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Zusammenfassung

Einleitung. Die Einführung elektronischer Gesundheitsakten (EHRs) hat das Gesund-

heitswesen durch die Digitalisierung von Patientendaten und die Verbesserung ihrer

Zugänglichkeit und Wiederverwertbarkeit revolutioniert. Die Interoperabilität stellt je-

doch nach wie vor eine große Herausforderung dar, da unterschiedliche Terminologien,

Datenformate und Systemarchitekturen in verschiedenen Einrichtungen einen nahtlosen

Datenaustausch behindern. Dieser Mangel an Standardisierung schränkt das Potenzial in-

telligenter digitaler Gesundheitsanwendungen ein. In dieser Dissertation werden Lösungen

zur Verbesserung der Interoperabilität von elektronischen Patientenakten erforscht, indem

klassische und Deep-Learning-basierte Textklassifizierungsmethoden angewandt, die Er-

kennung von benannten Entitäten (NER) und die Normalisierung medizinischer Konzep-

te (MCN) mithilfe unüberwachter Lernmethoden automatisiert und Transformermodelle

und große Sprachmodelle (LLMs) für die Zuordnung klinischer Texte zu Terminologien

wie SNOMED CT genutzt werden.

Methoden. Diese Dissertation ist in drei Hauptstudien unterteilt, die sich auf die Verbes-

serung der Interoperabilität von EHRs konzentrieren. Die erste Studie wendet klassisches

maschinelles Lernen (ML) und Deep-Learning-Modelle an, um EHR-Daten im Zusam-

menhang mit Sauerstoffsupplementierung zu klassifizieren, wobei die Wirksamkeit von

ML-Methoden bei der Organisation großer Datenmengen, insbesondere für die COVID-

19-Forschung, hervorgehoben wird. Die zweite Studie automatisiert NER und MCN mit

unüberwachten Methoden. Es wurde eine Pipeline entwickelt, die klinische Texte toke-

nisiert, Entitäten erkennt und sie auf SNOMED CT abbildet, wobei SapBERT für die

Einbettung medizinischer Begriffe und regelbasiertes Re-Ranking für die Disambiguierung

von Entitäten verwendet wird. Dieser Ansatz reduziert die Abhängigkeit von manuell an-

notierten Daten. In der dritten Studie werden SapBERT und LLMs kombiniert, um MCN

zu verbessern und exakte Zuordnungen zu SNOMED CT und UMLS zu ermöglichen. Auf

LLMs basierende Algorithmen zur Datenbereinigung und für das Re-Ranking verbesserten

die Genauigkeit. Weitere Untersuchungen umfassen SapBERT-basiertes Termclustering,



einen Vergleich von kontextuellen und nicht-kontextuellen Vektorrepräsentationen, hybri-

de Ansätze für die Abbildung des Raucherstatus und die Entwicklung von Explainable AI

(XAI) und Visualisierungstools für die Integration und Navigation von Patientendaten.

Ergebnisse. In der ersten der drei genannten Hauptstudien erreichte das Textklassifizie-

rungsmodell einen F1 Score von über 90% bei der Kategorisierung von Aufzeichnungen

zur Sauerstoffsupplementierung und bewies damit die Wirksamkeit des gewählten maschi-

nellen Lernansatzes für die domänen- und taskspezifische Aufgabe. Die unüberwachten

Lernmethoden der zweiten Studie wiesen eine vielversprechende Performance bezüglich

Precision und Recall auf, wodurch die Abhängigkeit von manuell annotierten Daten für die

Aufgabe der Termnormalisierung in Zukunft erheblich verringert werden kann. Die dritte

Studie bestätigte, dass BERT-basierte Modelle einem traditionellen Lexikonabgleich für

die Aufgabe der MCN überlegen sind, mit einer Verbesserung der Erkennungsrate um

91,8% von einem F1 Score von 0.297 auf 0.568. Darüber hinaus verbesserte die Anwen-

dung von LLMs für die Datenbereinigung und das Re-Ranking die Leistung von BERT um

6,8% im F1 Score in der Aufgabenstellung, wobei der Normalisierungsprozess verfeinert

und die Anpassung an standardisierte medizinische Terminologien verbessert wurde.

Diskussion. Die kollektiven Ergebnisse dieser Arbeit unterstreichen die entscheidende

Rolle von fortgeschrittenen kontextuellen maschinellen Lernmethoden und der Anwen-

dung von LLMs bei der Unterstützung der Interoperabilität von Daten in der elektroni-

schen Patientenakte. Durch die Verbesserung der Genauigkeit, Konsistenz und Automati-

sierung von MCN trägt diese Forschung zur Entwicklung einer standardisierten Repräsen-

tation von Gesundheitsdaten bezüglich internationaler Terminologien, im speziellen SNO-

MED CT dar. Diese Fortschritte ermöglichen eine bessere Verwendung dieser Daten im

Kontext intelligenter Gesundheitsanwendungen, die nahtlos Daten austauschen, klinische

Arbeitsabläufe verbessern und die Patientenversorgung optimieren können. Diese Arbeit

unterstreicht die Notwendigkeit kontinuierlicher Innovation in der Gesundheitsinformatik

und bietet eine Grundlage für künftige Forschung zur Überbrückung der Interoperabi-

litätslücken in EHR-Systemen mit Hilfe der Erstellung strukturierter und standardisierter

Patientenprofile.
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Abstract

Introduction. The introduction of electronic health records (EHRs) has revolutionized

healthcare by digitizing patient information and improving its accessibility and reuse.

However, interoperability remains a significant challenge due to variations in terminolo-

gies, data formats, and system architecture across institutions, hindering seamless data

exchange. This lack of standardization limits the potential of intelligent digital health

applications. This dissertation explores solutions to enhance EHR interoperability by ap-

plying classical and deep learning-based text classification methods, automating named

entity recognition (NER) and medical concept normalization (MCN) using unsupervised

techniques, and leveraging transformer models and large language models (LLMs) for

mapping clinical narratives to terminologies such as SNOMED CT.

Methods. This dissertation is divided into three main studies focused on enhancing

EHR interoperability. The first study applies classical machine learning (ML) and deep

learning models to classify EHR data related to oxygen supplementation, highlighting the

effectiveness of ML methods in organizing large volumes of data, especially for COVID-

19 research. The second study automates NER and MCN using unsupervised methods.

A pipeline was developed to tokenize clinical narratives, detect entities, and map them

to SNOMED CT, employing SapBERT for medical term embeddings and rule-based re-

ranking for entity disambiguation. This approach reduces reliance on manually labelled

data. The third study combines SapBERT and an LLM to enhance MCN, enabling ex-

act mappings to SNOMED CT and UMLS. LLM-based data cleansing and re-ranking

algorithms improved accuracy. Additional investigations include SapBERT-based term

clustering, a comparison of contextual vs. non-contextual embeddings, hybrid approaches

for mapping smoking status, and the development of Explainable AI (XAI) and visual-

ization tools for patient data integration and navigation.

Results. In the first of the three main studies mentioned, the text classification model

achieved an F1 score of over 90% in categorizing oxygen supplementation records, demon-

strating the effectiveness of the chosen ML approach for the domain- and task-specific

challenge. The unsupervised learning methods in the second study showed promising

performance in terms of precision and recall, significantly reducing the dependency on



manually annotated data for this task in the future. The third study confirmed that

BERT-based models outperformed traditional lexicon matching for the task of MCN,

with a 91.8% improvement in detection rate, raising the F1 score from 0.297 to 0.568.

Furthermore, the application of LLMs for data cleaning and reranking enhanced the per-

formance of BERT by 6.8% in F1 score for the task, refining the normalization process

and improving alignment with standardized medical terminologies.

Discussion. The collective results of this work underscore the critical role of advanced

contextual ML methods and the application of LLMs in supporting data interoperability

within EHRs. By improving the accuracy, consistency, and automation of MCN, this

research contributes to the development of a standardized representation of health data

in relation to international terminologies, particularly SNOMED CT. These advancements

enable better utilization of such data in the context of intelligent healthcare applications,

which can seamlessly exchange data, enhance clinical workflows, and optimize patient

care. This work highlights the need for continuous innovation in health informatics. It

provides a foundation for future research to bridge interoperability gaps in EHR systems

through the creation of structured and standardized patient profiles.
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Chapter 1

Introduction

The digital transformation in healthcare and clinical research has positioned electronic

health records (EHRs) as a pivotal source of clinical real-world data and an essential

focus for optimization [1]. Unlike the carefully structured datasets designed for clinical

trials or administrative purposes, real-world data reverse to a multitude of clinical entities

such as conditions, diagnoses, procedures, and outcomes documented during routine care

processes. These data often take the form of semi-structured narratives, rich in special-

ized terminology and context, but pose challenges for effective utilization due to their

variability and informality. The predominance of semi-structured and non-standardized

narratives within EHRs present significant challenges, including difficulty in extracting,

interpreting, and standardizing clinical information. While supporting communication be-

tween healthcare professionals, these free-text expressions are often concise, informal, and

influenced by regional linguistic variations, limiting their interoperability and reuse. Ad-

dressing these issues requires converting unstructured clinical narratives into structured,

standardized formats supporting comprehensive patient profiling, facilitating better clin-

ical decision-making, enhancing reporting, improving documentation, and streamlining

communication in healthcare [2].

A promising approach to address EHR limitations is the adoption of ontologies with

computational semantics [3]. These ontologies enhance data quality and interoperability

across healthcare systems, enabling more effective data exchange through standardized

terminologies, such as SNOMED CT [4]. This approach supports the FAIR data prin-

ciples [5] – making data Findable, Accessible, Interoperable, and Reusable – thereby

1



Chapter 1. Introduction 2

improving clinical decision-making, research, and quality improvement. Integrating a

semantic layer beyond database schema definitions in EHRs will enable personalized in-

terfaces, context-sensitive guidance, error detection, and enhanced usability.

In parallel, advances in machine learning (ML), a key branch of artificial intelligence

(AI), have introduced powerful tools to unlock the potential of EHRs. Specifically, Natu-

ral Language Processing (NLP) techniques allow the automated extraction, classification,

and normalization of medical concept mentions, transforming unstructured text into struc-

tured, actionable insights [6]. These methods improve the reusability of patient data and

support the creation of personalized solutions in healthcare and research. Finally, visual-

ization is crucial for making complex clinical data interpretable and actionable, enabling

direct application to patient care [7].

Following this introduction, the dissertation is structured as follows to provide a detailed

walkthrough of the field of research: Section 1.1 examines the complexities of EHRs,

looking into the challenges they present and the role played by international terminologies.

Against this backdrop, Section 1.2 presents the application of ML for text processing,

covering both classical and deep learning methodologies, culminating in an overview of

large language models (LLMs). Next, Section 1.3 discusses key tasks in text processing,

including named entity recognition (NER), medical concept normalization (MCN), and

relation extraction, which are crucial to extracting critical information from EHR text.

Section 1.4 shows the research gaps that led to the research questions and objectives

guiding the three key core investigations in Chapter 2. Finally, Chapter 3 concludes the

dissertation by summarizing key contributions, discussing their implications for research

and clinical practice, and outlining future directions.

1.1 Electronic Health Records

The concept of recording patient information has evolved over time. Initially, patient

data were captured in physical reports, documents, and summaries, often in disparate

formats such as handwritten notes, tables, and diagnostic reports. These documents, while

valuable, posed challenges in terms of accessibility, storage, and integration. As a result,

healthcare systems began digitizing these records to streamline processes and improve

patient care. This led to the development of EHRs, which now serves as a comprehensive
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digital repository of patient health information. EHRs contain real-time data, including

clinical observations, diagnoses, treatments, laboratory results, medications, allergies, and

medical histories, enabling more efficient clinical workflows and coordinated care [8].

The primary purposes of EHRs are to improve healthcare delivery through structured

data management, workflow optimization, improved communication, and operational

efficiency [9]. EHRs integrate administrative data, such as clinical coding for billing,

with clinical information, including medical histories, laboratory results, and diagnostic

records, to ensure accurate documentation and informed decision-making. By standard-

izing and structuring data, EHRs enable advanced techniques like NER and MCN to im-

prove data precision and quality. They streamline workflows by automating order entry

and efficiently managing results to improve safety and promote evidence-based practices

by guiding clinicians through patient-specific data [10]. Communication is significantly

enhanced, as EHRs facilitate seamless data sharing among providers, enabling interdisci-

plinary coordination for complex cases and supporting public health surveillance [11].

As healthcare practices evolve, secondary use case scenarios of EHRs have also expanded.

With data sharing, interoperability has become a critical feature in modern healthcare.

Interoperability refers to the ability of different healthcare systems and organizations to

exchange patient data in a standardized format. By enabling data sharing, EHRs facilitate

a more holistic approach to patient care, where information from multiple healthcare fa-

cilities can be consolidated to provide a complete view of a patient’s medical history [12].

This improves patient care and data reuse, contributing to population health manage-

ment and the development of personalized treatment plans. In this context, secondary

use cases of EHRs have emerged, particularly in research and education. They support

patient education, enable telehealth services, and improve administrative processes by

validating insurance eligibility, reducing delays, and streamlining communication, such as

drug recalls and chronic disease management programs. For example, cohort building for

research studies and the training of ML models using de-identified data from diverse hos-

pitals support advances in clinical knowledge and treatment protocols [13]. Additionally,

EHRs facilitate knowledge acquisition, improve educational practices, and enhance the

use of real-world data in clinical trials.

However, even with these developments, the full potential of EHRs has not yet been put

into practice. Although progress has been made in automating data retrieval and decision
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support systems, these functionalities are still primarily at the research level. As a result,

new primary purposes are emerging for EHRs, including automated decision support, sum-

marization, speech and writing assistance, and visualization. Operationally, they optimize

administrative processes by automating insurance validation, drug recall notifications, and

chronic disease management. At the same time, standardized data formats simplify re-

porting and population health management, reducing costs and enhancing public health

initiatives. Together, these functions improve the quality, precision, and accessibility of

healthcare services [14]. The integration of AI and ML into EHRs has made it possible

to automate clinical decision-making processes by recommending treatments, predicting

patient outcomes, and identifying potential complications early. AI-driven systems also

offer support for summarizing clinical information, assisting healthcare professionals in

understanding patient data more quickly and effectively. Moreover, visualization tools

have begun to play a crucial role in improving the interpretation of patient data, al-

lowing clinicians to see trends, relationships, and critical information more clearly [15].

Finally, data sharing between hospitals and healthcare systems has also paved the way for

creating personalized mobile health records, where a patient’s health information is con-

tinuously updated and shared across platforms, enabling more precise and individualized

care [16]. Integrating AI and semantic resources into EHRs holds significant promise for

improving patient outcomes, advancing healthcare research, and providing personalized,

evidence-based care.

1.1.1 Challenges

Despite notable advances in EHR systems, numerous limitations constrain their full po-

tential [17]. These challenges are multifaceted, encompassing both technical and organi-

zational dimensions. Chief among them is the persistent issue of interoperability, which

remains a critical barrier to the seamless exchange of health information across institu-

tions. EHR systems often lack technical interoperability—the ability of disparate systems

to communicate—and semantic interoperability, ensuring that exchanged data retains its

intended meaning across different contexts and platforms [18].

The lack of standardized terminologies and data representations is a primary barrier to

semantic interoperability in EHR systems. Localized coding practices, such as hospital-

specific abbreviations and non-standard nomenclature, impede consistent data interpreta-
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tion across institutions. This challenge is exacerbated by the proprietary and fragmented

nature of dominant EHR platforms, which rely on closed architectures that often re-

quire custom preprocessing to enable inter-system data exchange. These factors hinder

seamless information flow, compromise continuity of care, and obstruct efforts toward

integrated, patient-centered healthcare delivery. Although initiatives promoting univer-

sal coding standards and interoperability frameworks are underway, progress has been

slow. As a result, current EHRs remain limited in their capacity to support meaningful,

system-wide data interoperability [18].

In addition to interoperability, data quality remains a critical challenge in EHR systems.

Inconsistent documentation—such as non-standard abbreviations, typographical errors,

and unstructured clinical notes—complicates clinical interpretation and NLP tasks. More-

over, missing or incomplete data, including uncoded diagnoses and partial lab results,

compromise record accuracy and reliability. Temporal discrepancies, such as conflicting

timestamps or outdated entries, further hinder longitudinal analyses and continuity of

care. These issues collectively reduce the utility of EHR data for clinical and secondary

uses, emphasizing the need for high-quality, consistent, and temporally accurate data

across healthcare settings [19].

Beyond technical barriers, security and privacy remain critical concerns in EHR systems

due to the sensitivity of patient data. Breaches can lead to identity theft and loss of

patient trust, compromising care delivery. Although compliance with regulations such

as the Health Insurance Portability and Accountability Act (HIPAA)1 and the General

Data Protection Regulation (GDPR)2 is essential, it is often costly and complex, es-

pecially for smaller providers. Balancing data utility with regulatory requirements for

de-identification is particularly challenging. Additionally, institutional silos and strict

consent protocols hinder data sharing, limiting the availability of comprehensive datasets.

Cyber threats necessitate robust safeguards, including encryption, multifactor authenti-

cation, and regular audits [19].

A significant challenge in EHR adoption is the workflow disruption it causes. Healthcare

professionals transitioning from paper-based systems require extensive training, which

can temporarily affect patient care. The added time for data entry, particularly in high-

pressure settings, increases administrative burden and reduces face-to-face patient inter-

1https://www.hhs.gov/hipaa/index.html
2https://gdpr-info.eu/
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actions, potentially lowering care quality and clinician satisfaction. Additionally, poorly

designed user interfaces can lead to inefficiencies and frustration, compromising patient

safety and system effectiveness [20]. Resistance to change, driven by concerns over work-

flow disruptions and increased workload, further complicates adoption. Inadequate train-

ing and alert fatigue worsen inefficiencies. Addressing these issues requires technological

improvements, cultural shifts, better system design, ongoing training, and seamless work-

flow integration. A comprehensive approach encompassing technological, financial, and

cultural support is essential to maximize EHR benefits and enhance patient outcomes [21].

Clinical contextualization remains a key challenge in leveraging EHR data, primarily due

to ambiguous clinical narratives. Terms with multiple meanings hinder accurate concept

extraction, while noisy real-world data, such as redundant or copy-pasted notes, introduce

bias and undermine analytical reliability [22].

Despite existing challenges, ML holds significant promise for transforming EHR systems

by enhancing decision-making, enabling early disease detection, and facilitating person-

alized care. However, its integration is impeded by several critical barriers, including the

requirement for high-quality datasets, compatibility with clinical workflows, mitigation of

algorithmic bias, and the necessity for rigorous validation. Additionally, the substantial

implementation costs, particularly those associated with predictive analytics, contribute

to adoption disparities, disproportionately affecting smaller healthcare providers [23].

1.1.2 International Terminologies

As highlighted in the previous section, the interoperability, data quality, and security

challenges inherent in EHR systems underscore the critical need for standardized termi-

nologies to enable efficient communication and data exchange between different health-

care settings. Adopting and implementing international terminology standards, such as

SNOMED CT, LOINC, and ICD-10, can effectively address these key challenges, facili-

tating the seamless integration of clinical data across disparate systems and ultimately

improving patient care. Interoperability, achieved through standardized terminologies, is

crucial for promoting care coordination, reducing medical errors, improving patient out-

comes, and supporting secondary use of data for research and quality improvement [24].
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Among these standards, SNOMED CT is pivotal in enabling uniformity in clinical doc-

umentation. This standardized, multilingual clinical terminology includes over 350,000

representational units (SNOMED concepts) for diseases, procedures, medications, organ-

isms, substances, drugs, devices, body parts, etc. Via the Unified Medical Language Sys-

tem (UMLS), which integrates approximately 200 biomedical terminologies, SNOMED

CT can be mapped to other coding systems such as ICD-9, ICD-10, ensuring broader

interoperability [25].

Complementing these are information models, such as Fast Healthcare Interoperability

Resources (FHIR) [26], which provides a modern, modular framework for health data

exchange, promoting interoperability through standardized “resources” that represent

information about patients, medications, procedures, and other objects and processes.

FHIR resources easily integrate with both legacy systems and new applications, ensuring

efficient, secure data exchange. FHIR supports using standardized terminologies such

as SNOMED CT and LOINC for clinical documentation and decision support, fostering

agile development and enhancing interoperability to improve patient care and population

health. Similarly, Observational Medical Outcomes Partnership (OMOP) is a standard

data model designed for harmonizing healthcare data across various sources to facili-

tate large-scale research. By standardizing data structures, OMOP supports improved

observational data quality and enables meaningful, evidence-based research on clinical

practices, drug safety, and disease trends. Integrating terminologies such as SNOMED

CT and ICD-10 within OMOP enhances data consistency and promotes collaboration

among research institutions, advancing innovation in healthcare [27]. These international

standards enhance research capabilities, enabling healthcare organizations to efficiently

manage population health, conduct comparative effectiveness studies, and develop innova-

tive healthcare applications that seamlessly integrate with EHR platforms [28]. Addition-

ally, standardized terminologies help maintain consistency in patient care documentation,

ultimately improving clinical data quality and reliability.

This dissertation primarily focuses on SNOMED CT. Its hierarchical structure organizes

concepts into so-called SNOMED CT hierarchies, allowing healthcare professionals to

navigate from broad domains to specialized subclasses. Current translation efforts into

languages such as German link approximately 79,000 medical terms to 41,000 SNOMED

CT concepts [29].
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1.2 Machine Learning for Text Processing

The increasing complexity and volume of data in EHRs have driven the need for advanced

analytical techniques, such as ML and NLP, to transform this comprehensive repository

of information into actionable insights. These technologies have the potential to drive per-

sonalized healthcare solutions by addressing the challenges associated with unstructured

clinical data [30]. Although EHR systems have transformed healthcare by providing reli-

able patient records and enabling efficient information sharing, their full potential remains

unrealized due to the overwhelming complexity and scale of the data they manage.

