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Zusammenfassung

Einleitung. Jegliche Art der textuellen Dokumentation in elektronischen Patienten-
akten, unabhängig von der Sprache, enthält spezialisierte Formen von Ausdrücken, die
oft Elemente aus mehreren Sprachen umfassen. So enthält die deutsche Klinikspra-
che auch zahlreiche Wärter und Wortstämme aus dem Lateinischen, Griechischen, und
Englischen. Die Verwendung von Fachausdrücken, Kurzformen und anderen sprachli-
chen Merkmalen erfordern spezielle Verarbeitungspipelines um klinische Bedeutungen
zu extrahieren und zu disambiguieren. Die größte Herausforderung besteht darin, dass
all diese Merkmale häufig nicht-lexikalischer Natur und kontextabhängig sind.

Methoden. Für die Analyse wurden verschiedene Datensätze und Rahmenstruktu-
ren für Untersuchungen im Bereich des maschinellen Lernens herangezogen, darunter
Fachwörterbücher, klinische Terminologien, Lexika, Sprachmodelle und grundlegende
Strukturen zur Verarbeitung natürlicher Sprache. Fachexperten validierten die Unter-
suchungen, um die Leistung der einzelnen, durch Computeralgorithmen bewältigten
Aufgaben zu bewerten.

Ergebnisse. Die Studien zu nicht-lexikalisierten Sprachkomponenten integrierten so-
wohl aktuelle Techniken des maschinellen Lernens einschießlichlich großer Sprachmodel-
le (LLM). Für die Erkennung dieser Sprachkomponenten wurden Namenserkenner und
LLM eingesetzt. Zur Erweiterung von Domänenlexika dienten Kookkurrenzanalysen,
Vektordarstellungen und LLM, um neue Bedeutungen aus Bestandteilen klinischer Tex-
te zu identifizieren. Die Disambiguierung von nicht-lexikalisierten Sprachkomponenten,
insbesondere von Akronymen, erfolgte durch Text-Mining und LLM-basierte Ansätze.
Eine Übersichtsarbeit unterzog bisherige Ansätze der automatischen Interpretation von
Abkürzungen in klinischen Texten einer detaillierten Analyse. Außerdem wurden In-
formationen zu Risikofaktoren wie Raucher- und Alkoholstatus in die Klassifizierung
klinischer Texte einbezogen.

Diskussion. Hochwertige, ausgewogene Datensätze und Sprachressourcen sind essen-
ziell für leistungsstarke Ergebnisse im maschinellen Lernen. Mangelhafte oder unzurei-
chende Terminologien mindern die Effizienz. Die Generierbarkeit und Wiederverwend-
barkeit von Lösungen wird beeinträchtigt, da vergleichbare Aufgaben mit denselben
Ressourcen in unterschiedlichen Sprachen oft nicht einheitlich umsetzbar sind.



Abstract

Introduction. Any kind of narrative in electronic health records, regardless of the
language, contains specialized forms of expressions. These often include elements from
multiple languages, particularly Latin, Greek and English. The use of jargon expres-
sions, short forms, and other linguistic features require specialized processing pipelines
to extract and disambiguate clinical mentions. The main challenge to overcome is that
these features are often non-lexical and fully context-dependent.

Methods. This dissertation used various datasets and computational frameworks for
machine learning investigations, such as clinical terminologies, domain dictionaries,
short form sense inventories, language models and natural language processing frame-
works. Each investigation underwent rigorous testing including annotation of results
by domain experts to correctly evaluate the performance of each subtask.

Results. Many of the investigations focusing on non-lexical entities (NLEs) did not
only cover state-of-the-art methods for processing NLEs, but also incorporated the
application of large language models (LLMs) to the tasks at hand. First, for the iden-
tification of NLEs, named entity recognition and LLMs were used for the recognition of
NLEs. Second, for the expansion of domain lexicons, co-occurrence analyses, embed-
ding representations, and LLMs were applied to extract unknown term candidates from
large clinical datasets for terminology expansion. Third, the disambiguation of NLEs,
particularly of acronyms, used both a text mining approach, as well as LLM-based
disambiguation. Fourth, short-form processing of clinical narratives were explored
through a scoping systematic review. Finally, risk factor retrieval, viz. smoking status
and alcohol status mentions in clinical texts, helped in analyzing the role of NLEs in
clinical text classification.

Discussion. Quality of datasets and language resources need to be balanced and avail-
able to reach high-performance state-of-the-art results with machine learning methods.
Falsely mapped, missing or low terminology resources decreased performances. Gener-
izability and reusability were impacted, as realizations of the same tasks with the same
resources in two different languages might not be applicable in the same manner.



