of automated NER, entity linkage, and association 
recognition, which have their own error rate that adds up in 
the overall result, the performance of the automated extrac-
tion system is remarkable and therefore very well suited to 
support systematic reviews such as that published for PD by 
Guévremont et al. [48].

Discussion
In this work, we presented a workflow for automatically 
extracting miRNA–disease associations from vast unstruc-
tured literature. The workflow is based on a large language 
model fine-tuned on a new corpus generated using a dis-
tant supervision technique. Due to the pretraining of large 
language model (for e.g. BioMegatron) on a huge corpora 
and the integrated self-attention mechanism, the model can 
exploit semantic and syntactic aspects of sentences and incor-
porates local contextual features of the included entities to 

extract relations with high accuracy. We used the workflow to 
extract miRNA–disease associations from Medline abstracts 
and analyzed the extracted set for AD, PD, and epilepsy. 
Compared to the existing curated database DisGeNet, where 
miRNA–disease associations were provided until 2020, we 
extracted a high number of new associations from Medline 
abstracts for the years 2020–23. An independent evaluation 
of the newly extracted PD–miRNA associations showed that 
we achieved high precision and high recall with this extraction 
workflow.

A current limitation of the corpus, and thus of the extrac-
tion workflow, is that the associations are encoded and rec-
ognized at sentence level. As authors may describe miRNA–
disease relations beyond sentences in their publications, the 
workflow may miss these relations. Nevertheless, the evalu-
ation showed that at least for PD, the PD–miRNA relations 
are usually expressed in the same sentence in abstracts. We 
missed associations due to false negative disease and miRNA 
recognition or because the relations were only expressed in the 
full-text tables. Strategies such as active learning might help 
to significantly reduce the curation effort to extend the cor-
pus required for training a model that can perform extraction 
from tables included in full-text documents.

Although the large language models that are specifically 
designed for the biomedical domain produced great results 
in our work, incorporating the extensive prior knowledge 
on miRNAs and diseases directly in large language mod-
els might help to improve the results even further. Stud-
ies have shown that the process of knowledge fusion is 
able to overcome the limitations of individual sources by 
focusing on diverse knowledge. Information such miRNA 
sequences, disease embeddings obtained from ontologies 
(such as Disease ontology, MONDO) can be merged with 
the embeddings from large language models. Also, embed-
dings obtained through training of graph neural networks on 
sources such as DisGeNet can be further employed to improve 
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the models. In addition, it might be interesting to combine the 
literature-based models with new prediction models learning 
feature embeddings for miRNAs and diseases through graph 
machine learning [52].

In summary, by automatically generating a training corpus 
using distance learning methods and training a model based 
on a state-of-the-art large language model, we have demon-
strated the promising performance of our trained workflow. 
Our evaluation results based on PD-miRNA associations 
strongly suggest that our workflow can provide useful support 
for extracting miRNA–disease relations.

Conclusion
In this work, we proposed a well-performing large lan-
guage model approach for the identification of miRNA–
disease relations from biomedical literature. The approach 
consists of modules that can perform the detection of miRNA 
and disease mentions, as well as the identification of their 
relationship. In order to extend the miRNA–disease train-
ing corpora, we applied the distant supervision technique 
using multiple publicly available databases. In our exper-
iments with multiple state-of-the-art large language mod-
els, BioMegatron performed the best for the extraction of 
miRNA–disease associations. A high number of new asso-
ciations could be identified with a high level of precision 
of recall and precision, when applying the whole machin-
ery to infer associations from biomedical literature between
2020 and 2023.

The creation and use of dedicated databases that can con-
tain many types of relations is considered best practice in 
biomedical research and up-to-date information is in high 
demand. However, to keep these databases up to date with 
the current scientific advancements is a major challenge. The 
solution is often to establish collaborations with researchers 
and institutions to provide regular updates. However, this 
requires a huge amount of human effort. This creates a 
demand for automated data mining techniques that should 
always be employed to extract relevant information from 
scientific literature and update the databases accordingly. 
With the three different case studies on neurodegenerative 
diseases such as AD, for which we identified and discussed 
novel relations that are yet missing in databases such as Dis-
GeNet, we demonstrated the applicability and feasibility of 
our workflow for retrieving novel, hidden relations from
literature.

Automated techniques for information extraction need to 
be regularly revised to keep up with the pace of develop-
ment in NLP. Recent large language models such as ChatGPT, 
BARD, some of which are unfortunately not yet available for 
scientific experimentation, open up new avenues for solving 
challenges. Future studies are required to find out exactly how 
these models can be utilized to not only extract a single type 
of relation but also to solve many complex bioNLP challenges 
at once.
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