Recent advancements in NLP, such as the creation of GatorTron [31] – a large clinical

language model trained on over 90 billion words, including over 82 billion de-identified

clinical text entries – illustrate how NLP techniques can unlock the latent potential of

EHRs. These methods enable the extraction of meaningful insights from unstructured

data, facilitating improved decision-making. For example, Wieland et al. [30] reported

that 65% of studies utilizing NLP for processing EHR data employed deep learning and

rule-based methods. Additionally, Juhn et al. [32] highlighted the role of NLP in au-

tomating chart reviews and standardizing phenotype definitions for research on allergies,

asthma, and immunology.

The subsequent sections will delve into the application of ML techniques such as classical,

deep learning methods, and LLMs in advancing the capabilities of NLP for healthcare.

These approaches aim to bridge the gap between raw clinical data and actionable insights,

focusing on information extraction and standardization tasks.

1.2.1 Classical Machine Learning Methods

Classical ML refers to traditional ML techniques that predate deep learning and LLMs.

These methods typically involve structured data and feature engineering and require less

computational power. They include supervised, semi-supervised, and unsupervised learn-

ing, with standard algorithms such as support vector machines (SVMs), random forests,

logistic regression, näıve Bayes, and clustering methods like K-Means. Dimensional-

ity reduction techniques, such as principal component analysis (PCA) and t-distributed
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stochastic neighbour embedding (t-SNE), are also widely used. Each method has distinct

strengths and applications in healthcare, particularly with EHR data.

In healthcare, classical ML demonstrates particular utility for EHR-based applications

including disease prediction, clinical phenotyping, and decision support. These methods

effectively process both structured and unstructured data - for instance, SVMs and con-

ditional random fields (CRFs) have successfully extracted clinical concepts from unstruc-

tured EHR notes [33]. Their rule-free, generalizable approach enables robust analysis of

diverse patient records.

SVMs, are highly effective for both binary and multi-class classification tasks. They are

broadly used in healthcare informatics to predict diseases or categorize patients based

on diagnostic codes. By leveraging optimal hyperplanes to separate classes, SVMs excel

at handling high-dimensional EHR data. For example, research conducted by Zhang et

al. [34] demonstrated the potential of SVMs, achieving an accuracy of 86.2% for ten cancer

types and 97.33% for three cancer types using 400 records per type.

Random forests, an ensemble learning method, construct multiple decision trees to ef-

fectively manage high-dimensional data, such as patient records and test results. These

algorithms automatically identify important features, making them highly valuable for

risk factor identification and prediction. A study by Dubrava et al. [35] used random

forests to predict diabetic peripheral neuropathy from EHR data, achieving an accuracy

of 89.6% and an AUC of 0.824.

Logistic regression, a widely recognized classification method, is particularly valuable

for its interpretability in binary classification tasks. It is frequently used to predict the

likelihood of diseases. However, careful feature engineering is often required to address the

complexities of clinical data. For instance, Duan et al. [36] developed a distributed logistic

regression model to assess the risk of fetal loss due to medication exposure, achieving

accuracy comparable to pooled data analysis.

Näıve Bayes classifiers are effective for tasks involving smaller datasets and are particularly

useful in text classification applications, such as patient feedback or sentiment analysis.

Their simplicity and scalability make them suitable for categorizing clinical notes and

outcomes. Andry et al. [37] employed näıve Bayes to predict heart disease using EHR

data, enabling the identification and management of cardiovascular risks, such as heart

attacks and arrhythmia.
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Despite advances in deep learning, classical ML retains clinical relevance due to its inter-

pretability, computational efficiency, and effectiveness with limited data. These attributes

prove particularly valuable for clinical decision-making, where model transparency is es-

sential. Classical approaches typically employ cross-validation and standard performance

metrics (precision, recall, F1 score), though they require manual feature engineering.

Modern approaches (e.g., transformers, LLMs) reduce feature engineering and excel with

unstructured data, while classical methods remain valuable for interpretable tasks like

health forecasting and decision support [38]. This trade-off motivates continued evalua-

tion of both paradigms in healthcare analytics.

1.2.2 Deep Learning Methods

Deep learning has greatly helped health data processing move into new territory by

equipping ML and NLP techniques with automatic and hierarchical learning capabilities.

Techniques such as convolutional neural networks (CNNs) and recurrent neural networks

(RNNs) proved efficient in processing not only structured patient data but also unstruc-

tured ones such as images and narratives, while keeping dependence on manual feature

engineering at minimal levels [39]. The scalability of deep learning facilitates the analysis

of large datasets, making it particularly suitable for tasks such as clinical event prediction,

medical image analysis, and text processing. Besides, transfer learning has also become a

beneficial approach within healthcare, allowing the fine-tuning of pre-trained models for

domain-specific applications and reducing the challenges of working with limited avail-

ability of labelled data [40]. With that said, deep learning algorithms are often more

accurate than classical methods for clinical data analytics.

Following the discussion on deep learning methods, several architectures have emerged as

pivotal tools in healthcare analytics, each offering unique strengths for processing diverse

data types. CNNs, traditionally designed for image data, have demonstrated efficacy in

healthcare beyond imaging, such as text classification and feature extraction from text.

For instance, Suo et al.[41] developed a CNN-based framework to create patient repre-

sentations for personalized disease prediction, highlighting its adaptability to tasks with

limited annotated data. RNNs are specialized for sequential data, such as patient visit

records, where their memory capabilities enable temporal pattern recognition. Other stud-

ies, e.g., Rasmy et al. [42], have effectively employed RNNs for predicting heart failure
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risks, achieving robust performance across healthcare information systems. Advancing

RNN architectures, Long Short-Term Memory Networks (LSTMs) address the vanish-

ing gradient problem, and excel in capturing long-term dependencies within sequential

data [43, 44]. Their ability to analyse clinical narratives and structured data has been

demonstrated by Guo et al. [45], where they forecast cardiovascular health outcomes from

extensive patient datasets. Bidirectional LSTMs (Bi-LSTMs) further enhance context

comprehension by processing sequences in both forward and backward directions, proving

particularly effective for tasks that require a nuanced understanding of clinical notes, such

as symptom extraction and diagnostics [46].

More recently, transformer-based architectures, which utilize self-attention mechanisms,

have transformed NLP in healthcare by capturing relationships within sequences with-

out recurrence [47]. Models like bidirectional encoder representations from transformers

(BERT) and their domain-specific variants have performed exceptionally in extracting

meaningful insights from clinical narratives. ClinicalBERT, fine-tuned with clinical notes

from MIMIC-III, has played a key role in predicting in-hospital mortality and adverse

events [48]. Similarly, BioBERT and BlueBERT, trained with biomedical literature and

clinical datasets, excel in NER and MCN tasks, enhancing outcomes prediction and de-

cision support [49, 50]. Other specialized transformer models include SciBERT, tailored

for scientific literature, and medBERT.de, optimized for structured clinical data such

as medical codes and lab results, significantly improving disease prediction accuracy in

resource-constrained settings [51].

Additionally, Self-Alignment Pretraining BERT (SapBERT) utilizes self-alignment pre-

training with UMLS Metathesaurus data to improve the representation and linking of

synonymous biomedical language expressions, improving information retrieval and anal-

ysis in healthcare contexts [52]. Collectively, these architectures have not only advanced

predictive capabilities but also broadened the scope of healthcare research and clinical

applications. This method constructs triplets of anchor, positive, and negative samples

to optimize a metric learning framework, which improves the model’s ability to distin-

guish between similar and dissimilar entities. Including ADAPTER [53], a lightweight

module designed to fine-tune pre-trained language models with minimal additional pa-

rameters, within SapBERT preserves its efficiency, allowing effective training with fewer

parameters. Notably, SapBERT achieves a performance improvement of up to 20% over

models such as BioBERT and PubMedBERT [54], making it particularly effective for
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Figure 1.1: t-SNE visualization of UMLS entity embeddings: PubMedBERT (left) shows
overlap, while PubMedBERT plus SapBERT (right) forms compact clusters after self-
alignment [52].

biomedical entity linking, information retrieval, and the analysis of scientific literature

(see Figure 1.1). These advancements in SapBERT have significantly enhanced predic-

tive capabilities, expanding the scope of healthcare research and clinical applications by

enabling more accurate extraction of insights from EHR data [52].

1.2.3 Large Language Models

LLMs, advanced ML models typically based on transformer architectures, are designed

to generate and interpret human language by predicting contextual word or sequence

probabilities. Trained on extensive datasets, they are well-suited for healthcare NLP,

particularly in processing complex clinical texts due to their ability to capture long-range

dependencies [55]. Unlike task-specific models such as BERT, LLMs perform a broad

range of tasks with minimal fine-tuning, demonstrating robust few-shot and zero-shot

learning. This adaptability is critical in healthcare, where annotated data are scarce

due to privacy constraints. Furthermore, their scalability and capacity for multimodal

integration (e.g., text, imaging, lab results, genomics) support comprehensive clinical

decision-making [56]. LLMs are already influencing clinical documentation, research, and

provider–patient interactions, with substantial potential to transform decision-making
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and patient engagement [57]. A focused overview of certain LLMs that are particularly

relevant for clinical NLP practices are:

Generative Pre-trained Transformer. The generative pre-trained transformer

(GPT) models must be specifically mentioned in this scope. Created by OpenAI,

it has many versions, each increasing the capability and application compared to

its predecessors. GPT-2 [58] released in 2019, considerably outperformed its earlier

version in generating text. Thus, coherent and contextually appropriate responses

can be generated, enabling intelligent conversational AI. In 2020, GPT-3 [59] was

introduced, having 175 billion parameters, drastically improving understanding

and generation of the language. Hence, this technology finds many applications in

dialogue systems and content creation. GPT-4 [60], launched in 2023, specializes in

generating human-like text with a deep understanding of complex language tasks

and combines multimodal inputs such as text and images. Clinical applications in-

clude GPT models in generating patient summaries, medical charting applications,

and answering clinical queries. These are also useful for creating conversational

agents with patients [61].

Other Large Language Models, beyond GPT. These models have also significantly

contributed to clinical NLP practices. Pathways Language Model (PaLM), devel-

oped by Google, uses a mixture of expert architectures to process diverse language

processing tasks efficiently. This makes the model of great help in generating clin-

ical texts and supporting decision-making [62]. Large Language Model Meta AI

(LLaMA), released by Meta AI, excels in summarizing clinical documents and ex-

tracting information from EHRs [63]. GatorTron, developed for clinical documents

and understanding at the University of Florida, extracts structured data from un-

structured clinical notes [31]. Text-to-Text Transfer Transformer (T5), also devel-

oped by Google, applies a text-to-text framework to various NLP tasks, including

summarization and patient education [64]. Lastly, DeepSeek [65] is advancing clini-

cal NLP by enabling broader AI access and leveraging fine-tuned LLM capabilities

to improve accuracy and adaptability in real-world healthcare applications. Collec-

tively, these models improve the processing and interpretation of complex clinical

language, aiding healthcare providers in enhancing patient care.
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1.3 Key Tasks in Text Processing

Integrating classical ML, deep learning, and LLMs has changed the analysis of EHRs, im-

proving clinical and administrative healthcare functions. These are important in patient

care improvement, smoothing of functions within the hospital, and informing data-driven

decisions [66, 67]. The critical applications include disease prediction and risk stratifica-

tion, clinical decision support, clinical text classification, and patient outcome prediction.

Moreover, information extraction, medical text summarization, and question-answering

NLP techniques have boosted it further to interpret and utilize such complex clinical

narratives [68]. This suite of NLP applications is fundamental in changing healthcare

workflows for speed, accuracy, and personalization. NLP techniques are beneficial for ex-

tracting key insights from unstructured EHR narratives. These techniques helped bridge

the gap between narrative data and structured data elements; this enhanced automation

of several time-consuming tasks improved utility from the clinical perspective [69]. Three

of the significant NLP tasks that enable healthcare providers to efficiently extract and

effectively utilize information from EHRs are listed below.

1.3.1 Named Entity Recognition

NER is a basic NLP task that identifies and classifies medical terms in clinical text, such as

referring to all types of entities referred to in clinical text [70]. These language expressions

are then typically tagged and labelled so that NER can convert free-text clinical narratives

into structured, usable data. For example, it may automatically identify mentions of

diseases such as “diabetes” or drugs like “metformin”. This structured representation

will enable clinicians and healthcare systems to retrieve relevant information quickly,

allow data to be analysed, and inform decisions. NER plays a critical role in automating

administrative tasks, including medical coding, and amplifies clinical research by making

textual data available in large volumes [71].

1.3.2 Medical Concept Normalization

MCN can be framed as either a classification, generate-and-rank, or embedding similar-

ity task. In the classification approach, deep learning models are trained to map text
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embeddings to numerical labels, often facing challenges due to many output classes. To

address this, methods such as type prediction [72], semantic type modelling [73], and

prior knowledge from medical terminology systems [74], such as SNOMED CT, are in-

tegrated, improving model performance and reducing complexity. Furthermore, MCN

models must account for the ambiguity of medical mentions, as the same mention can

have different meanings depending on the context. Contextual embeddings and type pre-

diction help disambiguate terms, ensuring each mention is mapped to the correct concept.

The generate-and-rank approach generates candidate concepts and then ranks them based

on semantic and contextual relevance, utilizing neural networks such as convolutional or

transformer-based models. Embedding similarity, another common method, compares

terminology terms and mentions from clinical text embeddings through distance metrics,

such as cosine similarity, with improvements through triplet loss or external knowledge

integration. Combining UMLS knowledge with transformer models and similarity-based

approaches significantly improves normalization accuracy, particularly in large-scale and

diverse datasets. Once identified, references to medical concepts must be standardized to

ensure consistency across different healthcare systems. MCN maps the extracted terms to

standardized medical vocabularies, for instance “heart attack” in a clinical text is linked

to the ICD-10 code “I21” (Acute Myocardial Infarction). This process ensures that dif-

ferent textual expressions that mean the same are mapped to a single, widely recognized

concept [75].

1.3.3 Relation Extraction

Relation extraction extends beyond identifying and normalizing individual entities by dis-

cerning their interconnections. For instance, it can link a patient’s diagnosis, such as dia-

betes, to prescribed treatments like insulin or detect adverse drug reactions documented

in clinical notes. By capturing these intricate relationships, relation extraction provides

healthcare professionals deeper insights into patient conditions and treatment histories.

This process is fundamental to constructing knowledge graphs that map interactions be-

tween medical concepts, facilitating clinical research, optimizing patient management, and

enabling personalized treatment recommendations [76].
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1.4 Derived Dissertation Objectives

This cumulative thesis focuses on the outcomes of three interconnected projects [77–79]

that form a cohesive framework for automating clinical text processing, grounded in the

following research gaps – observations which lead to the stated research questions and

their operationalization into defined experimental objectives:

Observation A. Clinical language exhibits high variability (e.g., abbreviations, syn-

onyms, ambiguous phrasing), complicating accurate information extraction. A

comparisons of classical and different deep learning architectures of their efficacy

in their clinical tasks (e.g.,NER, MCN) is often lacking specifically in combination

with model interpretability, particularly through vector visualization and explain-

ability techniques, which is critical for clinical adoption but remains inadequately

addressed.

Research Question A. “How can comparative modeling (classical vs. deep learning)

and explainability techniques improve the accuracy and interpretability of clinical

data extraction?” The research question was operationalized in the first investiga-

tion via a comparison of classical and deep learning models for extracting oxygen

therapy data from COVID-19 records, integrating vector visualization to enhance

interpretability [77].

Observation B. Manual annotation of clinical narratives with standardized concepts

(e.g., SNOMED CT) is resource-intensive, and supervised methods fail to scale due

to reliance on labelled data. Current approaches treat NER and MCN as separate

tasks, neglecting synergies between them. A unified, label-efficient framework is

lacking for joint NER-MCN. This leads to the adoption of unsupervised methods

in this context and their reachable performance, in contrast to the more often used

supervised model-based approaches.

Research Question B. “Can a unified, unsupervised pipeline leverage semantic similar-

ity to jointly perform NER and MCN without labelled data?” The research question

was investigated via an SapBERT-based bi-encoder for joint NER-MCN, eliminating

dependency on labeled data and leveraging SNOMED CT ontologies [78].
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Observation C. Noisy clinical text (misspellings, ad-hoc abbreviations) degrades MCN

performance, and traditional methods struggle with contextual disambiguation. De-

spite the potential of LLMs, their systematic application to clinical text cleansing

(e.g., error correction, abbreviation expansion) and normalization is limited. In

addition, the integration of Retrieval-Augmented Generation (RAG) to enhance

MCN by dynamically grounding LLMs in curated medical ontologies (e.g., UMLS,

SNOMED CT) is of interest.

Research Question C. “How can LLMs and RAG mitigate noise (e.g., misspellings,

abbreviations) to enhance MCN accuracy?” The objective in the third investigation

was therefore to design an LLM pipeline with RAG to cleanse noisy clinical text

(e.g., spelling corrections) and dynamically retrieve ontology concepts for accurate

normalization [79].

These investigations are summarized in the next chapter, and their key contributions to

answering the stated research questions are presented. Additionally, Chapter 2 contains

complementary research efforts, including advancements in vector encoding techniques

for concept normalization, re-ranking approaches leveraging cross-encoders, and the in-

tegration of visualization tools to enhance encoding processes. Further, the critical role

of visualizing structured and unstructured patient data is highlighted. Collectively, these

efforts should provide scalable solutions for efficient clinical data processing, improved

healthcare management, and broader research applications.
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Investigations

2.1 O2 Supplementation Disambiguation in Clinical

Narratives to Support Retrospective COVID-19

Studies

2.1.1 Summary

Accurate oxygen saturation assessment is vital for evaluating COVID-19 severity, partic-

ularly in silent hypoxemia cases where patients exhibit no apparent symptoms despite

critically low oxygen levels. Although such information is embedded in clinical narra-

tives within EHRs, manual extraction of oxygen supplementation details remains labor-

intensive and limits scalable retrospective research. Existing methods fail to automate

this process reliably. This study [77] develops and validates an NLP approach to extract

and classify oxygen supplementation data from German discharge summaries, thereby

enabling efficient cohort identification and reducing physician workload.

To achieve this, we analyzed text lines extracted using regular expressions from

anonymized COVID-19 patient discharge summaries written in German. Further, the

patients were classified into those who received oxygen supplementation and those who

did not. A comparative analysis of various ML algorithms was conducted, ranging from

classical to deep learning models. To qualitatively assess semantic encoding, t-SNE was

18
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Figure 2.1: Graphical abstract summarizing the proposed methodology, including text
line preprocessing, binary text classification, vector clustering using t-SNE visualization,
error analysis, and explainable AI interpretations [77].

used to visualize vector clustering. The Local Interpretable Model-agnostic Explanations

(LIME) module was used to explain classifier decisions, illustrating how the models arrived

at their conclusions.

The results demonstrated that classical and deep learning models achieved similar classi-

fication performance, with F-measures between 0.942 and 0.955. However, classical ML

methods were faster and less computationally intensive. Analysis of embedding represen-

tations indicated notable differences in encoding patterns. Deep learning models formed

clearer clusters than classical ML models. t-SNE was used to analyze embedding rep-

resentations, highlighting the semantic encoding properties of the deep learning models.

Furthermore, LIME explanations reveal the most relevant features influencing model de-

cisions at the token level.

In conclusion, this research underscores that classical ML methods can match the per-

formance of deep learning models while offering lower computational costs. LIME inter-

pretation improves the understanding of classification outcomes. This aids automated

clinical text processing for COVID-19 research and patient care. For a visual summary,

refer to Figure 2.1 for the graphical abstract.
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2.1.2 Discussion

Due to abbreviations, synonyms, and ambiguity, clinical language is highly variable, mak-

ing accurate information extraction challenging. Comparative evaluations of classical and

deep learning models, particularly with regard to interpretability and explainability, are

limited and hinder clinical adoption. This investigation addresses these gaps by system-

atically exploring ML-based approaches for classifying oxygen supplementation status in

COVID-19 patients using German-language discharge summaries.

The dataset comprises 3,844 anonymised text lines from the KAGes EHR system, an Aus-

trian public hospital network. Two biomedical experts annotated the data and validated

it by a third, achieving high inter-annotator agreement (Cohen’s Kappa = 0.859). Text

lines were labeled as 1 (evidence of oxygen supplementation) or 0 (no evidence), with

3,074 spans for training and 769 for testing. Models such as SVM, random forest, LSTM,

Bi-LSTM, and CNN were selected for comparative analysis based on their suitability for

classification tasks and handling imbalanced data. These models allow for a comprehen-

sive evaluation of performance metrics such as precision, recall, and F1 score, which are

crucial for clinical applications.

The findings underscore the effectiveness of both classical and deep learning models,

with F1 scores ranging between 0.942 and 0.955. Notably, classical ML techniques such

as random forest demonstrated competitive performance while being computationally

more efficient than deep learning models like LSTM and CNN. This result challenges the

prevailing assumption that deep learning methods are universally superior, emphasizing

that classical models remain viable for specific clinical NLP tasks, particularly in time-

sensitive applications.