Chapter 1

Introduction

Free-text data, such as in clinical narratives (clinical reports, summaries, etc.) and
in database fields within electronic health record (EHRs) implementations, exist to
support documentation in healthcare in a form that is suitable for human-to-human
communication. Implementations for documentation vary across jurisdictions and in-
stitutions, as well as the services provided to them by the healthcare provider, from
analogous methods, such as handwriting, to dictation, which is processed by human
typists or medical speech-recognition software, and transformed into written text. In
recent years, the rate of clinicians having to type the necessary information into the
EHRs by themselves has increased [1]. Among clinicians, EHRs are often seen as a
burden, even though the utility of EHRs bring added value such as data management,
clinical decision support, and tracking administrative and operational costs. A study
on the role of EHRs in emergency departments demonstrated that EHRs increased
the workload and were not optimized to fit the clinicians’ fast-paced workflow. Moy
et al. [2] conducted a systematic review on clinical documentation burden and found
multiple factors that contribute to this problem, often with the result that clinicians
work extra hours completing documentation and reviewing tasks at home. In these
circumstances, clinicians often document information quickly and concisely, using jar-
gon and abbreviations, to save time and focus on interpersonal communication. As a
result, detailed structured formats, such as tables are rarely used, leaving critical infor-
mation locked in complex, unstructured texts intended primarily for other clinicians,
disregarding secondary use scenarios of texts.

1
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Globally, healthcare providers store vast amounts of data annually in various forms,
e.g., imaging, text, laboratory results tables, etc. Language constantly evolves and
mirrors the progress being made in medicine, and to process this large influx of data
in an automated way to aid clinicians, natural language processing (NLP) systems can
be implemented to make personalized medicine and real-time evaluations possible [3].
The rationales for using NLP in clinical data processing, include but are not limited to,
several factors that aim to bridge the gap between clinical narratives and the need for
standardized, structured documentation. These include enhancing the reusability of
clinical data for both primary care and secondary research purposes, improving inter-
operability across institutions and linguistic groups, enabling efficient summarization
of complex patient histories, and supporting predictive analytics and health surveil-
lance [4].

The field of clinical NLP improved in recent years as new methods, such as trans-
former architectures [5], and better processing capabilities, made machine learning
(ML) methods widely applicable in various settings [6]. A review on deep learning in
clinical NLP by Wu et al. [7] showcased that almost 90% of relevant literature was
on information extraction tasks. Recognizing linguistic patterns in clinical narratives
and assigning labels are at the core of these tasks, which is challenging due to the
writing style of clinicians, where multiple factors impede information extraction, such
as redundancy, linguistic variations, jargon expressions, and short form content. These
linguistic variations emphasize the need for approaches to address out-of-vocabulary
content.
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1.1 Definition of Non-Lexical Entities

Lexicality is connected to a resource, which differentiates entities1 of language on their
linguistic characteristics, whether these are found in the necessary domain or not.
Non-Lexical Entities (NLEs) in context of this work are defined as “meaningful text
passages not found in a domain-specific lexicon or dictionary ”.2 In NLP,
OOV (out-of-vocabulary) content is a common but very broad concept. This concept
is refined to NLEs.

There are several types of NLEs in clinical narratives, particularly with reference to
clinical jargon expressions.

• Misspellings. Misspellings occur when a word is written incorrectly because
the writer does not know or is unsure of the correct spelling. These errors can
stem from misunderstanding word patterns, rules, or simply from learning the
wrong spelling, e.g., cognitive orthographic errors by writers using a second lan-
guage or having dyslexia. Examples: “Diabetis”, corr.: “Diabetes” (diabetes);
“Hipertyreose”, corr.: “Hyperthyreose” (hyperthyroidism).

• Mistyping. Mistypings happen when the writer knows the correct spelling but
accidentally presses the wrong keys while typing, i.e., inexact strokes, neighboring
keys are hit, not corrected for lack of proofreading. Examples: “Rippenserien-
draktur” (corr.: “Rippenserienfraktur” (serial rib fracture)), “Kofpshcmerz” (corr.:
“Kopfschmerz” (headache)).