The t-SNE visualization demonstrated that the dynamic embeddings generated by the

CNN model yielded better cluster separability than SVMs static term frequency-inverse

document frequency (TF-IDF)representations, highlighting the limitations of traditional

feature extraction methods. A key contribution of this study is the use of explainable AI

(XAI) module such as LIME to enhance model interpretability. By identifying influential

features such as “FiO2”, “mit” (German for “with”, as in “mit Sauerstoff”), and spe-

cific oxygen volume terms, the approach offers transparency into classifier decisions and

addresses the “black-box” problem—an essential step toward fostering clinician trust in

medical AI.
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This study highlights both the value and challenges of using EHR narratives for clinical

research, demonstrating their unique ability to capture contextual patient information

missing from structured data while facing two key limitations: significant class imbalance

(with predominating “no oxygen supplementation” cases that may affect minority class

sensitivity despite using precision/recall/F1 metrics) and restricted generalizability from

relying on a single hospital system’s data. While these narratives provide richer insights

for retrospective analysis than structured data alone, future work should address current

limitations through advanced techniques like data augmentation or weighted loss functions

for class imbalance and multi-center validation studies to enhance generalizability, thereby

preserving the method’s strengths while overcoming its constraints.

Overall, the findings highlight clinical narratives as a rich source for extracting param-

eters relevant to cohort selection and epidemiological studies. The results underscore

the need for context-aware ML model selection. Given the comparable performance of

classical and deep learning models, computational efficiency becomes a key factor for

deployment in resource-constrained clinical settings. While deep learning models offer

advanced feature representations, their computational demands may outweigh benefits in

such environments.

This study also advances the use of explainability in clinical NLP. LIME enhances in-

terpretability, promoting clinical trust, and future work could include additional visual-

ization strategies (e.g., concept distributions, dashboards) to support usability. Despite

persistent data access, imbalance, and generalizability issues, the effectiveness of classical

models combined with explainability tools provides a strong basis for advancing clini-

cal NLP. Expanding datasets to include multilingual and multi-institutional sources will

strengthen model robustness and clinical relevance.

2.1.3 Contribution

The key contributions include:

• an automated oxygen supplementation classification from clinical narratives, crucial

for more efficient and accurate COVID-19 retrospective studies.
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• a comparative analysis of classical and deep learning models, enhanced by improved

model interpretability, contributing to a better understanding of how these models

work.

Research Question A: “How can comparative modeling (classical vs. deep

learning) and explainability techniques improve the accuracy and inter-

pretability of clinical data extraction?”

Clinical language’s inherent variability and ambiguity necessitate robust methods for ac-

curate data extraction. Our hybrid NLP system addresses this challenge by integrating

rule-based techniques with ML classification, demonstrating that deterministic rules effec-

tively capture explicit patterns (e.g., “FiO2 50%”). At the same time, ML models resolve

contextual ambiguities (e.g., distinguishing between “supplemental oxygen required” and

“no oxygen required”). To ensure clinical interpretability, LIME module validates model

decisions, fostering trust among end-users. This structured approach transforms unstruc-

tured oxygen therapy documentation into reusable formats, facilitating applications in

clinical decision support and retrospective research. However, future extensions could en-

hance interoperability by incorporating standardized terminologies (e.g., SNOMED CT

or UMLS) for broader semantic alignment. The findings underscore the viability of hy-

brid systems in balancing precision and adaptability, though further work is needed to

generalize the framework across diverse clinical domains.

2.2 Unsupervised SapBERT-based Bi-Encoders for

Medical Concept Annotation of Clinical Narra-

tives with SNOMED CT

2.2.1 Summary

This study [78] addresses the challenge of integrating de-identified clinical narratives from

EHRs with standardized medical vocabularies to enhance their effective utilization. While

pre-trained on large datasets, traditional models like BERT still require substantial an-

notated corpora for tasks like NER and MCN. The experiment proposes an unsupervised

approach to medical concept annotation (MCA) that structures clinical narratives into
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standardized terminologies while automatically generating annotated datasets. By lever-

aging semantic similarity techniques, the unified pipeline performs both NER and MCN

without manual intervention, directly aligning raw text with SNOMED CT concepts.

Figure 2.2: Graphical abstract illustrating the proposed framework: embedding space cre-
ation for SNOMED CT, clinical data preparation, n-gram generation with entity recog-
nition and normalization, and best n-gram selection and evaluation [78].

The proposed method processes English/German clinical narratives by extracting 1-5

word n-grams as candidate terms. Semantic matching is performed using a Facebook AI

similarity search (Faiss1)-accelerated similarity search between n-gram embeddings and

pre-computed SNOMED CT concept embeddings in SapBERTs bi-encoder space. This

matching is further refined through syntactic re-ranking to improve alignment accuracy.

The unified pipeline simultaneously achieves NER by validating candidate terms against

SNOMED CT semantic tags and MCN through standardized concept ID assignment, en-

abling complete terminology alignment without requiring annotated training data. Key

innovations include leveraging SapBERTs self-supervised biomedical knowledge, Faiss-

optimized search scalability, and language-agnostic processing validated across both En-

glish and German clinical texts.

The results demonstrate that the unsupervised approach achieves an F1 score of 0.765

for MCN in English and 0.557 in German, showing promise in the absence of training

data. Notably, the semantic tag “disorder” achieved the highest F1 scores, with 0.871 for

English and 0.648 for German datasets in MCN, while the results on MCA of “disorder”

1https://Faiss.ai/
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were dropping, i.e, 0.839 and 0.696 in English and 0.685 and 0.437 in German dataset for

NER and MCN respectively.

This unsupervised approach offers a viable method for preliminary annotation tasks and

can potentially serve as a pre-labeling mechanism in manual annotation processes. The

study recognizes various ongoing challenges, such as false positives, contextual errors, and

the inherent variability of clinical language. Further refinement is required to ensure the

method is more precise and applicable in clinical practice. For a visual summary, refer to

Figure 2.2 for the graphical abstract.

2.2.2 Discussion

The present study [78] demonstrates the viability of unsupervised MCA for clinical nar-

ratives through a SapBERT-based bi-encoder approach, evaluated on both English (n2c2

2019 [52]) and German (hospital EHR) datasets. The English dataset comprising 100 U.S.

hospital discharge summaries with 10,919 manually annotated medical concepts mapped

to UMLS, of which we focused on 12,760 SNOMED CT-normalized mentions (6,232 train-

ing, 6,528 test) across the top 10 semantic categories (covering 95% of concepts); and (2)

a newly created German dataset of 10 Austrian hospital EHRs containing 600 SNOMED

CT-normalized mentions (97% within the same semantic categories), annotated using IN-

CEpTION2 following n2c2 guidelines [52]. These diverse, complementary datasets, com-

prising physician notes and discharge summaries from different healthcare systems and

documentation standards, enable robust evaluation of consistent SNOMED CT mapping

across varied real-world clinical language and linguistic contexts.

Our methodology addresses a challenging gap in clinical NLP by trying to eliminate

the dependency on manually annotated training data, which is particularly valuable for

low-resource settings that face challenges of data sensitivity and time constraints for

annotation. The proposed approach comprises three steps: (1) n-gram generation from

clinical narratives, (2) similarity matching using a bi-encoder model, and (3) syntactical

re-ranking to refine candidate terms. The bi-encoder architecture enables direct mapping

of clinical text to standardized terminologies without intermediary supervision steps that

typically constrain NER systems. SNOMED CT (July 2022 international edition) served

2https://inception-project.github.io/
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as the reference terminology, with all concepts pre-embedded in SapBERT to enable

efficient matching. The framework employs Faiss-accelerated nearest neighbor search to

balance semantic accuracy and computational efficiency.

Performance analysis revealed competent English results (MCN F1 score = 0.765), out-

performing a conventional n-gram-based dictionary matching baseline, which achieved an

F1 score of 0.512 on the same dataset. As a benchmark, the baseline method employed a

straightforward pipeline: (1) n-gram generation from clinical text and (2) exact string

matching against SNOMED CT concepts without semantic or contextual processing.

While computationally efficient, this approach exhibited significant limitations, notably

higher false positives and an inability to resolve syntactic variations or polysemy. The

substantial gap (F1 score = 0.253) between the baseline and our SapBERT bi-encoder un-

derscores the limitations of rule-based dictionary methods in clinical NLP, particularly for

context-sensitive categories like “qualifier value” (baseline F1 score of 0.217 vs. proposed

F1 score of 0.621).

The syntactic re-ranking component effectively addressed MCN challenges, resolving par-

tial matches and term variations by incorporating structural features. However, processing

times of 60 seconds per line in EHR data reveal significant scalability constraints for clin-

ical deployment. Error analysis identified two core challenges: (1) reduced accuracy for

context-dependent categories (“qualifier value”, “observable entity”) requiring broader

discourse understanding, and (2) difficulties with discontinuous mentions, exposing lim-

itations of n-gram approaches in capturing clinical semantics. These findings suggest

three improvement pathways: context-sensitive disambiguation through neural sequence

labeling or hybrid methods, refined normalization filters to reduce false positives, and

integrating advanced language models, such as GPT, for enhanced extraction.

In summary, the approach demonstrates clinical promise by automatically extracting stan-

dardized concepts from English and German narratives, potentially enhancing semantic

interoperability, particularly in resource-constrained settings lacking annotated corpora.

The SapBERT-based bi-encoder presents an effective unsupervised MCA solution that

minimizes dependence on labeled data. While promising, challenges persist in reducing

false positives, improving processing efficiency, and adapting to multilingual contexts.

Future work should focus on developing hybrid approaches leveraging LLMs to this task,

where a selected investigation is described in Section 2.3.
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2.2.3 Contribution

The key contributions include:

• the integration of NER and MCN into a single embedding-based annotation process.

• the unsupervised mapping of clinical text to SNOMED CT using SapBERTs em-

beddings.

Research Question B: “Can a unified, unsupervised pipeline leverage semantic

similarity to jointly perform NER and MCN without labeled data?”

The scarcity of labeled clinical data poses a significant barrier to scalable MCN. Our un-

supervised pipeline, leveraging a SapBERT-based bi-encoder, is tryinig to circumvent this

limitation by projecting clinical text and SNOMED CT concepts into a shared semantic

space, enabling accurate matching of variant expressions (e.g., “heart attack” → “My-

ocardial Infarction”) without manual annotation. This unified approach jointly performs

NER and MCN, mitigating error propagation inherent in cascaded architectures. The re-

sults demonstrate promising performance across heterogeneous EHR data, highlighting its

capacity to handle synonyms, abbreviations, and contextual nuances. While the method

achieves scalability for real-time processing, rare or polysemous concepts may benefit from

supplementary ontology-guided constraints. The study advances the field by proving that

unsupervised semantic matching can support standardizing clinical narratives, thereby

reducing reliance on costly labeled datasets.

2.3 Large Language Models for Clinical Text Cleans-

ing Enhance Medical Concept Normalization

2.3.1 Summary

MCN remains challenging due to variations in clinical documentation. While LLMs show

promise for text processing, its potential for cleansing clinical text to improve MCN has

been underexplored. This study [79] explores the application of LLMs, specifically GPT-

4, in processing de-identified clinical narratives from EHRs, which are primarily available
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as free text. The research aims to enhance the accuracy of clinical documentation and

improve healthcare delivery by focusing on a corpus of anonymized clinical narratives in

German.

The study evaluates two primary tasks: text cleansing, which involves automatically

rephrasing raw clinical text into a more readable and standardized format, and RAG

aimed at enhancing SapBERT-based MCN. We evaluated the framework on 660 manually

annotated surface terms extracted from real-world clinical narratives. Identical analyses

were conducted on the original narratives and their LLM-cleansed versions to isolate

preprocessing effects.

Figure 2.3: Graphical abstract summarizing the methodology: embedding space gener-
ation from two German terminologies, clinical narrative cleansing with LLM and error
analysis, and MCN via dictionary lookup, bi-encoders, and RAG followed by error anal-
ysis [79].

The findings reveal that the application of GPT-4 significantly outperforms classical NLP

algorithms for MCN with text cleansing. The study still emphasizes the importance of
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a robust terminological foundation, which is crucial for enhancing the LLM supported

MCN performance. The research achieved maximum F1 scores of 0.607, 0.735, and 0.754

for the top 1, 5, and 10 matches, respectively. These scores were obtained through a

comprehensive pipeline that included document cleansing, bi-encoder-based term match-

ing utilizing an extensive domain dictionary aligned with SNOMED CT, and subsequent

re-ranking via RAG.

In conclusion, the study demonstrates that LLMs can significantly enhance the process-

ing of clinical narratives, contributing to improved MCN outcomes. The results suggest

further exploration of LLMs in the clinical setting, emphasizing their ability to handle

unstructured data effectively. For a visual summary, refer to Figure 2.3 for the graphical

abstract.

2.3.2 Discussion

This study addresses a critical challenge of accurate MCN in clinical NLP, particularly for

noisy, unstructured clinical narratives that exhibit frequent abbreviations, typographical

errors, and documentation variability. Traditional approaches, which predominantly rely

on rule-based cleansing or standalone deep learning models, often struggle to generalize

across different institutions and languages.

To bridge this gap, this study introduces a LLM-based text-cleansing pipeline that opti-

mizes input data before MCN, enhancing performance. Specifically, the approach lever-

ages the particular LLM, GPT-4 accessed via API calls, in a two-step process. First, to

standardize and clarify clinical narratives through text cleansing, and second, to improve

term-matching accuracy via RAG. This dual application pipeline significantly enhances

the mapping of clinical terms to SNOMED CT codes, with notable improvements observed

in German-language clinical texts.

GPT-4-based text cleansing reduced word count by 7.72% and lines by 67.85%, improv-

ing clarity but altering 45% of annotated spans (33% beneficial, 8% potentially harmful).

Only 0.45% of terms were lost, requiring manual correction. For MCN, cleansing boosted

performance: bi-encoder with IT DE terminology achieved F1 scores of 0.568 (top-1),

0.735 (top-5), and 0.754 (top-10), surpassing dictionary matching by 91.25%. RAG fur-
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ther improved top-1 F1 score by 6.87% (to 0.607 for top-1), with IT DE consistently

outperforms UMLS DE. Expert validation ensured reliability amid AI-driven changes.

The GPT-4-based text cleansing phase proved instrumental in standardizing German

clinical narratives, achieving measurable improvements through abbreviation expansion

(e.g., “HT” – “Hypertonie”), typo correction, and syntactic normalization. However,

challenges such as occasional misinterpretations and hallucinations remain, where the

model incorrectly expands abbreviations or modifies medical terminology in unintended

ways. For example, GPT-4 misinterpreted “EZ” as “Körpermaße” (body measurements)

instead of the correct “Ernährungszustand” (nutritional status), resulting in incorrect

SNOMED CT annotations. Similar issues arose with medication-related terms, where

incorrect modifications could impact clinical decision-making. The model frequently gen-

erated incorrect drug names and chemical compounds, misclassifying substances in ways

that could disrupt pharmacovigilance and medication reconciliation. These errors were

especially prevalent with ambiguous or infrequent clinical terminology, highlighting the

need for rigorous validation before deploying LLMs in real-world medical settings.

Following text cleansing, the second phase – LLM-driven re-ranking within the RAG

framework significantly enhanced the MCN process by improving term-matching accuracy

of the bi-encoder approach. This step enhances retrieval performance by leveraging LLMs

to prioritize the most relevant SNOMED CT concepts from candidate matches. The re-

sults indicate that RAG-based re-ranking significantly outperforms traditional dictionary-

based and bi-encoder approaches, achieving an F1 score of 0.607 for top-1 match. However,

this method’s effectiveness remains highly dependent on terminological consistency and

the comprehensiveness of language-specific resources. Notably, the German Interface Ter-

minology (IT DE) provided superior performance compared to the smaller UMLS extract

(UMLS DE), emphasizing the importance of extensive terminological coverage in MCN

tasks.

Three main insights emerge for real-world deployment: (1) Terminology specificity is cru-

cial—IT DE’s tailored design for German EHRs outperformed UMLS DE’s broader but

shallower coverage. (2) Error profiles vary by clinical domain—pharmacologic terms re-

quired three times more manual corrections than anatomic concepts, highlighting the need

for specialty-specific validation. (3) Cautious adoption is necessary—while GPT-4 cleans-

ing improved efficiency (67.85% line reduction), its 8% error rate in critical categories
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necessitates expert review before EHR integration. These findings position LLM-assisted

MCN as a transformative but not yet fully autonomous solution for German clinical data

interoperability.

Despite advancements, several challenges remain. Hallucinations persist, manifesting as

incorrect terminology modifications during cleansing and misleading term matches during

re-ranking. The study’s focus on German clinical text limits generalizability, particularly

for languages with limited terminological resources, potentially necessitating alternative

normalization strategies. Computational overhead presents a barrier to real-time deploy-

ment in high-throughput clinical settings. Furthermore, language bias inherent in LLM

pretraining data may negatively impact performance for underrepresented languages.

While the model demonstrates strong performance on standard SNOMED CT terms

(95% coverage), it exhibits limitations in handling rare or institution-specific terminol-

ogy. Finally, using LLMs with sensitive EHR data necessitates stringent de-identification

protocols, presenting an ongoing ethical and practical challenge.

To mitigate these challenges, several potential solutions are proposed. Hybrid approaches,

integrating LLMs with rule-based systems or manual verification, may enhance reliabil-

ity. Domain-specific fine-tuning could improve specificity, thereby reducing hallucinations.

Expanding annotated corpora to include non-English languages and low-resource clinical

datasets would strengthen generalizability. Optimization of clinical workflows, through

techniques such as model distillation or hybrid rule-based/LLMs architectures, could re-

duce computational costs and enhance scalability. Integration with structured EHR data,

such as laboratory results, may further enhance normalization accuracy. Finally, the

incorporation of active learning, with clinician feedback loops, could refine the model’s

ability to address ambiguous or evolving medical terminology.

In conclusion, these studies highlight the potential of LLM-driven MCNs pipelines that

incorporate both text cleansing and re-ranking for improved term normalization. While

the dual application of LLMs significantly enhances precision and recall, challenges such

as hallucinations, terminological consistency, and language-specific limitations must be

carefully addressed. Ensuring robust validation mechanisms and optimizing integration

strategies will be essential for the safe and effective implementation of LLM-based MCN

in clinical practice.
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2.3.3 Contribution

The key contributions include:

• LLMs standardize clinical text, improving concept mapping by cleaning errors and

normalizing terms via RAG without manual input.

• an unsupervised pipeline (LLM, SapBERT, SNOMED CT retrieval) converts un-

structured notes to standardized concepts optimized for local medical vocabularies.

Research Question C: “How can LLMs and RAG mitigate noise (e.g., mis-

spellings, abbreviations) to enhance MCN accuracy?”

Noise in clinical text, such as misspellings, ad-hoc abbreviations, and inconsistent phras-

ing, compromises the accuracy of MCN. Our LLM-enhanced pipeline addresses this issue

through two key innovations: (1) text cleansing via the LLM, GPT-4, and (2) RAG to

dynamically ground normalization in authoritative ontologies (e.g., SNOMED CT). The

RAG framework retrieves relevant concepts during inference, improving the disambigua-

tion of polysemous terms. This approach achieves a top-5 F1 score of 0.735, demonstrating

its efficacy in noisy real-world settings. Beyond normalization, the pipeline establishes a

common semantic layer that enhances interoperability across disparate EHR systems by

resolving documentation variability. However, the computational overhead of RAG war-

rants optimization for large-scale deployment. These results position LLM based RAG

as a promising paradigm for robust clinical information extraction, with implications for

decision support and translational research.

2.4 Gain of Knowledge

2.4.1 Summarized Contribution

In summary, these three studies advance medical text processing by tackling critical chal-

lenges, including data efficiency, interpretability, and multilingual applicability. They

highlight how advances in classical and modern ML techniques – ranging from unsuper-

vised methods to LLMs – can work together to improve MCN, offering valuable insights

for future research and clinical applications.
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Key insights include the importance of domain-specific models like SapBERT, which out-

perform general-purpose models in clinical NLP tasks. Using unsupervised and semi-

supervised techniques, such as bi-encoders and LLMs for text cleansing, helps reduce

reliance on labeled data, making MCN more efficient. Multilingual capabilities and the

integration of standardized medical terminologies such as SNOMED CT help ensure con-

sistency in medical concepts across languages and healthcare systems. Additionally, LLM-

based text preprocessing refines clinical narratives, improving concept mapping accuracy.

While deep learning models have proven highly effective, classical ML approaches remain

valuable, particularly for their computational efficiency and interpretability when han-

dling large-scale datasets, and can be especially suitable for specific data types and tasks.

These studies emphasize the need for specialized, efficient, and scalable NLP models to

enhance clinical workflows and improve healthcare delivery.

Building on these foundational studies, my subsequent publications further extend this

framework, exploring complexities in clinical language and demonstrating how ML tech-

niques address these challenges. They emphasize the role of hybrid approaches that

balance contextualized and non-contextualized embeddings for optimal outcomes.