• Transcription errors, speech recognition errors. Transcription errors arise
when spoken words are inaccurately converted into written text due to mishear-
ing, misinterpretation, or typographical mistakes by the transcriber. Speech
recognition errors happen when automated systems incorrectly transcribe spoken
language, often due to background noise, accents, or unclear pronunciation. Ex-
amples: “mexikanische Aortenklappe” (mexican aortic valve); corr.: “mechanische

1Text spans refer to things (entities) in the universe of discourse (domain). These are referred
to by names or terms. Named entity recognition (NER) is the technique to identify text spans that
mention a given entity by identifying its name. Note that in the NER contexts the “entity mentions”
are often just called “entities”. In this work, “text span” will be used instead to avoid confusion.

2Both words, lexicon and dictionary, are used mostly interchangeably. According to Merriam-
Webster, a dictionary is defined as “a reference source in print or electronic form containing words
usually alphabetically arranged along with information about their forms, pronunciations, functions,
etymologies, meanings, and syntactic and idiomatic uses” [8].
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Aortenklappe” (mechanical aortic valve, “positiv auf am vitamine” (positive for
am vitamins) (corr.: “positiv auf Amphetamine” (positive for amphetamines)).

• Optical Character Recognition (OCR) Errors. This happens when text is
inaccurately converted from images to digital format due to poor image quality,
complex fonts, or misinterpretation by the OCR software. Example: “TYPL
Diabetes” (corr.: “TYP I Diabetes” (type 1 diabetes)).

• Spelling variants. Spelling variants are alternative correct spellings of a word
that differ based on regional, historical, or contextual factors. These are particu-
larly common in German clinical language by variation of the letters “c”, “z” and
“k”. Examples: “cerebral” (corr.: “zerebral”), “Magenulcus” (corr.: “Magenulkus”
(stomach ulcer)).

• Acronyms. Acronyms are specialized forms of abbreviations that are mostly
formed on the basis of initial letters of a series of words. In clinical practice, these
are often not introduced as required for published texts, which leads to ambigui-
ties. Acronyms may include abbreviations of proper names. Examples: acronym
“MM” for “malignes Melanom” (malignant melanoma),“Morbus Menière” (disor-
der of the inner ear); “BHB”, which corresponds to the long form “Krankenhaus
der Barmherzigen Brüder” (abbreviated hospital name).

• Non-acronym abbreviations or Dot-based abbreviations. These are
shortened words, created by truncating a word at a place where the meaning
is clear from context, and the rest of the letters are omitted or replaced by a
dot, and have a high variability. Dot-based short forms are more common in
German, while abbreviations without dots are more common in English. Exam-
ples: “chron.” for “chronisch” (chronic); “lymphozyteninf. Schleimhaut” (“lym-
phozyteninfiltrierte Schleimhaut” (lymphocyte infiltration of mucosa)); “Fx” for
“fracture”.

• Single-Character Abbreviations. This type of abbreviation are simplified
representations of words, most often only consist of the initial starting letter
of the word. Depending on the language, dots are either used or not used in
documentation. Examples: “N” or “N.” for “Nerv” (nerve) or “Neoplasie” (neopla-
sia); “V.” for “Vena” (vein) or “Vulnus” (wound); “M.” for “Musculus” (muscle) or
“Morbus” (disease).
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• Conventionalized Abbreviations. Conventionalized abbreviations are stan-
dardized and widely accepted shortened forms of words or phrases, such as “etc”
for “et cetera”, commonly used in written and spoken language. These appear in
clinical narratives often without dot, typical in concise clinical jargon. Examples:
“Leukos” for “Leukozyten” (leukocytes), “Gabla” for “Gallenblase” (gallbladder).

• Ellipses: Ellipses are intentional omissions of term components in texts. Exam-
ple: “disseminierte Nekrosen im Groß- und Kleinhirn” (disseminated necrosis in
the cerebrum and cerebellum).

• Single-word compounds. As the name suggests, these types of words are cre-
ated by combining one or more words into one, to create a new compound word.
Examples: “Coronaangst” (fear of COVID-19); “Opiatverschreibung” (opiate pre-
scription); “Maushand” or “Mausarm” (compound word used as a reference for
repetitive strain injury of the hand or arm); “verhaltensoriginell” (behaviorally
abnormal).

• Multi-word terms. Phrases or words that together represent an entity. These
are often newly added and might remain untranslated. Examples: “Long Covid”;
“COPD cough” (chronic obstructive pulmonary disease cough).

• Codes. These are standardized alphanumeric identifiers used to document diag-
noses, procedures, and medical services, and aggregated in medical lexicons and
terminologies. Non-domain-related codes also occur in clinical narratives, such
as zone improvement plan (ZIP) codes, bank account numbers, phone numbers,
email addresses, uniform resource locators (URLs), etc. Examples: from clini-
cal coding system, the International Classification of Diseases (ICD-10): “C90.0”
(multiple myeloma)); “109989006” code from SNOMED CT for “multiple myeloma
(disorder)”; 8036 (ZIP code for Graz, Austria).

• Numeric expressions. Numeric expressions in clinical narratives are quanti-
tative data points, such as measurements, dosages, and lab values, and provide
precise and essential information about a patient’s health status and treatment.
These particular NLEs should be distinguished from terms that include digits
according to the lexicon. Examples: “Multigravida 4” (female patient pregnant
four times); “Niereninsuffizienz Grad 4” (renal failure stage 4). Furthermore, spe-
cialized forms of numeric expressions, which are used to denote stages of diseases,
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grades of conditions, or classifications of medical procedures, provide a standard-
ized and clear way to convey critical clinical information. Due to using letters
to convey that information, these expressions can be mistaken for acronyms.
Example: “IV” for “intravenous” or “four”.

• Brand names. Descriptions of brand names consist of proprietary names of
medications or medical devices, specifically in clinical narratives listed in notes
describing the treatment plans and prescriptions. These distinguish themselves
from their generic counterparts, i.e., drug ingredients, and ensure specific identi-
fication and documentation. Examples: “Kalinor” (tablets for the normalization
of potassium balance); “Neo Safe T CU 380” (specific version of an intrauterine
device).

• Proper names of persons, institutions, geographic locations. These types
of NLEs identify individuals, healthcare facilities, and places, to provide context
and clarity to patient histories, treatment locations, and care coordination. Ex-
amples: “Mayo Clinic” (healthcare facility, treatment location); “Dr. John Doe”
(treating physician).

• Inflection forms. Inflected forms of lexical entries either are not or only in-
directly handled in lexicons, such as declension, and conjugations. Example:
“diagnoses, diagnosed, diagnosing” are varied conjugations of the lexical entry
“diagnose”.

1.2 Processing of Non-Lexical Entities

NLEs have three cornerstones: identification, expansion, and disambiguation in NLP.
With reference to NLEs, identification refers to the detection and delineation of NLEs in
clinical narratives, expansion covers the evaluation and processing required to extrap-
olate possible senses and meanings from suitable lexical resources, and disambiguation
deals with the final selection and linkage of the NLE to its corresponding entry in the
lexical resource. The rationale is to systematically process NLEs to ensure accurate
interpretation and integration into lexical resources.

There are two top-level approaches to process non-lexical content, which are (i) to
extend existing lexicons, or (ii) to map NLEs to existing lexicons. The aim is the
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enrichment of lexical resources, addressing gaps in dictionaries, and maintaining the
relevance and utility of domain dictionaries.

The extension of lexicons can be accomplished in a variety of ways, and three of the
most common ones are manual completion, production rules, or machine translation.
First, using manual lexicon completion, domain experts annotate datasets for lexicon
expansion. This comes at a high cost, as any updates to the lexical resources need to
be done manually as well, and constant updates would be needed due to the high pro-
ductivity of domain languages. Second, production rules cover all variations of existing
lexical entries and possible new entries, such as compounds, spelling variants, inflec-
tions and derivations, and add these variations to the resources automatically. While
this can be a high-throughput methodological approach for expansion, the tendency of
expanding a lexical resource with any and all possible spelling variations tends towards
combinatorial explosion and a need for further domain corpora to differentiate between
main lexical entities and NLEs. Furthermore, the addition of lexical entries via rules
and regular expressions, if covered by the rules, might increase false positive rates in
automated text processing, i.e., instances where text spans are incorrectly identified
or categorized due to the misapplication of the patterns defined in the rules. These
effects need to be evaluated to see how such methodologies can help or hinder the
processing of NLEs depending on the processing goal. Third, machine translation and
subsequent expert validation can be applied, especially for low-resource languages, to
expand lexicons in a given domain, with the help of high-resource languages, such as
English.

Mapping NLEs to existing entries in lexical resources consist of two types: mapping
rules and machine learning applications. In 2020, a systematic review by Kersloot et al.
[9] evaluated the state of NLP in developing and assessing methods to map clinical texts
onto ontology concepts. The review aimed to analyze the diverse NLP approaches for
short forms. The variety of data sources and applications highlighted multiple evalua-
tion methods for mapping text spans to ontological representations. The predominant
objectives of the included studies covered information extraction, information enrich-
ment, classification tasks. Generally, mapping rules encompass automatically mapping
a language expression to an ontology or dictionary, which can lead to false mappings,
particularly with short words. ML algorithms to identify NLEs, such as acronyms, non-
standard linguistic variations, or to identify synonymous expressions, require a large
quantity of annotated corpora to allow the creation of ML models with these func-
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tionalities. In many ways, language models trained on annotated corpora have been
scarce depending on the language and the domain being processed. In German, clini-
cal language models were trained to become openly available for use in research. For
instance, BioGottBERT [10], a biomedical German language model trained on medical
and clinical datasets. Other languages with lower resources still remain without openly
available language models in the given problem domain.