2.4.2 Supportive Investigations

In the first project [80], we explored contextualized and non-contextualized word em-

beddings for MCN using a k-nearest neighbour (k-NN) approach to map clinical terms

to SNOMED CT. The non-contextualized surface term embeddings outperformed con-

textualized ones in this bi-encoder setting, achieving an F1 score of 0.853 compared to

0.322, showing the sensitivity of the exploited approach. This result suggests that the

absence of sufficiently detailed context for many SNOMED CT target concepts limits

the performance of contextual embeddings in large terminologies. Despite the promise of

transformer-based models such as BERT, they struggled in this case due to the lack of

detailed contextual information in SNOMED CT’s vast vocabulary. This emphasizes the

need for further refinement by enhancing SNOMED CT concepts with real-world clinical

context. The error analysis revealed typical issues, such as analogy and granularity er-

rors, underscoring the need for better entity recognition and normalization techniques to

handle clinical language variations.
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Further research [81] has explored clustering similar diagnosis terms using a string simi-

larity heuristic, as explored in recent work on clustering syntactic variants in large clinical

diagnosis lists. This method, which leverages Levenshtein distance [82] and incorporates

pair-wise substring expansions, outperformed a deep learning-based approach, achieving

a maximum F1 score of 0.71. Such clustering techniques can improve MCN and refine the

entity recognition process in EHRs. In the next phase of the research [83], a bi-encoder

and cross-encoder re-ranking model was used to map smoking-related terms to SNOMED

CT. The bi-encoder alone achieved a Recall@1 performance of 33.49%, but the cross-

encoder significantly improved this to 85.10%. This increase highlights the importance of

considering the interaction between the input text and candidate concept pairs. While our

previous study [84] using a supervised classification approach for smoking status achieved

an F1 score of 0.97, the mentioned project, though slightly lower in performance than

dataset-specific classifiers, demonstrated its applicability within a bi-encoder re-ranker

MCN processing chain.

Visualization is crucial for interpreting MCN results across ML models, ensuring clarity

in complex textual data. Common charts, like bar and line graphs, highlight key metrics,

but visualization’s broader role extends beyond basic comparisons. One such extension

was the procedural coding support portal, which automates procedure code predictions

from clinicians’ surgery notes [85]. This project involved training models such as med-

BERT.de [86], surgeryBERT.at, and SVMs, to classify procedure codes based on surgery

reports. Built using Streamlit [87], the portal allows users to input reports and receive the

top five predicted codes. Predictions are explained with LIME, highlighting the textual

features behind each code (see Figure 2.4). Bar charts display prediction probabilities,

supporting model interpretation. This translation portal emphasizes XAI, ensuring clin-

icians can easily understand and trust the ML results. Finally, FusionViewer [88] is an

interactive framework designed to unify clinical data, including EHRs, digital pathology,

and multi-omic studies. It provides oncologists with accessible, structured representations

of diverse datasets through interactive timelines and keyword-searchable annotations (see

Figure 2.5). Leveraging NLP and ML, FusionViewer integrates textual understanding

with visual analytics to offer a comprehensive view of patient health. Although still in

development, it aims to have strong potential to support precision medicine and clinical

decision-making. Future work will focus on optimizing data integration to streamline

oncologists’ workflows and enhance patient care.
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Figure 2.4: Screenshot of the graphical user interface, illustrating the surgery report
coding support system with text input and label selection features [85].
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Figure 2.5: FusionViewer patient screen: Sidebar for selecting patient data (clinical,
laboratory, fusion, graphical, sample quality). The main view shows the patient profile
with a timeline and key navigation features.



Chapter 3

Conclusion and Outlook

This dissertation investigates computational semantics for intelligent digital health ap-

plications. Its focus lies on the optimization of the processing of clinical narratives,

with the goal to obtain a structured and standardized rendering of their semi-structured

and non-standardized representation using existing terminological standards. Methods of

processing clinical language by leveraging machine learning (ML), together with language

models, were developed and assessed in this context.

The three core publications in this dissertation underscore the transformative impact

of these technologies. The first study [77] demonstrated the effectiveness of ML mod-

els in identifying oxygen supplementation data within electronic health records (EHRs),

with Local Interpretable Model-Agnostic Explanations (LIME) enhancing interpretabil-

ity. While classical ML models remained competitive, they required lower computational

resources. The second study [78] employed an unsupervised SapBERT-based bi-encoder

for medical concept annotation (MCA), which reduces reliance on labeled data while

improving multilingual interoperability. The third study [79] extended medical concept

normalization (MCN) using large language models (LLMs), achieving high F1 scores.

Generative Pre-trained Transformer-4 (GPT-4) proved effective in transforming clinical

jargon into standardized text, though challenges like hallucinations and linguistic limita-

tions remain.

Further research built on these foundational studies, by examining contextualized and

non-contextualized surface term embeddings [80], revealing the need of exemplifications

36
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of SNOMECT CT concept terms in context, which is challenging except a focused value

set selection. Bi-encoder and cross-encoder architectures enhanced the accuracy when

mapping clinical text to SNOMED CT [83], while interactive platforms such as the pro-

cedural coding support portal [85] and FusionViewer [88] demonstrated the potential of

integrating diverse data from EHRs, digital pathology, and multi-omics into user-friendly

visualization frameworks.

It is expected that in the future, clinical artificial intelligence (AI) will prioritize cross-

linguistic applicability, improved computational efficiency, and mitigating challenges such

as false positives and hallucinations. Advancements in relation extraction, knowledge

graph development, and unified visualization frameworks will further streamline clinical

workflows, while real-time, actionable insights will support precision medicine through

data-driven decision-making. Multimodal data integration will be central to future AI

systems, offering comprehensive patient data views to personalize treatment and enhance

outcomes by optimized clinical decision support. As these technologies evolve, explainable

AI (XAI) will remain crucial for clinician trust and adoption, ensuring future clinical AI

solutions are transparent, user-friendly, and efficient in improving both workflows and

patient care.

In conclusion, this dissertation highlights the transformative potential of AI technologies

and semantic resources in improving clinical workflows and patient care. While deep

learning and LLMs offer adaptability, classical ML remains valuable for its simplicity and

efficiency. Integrating unsupervised techniques, XAI, and data visualization establishes

a robust framework for clinical data processing and MCN, ensuring interoperability and

reusability. Future research will refine these models, enhance computational performance,

and expand multimodal data integration to further personalize treatments and improve

patient outcomes.
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RESEARCH

O2 supplementation disambiguation 
in clinical narratives to support retrospective 
COVID‑19 studies
Akhila Abdulnazar1,2, Amila Kugic1, Stefan Schulz1, Vanessa Stadlbauer2,3 and Markus Kreuzthaler1* 

Abstract 

Background  Oxygen saturation, a key indicator of COVID-19 severity, poses challenges, especially in cases of silent 
hypoxemia. Electronic health records (EHRs) often contain supplemental oxygen information within clinical narratives. 
Streamlining patient identification based on oxygen levels is crucial for COVID-19 research, underscoring the need 
for automated classifiers in discharge summaries to ease the manual review burden on physicians.

Method  We analysed text lines extracted from anonymised COVID-19 patient discharge summaries in German 
to perform a binary classification task, differentiating patients who received oxygen supplementation and those 
who did not. Various machine learning (ML) algorithms, including classical ML to deep learning (DL) models, were 
compared. Classifier decisions were explained using Local Interpretable Model-agnostic Explanations (LIME), which 
visualize the model decisions.

Result  Classical ML to DL models achieved comparable performance in classification, with an F-measure varying 
between 0.942 and 0.955, whereas the classical ML approaches were faster. Visualisation of embedding representa-
tion of input data reveals notable variations in the encoding patterns between classic and DL encoders. Furthermore, 
LIME explanations provide insights into the most relevant features at token level that contribute to these observed 
differences.

Conclusion  Despite a general tendency towards deep learning, these use cases show that classical approaches 
yield comparable results at lower computational cost. Model prediction explanations using LIME in textual and visual 
layouts provided a qualitative explanation for the model performance.

Keywords  Natural language processing, Machine learning, Deep learning, Electronic health records, COVID-19

Background
In January 2020, the World Health Organisation declared 
a global health emergency based on growing case reports 
of the novel severe acute respiratory syndrome coronavi-
rus 2 (SARS-CoV-2) [1], leading to the outbreak of Coro-
navirus disease (COVID-19). The COVID-19 pandemic 
has created a widespread impact all over the world, 
with 700 million reported cases and 6 million estimated 
deaths [2] by late 2023. Up until now, an up-to-date pic-
ture of the clinical situation, capable of comparing patient 
data for a better understanding of all aspects of the 
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disease, has however been impaired by the lack of access 
to patient data and their lack of standardization, particu-
larly when locked within narrative EHR (electronic health 
record) content. The ongoing practice of documenting 
even crucial facts about critically ill patients as free text 
is a major barrier to the adoption of novel information 
extraction methods for health care and research. The 
manual extraction of specific information, such as diag-
noses, symptoms, medications, dates, and patient demo-
graphics from clinical narratives is a time-consuming and 
tiresome process. It would have to be done by clinicians 
familiar with the domain, who would be urgently needed 
for healthcare delivery in a pandemic context. This moti-
vates the importance of computerised methods to inter-
pret clinical narratives and to extract structured and 
meaningful information. Text classification with Natural 
Language Processing (NLP) has reduced the manual time 
required for analysing clinical text data. However, it is 
essential to customise the components to fit the specific 
use case in advance.

Classical and deep learning approaches
Text Classification. A comprehensive analysis of 
text classification models, spanning classical to DL 
approaches, highlights the advantages of DL in auto-
matically generating meaningful representations for text 
mining. However, it also acknowledges limitations, such 
as neglecting natural sequential and contextual infor-
mation  [3, 4]. Classical ML approaches such as Support 
Vector Machines (SVMs) have the advantage that their 
off-the-shelf implementations can not only be trained 
much faster when compared to deep neural networks [5] 
but have also an overall better runtime performance. Dis-
ambiguation of clinical abbreviations is another essential 
information extraction task, due to their abundance in 
clinical narratives, as demonstrated by Jaber and Mar-
tínez [6], who used a one-fits-all classifier based on deep 
learning (DL) models. Many other studies demonstrated 
the benefit of classical to deep ML algorithms in various 
healthcare use cases [7–11].

Machine learning for COVID-19. COVID-19-related 
information extraction has covered a broad range of 
methods, from classical ML to DL models. Daher et  al. 
[12] elaborated on the requirement for supplemental oxy-
gen for admitted patients. Several research works pre-
dicted the requirements of oxygen and oxygen therapies 
in COVID-19 patients using ML approaches  [13–16]. 
Prediction of COVID-19 mortality rates used gradient 
boosting  [17], decision trees  [18], artificial neural net-
works [19] and DL models [20]. Additionally, studies on 
severity score prediction [21] leveraged explainable artifi-
cial intelligence (XAI) approaches [22].

Several factors that contribute to advantages of clas-
sical ML approaches are (i) data size and complexity 
because DL models generally require large amounts of 
data to learn complex hierarchical representations; (ii) 
intensive computational resources required for DL mod-
els, (iii) the tendency of DL towards overfitting, especially 
when the dataset is small, and finally (iv) problem-spe-
cific considerations, (e.g., scalability, noise and outliers, 
ethical constraints, user requirements, etc.) can influence 
the performance of different models.

O2 saturation in EHRs
A precise understanding of how oxygenation information 
is recorded in EHRs is essential in retrospective COVID-
19 studies. The details of the fraction of inspired oxygen 
(FiO2), partial pressure of oxygen (PaO2/PO2) and arte-
rial oxygen saturation (SaO2) require attention. FiO2 is 
0.21 in room air and increases with supplemental oxy-
gen  [23]. PaO2 is sensitive but lacks specificity for gas 
exchange. The sigmoid oxygen dissociation curve relates 
PaO2 and SaO2, representing haemoglobin oxygen satu-
ration. Interpreting clinical data, including FiO2, PaO2, 
and SaO2, is complicated, so accurately extracting infor-
mation from narratives requires distinguishing and har-
monizing related terms and conflicting results [24]. One 
of the primary challenges lies in the diversity of medical 
records and the multitude of abbreviations employed, 
which are often context-dependent and vary across insti-
tutions and even between clinicians. The same abbrevia-
tion may carry different meanings in distinct contexts 
and settings. Information extraction systems therefore 
need to take this ambiguity into account, as well as the 
existence of synonyms, variants and typos in clinical 
texts.

The focus of our work is on the use of unstructured 
data on oxygen status and supplementation of COVID-
19 patients. The supply of the organism with oxygen is of 
vital importance, particularly in case of respiratory infec-
tion. Current practices involve monitoring of PaO2 and 
SaO2 using pulse oximetry as a common non-invasive 
tool [25]. A spontaneous fall in oxygen saturation levels, 
known as “silent hypoxemia”, is cardinal because low oxy-
gen levels indicate the severity of the disease and predict 
poor outcomes [26]. Peripheral oxygen saturation (SpO2) 
determines whether room air oxygen is no longer suffi-
cient and supplementation of oxygen via masks, nasal 
cannulas or ventilators is required, which often requires 
intensive care treatment  [27]. SpO2/FiO2 ratio is a reli-
able tool for hypoxemia screening among patients admit-
ted to the emergency departments, particularly during 
the SARS-CoV-2 outbreak  [23]. In addition, this paper 
addresses the problem of the lack of structured oxygen 
status data. The problem is complicated by the fact that 
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one and the same concept, viz. oxygen, is on the one hand 
mentioned as a status variable of the patient and a result 
of measurement, but on the other hand supplemental 
oxygen is referred to as a treatment administered to the 
patient. Thus, the word “oxygen” may refer to supplemen-
tary oxygen treatment as well as to the measurement of 
SpO2. Differentiation of the oxygen status was based on 
the measurements of the supplemental oxygen or indi-
cated features for the supplemental oxygen demand and 
those without any further information regarding the oxy-
gen requirement. In this investigation, the interpretation 
of whether the reported oxygen status is with or with-
out the supply of oxygen should be done via an adapted 
model-based approach, as described in this manuscript. 
This system should support an expert data curator in the 
identification of relevant document parts to be processed 
in the next step. Figure 1 represents the flowchart of the 
proposed method. In addition to the recognition of men-
tions of oxygen supplementation, this work adds func-
tionality for data visualisation and a methodology for ML 
model explainability.

The paper is organised as follows: Materials and meth-
ods section describes the data and the different types of 
classifiers used, Results section compares classifier per-
formances and the computational time needed, along 
with error analysis and model explanation. The Discus-
sion section compares the results with related work and 
discusses false positives and false negatives.

Materials and methods
Dataset
Text lines from discharge summaries of patients affected 
by COVID-19 were collected from the EHR system of 
KAGes, an Austrian network of public hospitals. Text 
lines up to a length of 30 characters, denoting potential 
oxygen status information, are extracted to build the 

dataset using a regular expression1. This expression was 
created in several iterations, supported by a data science 
specialist experienced in clinical queries. The binary clas-
sification task is formulated as follows: (i) there is evi-
dence that the patient got oxygen supplementation at 
some time during the hospital stay, vs. (ii) there is no evi-
dence that the patient received oxygen supplementation.

Gold standard creation
The dataset contained 3,844 anonymised text lines. These 
were annotated by two annotators independently. Both 
annotators had biomedical backgrounds, were supported 
by a guideline and passed a series of training sessions. 
The third annotator with medical expertise validated 
the annotations so that they could be used as the ground 
truth. The inter-annotator agreement was high, as evi-
denced by a Cohen’s Kappa [28] of 0.859, which indicates 
a 94% accuracy.

The annotation was based on specific text features for 
example, “l/min O2 über Nasenbrille”  (litre per min-
ute oxygen via nasal cannula), “Sauerstoffbedarf”  (oxy-
gen requirement), “unter CPAP”  (under continuous 
positive airway pressure), “mit RL” (with room air), “mit 
NIV”  (with non-invasive ventilation), etc. Some typical 
text lines are shown along with their class assignments in 
Table 1.

Of the 3,844 anonymised text lines, 1,435 clearly 
described the use of supplemental oxygen at some point 
in time and were thus assigned to class “1”. The remaining 
2,409 text lines were assigned to class “0”, of which 45 text 
lines did not provide any kind of information regarding 
supplemental oxygen. The dataset was split into training 
and test data, with a set of constant random state values 
and a test set size of 20 per cent. The training data con-
sisted of 3,074 spans, with 769 spans in test data.

Fig. 1  Overview of the proposed methodology encompassing text lines preprocessing, binary text classification, t-SNE visualization, error analysis, 
and LIME explanation

1  SO%|[sS][apP]?[O0o][22](?!.)|bO2.?Sä|bO2(?!.*?pH)|[
Ss]ättigung.
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Finally, a division into training and testing sets was 
performed by the ‘train_test_split’ function from scikit-
learn  [29]. To ensure robust evaluation, multiple train-
test splits using different random state values2 were done. 
This process helped mitigate the impact of the initial ran-
domization on model performance and assessed its gen-
eralisation ability.

Machine learning approaches
In ML, classification, in general, is a predictive modelling 
challenge, in which the model has to predict the category 
of the input data based on fitting of the training dataset. 
In particular, the classification of text is an elementary 
NLP task, which is applied wherever input data contain 
free text. NLP uses different types of ML methods. The 
following architectures have been applied for the com-
parative analysis, motivated by a comparison of popular 
core neural network architectures and their influence on 
model performance:

Model architectures

Support Vector Machine (SVM)  SVM is used for both 
classification and regression tasks. It uses textual data, 
which is either represented as a vector or a token in a vec-
tor space. SVMs attempt to find a hyperplane that best 
divides the training data into corresponding classes [30]. 
We used the Support Vector Classifier (SVC) function 
from scikit-learn [29].

Random Forest (RF)  RF is a classification algorithm 
based on the principles of decision trees. In RF, the set 
of attributes is randomly split into many subsets, each 
of which is used to construct decision trees with a few 
layers. These decision trees collectively form the ‘forest’. 
The overall performance is then determined based on 
the outputs of each tree. This randomness in attribute 
selection and tree construction helps reduce overfitting 

and enhances the diversity of the trees in the forest. RF 
is therefore considered a robust and accurate machine 
learning algorithm [31]. We used the RandomForestClas-
sifier function from scikit-learn.

Long Short‑Term Memory (LSTM)  LSTM [32] is a type 
of recurrent neural network. LSTM networks contain 
feed-forward networks along with corresponding feed-
back connections. This makes it distinguishable from 
other neural networks, as it processes sequences of data 
points. A single LSTM unit is known as a cell, which 
consists of an input, output and forget gate. These gates 
control the flow of data in and out of the cell, along with 
remembering essential information at random time 
intervals  [33]. We used the Keras  [34] library for imple-
menting the model layers. Our model architecture con-
sisted of (i) an embedding layer for word representation, 
(ii) an LSTM layer incorporating dropout for regulari-
sation, and (iii) a dense layer with a sigmoid activation 
function to produce binary classification output.

Bidirectional Long Short‑Term Memory (Bi‑LSTM)  Bi-
LSTM networks consist of two LSTM networks, in which 
one feeds the data in a forward direction, while the other 
feeds the data in a backward direction  [35]. We used 
Keras  [34] library for implementing the model layers. 
Our architecture consisted of the following components: 
(i) an embedding layer for word representation, (ii) a Bi-
LSTM layer incorporating dropout for regularisation, 
and (iii) a dense layer with a sigmoid activation function 
to produce binary classification output.

Convolutional Neural Network (CNN)  CNN adaptively 
learns the different hierarchies of features through back 
propagation using different layers such as convolution 
layers, pooling layers and fully connected layers  [36]. 
Even though convolutional networks were initially devel-
oped by the neural network image processing community 
where it excelled in recognising objects in predefined 
classes, it has recently shown excellent outcomes in NLP 
tasks, especially in sentence classification into predefined 

Table 1  Text spans from the dataset along with their classes and relevant tokens translated. Class “1” means the use of supplemental 
oxygen at some point of time

Text span Class Translation of the relevant tokens

“SpO2 99% mit 10l O2” 1 “with 10l O2”

“RR 160/80mmHg, HF 76’, Temp. 38,4◦ C, SpO2 89% mit RL” 0 “with room air”

“keine Dyspnoe, kein Fieber, keine Schmerzen, kein O2 Bedarf” 0 “no O2 requirement”

“1L O2/min. über die Nasenbrille respiratorisch völlig stabil.” 1 “1L O2/min. via nasal cannula”

“O2 2l/min bei Bed.” 1 “2l/min”

2  [509, 906, 331, 172, 729, 250, 762, 629, 926, 392]



Page 5 of 12Abdulnazar et al. BMC Medical Informatics and Decision Making           (2024) 24:29 	

categories. CNN and extended CNN architectures  [37] 
have been successfully applied to text classification tasks 
of different granularity [38]. They also capture the neigh-
bourhood relation via the window size of the CNN fil-
ter. We used the Keras  [34] library for implementing 
the model layers. Our model architecture includes the 
following components: (i) an embedding layer for word 
representation, (ii) a 1-Dimensional convolutional layer 
with multiple filters and rectified linear unit (ReLU) acti-
vation, (iii) a global max pooling layer to capture relevant 
features and (iv) a dense layer with a sigmoid activation 
for binary classification.

Text preprocessing and representation
TF-IDF (Term Frequency-Inverse Document Frequency) 
vectorisation converts the text data into numerical fea-
tures in SVM and RF. Text data preprocessing, without 
the removal of stop words, includes tokenisation and 
sequence padding. For LSTM, Bi-LSTM and CNN mod-
els, we tokenised the text using the Keras [34] tokenizer 
with a specified maximum word count. To ensure that we 
capture the full context without unnecessary truncation, 
we selected a maximum token length of 30. This choice 
is well-justified, as it allows us to handle all sequences 
within our dataset, thereby capturing the most of the 
context and information from each text entry, without 
disclosing any patient-specific information.