NLEs are always connected to a domain. If the term3 itself is not found in a domain
dictionary with the desired meaning, the text span is rendered to be non-lexical. An
example for this might for instance be the German compound term “Heuschnupfen”
(hay fever). In the international edition of SNOMED CT, synonymous terms “hayfever”
or “hay fever” reference the lexical entry in SNOMED CT, with ID 21719001, where
the fully specified name of the entry is “Allergic rhinitis caused by pollen (disorder)”.
Comparing this entry to the Austrian or German releases of SNOMED CT, the term
“Heuschupfen” on its own is not represented in this manner, and would be consid-
ered non-lexical. The nearest entry, in the corresponding German or Austrian releases
at the time of writing, for the term “Heuschnupfen”, would be the compound term
“Heuschnupfen-Konjunktivitis” (Hay fever conjunctivitis), which would be a false clas-
sification for the initial text span.

If one or multiple dictionaries together do not identify the term with that specific sense,
then the term is classified as a NLE. As such classifications, on term as well as sense
level, are far from trivial and need a lot of resources to be able to be done automatically,
e.g., ML techniques, manual classification of terms by domain experts.

The representation of NLEs can pose hindrances to straight rule-based lookups as these
entities often include inflected, derived, or contextually ambiguous forms that do not
directly match their canonical or base forms. Application of lemmatizers would be able
to resolve terms to their base forms, i.e., the verb form “prescribed” is transformed to
the base infinite form “prescribe”. By applying lemmatizers in the workflow, NLEs can
be inherently linked to their base forms before determining their sense. However, the
effectiveness of lemmatizers depends on the availability and suitability of language re-
sources for the specific domain. Lemmatizers can facilitate automated text processing,

3The words “term” or “terms” refer to words or phrases associated with a specific meaning, and
refer to a lexical entry in a domain dictionary. According to Chute [11] and Zeng et al. [12], term
identification as part of vocabulary development consists of two steps, which are “(1) the identification
of candidate strings (ie, words or phrases) in a domain and (2) the determination of which of these
should be included in a vocabulary as “valid” terms, also called “termhood determination.””
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but errors such as false positives or negatives often arise, particularly when processing
text at token4 level without accounting for the sense or context. Clinical narratives,
with their significant textual variability, can hinder the performance of NLP functions
and toolkits, especially when lemmatizers are trained on general, non-medical texts.

1.3 Related Work for Non-Lexical Entities

Throughout this work, the focus for processing NLEs with NLP methods centers on
clinical narratives. A systematic review by Spasic and Nenadic [13] analyzed clinical
narratives used in conjunction with ML applications. The analysis showed that clinical
data is heterogeneous in nature, and that annotations, provenance and data availability
are main contributing factors, which influence data processing, prior to the application
of ML methods. Annotations or labels assign certain characteristics to text based data,
so that in turn probabilities and ML models can be trained and used for different NLP
tasks. Provenance, i.e., the source of the data, is varied as well, where sometimes only
one type of document is used, e.g., discharge summaries or medication administrations.
Data availability further influences how much data and what kind of clinical data is
available for research purposes, and data privacy still plays a pivotal role in making
real world data accessible. Additionally, the above mentioned review explained that
the four most common topics covered in clinical NLP are classification tasks, named en-
tity recognition, information extraction, and word sense disambiguation, in that order.
The authors suggest focusing on applications, such as data augmentation or unsuper-
vised learning, to approach NLP tasks in healthcare without annotated resources or
to enhance clinical narrative processing through resource augmentation and transfer
learning.

1.3.1 Identification of NLEs

The detection of NLEs is the first step to be able to automatically process NLEs. The
easiest method to identify NLEs in NLP would be rules and regular expressions as
explained in section 1.2. A rule-based approach is very focused on specific linguistic

4Tokens are a product of a process called tokenization. In NLP, to effectively process texts, it is
necessary to break texts down into smaller components, which can be words, subwords, characters,
or sentences, depending on the granularity required. For example, whitespace-tokenization would be
separating an input text according to whitespaces.
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traits or patterns in texts, which need to be updated and tested constantly, so that
coverage and NLE-specific identification maintains a high accuracy. As the focus shifts
towards ML-based approaches, larger amounts of labeled datasets are necessary for
task-specific processing of clinical texts. State-of-the-art (SOTA) approaches for clin-
ical named entity recognition (NER) utilize pre-trained language models, which are
fine-tuned with domain-specific labeled data to accurately identify relevant entities.
The necessity for data and current SOTA approaches still hold true with the current
evolution in NLP towards large language models (LLMs). The promise of text-based
prompts to contextually process and understand clinical data have been of interest for
the research community since the introduction of LLMs.

In 2007, vocabulary development for consumer health information was investigated
by Zeng et al. [14]. The aim was to automate term recognition, and consisted of three
parts: candidate string extraction, manual review by human annotators, and applica-
tion of methods to the curated dataset for testing. String matching for the extraction
of candidate strings from the UMLS Metathesaurus [15] was done. Pre-processing
included removal of symbols, stemming, normalization, and truncation. With the cre-
ation and analysis of n-grams, annotators reviewed and assessed the most frequent
n-grams for eligibility to be included in the vocabulary. Two methods for automated
classification of term recognition were implemented, a logistic regression model and
a candidate collection formula. The logistic regression model seemed to be very ef-
fective for the identification of new terms, and achieved an AUROC (area under the
receiver operating characteristic) of 0.95. In 2022, Faris et al. [16] implemented dis-
ease symptom identification for Arabic text-based medical consultations. The method
used features from AraBERT [17] embeddings and fine-tuned on a Bidirectional Long
Short-Term Memory (BiLSTM) [18] classifier. Based on manual evaluation of the
identified symptom mentions, the method reached 0.706 in recall. In 2024, a study
on disease symptom mentions and their identification by Sogandi [19] with supervised
and unsupervised ML methods showed that a statistical method, such as statistical
regression, outperformed other methods in accuracy with an accuracy of 0.84. Regard-
ing F1-measure, the best performing method remained a combination of bootstrap
aggregation and random forest for an F1-measure of 0.86.

Specifically on the topic of detecting short forms, Xu et al. [20] investigated abbrevi-
ation detection in clinical notes with four different methods in 2007. First, a baseline
method, a lookup operation, compared all tokens with two word lists to find unknown
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tokens, i.e., abbreviations. Secondly, a heuristic rule-based method with rules was
combined with the lookup word list implementation from the baseline method. Third
and fourth, both consisted of decision tree classifiers with different features, such as
word formation, word frequency, while the fourth method also included outside knowl-
edge sources. The results showed that the best performing method with a precision of
0.91 was the fourth method, i.e., the decision tree classifier. The worst performance
was recorded with the baseline method by processing each token in discharge sum-
maries and comparing them to known English word lists. Similarly in 2011, Kim et al.
[21] demonstrated an abbreviation detection modeling approach. It consisted of doc-
ument pre-processing of clinical narratives with a sentence splitter and a tokenizer,
and joined with a specially trained clinical Text Analysis and Knowledge Extraction
System (cTAKES) [22] model and the LRABR, list of abbreviations and acronyms,
part of UMLS. This modeling approach achieved 0.66 for exact matches, and 0.75 for
partial matches. From the error analysis, the most limiting factor for the detection of
short forms was the list with which the model was trained, and therefore missing a lot
of short forms based on their test set.

1.3.2 Expansion of Lexicons with NLEs

Clinical lexicons require continuous expansion to remain accurate and comprehensive,
accommodating new terminology5, advancements in research, and emerging healthcare
practices. Two main approaches can be followed to automate the expansion of lexi-
cons: manual, or data-driven solutions. Rules and regular expressions can be manually
created to find new entries for a specific domain dictionary, or implementation of ML
methods can help with the expansion of lexicons. Additionally, a data-driven solution
would be able to aggregate semantic and lexical information found in clinical narratives,
and allow to further create new resources, or to better connect and update existing re-
sources. The lexical entries can be used as starting point to determine classifications
or NLE types, and to ascertain their relationship or connection to other entries in the
lexicon. Another possibility would be to prompt for further lexical entries with LLMs,

5A terminology is a standardized and structured set of terms, which “are ideally unambiguous
and self-explanatory. This often does not reflect clinical language use”. [4] “Standardised medical
terminology is a set of linguistic conventions and standardised vocabulary for the description of medical
concepts and processes. It is used to ensure the accurate and consistent communication of information,
and to facilitate the exchange of data between healthcare professionals, patients, and healthcare delivery
organisations.” [23–25] An example for a terminology in the clinical domain is SNOMED CT.