In order to enhance the representational capacity and 
capture intricate patterns in our data across various 
machine learning models, our classical ML models with 
TF-IDF vectorization has a dimension within a range of 
2450 to 2520 for the applied random state values, and we 
choose 300-dimensional input vectors consistently in all 
our DL models, following current practice [39]. Unlike 
some deep learning models that have fixed dimensions, 
TF-IDF vectors adapt their dimensionality based on the 
dataset’s linguistic diversity. TF-IDF captures word sig-
nificance across documents, while fixed dimensions in 
deep learning aim for computational efficiency and con-
cise representations.

Hyperparameter tuning
For each model, hyperparameter tuning is performed 
using grid search [40] and five-fold cross-validation. The 
goal is to find the optimal set of hyperparameters for each 
model. For SVM, various combinations of hyperparam-
eters, including ‘C’ (regularization parameter), ‘kernel’ 
(kernel function), and ‘gamma’ (kernel coefficient) were 
tried. For RF, combinations of ‘n_estimators’ (the number 
of trees in the forest), ‘max_depth’ (the maximum depth 
of the trees), and ‘max_features’ (the number of features 
to consider when splitting nodes) were used. For LSTM 

and Bi-LSTM we combined the hyperparameters units, 
dropout and recurrent dropout. Finally, for CNN, hyper-
parameters, such as filters and kernel size were selected 
using grid search. In LSTM, Bi-LSTM and CNN models 
cross entropy was used as the loss function, adamax as 
the optimizer, early stopping as the stop criteria and run 
with an epoch value of ten. Model architectures with the 
best hyperparameters are summarised in Table 2.

Model assessment and selection
For each iteration through the random state values, we 
trained the classifiers with the best hyperparameters 
identified during the tuning phase. The performance was 
evaluated using precision, recall, and F1-score. We cal-
culated the mean and standard deviation of these perfor-
mance metrics across the different iterations to assess the 
overall model performance. The model with the highest 
F1 score was selected for further analysis.

Visualisation
To gain insights into the distribution of the data in a 
lower-dimensional space, we applied t-distributed Sto-
chastic Neighbour Embedding (t-SNE) [41] to the TF-
IDF vectors of the test data in SVM and RF. For the DL 
models, the word embeddings learned by the best model 
are extracted and visualised. The resulting 2D scatter 
plot visualises the data points based on their predicted 
labels (‘y_test‘) and serves as an additional tool for under-
standing the model’s behaviour. t-SNE is a technique 
commonly used to explore intricate patterns and rela-
tionships within complex datasets by projecting them 
into a lower-dimensional space. This reveals hidden 
insights not apparent in the original data. t-SNE visuali-
sations also offer an intuitive way to comprehend model 
performance, decision boundaries, and data separability. 
These are particularly popular for visualising text data 
due to their ability to capture complex relationships in 
high-dimensional data, making t-SNE a preferred choice 
to linear techniques, like Principal Component Analysis 
(PCA). However, one must be aware of the limitations of 
t-SNE, such as sensitivity to the perplexity parameter and 
difficulty in interpreting distances in the reduced space.

Model explanation using LIME
After determining the most effective model, we perform 
feature relevance analysis to understand which terms or 
features have the greatest impact on the classification 
result. This analysis provides valuable insights into the 
key phrases or structures from which the model cre-
ates its predictions. To this end, we use a method called 
LIME  [42], suited for predictions of complex black-
box models. LIME starts by creating variations of the 
input text, involving actions like removing, replacing, or 
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rearranging tokens randomly. It then passes these vari-
ations through the model and records the resulting pre-
dictions. LIME selects a subset of token features from 
both the original input text and the variations, focusing 
on those that significantly influence prediction. A linear 
SVM is then built using these selected features, which 
helps estimate the model’s behaviour regarding specific 
features. The feature importance weights calculated by 
this process clarify how the model’s output class is deter-
mined, highlighting the most influential tokens for pre-
dicted class probabilities. Higher weights signify stronger 
contributions, while lower weights indicate less influ-
ence. The application of LIME on machine learning mod-
els assists non-experts in comprehending the internal 
processes of a model and tracking decision details related 
to predictions.

Results
Classifier results
The model is optimised using the training data, and 
the chosen hyperparameters via grid search are then 

implemented in the model and analysed in the test per-
formance. Performance metrics for each model were cal-
culated in terms of precision (P), recall (R) and F1-score 
(F1) as shown in Table 3, with the different classifiers pro-
ducing comparable good results. We opt for the F1-score 
instead of ROC and AUC, because of its better handling 
of imbalanced data and its alignment with the substantial 
clinical impact of both false positives and false negatives.

Furthermore, classifier models were profiled with 
their computational speed assistance by identifying per-
formance bottlenecks and enhancing the underlying 
hardware or software infrastructure to acquire faster exe-
cution times. The computational speed for each sample 
is estimated using the Python module “time”3 to meas-
ure the model prediction time. We calculated the perfor-
mance of classifier models using an AMD Ryzen7 5700U 
with Radeon Graphics processor with a clock frequency 
of 1.8 GHz and 8 GB of RAM. The experiments were 

Table 2  Parameters used in different machine learning models after grid search optimization

Classifier Parameters - Values

SVM vectorisor - TF-IDF vectorisor (in a range of 2450 to 2520 dimensions)

kernel - rbf (Radial Basis Function) kernel

regularisation parameter - C value of 10

cross-validation - 5 fold

RF vectorisor - TF-IDF vectorisor (in a range of 2450 to 2520 dimensions)

maximum features- square root of the total number of features

number of decision trees - 100

cross-validation - 5 fold

LSTM & Bi-LSTM Embedding layer - 300 dimensional

LSTM / Bi-LSTM layer - 128 nodes

dropout and recurrent dropoutlayer -probability of 0.2

dense output layer - 1 node

activation layer - sigmoid

cross-validation - 5 fold

loss - binary cross entropy

optimizer - adamax

CNN Embedding layer - 300 dimensional

1D convolutional layer with:

- filters - 256

- window size - 5

- activation layer - relu

dropout layer - probability of 0.5

dense output layer - 1 node

activation layer - sigmoid

cross-validation - 5 fold

loss - binary cross entropy

optimizer - adamax

3  https://​docs.​python.​org/3/​libra​ry/​time.​html
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conducted using Python 3.8.16 running on Windows 
11. Table 3 lists the mean prediction time per sample for 
each of the best models.

t‑SNE visualisation
The input representation for the SVM is a high dimen-
sional vector based on token occurrence, which 
remains static during training and can lead to reduced 
separability in the dimension-reduced visualisation. 
While the embeddings in the CNN model adapt to the 
downstream task, optimising their representation for 

the domain-specific task, enabling separability in the 
visualization. The grouping into corresponding class 
clusters is therefore recognisable in the embedding 
case for CNN but less clear for the SVM representa-
tion. Figure 2 plots the visualisation of test data using 
the t-SNE method for the SVM and the CNN model. 
In summary, the t-SNE visualisation shows that the 
dynamic embedding approach of the CNN results in 
a better separability of data clusters compared to the 
static representation of SVM, highlighting the adapt-
ability of neural networks in domain-specific tasks.

Table 3  Performance metrics for SVM, RF, LSTM, Bi-LSTM, and CNN models on the test data and their average prediction time per 
sample

Classifier Metric Mean ± Std Error 95% Confidence Intervals Average 
Prediction Time 
(seconds)

SVM P 0.955± 0.002 [0.951− 0.959] 0.258

R 0.955± 0.002 [0.951− 0.959]

F1 0.955± 0.002 [0.951− 0.959]

RF P 0.942± 0.003 [0.936− 0.948] 0.057

R 0.942± 0.003 [0.936− 0.948]

F1 0.942± 0.003 [0.936− 0.948]

LSTM P 0.948± 0.002 [0.944− 0.952] 0.501

R 0.948± 0.002 [0.944− 0.952]

F1 0.948± 0.002 [0.944− 0.952]

Bi-LSTM P 0.944± 0.003 [0.938− 0.950] 0.502

R 0.946± 0.003 [0.938− 0.950]

F1 0.944± 0.003 [0.938− 0.950]

CNN P 0.954± 0.002 [0.950− 0.958] 0.130

R 0.954± 0.002 [0.950− 0.958]

F1 0.954± 0.002 [0.950− 0.958]

Fig. 2  Visualization of vector representations of test data using t-SNE. (i) Static TF-IDF weighted vectors with no clear separability among the classes 
and (ii) Dynamic embedding representation showing a better separability among the classes



Page 8 of 12Abdulnazar et al. BMC Medical Informatics and Decision Making           (2024) 24:29 

LIME explanation
LIME explanations are generated to give insight into 
the model’s prediction. Figure  3 illustrates the LIME 
explanation for the SVM model prediction for both 
class “0” and class “1” on specific text lines. LIME iden-
tified the most influential tokens contributing to the 
model prediction. The weights of each of the influential 
tokens are sorted based on their class predictions, and 
the sum of the weights for each class is calculated to 
reach the predicted class [43]. Tokens in input text are 
highlighted based on their probabilities of falling into 

a class. These explanations contribute significantly to 
understanding the decision-making process [44].

In our comprehensive analysis of top tokens using 
LIME for both SVM and CNN models, we gained gran-
ular insights into the differentiating features that deter-
mine classification performance. This not only enhances 
our understanding of model predictions but also provides 
interpretability, shedding light on the key factors influ-
encing the decision-making process within these com-
plex models. The most important tokens for this dataset 
according to our analysis were “raumluft”, “kein”, “nicht”, 

Fig. 3  LIME providing insights into model predictions by highlighting the key tokens influencing the classification decision

Table 4  Top influential tokens in the dataset for SVM and CNN models using LIME

Ranking Class 0 Class 1

SVM CNN SVM CNN

1 raumluft kein/keine l/L/Litre fiO2/FiO2

2 akuter ohne fiO2/FiO2 l/L/Litre

3 Kein/kein/keinem via Flüssigsauerstofftherapie Mit

4 ohne raumluft pflichtig Gabe

5 auszugehen AF Zufuhr O2

6 nicht mmol Gabe Flow

7 Pulsoxy nicht inadäquaten Sauerstoff

8 Aufsättigung K mehr für

9 niedriger zufuhr Darunter Brille

10 ausgeprägter seit Mit wurde
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“ohne” for class 0 (no supplemental oxygen) and “FiO2”, 
“mit”, “gabe”, numbers followed by “L” or “l” determin-
ing the litres for with supplemental oxygen (class 1), cf. 
Table 4 for the top 10 tokens per class.

Error analysis
Confusion matrices are designed to give the predicted 
values in a count format, which distinguishes between 
correct and incorrect predictions. The true positive and 
true negative values provide a clear picture of the correct 
predictions within the network, while the false positives 
and false negatives are the topics of interest for error 
analysis.

Analysing the false positives, i.e. the number of incor-
rectly assigned text lines to have received oxygen sup-
plementation and false negatives, i.e. the number of 
incorrectly assigned text lines to not have received oxy-
gen supplementation, it was of interest that for all ran-
dom state values, there were overlapping texts in these 
categories within all models, i.e., for a random state value 
of 729 there were 7 and 8 overlapping false positive and 

false negatively classified texts in all models, cf. Table 5. 
Figure 4 illustrated the values obtained for the confusion 
matrices for different models at the random state value 
of 729.

Discussion
In all languages, but particularly in languages other than 
English, the access to comprehensive clinical narrative 
datasets for public use poses a challenge. Legal restric-
tions, privacy policies, and stringent data protection 
regulations limit their availability and hinder their publi-
cation [45]. Unfortunately, this constrained environment 
has impeded our ability to test our models on diverse 
datasets, thereby limiting our capacity to confirm the 
generalizability of our findings. Consequently, faced with 
these limitations, we opted to create our dataset for the 
experiment. The process of manual annotation proved 
to be a particularly arduous task, underscoring the chal-
lenges associated with compiling and annotating clinical 
narrative data under such restrictions.

Table 5  Common text segments identified as false positives (FP) and false negatives (FN) during error analysis of the test data

FP/FN Text span

FP “O2 Sättigungswert vom 1.12.2019 mit Normalwerten”

“O2 saturation value from 1.12.2019 with normal values”

FP “respiratorischem Infekt und keinem erhöhten O2 Bedarf”

“respiratory infection and no increased O2 requirement”

FN “SO2-Bedarf”

“SO2 requirement”

FN “Laut Pflegebericht: im PH trotz Sauerstoffgabe Sättigung von 65% und”

“According to the care report: saturation of 65% in the PH despite oxy-
gen administration and”

Fig. 4  Confusion matrices depicting the performance of (i) SVM, (ii) RF, (iii) LSTM, (iv) Bi-LSTM, and (v) CNN models
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Since the dataset is imbalanced with a substantially 
higher number of text snippets in class “0” compared to 
class “1”, accuracy is not a suitable metric for evaluating 
model performance. Hence, precision, recall and F1-score 
are more informative as they provide a better measure of 
the model’s potential to detect the minority class. Table 3 
highlights that the performance of classical ML models 
overlaps with DL models. Despite the emergence of DL 
models, there are several applications where classical ML 
such as SVM outperformed DL approaches  [46]. Even 
image classifiers related to the COVID-19 context have 
observed this phenomenon [47, 48].

In addition to the model’s predictive performance, 
the mean prediction time per sample was also assessed. 
Out of this assessment, the classical ML model (RF) is 
the fastest network for this text classification task. In 
comparison with Saadatmand et  al. [13] and Yamanaka 
et al. [14], who used certain features such as demograph-
ics, symptoms, patient background, etc. for determin-
ing the requirement of oxygen therapy, our experiments 
were especially focused on clinical narratives for oxygen 
status. In contrast to Muto et  al. [16], which relies on 
decision support from clinicians, our methodology lever-
ages an explainable AI module to understand the model 
decisions.

Even Fig. 2 does not show clear and distinct clusters for 
CNN as one class appears as an inverted V shape, while 
the other class is spread inside, which suggests that the 
classes might not be easily separable in the embedded 
space. This reveals the possibility of (i) overlap between 
classes, (ii) high intrinsic dimensionality that may not be 
captured by t-SNE, and (iii) complex non-linear relation-
ships within the data.

Conclusion
In this paper, text lines extracted from German-language 
discharge summaries of COVID-19 patients were used to 
detect patients who received supplementary oxygen ther-
apy, which constitutes important information for build-
ing cohorts for retrospective COVID-19 clinical studies. 
The classification task had to distinguish the mention of 
oxygen related to oxygen measurement from the mention 
of oxygen in the context of oxygen supplementation.

Of the applied classification methods using classical 
machine learning to deep learning models, the perfor-
mance of all of them (SVM, RF, LSTM, Bi-LSTM, and 
CNN) was similar. When comparing their computational 
efficiency, the RF model stood out, being the fastest clas-
sifier for this task, as well as in terms of training efforts. 
LIME aided in analysing and explaining the model pre-
dictions and played a crucial role in understanding the 

model performance. The pandemic highlighted the 
need for computerised classifications for the effective 
management of patient information in hospitals and for 
clinicians.

In future work, we aim to expand our research by 
acquiring additional datasets, thereby enhancing the 
robustness and generalizability of our model. We also 
plan to investigate its performance across diverse lan-
guages, ensuring its applicability and effectiveness in a 
broader linguistic context.
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Unsupervised SAPBERT-based bi-encoders for
medical concept annotation of clinical narratives
with SNOMED CT

Akhila Abdulnazar1,2, Roland Roller3, Stefan Schulz1

and Markus Kreuzthaler1

Abstract

Objective: Clinical narratives provide comprehensive patient information. Achieving interoperability involvesmapping relevant details
to standardizedmedical vocabularies. Typically, natural language processing divides this task into named entity recognition (NER) and
medical concept normalization (MCN). State-of-the-art results require supervised setups with abundant training data. However, the
limited availability of annotated data due to sensitivity and time constraints poses challenges. This study addressed the need for
unsupervised medical concept annotation (MCA) to overcome these limitations and support the creation of annotated datasets.

Method: We use an unsupervised SAPBERT-based bi-encoder model to analyze n-grams from narrative text and measure
their similarity to SNOMED CT concepts. At the end, we apply a syntactical re-ranker. For evaluation, we use the semantic
tags of SNOMED CT candidates to assess the NER phase and their concept IDs to assess the MCN phase. The approach is
evaluated with both English and German narratives.

Result: Without training data, our unsupervised approach achieves an F1 score of 0.765 in English and 0.557 in German for
MCN. Evaluation at the semantic tag level reveals that “disorder” has the highest F1 scores, 0.871 and 0.648 on English and
German datasets. Furthermore, the MCA approach on the semantic tag “disorder” shows F1 scores of 0.839 and 0.696 in
English and 0.685 and 0.437 in German for NER and MCN, respectively.

Conclusion: This unsupervised approach demonstrates potential for initial annotation (pre-labeling) in manual annotation
tasks. While promising for certain semantic tags, challenges remain, including false positives, contextual errors, and variability
of clinical language, requiring further fine-tuning.
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Introduction
Electronic health records (EHRs) store extensive health
data, including patient details on diseases, risks, proce-
dures, and medications.1 Most of this information,
crafted by healthcare professionals under time con-
straints, is in narrative form, often dense, filled with
abbreviations, and disregarding grammar rules. This

emphasizes the need to map expressions to standardized
codes for effective communication.2,3 To address this
need, named entity recognition (NER) and medical
concept normalization (MCN),4 also known as entity
linking, a subfield of natural language processing
(NLP),5 plays an important role. As healthcare organiza-
tions increasingly adapt EHR systems, the demand for
clinical terminology in real-life clinical applications is
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increasing rapidly. In our study, we prioritize standard-
ization of EHR data using clinical terminology.

Conventional biomedical NER methods can be broadly
classified into dictionary-based, semantic, and statistical
approaches.6 In recent years, state-of-the-art (SOTA)
approaches heavily rely on deep learning (DL) algo-
rithms,7–9,11,10 and most prominently transformer models,
such as bidirectional encoder representations from transfor-
mers (BERT)12 and its variations.6 However, to solve
medical NER, BERT requires training data, which is
often very limited due to the sensitive nature of the text.

From a technological point of view, the same applies to
MCN. BERT models outperform, for instance, other SOTA
architectures.13,14 They also excelled in handling multilingual
data and capturing contextual information, surpassing the pre-
vious SOTA for the normalization of biomedical concepts.15–
18,4 A pairwise learning-to-rank with a vector space model,15

enhanced performance of BERT, BioBERT,19 and
ClinicalBERT20,21 models across different datasets, surpass-
ing previous methods. In the 2019 n2c2/UMass Lowell task
on MCN, various methods were tested, such as dictionary
matching, DL, retrieval, and rank techniques22–24 using simi-
larity metrics such as the cosine distance. The most accurate
approach used a DL structure with a pre-trained SciBERT
layer.25 Deep neural network models for generating sentence
embeddings as semantic representations, also enhanced cross-
lingual biomedical concept normalization.26 Another method,
utilizing target concept guidance in MCN within noisy user-
generated texts,27 effectively integrates target concept infor-
mation and domain lexicon knowledge to enhance model
performance.

Self-alignment pre-training for BERT (SAPBERT), a
scheme that self-aligns the representation space of text ele-
ments, exhibited better performance compared to seven
other BERT models.28 Fine-tuning SAPBERT set a new
standard in DL for recognition of multilingual entities,29

and cross-lingual normalization.30 xMEN31 excels in cross-
lingual MCN with unsupervised candidate generation and
supervised cross-encoders surpassing previous bench-
marks. The findings of Lin et al.26 demonstrated that the
SAPBERT model achieved the highest performance on
both English and cross-lingual datasets.

Combining NER and MCN is a challenging task.32

Several existing methodologies also employ a combined
strategy, leveraging the strengths of both NER and MCN
to achieve more comprehensive and accurate results.
MetaMap,33 maps text to UMLS Metathesaurus but faces
challenges with spelling mistakes and ambiguous concepts.
Bio-YODIE34 improves extraction speed and disambigu-
ation but requires annotated data. SemEHR35 builds on
Bio-YODIE but relies on manual rules for enhancement.
cTAKES36 utilizes existing technologies but needs
plugins to handle certain challenges. ScispaCy37 is a super-
vised NER model with limited linking capabilities.
CLAMP38 is a comprehensive clinical NLP tool, while

BioPortal39 offers annotation for various ontologies but
may face data protection issues due to its external interface.
MedCAT40 is a flexible concept extraction tool using any
terminology based vocabulary. It boasts a user-friendly
interface for customization and model training, making it
versatile for clinical and research tasks. However, it
requires annotated data for optimal performance. Despite
the progress in transformer technologies, challenges
persist in solving NER and MCN. Key issues include:

Partial matches. Partial matches may occur due to spel-
ling variations or errors. If “femoral neck fracture” misspells
“fracture” as “fractur,” this can lead to partial matches
because the terms are similar but not exactly the same.

Ambiguity. Clinical terms often have different ways of
being expressed, resulting in ambiguity. “FNF,” an
acronym for “femoral neck fracture,” would also be found
as a synonym for “finger-nose-finger” (a neurological
test) in a comprehensive dictionary.41

Contextual information. The term “fracture” can be
assigned with a concept ID as well as based on context,
as “fracture of the neck of the femur” can be assigned
with another concept ID without the context, see Table 1.

Non-contiguous mentions. Dealing with non-
contiguous mentions and variations in token order means
recognizing these different expressions as referring to the
same medical concept. The term “femoral neck fracture”
may be rearranged or expressed differently, such as “frac-
ture of the neck of the femur.”

Incomplete terminology. Incomplete clinical termin-
ology systems often lack synonyms or short forms. This
means that alternative terms such as “hip fracture” may
not be recognized as partial matches.

Medical data often contains sensitive information, which
makes it difficult to share. Even in the current era of large lan-
guage models such as ChatGPT, their application in medical
settings poses ethical and privacy issues.42 Concerns include
patient privacy breaches, unclear responsibility in case of
harm, and the need for clear rules to protect users.43 For
these reasons, it is crucial to weigh the implications and
explore privacy-focused alternatives. Low-resource lan-
guages often suffer from a lack of publicly available data-
sets due to various factors such as small corpus sizes,
different formats suited for specific tasks, and limited
accessibility.44

Clinical gold standards refer to a benchmark available under
reasonable conditions.45 However, the number of publicly
available gold standards is limited, necessitating unsupervised
approaches when labeled data is unavailable.46 Different
unsupervised NER approaches were reported, utilizing adver-
sarial training47 and contextualized word representations.48

Nath et al.49 focused on unsupervised specializedword embed-
dings and NER for clinical coding. Within unsupervised
approaches forMCN,Yan et al.50 utilizedmulti-instance learn-
ing for linking Chinese medical symptoms to ICD-10 classifi-
cations, surpassing the baseline by 1.72%. Tahmasebi et al.51
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demonstrated effective unsupervised anatomical phrase nor-

malization using word embeddings in SNOMED CT.

Karadeniz et al.52 achieved precision scores of 65.9% and

68.7% for bacteria biotope entities and adverse drug reactions,

respectively, using unsupervised entity linking methods with

word embeddings and syntactic re-ranking.
The first general and complete unsupervised solution for

NER with entity detection and classification used a noun
phrase chunker with inverse document frequency for
boundary detection and distributional semantics for termin-
ology code assignment.53 The overall classification shows
good results, considering that only 39% and 19% of the
entities could be found according to the datasets used.
Another unsupervised framework for recognizing and
linking medical entities from Chinese online medical text,
namely unMERL54 uses a combination of offline linguistic
resources and online detection approaches to improve the
recognition and linking performance. The results show
that unMERL consistently outperforms current approaches
and has good generalizability.

To address missing entities compared to the other
unsupervised approaches,53,54 we employed n-gram-
based entity detection and leveraged (SAPBERT), a
SOTA pre-trained model for biomedical entity linking,
to vectorize entities for similarity matching utilizing
FAISS. The matching process yields two key pieces
of information: (i) semantic tags for assessing the
NER phase and (ii) concept IDs crucial for evaluating
the MCN phase within the narrative under scrutiny.
We hypothesize that this result is useful to semi-
automatically support the manual medical concept
annotation (MCA) task, essential for training supervised
methods. To the best of the authors’ knowledge, this
study is the only one to integrate entity recognition
and normalization using an unsupervised method that
relies solely on data from knowledge bases and can

be adapted to different languages, providing maximum
coverage of semantic understanding.

Material and methods
This section outlines our methodology and materials. We
employ the NLTK n-gram generator8 to extract linguistic pat-
terns, specifically for entity mention detection. SNOMED
CT,55 described inSection “Terminologies,” is used as the ref-
erence terminology for mapping clinical entities. Details on
the datasets and the proposed framework are discussed in
Sections “Datasets” and “Proposed approach.”

Terminologies

The UMLS Methathesaurus is a large dataset unifying
about 150 biomedical terminologies, such as MeSH,
SNOMED CT, and RxNORM, and links concepts of 200
different vocabularies.56 In this work, we are particularly
interested in the subset SNOMED CT, a standardized,
multilingual clinical terminology that includes more than
350,000 entities.57,55,58 It facilitates the comprehension
and exchange of health information among diverse
systems through the use of codes and expressions.57

Datasets

For our experiments, we use the 2019 n2c2/UMass Lowell
shared taskonMCNdataset,24 consistingof100discharge sum-
maries from U.S. hospitals. In these texts, 10,919 mentions
ofmedical problems (diagnoses), treatments, and tests were
manually annotated using UMLS.59 In this work, we con-
sider only SNOMED CT annotations due to their global
acceptance, comprehensive scope, compatibility with
FHIR, widespread adoption, and broad coverage, ensuring
standardized and comprehensive healthcare data represen-
tation.58 Within the dataset, we considered the top 10 most
frequent semantic tags (“procedure,” “disorder,” “qualifier

Table 1. Examples of named entities with SNOMED CT codes and preferred terms related to a text mention from a clinical narrative:
“suspected fracture of the neck of the right femur,” showing multiple possibilities of concept mapping for a single input text.

Text Semantic tag Code Preferred term

suspected qualifier value 415684004 Suspected

fracture of the neck of the femur disorder 5913000 Fracture of neck of femur

right qualifier value 24028007 Right

suspected qualifier value 415684004 Suspected

fracture morphologic abnormality 72704001 Fracture

of the neck of the right femur body structure 773710001 Structure of neck of right femur

Abdulnazar et al. 3



value,” “finding,” “substance,” “body structure,” “morpho-
logic abnormality,” “observable entity,” “physical object,”
and “regime/therapy”), representing 95% of all SNOMED
CT concepts within the dataset. Focusing on SNOMEDCT
candidates of the n2c2 dataset results in 6232 training men-
tions and 6528 test mentions.

To maintain consistency with the annotation standards
used in existing datasets, we created a new German
dataset in addition to the English dataset, for evaluation.
The data is from an Austrian network of public hospitals
and contains de-identified narratives from 10 EHRs. The
texts were manually annotated using INCEpTION,60 (see
Figure 1 ) following the English annotation guidelines
from n2c2.59 The annotated set of discharge summaries
resulted in 600 SNOMED CT normalized mentions that
have 97% of the mentions within the aforementioned
semantic tags.

Proposed approach

Our work targets unsupervised MCA that combines n-gram
decomposition with embedding-based similarity matching,
as shown in Figure 2. Given an entity mention, classical
normalization approaches would rely on the terms and
their synonyms, as mentioned in the terminology, to find
a corresponding entry. In this study, we rely on vector
representations of those concepts modeled as embeddings.
Therefore, given a candidate mention in the form of an
embedding, the best vectorized SNOMED CT term needs
to be found. Both steps, the vectorization of SNOMED
CT and the vector search, are described in the following
Section “Embedding space.” The detailed overview of our
approach is provided in Section “Framework.”

Embedding space. SAPBERT serves as a pre-training frame-
work designed to align synonyms of the same biomedical
concept into clusters, with a focus on biomedical texts. It

offers versatility for both pre-training on the UMLS
Metathesaurus and fine-tuning on task-specific datasets. In
this work, a SNOMED CT embedding space in English
and German61 is created separately. To generate embeddings,
we employed two pre-trained language models within the
SAPBERT framework: (i) PubMedBERT-based SAPBERT
(UMLS 2020AA—English). This model, based on SAPBERT
trained with UMLS 2020AA (English only) and utilizing
PubMedBERT62 as a base model, was evaluated on the
n2c2 dataset. (ii) Cross-lingual SAPBERT (UMLS 2020AB
—all languages). The cross-lingual SAPBERT model,
trained with UMLS 2020AB (all languages), employs
XML-RoBERTa (large)63 as the underlying model,28 was
evaluated on the German dataset. The models selected for
our article were guided by relevant literature, including the
work of Lin et al.,26 and were further validated through an
evaluation outlined in Appendix 2. Our evaluation demon-
strated in consistency with the experiments from Lin et al.26

that SAPBERT performed best for MCN. We leveraged
FAISS, an open-source library to perform fast similarity
searches in high-dimensional vector spaces,64 using either
cosine similarity or L2 (Euclidean) distance. All SNOMED
CT terms (English and German) are represented as
768-dimensional embeddings and are FAISS-indexed to
create the corresponding embedding space. In this work, we
use cosine similarity for vector similarity matching.

Framework. In the following, we describe the unsupervised
MCA framework, as shown in Figure 2.

Block A. Creating embedding spaces for SNOMED CT.
Preprocessing: Each SNOMED CT term undergoes (i)
lower casing, removal of diacritics (extra marks on letters,
such as accents or tildes) and stop words except for nega-
tions. This ensures a consistent and clean representation
of SNOMED CT terms for better analysis. (ii)
Vectorization using SAPBERT.65 FAISS indexing: The
term vectors are indexed with FAISS for efficient search

Figure 1. Manually annotated clinical narrative in German using INCEpTION.
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and retrieval and stored as an embedding space, ensuring
quick and easy access during analysis.

Block B. Preparation of clinical data for testing.
Documents: Creating a secure storage repository to facili-
tate organized access to necessary documents for subse-
quent computational stages. The data in this repository is
carefully de-identified to safeguard patient confidentiality.

Block C. N-gram generation, entity recognition and nor-
malization. N-gram generation: (i) The input document is
read in line by line. (ii) A sliding window approach is utilized
to generate token n-grams from the text. This approach
allows for the extraction of both single words and short
phrases, providing comprehensive coverage of entities
within the document. (iii) N-grams of varying lengths
(from 1 to 5) are considered to encompass different types
of entities. Preprocessing: Each generated n-gram undergoes
a standardized preprocessing procedure, as discussed in
“Block A.” This preprocessing ensures consistency in the
representation of textual data and prepares it for subsequent
analysis and matching steps. Bi-encoder matching: (i) The
preprocessed n-grams are subjected to FAISS similarity
matching against SNOMED CT concepts within the embed-
ding space. (ii) Through similarity matching, n-grams are
mapped to their closest corresponding concepts in
SNOMED CT, providing the semantic tags and concept
IDs. This mapping enables the detection and normalization
of spelling variants, errors, and non-adjacent mentions
within the text. Thresholding: (i) A threshold limit, set at
0.9, is established for the similarity scores obtained from
FAISS matching. (ii) This threshold value is derived from
overall similarity scores between synonyms and SNOMED
CT terms, it filters out ambiguous mentions. Only scores sur-
passing the threshold are considered, enhancing precision
and reliability in entity recognition and normalization.

Block D. Selection and evaluation of the best n-grams.
Syntactical re-ranker: (i) The input sentence (lines) is toke-
nized. (ii) For each token, identify all n-grams that contain
it. (iii) Sort these n-grams based on whether the token is
present or not. (iv) Identify the SNOMED CT candidates
with the highest syntactical similarity score. (v) The syntac-
tical similarity score is calculated using the partial ratio of
the Levenshtein distance66 from the terms. (vi) If more
than one n-gram has identical scores, the longest n-gram
mention is chosen. These introduced steps address the
issue of overlapping entity candidates resulting from the
window-based approach. Normalized entities: For the
given input sentence, the best n-grams with their corre-
sponding SNOMED CT terms are obtained. Evaluation:
(i) To evaluate our approach, we examine if an entity
could be found, and if yes, if the extracted entity matches
the mentions exactly (exact match) or just parts of it
(partial match). (ii) Given a detected entity, we explore if
the correct SNOMED CT term could be linked correctly.
(iii) Precision, recall, and the F1 score are used for evalu-
ation, utilizing the test datasets.

We utilize n-grams due to their ability to capture contextual
information surrounding entities and accommodate variations
in token order within reference terminologies. This approach
minimizes errors arising from partial matches and ensures
robust entity identification across diverse text structures. By
aligning textual mentions (preprocessed n-grams) with seman-
tically similar concepts in SNOMEDCT, this step enhances the
accuracy and completeness of entity normalization, even
amidst lexical variations and structural complexities in the
text. Prioritizing mentions with high syntactic similarity
ensures precision and accuracy in entity identification. While
embeddings effectively capture semantic similarities and
handle synonyms, relying solely on semantic similarity may
introduce ambiguity and noise, especially in domains with
complex terminology. Emphasizing syntactic similarity aims
to prioritize entities exhibiting structural and contextual consist-
encywith reference terms in SNOMEDCT.This ensures a reli-
able mapping between textual mentions and corresponding
concepts, minimizing the risk of misinterpretation or incorrect
normalization. Therefore, incorporating syntactic similarity as
a key criterion complements the strengths of embeddings,
enhancing overall precision and reliability in entity identifica-
tion and normalization within biomedical text analysis.

Baseline approach. Our methodology for the mapping of
clinical concepts is compared with a baseline approach,
using an n-gram generator to extract information from clin-
ical texts, followed by a basic dictionary matching method
to identify matches to SNOMED CT. This straightforward
baseline serves as a benchmark to assess the effectiveness
of our proposed methodology.

Results

Medical concept normalization (MCN)

We first evaluate our SAPBERT-based bi-encoder for MCN
using SNOMED CT annotations in the n2c2 dataset. In this
experiment, the surface terms of interest in the narrative
under investigation are already known, therefore concen-
trating solely on the normalization approach. This allows
a focused analysis of our mapping method’s performance.
The MCN column of Tables 2 and 3 shows the precision
(P), recall (R), and F1 score (F1) of this approach in different
datasets. The F1 score of 0.765 for MCN on the n2c2 dataset
indicates a good performance, and it is important to note that
this was achieved without using any training data. While the
F1 score of 0.557 on the German dataset raises the necessity
for thorough error analysis. Additionally, it is noteworthy
that among the two tables, “disorder” exhibits a higher F1
score at the semantic tag level.

Medical concept annotation (MCA)

Following the initial evaluation, we proceed to analyze the
MCA method. This integrated approach combines MCN with
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n-gram decomposition for a comprehensive analysis of our
methodology. The mentions proposed by the n-grams are uti-
lized within the MCN, potentially deviating from the test data
mentions, therefore resulting in either exact, partial, or no
matches. The results at the semantic tag (MCA: NER) and
concept ID level (MCA:MCN) are presented in Tables 2 and 3.

Similar to the MCN method, the analysis of the MCA
approach reveals that “disorders” consistently exhibit
higher performance in both evaluated cases. Performance

in the semantic tag “regime/therapy,” achieving perfect pre-
cision (1.0) and a fair F1 score, showcasing its effectiveness
in this particular semantic category. Comparing the results
in the MCN and MCA: MCN columns of Tables 2 and 3,
shows a uniform decline in MCA:MCN performance irre-
spective of the semantic tags, which highlight the need
for better entity recognition systems.

To address computational requirements and processing
times in real-world applications, we adopted a pragmatic

Figure 2. Illustration of the proposed framework with (A) creating an embedding space of SNOMED CT, (B) preparation of clinical data for
testing, (C) n-gram generation, entity recognition and normalization,
and (D) selection and evaluation of the best n-grams.

Table 2. Performance of MCN and MCA on semantic tag levels using n2c2 dataset.

Top 10 semantic tags

MCN MCA: NER MCA: MCN

P R F1 P R F1 P R F1

Procedure 0.612 0.554 0.572 0.732 0.454 0.560 0.409 0.359 0.362

Disorder 0.900 0.860 0.871 0.957 0.746 0.839 0.745 0.680 0.696

Qualifier value 0.914 0.854 0.871 0.262 0.848 0.400 0.192 0.240 0.204

Finding 0.782 0.748 0.759 0.563 0.667 0.611 0.410 0.403 0.400

Substance 0.871 0.849 0.855 0.717 0.814 0.762 0.640 0.596 0.602

Body structure 0.783 0.709 0.720 0.255 0.575 0.353 0.163 0.190 0.164

Morphologic abnormality 0.825 0.770 0.786 0.747 0.750 0.748 0.578 0.557 0.551

Observable entity 0.764 0.703 0.726 0.136 0.485 0.213 0.107 0.108 0.101

Physical object 0.711 0.655 0.675 0.476 0.618 0.538 0.273 0.303 0.279

Regime/therapy 0.600 0.517 0.542 1.0 0.400 0.571 0.585 0.385 0.430

Macro 0.776 0.722 0.748 0.585 0.634 0.608 0.410 0.382 0.396

Weighted 0.776 0.755 0.765 0.507 0.684 0.582 0.354 0.351 0.353

MCN: medical concept normalization; MCA: medical concept annotation; NER: named entity recognition; P: precision; R: recall; F1: F1 score.
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approach, by extracting randomsamples of 100 lines of differ-
ent lengths from the documents under consideration. By cal-
culating the processing time for each line and deriving an
average, we obtained a representative measure of the time
required to process individual lines. Our findings indicate an
approximate processing time of 60 s per line, which has to
be optimizedwhen applying thismethod for large-scale docu-
ment processing. Themain reason is the decomposition of the
lineunder scrutiny intovaryingn-gram lengths, each of thema
possible candidate that has to be processed.

Error analysis

The significant performance gap between English and
German datasets prompted an investigation into their lin-
guistic and structural differences. English’s analytic nature
contrasts with German’s synthetic structure, impacting sen-
tence comprehension due to differences in word order.
German’s complex morphology poses challenges for tasks
such as part-of-speech tagging, and divergent vocabulary
and idiomatic expressions require tailored approaches.
Additionally, variations in naming conventions and syntax
offer insights into language model processing.

Upon closer examination of Tables 2 and 3, distinct groups
of errors were identified, including contextual errors,

granularity errors, analogy errors, similarity errors, wrong
IDs, nugatory IDs, acronym errors, and spelling errors.
Contextual, granularity, and analogy errors emerged as the
most prevalent categories. Contextual errors primarily mani-
fested as non-contiguous mentions, stemming from incom-
plete span coverage or ambiguous spans. To address these
errors, efforts should focus on refining entity recognition algo-
rithms for improved span delineation accuracy. Granularity
and analogy errors, stemming from challenges in providing
a singular “correct” normalization to amention, were also sig-
nificant contributors to performance degradation. In contrast,
less frequently occurring errors included spelling and
acronym errors. A detailed overview of different types of
errors, along with examples, is provided in Appendix 1.

The performance of MCAwas compared with the baseline
approach of dictionary matching, see Table 4. MCA generally
achieved higher precision, recall, and F1 scores for both NER
andMCN compared to the baseline dictionary matching in the
n2c2 dataset. However, in the German EHRs dataset, MCA
showed lower P, R, and F1 scores compared to the baseline.
A detailed analysis revealed thatMCA outperformed the base-
line in identifying exact mentions in both German and English
data but exhibited a higher incidence of false positives.
Addressing false positives, particularly for semantic tags
such as “qualifier value” and “observable entity,” is crucial

Table 3. Performance of MCN and MCA on semantic tag levels using German EHRs dataset.

Top 10 semantic tags

MCN MCA: NER MCA: MCN

P R F1 P R F1 P R F1

Procedure 0.614 0.504 0.530 0.492 0.473 0.482 0.234 0.230 0.224

Disorder 0.693 0.634 0.648 0.706 0.664 0.685 0.463 0.439 0.437

Qualifier value 0.680 0.557 0.596 0.146 0.598 0.235 0.106 0.108 0.096

Finding 0.520 0.485 0.498 0.340 0.350 0.344 0.159 0.173 0.164

Substance 0.328 0.219 0.247 0.437 0.484 0.459 0.133 0.144 0.134

Body structure 0.635 0.595 0.599 0.545 0.571 0.558 0.325 0.258 0.240

Morphologic abnormality 0.686 0.600 0.629 0.474 0.514 0.493 0.282 0.309 0.291

Observable entity 0.448 0.448 0.448 0.200 0.379 0.262 0.089 0.096 0.091

Physical object 0.857 0.857 0.857 0.122 0.714 0.208 0.116 0.116 0.116

Regime/therapy 0.700 0.600 0.633 0.250 0.375 0.300 0.206 0.235 0.216

Macro 0.616 0.545 0.578 0.371 0.512 0.430 0.210 0.211 0210

Weighted 0.599 0.521 0.557 0.352 0.531 0.424 0.198 0.196 0.197

MCN: medical concept normalization; MCA: medical concept annotation; NER: named entity recognition; P: precision; R: recall; F1: F1 score.
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for improving overall precision. Moreover, reducing false
negatives is essential to ensure a comprehensive capture of
all relevant mentions, highlighting the importance of
ongoing refinement for comprehensive MCN.

Discussion
In this work, we focus exclusively on SNOMED CT and
employ an unsupervised approach. Our model achieves an
F1 score of 0.765 in MCN, as shown in Table 2, which indi-
cates that it has no prior knowledge from the training set.
This score can be compared to the “unseen concepts” cat-
egory in the work mentioned by Xu et al.,30 which attained
an accuracy of 0.691. Their findings indicate that future
research on MCN should more effectively address previ-
ously unconsidered concepts, which was another motivat-
ing factor for this study. In addition to the unsupervised
approach, our experiments showed promising results reach-
ing an F1 score of 0.872, especially when leveraging add-
itional training data within the embedding space for
MCN, as shown in Appendix 2—SNOMED CT*. This out-
performed the top-performing teams in the 2019 n2c2 chal-
lenge and other BERT models. This result also competes
with the supervised method as investigated by Xu et al.,30

considering only SNOMED CT concepts.
In contrast to Zhang and Chen10 and Chen et al.,11 we

refrained from employing advanced preprocessing steps
beforeNER, such as abbreviation expansionor numeral replace-
ment,which reduce the complexity and computational overhead
associated with preprocessing. Even though,MCA resulted in a
higher incidence of false positives, with approximately 40% to
50% of detected entities contributing to these errors. A closer
examination revealed that nearly 70% of identified mentions
as “qualifier value” and “observable entity”were false positives.
These stemmed from entities not present in the gold standard
data, matched within the terminology. Addressing this abun-
dance is pivotal for precision improvement. Re-evaluating
“qualifier values” inclusion may enhance precision.

Additionally, refining the extraction process is crucial tominim-
ize false positives and enhance precision. While MCA outper-
formed the baseline in terms of false negatives, particularly in
the German dataset, there remains room for improvement in
this aspect. Reducing false negatives is also essential to ensure
the comprehensive capture of all relevant mentions.