12 Chapter 1. Introduction

which would be one of the newest data-driven methods with regard to lexicon creation
and expansion.

Relevant literature for the named two approaches for lexicon expansion should give a
short overview of the topic. In 2020, Sarker [26] developed a system that automatically
expands concepts in biomedical texts. Particularly due to three subtypes of NLEs, i.e.,
non-standard expressions, misspellings, and abbreviations, this system was developed
to support lexicon creation processes. Built with threshold decay functions, dense vec-
tor and lexical similarities, the semantic similarity of terms was used to generate lexical
variants of multi-word expressions. Methods, such as n-gram creation, Levensthein [27]
ratios, semantic and lexical filters, and manually set thresholds, which were applied pre-
viously on different datasets, e.g., the use of this system for processing adverse drug
reaction mentions by Sarker and Gonzalez [28] reached an F1-measure of 0.812 for text
classification. Koroleva et al. [29] analyzed clinical trial outcomes with pre-trained
language models, BERT [30], BioBERT [31], and SciBERT [32]. BioBERT achieved
the best results and outperformed baseline measures, e.g., Levensthein [27] distance,
statistical measures, etc., and reached an F1-measure of 0.89. With the addition of
variants of outcomes, i.e., generating an extended dataset in which ambiguities such as
abbreviations were automatically replaced with their long forms prior to training. The
latter resulted in an improved F1-measure of 0.93. In 2023, Carpenter and Altman
[33] searched for synonymous expressions for drug abuse through the application of the
LLM GPT-3, filtering and cross-referencing generated terms to existing drug names
and online resource, i.e., colloquial term candidates for drug names could be found.
The combined method of LLM, filtering, and cross-referencing reached a precision of
0.77, and an F1-measure of 0.52.

1.3.3 Disambiguation of NLEs

Disambiguation of NLEs means using ML methods to assign a valid label, such as
a lexical entry, to the NLE based on the context. The many possibilities to imple-
ment disambiguation capabilities vary from rule-based methods, to processing lexical
resources for correctly expanded terms, to evaluations of deep learning methods via
data driven methods, e.g., embeddings or LLM representations. To effectively inves-
tigate the disambiguation of NLEs, the datasets need to be extensively checked and
curated prior to the implementation of a method. As one large focus of disambigua-
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tion in related works in clinical NLP was on abbreviations, due to their ambiguity, the
disambiguation of short forms was chosen as a special focus of this dissertation work.

Related works on short-form disambiguation give an overview of SOTA methods:
In 2012, Wu et al. [34] tested three existent clinical NLP systems, MetaMap [35],
MedLEE [36, 37], and cTAKES [22], to resolve abbreviations in 32 discharge sum-
maries from the Vanderbilt Medical Center. MedLEE demonstrated the best perfor-
mance across all evaluations compared to the other NLP systems, with an F1-measure
of 0.60 for all abbreviations, 0.70 for clinically relevant abbreviations, and finally, 0.73
for a subset of ambiguous abbreviations. In 2015, Wu et al. [38] showed that training
a Support Vector Machine (SVM) [39] model with additional 10-fold cross validation
for each of the selected 25 abbreviations resulted in 0.89 in average accuracy, and out-
performed the baseline majority sense classifier with 0.73 in average accuracy. In 2016,
Mowery et al. [40] described the outcome of the ShARe/CLEF6 eHealth Challenge 2013
Task 2 [41], giving a methods overview of participating teams for short form normal-
ization and disambiguation. The performance of the five participating teams achieved
accuracy ranges from 0.43 to 0.72. Most teams used cTAKES, Conditional Random
Field (CRF) [42], custom lexicons, and online resources for the creation of the training
data and the disambiguation system. Adams et al. [43] used the local context around
acronyms and their metadata to draw word embeddings. On the Clinical Abbreviation
Sense Inventory (CASI) [44], the embeddings approach performed reasonable well with
an accuracy of 0.71. In 2024, Hosseini et al. [45] investigated abbreviation disambigua-
tion with a BiLSTM model. Due to the imbalance with low-resourced clinical datasets,
i.e., inconsistent text span counts for each abbreviation sense extracted from clinical
narratives, the dataset was pre-processed to balance senses by curating additional ex-
amples with reverse substitution7 from MeDAL [46], an abbreviation disambiguation
dataset created from a medical source dataset. Word embeddings and the BiLSTM
model were applied for disambiguation of abbreviations from the CASI dataset. On
the re-balanced dataset, the BiLSTM approach reached an accuracy of 0.96, which is
a slight improvement compared to the application on the imbalanced dataset of 0.94.
Similarly in 2022, Agrawal et al. [47] researched the capabilities of LLMs to disam-
biguate acronyms from the CASI dataset. With GPT-3 edit in a zero-shot scenario,
the method reached an accuracy of 0.86, and macro F1-measure of 0.69.