The consistently high performance of the “disorder”
underscores method reliability in MCN. MCA demonstrates
adaptability, showing significant F1 score improvements for
“disorder” and the lowest false positive entry rates in both
datasets, highlighting its efficacy across diverse medical con-
texts. This performance of “disorder” was competing with
the supervised approach by Leaman et al.67

Variations in performance across datasets imply dataset-
specific challenges, warranting further exploration for opti-
mization. A detailed analysis comparing MCA across the
dictionary-matching baseline approach in the n2c2 dataset
and German EHRs underscores the need for a better NER
approach and reduced false positives. This fully unsuper-
vised method can serve as a starter for pre-annotations in
languages lacking publicly available datasets, such as clin-
ical narratives, significantly reducing manual annotation
time.68 Unlike other unsupervised methods,51,69 our
approach focuses on all semantic tags found in EHR narra-
tives, potentially improving overall algorithm performance.
However, it is important to acknowledge that adapting our
method to new languages or terminologies may require
language-specific preprocessing and domain-specific
knowledge integration. Overall, our study lays the ground-
work for exploring the practical applications of unsuper-
vised MCA on real-world clinical narratives, potentially
enhancing efficiency and accuracy in medical data annota-
tion. Our approach also offers valuable insights into compu-
tational demands by estimating processing times at the line
level, facilitating the understanding and targeted optimiza-
tions for enhanced system performance and resource alloca-
tion. Future research could explore techniques for
automatic adaptation and scaling to diverse linguistic and

Table 4. Comparison of NER and MCN of MCA with the baseline dictionary matching approach using n-grams on the n2c2 (en) and German
EHR (de) datasets.

Dataset Approach

NER MCN

P R F1 P R F1

n2c2 Dictionary matching 0.483 0.530 0.506 0.290 0.270 0.280

MCA 0.507 0.684 0.582 0.354 0.351 0.353

German EHRs Dictionary matching 0.521 0.359 0.528 0.256 0.232 0.252

MCA 0.352 0.531 0.424 0.198 0.196 0.197

MCN: medical concept normalization; MCA: medical concept annotation; NER: named entity recognition; P: precision; R: recall; F1: F1 score.
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medical contexts, taking into account further validation and
fine-tuning to ensure seamless integration and address chal-
lenges such as false positives, contextual errors, and the
idiosyncratic nature of clinical language.

System limitation

TheMCAmethod exhibits a significant drawback in generating
numerous false positives across both datasets, undermining
overall recall and precision. Semantic ambiguity, where a
word or phrase holds multiple interpretations, poses a complex
challenge in clinical NLP. Efforts to mitigate this issue, such
as employing rule-based filters, result in a performance drop.
Acronyms further contribute to semantic ambiguity, complicat-
ing the analysis of mentions within their original context.

In contrast to systems that restrict semantic tags to predefined
categories, our approach adopts a generalized approach, accom-
modating diverse medical domains. However, this flexibility
may challenge precision and coverage. Dataset limitations, par-
ticularly biased tag distribution, can skew the model. The stan-
dardized content of clinical terminology systems remains a
challenge, exacerbated by the scarcity of publicly available
training data. Our unsupervised MCA method effectively
addresses this challenge by semantic types that can lead to mis-
classification and decreased performance in medical concept
recognition, thus impacting practical applicability in clinical set-
tings. Nevertheless, the currently high processing time of 60 s
per document line must be considered when developing opti-
mized versions of the algorithm in the future.

Conclusion and outlook
The alignment between language expressions in clinical socio-
lects and standardized content of clinical terminology systems
remains a challenge, exacerbated by the scarcity of publicly
available training data. Our unsupervised MCA method
addresses this challenge effectively, particularly in the absence
of training data for supervised machine learning approaches.

Our proposed method demonstrates suitability for iden-
tifying and annotating text mentions in clinical narratives
using codes from terminology systems. It holds promise
as an initial annotation step to support manual annotation
tasks in the future. The achieved F1 score performance of
0.765 for MCN sets a baseline, to be further explored
with advanced language model techniques such as
ChatGPT in future investigations.

Recognizing the importance of addressing fragmented
mentions, we intend to incorporate techniques, such as
context-based modeling or neural sequence labeling, in
future iterations. These enhancements aim to improve the
coverage and accuracy of entity recognition, thereby enhan-
cing overall effectiveness. Future improvements for our meth-
odology include enhanced normalization filters, improved
entity recognition, and reduced false positive rates to further
support coding in the context of clinical narrative data.
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Appendix 1. Types of errors encountered along with
their occurrence rate for both embedding-based
MCN and MCA on the n2c2 dataset
The following types of errors were observed during error
analysis for both the embedding-based MCN on the test
mentions and MCA on the test documents.

Contextual errors. Fails to capture the meaning of the word/
n-gram when it is dependent on the surrounding context.

Embeddings-based MCN error rate: 32.6%.
MCA error rate: 42.6% (en), 46.5% (de).
Sentence from gold standard: “There were diffuse ST

segment and T-wave lightgrayabnormalities, which were
nonspecific.”

Candidate term: “abnormalities.”
Gold standard target: 55930002, “ECGSTsegment changes.”
Output: 263654008, “Abnormal.”

Granularity errors. Fails to distinguish between different
levels of detail or granularity.

Embeddings-based MCN error rate: 14.3%.
MCA error rate: 12.7% (en), 12.8% (de).
Sentence from gold standard: “She has also had some

discomfort in her lightgrayleft lower abdomen and notes
diarrhoea every 4–5 days.”

Candidate term: “left lower abdomen.”

Abdulnazar et al. 11



Gold standard target: 68505006, “Left lower quadrant of
abdomen.”

Output: 1017212007, “Left abdominal lumbar region.”

Analogy errors. Fails to understand and generate correct
analogies.

Embeddings-based MCN error rate: 24.6%.
MCA error rate: 12.8% (en), 8.5% (de).
Sentence from gold standard: “The patient had been

taking his usual medications and using his lightgraynasal
oxygen at home.”

Candidate term: “nasal oxygen.”
Gold standard target: 371907003, “Oxygen administra-

tion by nasal cannula.”
Output: 71786000, “Intranasal oxygen therapy.”

Similarity errors. Fails to accurately capture the semantic
similarity or relatedness between words or phrases.

Embeddings-based MCN error rate: 8.4%.
MCA error rate: 3.8% (en), 6.7% (de).
Sentence from gold standard: “lightgrayEstratab.”
Candidate term: “Estratab.”
Gold standard target: 126099009, “Esterified estrogen.”
Output: 446265008 ,“Estrilda.”

Wrong IDs. Fails in assigning correct label or identification
to a given input.

Embeddings-based MCN error rate: 7.5%.
MCA error rate: 16.0% (en), 11.1% (de).
Sentence from gold standard: “He was admitted to the

Short Stay Unit, given lightgrayAncef and Gentamicin per
the team for antibiotic prophylaxis and observed overnight”

Candidate term: “Ancef.”
Gold standard target: 387470007, “Cefazolin.”
Output: 81123006, “Interleukin-5.”

Nugatory IDs. Assigning non-existing IDs
Embeddings-based MCN error rate: 7.3%.
MCA error rate: 7.4% (en), 4.1% (de).
Sentence from gold standard: “The patient is a

78-year-old female who has had osteoarthritis and noted
the sudden onset of lightgrayleft knee pain in 09/89. ”

Candidate term: “left knee pain.”
Gold standard target: 468251000124107, “Not Valid ID.”
Output: 287047008, “Pain in left leg.”

Acronym errors. Fails to correctly interpret or expand an
acronym within the given context.

Embeddings-based MCN error rate: 5.1%.
MCA error rate: 4.2% (en), 9.6% (de).
Sentence from gold standard: “Cholecystectomy in

1994, colonoscopy 2004, status post tonsillectomy, status
post appendectomy, status post lightgrayORIF of left
wrist, status post left ear surgery.”

Candidate term: “ORIF.”

Gold standard target: 133863002, “open reduction with
internal fixation.”

Output: 413042008, “Immature reticulocyte fraction.”

Spelling errors.Mistake or deviation from the correct spel-
ling of an input word.

Embeddings-based MCN error rate: 1.1%.
MCA error rate: 3.0% (en), 5.8% (de).
Sentence from gold standard: “diabetes mellitus with

lightgraydiabetic renopathy, renovascular occlusive
disease, with thrombosis of the right renal artery, hyperten-
sion, probably renal vascular, hypertensive cardiac disease
with history of congestive heart failure.”

Candidate term: “diabetic renopathy.”
Gold standard target: 4855003,“Diabetic retinopathy.”
Output: 127013003, “Diabetic nephropathy.”

Appendix 2. Medical concept normalization
Based on the results of Tables 5 and 6, SAPBERT models
outperformed the Coder models, and therefore we evaluated
the MCN also using SNOMED CT embedding space
enriched with n2c2 training data—SNOMED CT*.

Table 5. Evaluation results of MCN on the n2c2 and German EHRs
dataset using the SNOMED CT embedding space.

Dataset Model P R F1

n2c2 SAPBERT 0.776 0.755 0.765

Coder-eng 0.736 0.701 0.706

German EHRs SAPBERT-XLMR-large 0.599 0.521 0.557

Coder-all 0.436 0.435 0.430

MCN: medical concept normalization; SNOMED CT: systematized
nomenclature of medicine—clinical terms; EHR: electronic health record;
P: precision; R: recall; F1: F1 score; SAPBERT: self-alignment pre-training for
bidirectional encoder representations from transformers.

Table 6. Evaluation results of MCN on the n2c2 dataset using the
SNOMED CT embedding space enriched with n2c2 training data—
SNOMED CT*.

Dataset Model P R F1

n2c2 dataset SAPBERT 0.889 0.857 0.872

MCN: medical concept normalization; SNOMED CT: systematized
nomenclature of medicine—clinical terms; P: precision; R: recall; F1: F1
score; SapBERT: self-alignment pre-training for bidirectional encoder
representations from transformers.
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ABSTRACT Most clinical information is only available as free text. Large language models (LLMs)
are increasingly applied to clinical data to streamline communication, enhance the accuracy of clinical
documentation, and ultimately improve healthcare delivery. This study focuses on a corpus of anonymized
clinical narratives in German. On the one hand it evaluates the use of ChatGPT for text cleansing, i.e.,
the automatic rephrasing of raw text into a more readable and standardized form, and on the other hand
for retrieval-augmented generation (RAG). In both tasks, the final goal was medical concept normalization
(MCN), i.e., the annotation of text segments with codes from a controlled vocabulary using natural language
processing. We found that ChatGPT (GPT-4) significantly improves precision and recall compared to simple
dictionary matching. For all scenarios, the importance of the underlying terminological basis was also
demonstrated. Maximum F1 scores of 0.607, 0.735 and 0.754 (i.e, for top 1, 5 and 10matches) were achieved
through a pipeline including document cleansing, bi-encoder-based term matching based on a large domain
dictionary linked to SNOMED CT, and finally re-ranking using RAG.

INDEX TERMS ChatGPT, medical concept normalization, retrieval augmented generation, text cleansing.

I. INTRODUCTION
Electronic health records include both structured data and
unstructured narrative content. Structured data are easy to
analyze, particularly when coded by standardized semantic
identifiers. In contrast, clinical narratives exhibit the whole
range of phenomena that emerge when humans take notes
in a hurry. To bridge the semantic gap between unstructured
data and semantically explicit, coded information, natural
language processing (NLP) methods such as named entity
recognition and medical concept normalization (MCN) have
been used [1]. Traditionally, the two tasks have been tackled
separately, with most approaches focusing on either entity
recognition [2], [3] or normalization independently [4], [5].
However, optimizing this process relies heavily on annotated
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data [6]. Current trends in large language models (LLMs)
have shown strong performance across various NLP tasks
without requiring extensive parameter tuning or training [7].
This suggests their potential and versatility for better few-shot
and transfer learning abilities, indicating that they may
ultimately serve as a comprehensive framework for various
NLP tasks [7], [8], [9], [10], [11]. In this article, we explore
how the potential of LLMs can be harnessed to enhance
performance in MCN.

MCN links words and phrases (entity mentions) to
standardized and language-independent codes in controlled
vocabularies and ontologies [12].MCN is crucial for informa-
tion extraction and heavily relies on the coverage of language
resources, particularly terminology systems, often further
specialized as controlled vocabularies, thesauri, statistical
classifications and ontologies. English has a big advantage
over all other languages because it is by far the language best
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covered by these systems. Although achieving acceptable
MCN results is still challenging for English-language clinical
texts, it is largely more difficult for clinical texts in other
languages.

Over the past decade, deep learning and language models
have revolutionized NLP, enabling machines to understand
and generate human language with unprecedented accu-
racy. These advancements began with the development of
pre-trained word embeddings from large non-annotated text
corpora, which have shown their usefulness for MCN, unsur-
prisingly with a strong bias towards English texts [13], [14].
ELMo introduced contextual word embeddings, advancing
the cutting-edge for several major NLP benchmarks [15]. The
Generative Pre-trained Transformer (GPT) further minimized
task-specific parameters by allowing simple fine-tuning
for downstream tasks [16]. Unlike earlier models such as
ELMo and GPT, which used unidirectional language models,
BERT introduced masked language models for pre-training
bidirectional representations, significantly improving per-
formance, as evidenced for eleven NLP tasks [17], [18].
One of the currently most popular LLM, ChatGPT [19],
incorporates generative techniques to produce contextually
relevant text. Not specifically trained on medical data,
ChatGPT has showcased its versatility in various research
and healthcare applications [20], including diagnosis support,
treatment optimization, and medical question-answering.
However, the proprietary nature of many LLMs, particularly
GPT and their opaque, ‘‘black box’’ character has raised
concerns about transparency, accountability, and potential
biases regarding their deployment in the context of health
care [21].

This paper reports on the combination of BERT and
generative models for MCN in German texts, supported by
two German medical terminology resources linked to the
clinical terminology standard SNOMED CT, an ontology
with more than 350,000 units of meaning (concepts) [22],
[23], [24]. For MCN, we use a bi-encoder model specifically
pre-trained to understand biomedical terminology [25], [26].
On the one hand, ChatGPT’s, GPT-4 [27] architecture is
used in a preprocessing step to make raw clinical narratives
more uniform and interpretable, thus not only easier for
human understanding but also for MCN. On the other hand,
GPT-4 is used to optimize the selection of candi-
dates for concept matching using retrieval-augmented
generation (RAG).

Our investigation is structured as follows. First, we report
on how we created a German-language annotated corpus for
MCN, using SNOMED CT as the annotation vocabulary,
adhering to the annotation guidelines of the n2c2 (National
NLP Clinical Challenge) normalization task [28]. Then
we expose how GPT-4 was prompted to perform text
cleansing. This resulted in two datasets: (i) raw data and
(ii) cleansed data. Simple dictionary matching and
bi-encoder-based matching were then employed for MCN.
Additionally, the RAG capability of GPT-4 was implemented
to re-rank the best match from the mapped list.

II. RELATED WORK
A. MEDICAL CONCEPT NORMALIZATION (MCN)
Conventional MCN includes dictionary lookup, deep learn-
ing, retrieval, and ranking methods [29], [30], [31], [32].
Deep learning models such as convolutional neural net-
works and recurrent neural networks with pre-trained word
embeddings had shown significant improvements in MCN
accuracy, surpassing the previous state-of-the-art [33]. One
method involves encoding terminology labels and synonyms
into a vector space that uses text and graph embeddings
to represent text sequences as vectors. Using a seman-
tic proximity measure, e.g. cosine similarity, the nearest
terminology item can be found – and, in consequence,
the most appropriate terminology concept – for a given
input, resulting in improved classification accuracy across
benchmark datasets [34]. BERT models have demonstrated
superior performance for MCN compared to other architec-
tures [35], as they excel in managing multilingual data and
better capture contextual information [1], [18], [36], [37],
[38]. In the 2019 n2c2/UMass Lowell task on MCN, the
most accurate approach involved a deep learning architecture
with a pre-trained SciBERT layer [28]. Self-alignment pre-
training for biomedical entity representation (SapBERT), is a
pretraining scheme designed for learning representations of
biomedical entities. It outperforms existing models in MCN
tasks and achieves cutting-edge results across various datasets
without the need to fine-tune the labeled data of the task [25].
Fine-tuning SapBERT established a new benchmark for
MCN, including cross-lingual normalization [39], [40], a task
also tackled by the modular xMEN [41] system, which
uses unsupervised candidate generation and supervised
cross-encoders for re-ranking, surpassing previous state-of-
the-art performance on diverse benchmarks.

These approaches offer advantages such as improved
classification accuracy, scalability to millions of target
concepts, and efficient accommodation of growing lexicon
sizes [34]. However, they require manual mapping of training
data, show difficulty in mapping unseen concepts, and
require the retraining of models whenever new content
is added. Limitations also arise from the dynamic and
fragmented nature of clinical language, a genre replete
with spelling errors, jargon expressions, and shorthand
expressions, which require constant contextual corrections
and disambiguation [42]. Kartchner et al. [43] suggested that
LLM-based normalization can enhance the performance of
existing models and improve the quality and accuracy of
LLM-generated text.

B. LLMS IN THE CLINICAL DOMAIN
Great expectations are associated with the integration of LLM
into clinical data management workflows. These models
have shown excellent language understanding skills across
many domains and performed well in tasks such as sum-
marizing [44]. Agrawal et al. [45] described how ChatGPT
optimizes content retrieval and saves time for healthcare
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professionals. The provision of concise patient summaries
facilitated rapid access to essential information [46]. Chat-
GPT also demonstrated the potential to generate diagnostic
reports or recommendations based on past clinical data,
aiding in identifying patterns and connections not imme-
diately apparent to clinicians [47]. Together with genetic
information and biomarkers, ChatGPT was shown to offer
tailored treatment recommendations and predict individual
responses to therapies [48]. In telemedicine, it has facilitated
virtual patient-physician interactions, assisted in triaging, and
provided remote guidance for home care [49]. LLMs have
also shown remarkable potential in biomedical applications,
particularly in named entity recognition, by leveraging
strategic prompting and integration of external resources.
While BERT excels in precision, GPT surpasses in recall
and F-score, making it more comprehensive in identifying
relevant entities [11], [50]. Nevertheless, seamless integration
of LLMs into existing clinical workflows and systems is
crucial for their effective use in healthcare.

Ethical issues, privacy concerns, and technical limitations
have constantly been discussed [21], particularly in the
current context where the leading LLMs are proprietary, and
the performance of open models that can be run on premises
has lagged. There is a broad consensus that integrating
LLMs in healthcare poses risks, including bias in training
data, incorrect content, lack of explanations, and reduced
need for human expertise. Privacy breaches, legal disputes,
interpretability challenges, and misinformation are also
concerns [51]. Mitigation requires accurate benchmarking,
the use of explainable AI methodologies, and rigorous
certification before deployment as medical products.

1) TEXT CLEANSING
Language models have been shown to help cleanse the
typical hastily written clinical jargon by correcting spelling,
standardizing terms, and improving text clarity [52], [53],
across document types such as discharge summaries, radi-
ology reports and other clinical narratives [54] and reaching
a satisfactory quality level [55]. Even highly elliptical texts
overloaded with short forms can be organized in a coherent
manner [56]. For instance, a physician can instruct a language
model to include specific elements and to briefly explain
some ideas, allowing it to rapidly generate a formal discharge
summary. Preliminary studies suggest that ChatGPT could
improve the quality of discharge summaries [57], potentially
reducing the risk ofmiscommunication and improving patient
care [58]. However, while these generated summaries may
appear well-structured, their accuracy and reliability must be
rigorously evaluated to ensure they meet clinical standards.

2) RETRIEVAL-AUGMENTED GENERATION (RAG)
RAG is a common practice to address the limitations of
models that may not contain all necessary information or have
become outdated. This technique combines retrieval with
text generation models to incorporate additional information

dynamically at runtime [59], [60]. The retrieval component
fetches relevant information from a database in response
to a query, while the generative language model uses this
information to craft contextually relevant responses. Thus, the
model’s output generation capabilities are enhanced without
requiring costly re-training cycles.

Advanced RAG additionally incorporates sophisticated
pre-retrieval and post-retrieval processes. One critical
post-retrieval aspect in advanced RAG is ‘‘Re-Rank’’,
which reorders the retrieved documents by relevance [61].
It employs algorithms that adjust the ordering based on
criteria such as document diversity or relevance to the query.
Re-ranking aims to present the most pertinent information to
the LLM, thereby improving the quality and relevance of the
generated responses [62]. The use of re-ranking in ChatGPT’s
RAG approach can lead to more accurate and contextually
relevant responses, as it allows themodel to consider the latest
information from knowledge bases and adjust its responses
accordingly. This can be particularly beneficial in the clinical
domain, where the accuracy and relevance of responses are
critical for effective communication and decision-making.
A recent study has explored LLMs for few-shot information
extraction tasks and introduced a novel paradigm to enhance
their effectiveness [63]. Using prompting strategies and an
adaptive filter-then-rerank approach, the system achieved
notable improvements (averaging 2.4%F1 gain) over existing
methodologies, showcasing the potential of LLMs to tackle
challenging information extraction tasks.

Besides this broad scope of LLM applications presented
since 2022, to the best of our knowledge, no work has
prompted a conversational LLM with the specific goal of
optimizing narratives for MCN. Following the suggestions
by [43], our goal is to leverage LLMs to enhance MCN.
By combining the text cleansing capability of ChatGPT with
RAG, our objective is to improve the accuracy and efficiency
of MCN.

III. METHODOLOGY AND DATA
That pre-processing of clinical narratives using an LLM
improves the precision of the MCN in various settings is
a central hypothesis of our work, investigating a scenario
where SapBERT is used for similarity search. To validate
this hypothesis, we created an annotated corpus for MCN
using SNOMED CT as an annotation vocabulary. Then,
we used GPT-4 [27] for cleansing the narratives and as a
re-ranker for the concepts retrieved by SapBERT. The results
were compared to a simple dictionary lookup baseline. Since
the proposed methodology does not include any pretraining,
it should be considered as an unsupervisedway ofMCNusing
the advantages of LLMs. The diagrammatic representation of
the study is shown in Figure 1.

A. DATASET CREATION
We created a corpus of clinical texts in German, repre-
sentative of the clinical information system of KAGes,
an Austrian network of public hospitals. Ten discharge
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FIGURE 1. Diagrammatic representation of the proposed methodology,
(1) generation of the embedding space base from two German custom
terminologies, (2) cleansing of the clinical narratives using GPT-4 and its
error analysis, (3) MCN using different approaches such as dictionary
lookup and bi-encoders. Re-ranking the retrieved concepts by the
bi-encoder approach using GPT-4 and error analysis.

summaries from different clinical departments had first been
manually anonymized. Then, their content was moderately
alienated so that it could be safely assumed not to denote
any particular patient. This was done by the third author,
a medical expert, in a way that these synthetic documents
appeared maximally authentic both in content and structure,
following an approach described in [64]. The assignment
of SNOMED CT [23] codes was carried out collaboratively
by two experts, one experienced in clinical practice and the
other in biomedical sciences, following the n2c2 Annotation
Guidelines [28]. The output consisted of 660 annotated
surface terms.

B. PROMPT FOR CLEANSING
Following the initial phase of corpus construction, a data
cleansing procedure was initiated to refine the quality of
corpus content. The ten narratives underwent cleansing using
two types of GPT-4 prompts. A first general prompt aimed
at standardization by expanding acronyms and correcting
spelling errors to ensure clarity and consistency. This design
was inspired by practical guidelines such as those provided
by Google Gemini [65], which emphasize the importance
of clarity in the prompts. A second, more specific prompt
included these aims and additionally aimed at the enrichment
of branded drug names by their corresponding substance
names, which can then be aligned with SNOMED CT codes
(SNOMED CT does not contain any brand names). This
approach was informed by best practices that advocate for
detailed and specific instructions to improve accuracy and
relevance. Upon cleansing, terms aligned with the annotated
corpus were extracted from the narratives. This process

yielded two distinct datasets: one from the raw narratives
and the other one from the cleansed ones. Each dataset was
designed to meet specific analytical objectives; the second
prompt was preferred for its detailed instructions and the
potential to improve the overall completeness of the dataset.
The prompts are as follows, accompanied by an example:
System: You are an expert in the clinical domain.
Prompt: Standardize and transform the given German

clinical narrative into standardized language without abbre-
viations and spelling errors in German. Any abbreviations
should be expanded into the corresponding long form, any
existent spelling errors should be corrected. The correspond-
ing substance should be added in round brackets after the
given drug name for any drug or pharmaceutical name found
in the clinical narrative. All input information should be
considered and be represented in the output. No additional
explanations should be added other than the transformed
clinical narrative text. The clinical narrative is found below:
Example:
Raw text snippet1: ‘‘Anamn. besteht eine dilat. CMP, eine

incipiente KHK sowie eine intermitt. VHFA.’’
Cleansed text snippet: ‘‘In der Anamnese besteht eine

dilatative Kardiomyopathie, eine beginnende koronare
Herzkrankheit sowie ein intermittierendes Vorhofflimmern.’’

C. TERMINOLOGY BASE
To standardize clinical terms, MCN links information to
codes from terminology systems, which act as semantic
identifiers to domain terms in one or more languages. The
Metathesaurus of the Unified Medical Language System
(UMLS) [66] links lexical and conceptual information
between approximately 200 different biomedical terminology
systems, encompassingMeSH, SNOMEDCT, ICD-10,Med-
DRA, and RxNORM. UMLS was created and is maintained
by the U.S. National Library of Medicine, which explains
its strong focus on English. To a minor extent, it includes
lexical content from other languages, such as Spanish or
German. Due to the terminology cross-links, each concept
can be enhanced by (quasi-)synonymous terms from different
terminologies, including non-English ones.

SNOMED CT translation to German is still in an
early stage. Therefore, we used two custom German term
collections linked to SNOMED CT codes, in order to
build two embedding spaces. The first custom terminology,
UMLS_DE, was created on the fly by extracting all German
terminological units from the UMLS Metathesaurus for
which a connection to some SNOMED CT code could be
established via a common identifier (CUI). Thus, approx-
imately 79,000 medical terms for 41,000 SNOMED CT
concepts were harvested. The second custom terminology,
IT_DE, consists of a German Interface Terminology built
semi-automatically [67] during the past ten years. The

1Raw: ‘‘H/O dil CMP, beginning CHF and intermitt AFib’’; Cleansed:
‘‘History of dilatative cardiomyopathy, beginning congestive heart failure
and intermittent atrial fibrillation.’’
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extract used for this study links approximately 2.5 million
manually harvested and automatically combined clinical
terms to 278,000 SNOMED CT concepts. Both custom
terminologies can be described as term collections annotated
with SNOMED CT codes without claiming to be SNOMED
CT translations in a proper sense.

D. PRE-PROCESSING
A series of terminology pre-processing steps were done to
enhance the readiness of the data, including the removal of
special characters, conversion to lowercase, and vectorization
using a cross-lingual SapBERT trained with UMLS 2020AB
(all languages) and XML-RoBERTa (large) [68] as the
underlying model. Subsequently, the processed data is
indexed via FAISS, an open-source library to perform fast
similarity searches in high-dimensional vector spaces [69],
facilitating efficient retrieval and utilization in subsequent
analyses and applications. The entries in both custom
terminologies (UMLS_DE and IT_DE) are then represented
as 768-dimensional embeddings and FAISS-indexed and
create the corresponding embedding space. The cosine
similarity function is used for vector similarity matching.

E. MCN—MEDICAL CONCEPT NORMALIZATION
The following presents different normalization techniques
used in this work, starting with a baseline method of
dictionary mapping, followed by a bi-encoder approach, and
further improving it with an RAG approach.

1) BASELINE APPROACH
A baseline for MCN was created using simple dictionary
matching to identify correspondences with SNOMED CT
codes by matching the text in the clinical corpus against the
custom terminologies UMLS_DE and IT_DE. The process
included pre-processing the clinical text as detailed in
Section (III-D) and ensuring exact matches to identify the
correspondences.

2) BI-ENCODER APPROACH
The input clinical terms underwent the pre-processing steps
detailed in Section (III-D), followed by using cross-lingual
SapBERT to convert the clinical terms into vectors. Then,
these pre-processed and vectorized terms were submitted
to a cosine similarity search within the embedding space
using FAISS. A threshold of 0.9 had been set for similarity
matching to ensure precision. The score was chosen based
on the average similarity scores observed between known
synonyms and the preferred terms in SNOMED CT, aiming
to reduce ambiguity in the terms identified. This process
retrieved the top ten candidate concepts from the embedding
space.

3) RETRIEVAL-AUGMENTED GENERATION (RAG) APPROACH
In this approach, the ten candidate concepts retrieved by the
bi-encoder approach (in Section (III-E2)), were presented

TABLE 1. Summary of ChatGPT improvements at narrative and surface
term level.

to the GPT-4 model, along with their input terms and
contexts. A prompt was created that instructs the model
to re-rank these candidates based on contextual relevance.
We used two prompts in experiments across four examples,
selecting the most effective prompt based on its ranking
performance. The following refers to the prompt used for this
process.
System: As an expert ranker of related words tailored to

specific contexts, your role is pivotal in identifying the most
pertinent terms within a given context.
Prompt: Upon receiving an input text along with its context

and a predefined list of 10 terms, your task is to re-rank these
terms based on their contextual significance, prioritizing
the most suitable choices at the top. Importantly, ensure
that the re-ranked list includes only the terms provided in
the input list, without filtering or adding any additional
terms. Guideline: Re-rank the terms based on their contextual
relevance, optimizing their alignment with the provided
context. Output Always present the re-ranked list without any
additional explanations in the format [term: id].

IV. RESULTS
Table 1 details the evaluation of the cleansing approach,
including systematic analysis and medical content evaluation
by an expert. The raw and cleansed narratives were thor-
oughly examined, resulting in a 7.72% reduction in word
count and a 67.85% decrease in line numbers. A detailed
comparison of surface terms between the raw and cleansed
texts revealed that 0.45% (3 out of 660 annotated terms)
were missing after cleansing, necessitating the addition of
surface terms from the raw narratives to ensure completeness.
Furthermore, after cleansing, 45% of the annotated spans
were found to be changed. Changes were categorized
according to their potential influence: well-formed and
beneficial synonyms, suggesting a good impact (33.0%).
Neutral changes include neutral synonyms and misspellings
(4.0%). Potentially negative changes (8.0%) include wrong
entries, misspellings, incomplete information, hypernyms,
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TABLE 2. Concept normalization using different approaches, referred to under the column ‘Method’ based on SNOMED CT codes, using different
terminologies as in column ‘Source’, (i) a custom terminology for German extracted from the UMLS Metathesaurus (UMLS_DE) and (ii) the German
Interface Terminology for SNOMED CT (IT_DE). Column ‘Data’ shows the different types of data used, (i.e., raw and cleansed). The performance
of these approaches is evaluated for precision (P), recall (R) and F1 score for top one, five and ten matches.

and hyponyms. These findings highlight the importance
of the cleansing process in reducing narrative length and
improving the clarity of terms. However, they also reveal
potential risks associated with content loss or alteration.
To address this, we ensure transparency and reliability
through manual evaluation by a domain expert. AI in clinical
settings should assist, not replace, human decision-making,
with rigorous validation and testing to catch errors and ensure
reliability.

Subsequently, the datasets underwent MCN using three
distinct approaches: dictionary matching, the bi-encoder
method, and the RAG for re-ranking. Table 2 details the
performance of both raw and cleaned corpora across the
two custom terminologies (i.e, (UMLS_DE) and (IT_DE))
and approaches. Cleansing text with GPT-4 often improves
precision and recall, leading to higher F1 scores when
compared to using raw text in all three approaches. Moving
from dictionary matching to the bi-encoder approach showed
a significant 91.25% increase in the F1 score, indicating
a substantial performance improvement using the text
cleaned by GPT-4 and the IT_DE terminology. Notably,
the unsupervised bi-encoder method using GPT-4-cleaned
text achieved an F1 score of 0.568 for top 1 matches,
0.735 for top 5 matches and 0.754 for top 10 matches.
Furthermore, transitioning from the bi-encoder to the RAG
resulted in a smaller but notable 6.87%gain in F1 score for the
top 1 matches, improving from 0.568 to 0.607, demonstrating
continued enhancement in performance within the same
setting for data and terminology. The re-ranked terms have
been cross-checked using an algorithm to ensure that no
changes were made to the list of terms other than their order,
thereby ensuring that no hallucinations occurred. The IT_DE
terminology consistently shows higher performance metrics
compared to UMLS_DE. This observation, combined with
the performance improvements, highlights the efficacy of
these methods in enhancing the efficiency in MCN systems.

A. ERROR ANALYSIS
We performed a qualitative error analysis on the top ten
candidates retrieved by the best-performing scenario, i.e. bi-
encoder on the cleansed corpus using the custom terminology
IT_DE. Typical errors are described in the following. We dis-
tinguish between document-cleansing errors and concept-
matching errors. Out of the 660 terms, for the top 10 matches,
25.6% (169/660) were wrong matches, of which 35.5%
(60/169) were due to document cleansing.

1) DOCUMENT CLEANSING ERRORS
These errors affected the text in a way that the meaning
of the cleansed text was altered. E.g., the meaning (in
English) of ‘‘Abdomen: soft abdominal wall, no tenderness,
intense bowel sounds, no flank pain’’ can be unambiguously
obtained from the following passage in the German raw
text: ‘‘Abd. BD weich, kein DS, DG’s rege, NL frei.’’.
Cleansing transformed this to ‘‘Abdomen: Bauchdecke
weich, kein Druckschmerz, Darmgeräusche rege, Leber nicht
vergrößert’’, where ‘‘NL frei’’ (‘‘no flank pain’’, annotated
in the gold standard with ‘‘300447004 Kidney non-tender
(situation)’’), was erroneously rephrased to ‘‘Leber nicht
vergrößert’’ (‘‘liver not enlarged’’).

A similar phenomenon characterises the next example,
which means in English:‘‘The cardiac activity is rhythmical,
with normal sinus rhythm’’ and appears in raw text as
‘‘HA rhythmisch, nc.’’. A cardiologist understands from
the context that ‘‘nc.’’ is the abbreviation of ‘‘normocard’’,
which justifies the annotation of the whole passage with
‘‘64730000 Normal sinus rhythm (finding)’’. Cleansing
transformed this passage to ‘‘Herzaktivität ist rhythmisch,
normal korrigiert’’, which ended up being annotated by
the system with ‘‘263699000 Cardiac activity (observable
entity)’’. This is not wrong, like in the previous example, but
not specific enough. The (non-existing) expansion of ‘‘nc.’’
to ‘‘normal korrigiert’’ was fortunately not annotated by the
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system, but clearly shows the tendency toward hallucination
when the language model encounters unknown expressions
in uncommon contexts. When analyzing the document
cleansing errors, 42% were due to incorrect expansion of
short forms, while 20% were caused by adding incorrect
substances to drug names.

2) MAPPING ERRORS
These were frequent errors, independent of the cleansing
process. So had ‘‘Mäßig inhomogene Parenchymstruktur der
Leber wie bei Steatose/ LPS.’’ (which means ‘‘Moderately
heterogeneous parenchymal structure of the liver as in steato-
sis / Liver Parenchymal Steatosis’’) the gold standard anno-
tation ‘‘197321007 Steatosis of liver (disorder)’’, because the
annotator concluded from the context that ‘‘steatosis’’ here
means ‘‘steatosis of the liver’’. However, the system mapped
it to the parent concept ‘‘1187537008 Steatosis (disorder),
along with ‘‘127879008 Structure of parenchyma of liver
(body structure)’’. This reveals a fundamental problem of
compositional terminologies, viz. that different sequences
of pre-coordinated concepts can be derived from the same
atomic elements.

V. DISCUSSION
A. IMPACT OF DOCUMENT CLEANSING
Similar to the study by Ayre et al. [53], our cleansing
process resulted in substantial reductions in word and line
counts, cf. Table 1. This suggests that redundant, unnecessary,
or irrelevant content was removed, which was likely to
enhance text clarity and conciseness. Despite variations
in the extent of reduction among different narratives,
there was a consistent trend toward a more concise and
structured information presentation. However, in some cases,
the word number increased, suggesting restructuring for
clarity improvement. A typical case is the expansion of
acronyms. Across all methods and for both terminology
sources, a notable performance improvement occurred when-
ever text was cleansed by GPT-4. This suggests that this
task successfully approximated the medical terms to more
common, normalized terms corresponding to the terminology
collections used, leading to improved normalization results.

B. EFFECTIVENESS OF DICTIONARY MATCHING
Dictionary matching, in isolation, achieved the lowest
performance, especially when applied to raw text. This
underscores the limitations of a simple matching approach,
particularly with clinical texts known for their special jargon
that is often not covered by standard terminologies.

C. BI-ENCODER METHOD PERFORMANCE
This method consistently outperformed the baseline across
all metrics and for both terminology sources, underscoring
its MCN effectiveness. Furthermore, the result demonstrates
the significant advantage when applied to the (large)
interface terminology (IT_DE) over the much smaller

UMLS Metathesaurus extract (UMLS_DE). This finding
strongly supports the critical importance of good terminology
coverage in MCN.

D. IMPACT OF GPT-4 re-ranker
The GPT-4 re-ranker, in addition to the bi-encoder method,
further enhanced performance, particularly on already
cleansed text. As per the study by Ma et al. [63], LLMs as
re-rankers in challenging information extraction tasks exhib-
ited an F1 gain around 2.4%. This observation underscores
the effective refinement of candidate concepts generated
by the bi-encoder, leading to more precise normalization
outcomes. To the best of our knowledge, LLMs as re-rankers
have not been previously utilized for MCN tasks. Our
investigation thus demonstrates a notable improvement,
achieving a 6.87% F1 gain compared to the bi-encoder
approach alone. A previous attempt to performMCN directly
by prompting GPT-4 for finding the right SNOMED code
for a given expression had been immediately abandoned due
to its propensity to the suggestion of completely halluci-
nated codes, indicating that GPT-4 lacks sufficient medical
terminology knowledge. This highlights the necessity for a
framework, such as bi-encoders, that first retrieves the correct
concepts from the terminology and then improves accuracy
by re-ranking.

E. THE IMPORTANCE OF TERMINOLOGIES
The result provides interesting insight when comparing
UMLS_DE with IT_DE, two very different term collections
with links to SNOMED CT codes. The former is of
limited size (79,000 biomedical terms for 41,000 concepts)
and only linked to SNOMED CT indirectly, whereas the
latter is huge (2.5 million biomedical terms for 278,000
concepts) and provides good coverage of the numerous
varieties of clinical jargon. This explains the almost doubling
of the F-values across experiments. However, the high
terminological coverage also explains that IT_DE benefitted
comparatively less from document cleansing. It is, however,
not surprising that document cleansing is the more beneficial,
the scarcer is the coverage by existing terminologies. This is
an important message for other languages, for which UMLS
terminology extracts similar to our UMLS_DE could easily
be obtained, but for which resources like IT_DE do not exist.

F. THE INTERPRETATION OF THE BEST-PERFORMING
SCENARIO
The combination of IT_DE with text cleansing, bi-encoder
and re-ranking yields an optimal F1@1 value of 0.607. This
is all the more remarkable when compared to results of an
earlier human text annotation exercise with SNOMED CT,
where only low inter-annotator agreement values (Krippen-
dorff‘s Alpha approx. 40%) had been achieved on a mix of
clinical texts [70], and which had been interpreted as a result
of SNOMED CT’s huge size and of the unclear meaning of
semantically related concepts.
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G. PATIENT SAFETY
While challenges such as dealing with medical terminology,
correctly resolving brand names, and preventing hallucina-
tions remain, the proposed method faces risks such as loss
or alteration of content at a relatively low level, given the
black-box nature of LLMs. Their potential impact on patient
safety must be assessed individually for each implementation
scenario, which is, however, beyond the scope of this study.
This means, particularly, the adaptation of the weighting
between false positives and false negatives to the respective
scenario. For instance, false positivesmay bemore acceptable
in cohort-building use cases for patient recruitment than in
decision support scenarios, where a hallucinated drug or
disease code can put the patient at risk. In contrast, when
LLMs are used to improve content retrieval in medical
records, a high recall is to be aimed at and false positives are
more readily tolerated.

H. DATA PROTECTION
For our study, we chose GPT-4 was as the currently
best-performing language model. However, the use of AI in
healthcare requires strict compliance with data protection and
security regulations, which makes GPT-4’s proprietary nature
a severe obstacle. Open sourcemodels such as Llama 3 should
be preferred, but they have so far had significantly lower
performance, especially for languages other than English.
So it remains to wait for open source models with better
performance. The deployment of commercial LLMs on
trusted environments, such as Azure Cloud, could be an
alternative. The extent to which this actually ensures the
protection of highly sensitive patient data will be the subject
of future discussions, as will all the trends that are currently
observed in the extremely dynamic landscape of language
models.

VI. CONCLUSION
Our study addressed medical concept normalization (MCN)
of clinical narratives, i.e., the automated annotation of clini-
cally relevant text passages with codes from the terminology
SNOMEDCT. The results support the transformative benefits
of integrating LLMs such as ChatGPT into a concept nor-
malization workflow. More precisely, ChatGPT significantly
enhanced the performance of MCN, particularly by applying
text cleansing and retrieval augmented generation (RAG) to
clinical narratives in German language. Our investigation
reveals a notable 6.87% increase in F1 score when using
a bi-encoder with a re-ranker, compared to traditional bi-
encoder approaches, underscoring ChatGPT’s superiority in
enhancing MCN tasks.

The benefits of document cleansing are especially pro-
nounced in scenarios with limited terminological coverage.
The impressive ability of ChatGPT to transform raw text into
text with more standardized medical terms is an important
message, particularly when using MCN for languages with
limited support for terminological resources. Nevertheless,

our experiments on German texts reveal the importance of
a good terminological basis, even in times of LLMs, when
comparing an extract of UMLS Metathesaurus linked to
SNOMED codes with a German-specific interface terminol-
ogy where F1 values roughly doubled.

Looking ahead, adopting LLMs holds promise for
streamlining healthcare workflows, reducing documentation
errors, and ultimately improving patient care outcomes.
Future research should focus on refining these models,
expanding their integration into diverse healthcare settings,
and evaluating their impact in the real world on clinical
practice.

Continuous attention must be paid to the settings
(e.g., cloud platforms) in which commercial LLMs can be
safely used for routine patient data. Likewise, the black-box
nature of LLMs with the unpredictability of hallucinations
requires careful monitoring and mitigation, e.g., by using
additional resources for checking the plausibility of medical
term changes proposed by the LLM.

Finally, clinical corpora in languages other than English,
annotated with codes from standard terminologies at high
granularity, are urgently needed as a source of additional
ground truth data covering the full spectrum of clinical
specialties. This would solve the problems of studies with
a limited sample size, such as ours. Nevertheless, we can
claim that this study has indicated directions for future
research on larger corpora, such as those being created in
the ongoing German GeMTeX project [71], which marks an
important new step in resource creation for medical concept
normalization.
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