6Shared Annotated Resources/Conference and Labs of the Evaluation Forum
7Reverse substitution means aggregating examples, where the long form version of a short form is

found, and then replacing the long form expansions with the corresponding short form.
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1.4 Research Questions

Several research questions were stated as part of the published investigations, and the
overarching themes of all research questions were summarized in the following way:

• Do specialized methods for NLEs improve clinical text processing?

• Do LLMs yield better results than traditional ML methods?

• Are there differences in performance when comparing languages?

The following chapters are organized as follows: The Materials and Methods section
elaborates on the datasets, language models, and evaluation measures used across
investigations. All investigations pertaining to answering the research questions are
described separately in the main body of this dissertation. In five chapters, a sys-
tematic scoping review on short forms, the three cornerstones for processing NLEs,
and text classification with NLEs, the utility of NLP for NLE processing is shown.
Each investigation is further subdivided into Background and Significance, Materials
and Methods, and Results and Discussion. Finally, the Discussion summarizes the
scientific knowledge gain, answers the research questions, and gives a conclusion and
outlook towards the impact of the results in context of existing research.
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Materials and Methods

Due to the variety of non-lexical entity (NLE) types and multitude of source materials
available, from the local hospital information systems to available online resources,
machine learning (ML) methodologies were applied in conjunction with the described
datasets (see section 2.1), language models (see section 2.2), and evaluation measures
(see section 2.3). An overview of the materials and methods used in this dissertation
are provided here for overall understanding. General descriptions of natural language
processing (NLP) methods for NLE processing can be found in the systematic scoping
review on short forms by Kugic et al. [48] in the section “Overview of Methodologies”. A
more detailed description of each dataset and applied ML approach, is presented within
the “Materials and Methods” sections in the respective chapters of this dissertation.

2.1 Datasets

2.1.1 Clinical Terminologies and Lexicons

Terminologies, such as UMLS and SNOMED CT, and lexicons can be used as lexical
repositories of information for NLP tasks.

• Unified Medical Language System (UMLS). The UMLS is a hybrid, com-
prehensive biomedical terminology resource [15] developed by the U.S. National
Library of Medicine to integrate diverse medical vocabularies. It includes a
Metathesaurus of linked terms, a Semantic Network for categorizing concepts,

15
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and an English Lexicon to support natural language processing in healthcare
applications.

• Standardized Nomenclature of Medicine Clinical Terms (SNOMED
CT). SNOMED CT is a large ontology-based clinical terminology system encom-
passing all fields of medicine and made available as an international standard,
promoted by SNOMED International. It contains more than 360,000 concepts,
and nearly a million English terms1. Although the main use case for SNOMED
CT has been the standardization of structured data, its use for NLP is increas-
ingly investigated [49].

• Medical Dictionaries. General medical dictionaries in German, Croatian, and
English were used as manual and automated lookups for data annotations or deep
learning implementations.

2.1.2 Clinical Narratives and Health Forums

• Medical Information Mart for Intensive Care (MIMIC). MIMIC is a
collection of de-identified EHRs for over 40,000 patients in English comprising
not only of clinical narratives, but furthermore include laboratory test results,
measurements of various kinds, medical imaging, radiology reports, and other
medical data. This resource exists in different editions, with MIMIC-IV [50]
being the most up-to-date one, to date.

• n2c2 Challenges. Formerly known as i2b2 challenges (Informatics for Integrat-
ing Biology and the Bedside), and in subsequent years administered by the Har-
vard Medical School and George Mason University under the new name National
NLP Clinical Challenges (n2c2). The goal was to provide de-identified annotated
datasets to the research community with a medical informatics task as part of
these challenges. The participating teams would then develop a method with the
training set, and test the method on a hold-out set that the organizers provided.
These datasets, starting from 2006 onward, are available at the homepage2 to be
used on premise for the implementation and testing of new tasks.

1https://www.snomed.org/what-is-snomed-ct
2https://n2c2.dbmi.hms.harvard.edu/data-sets

https://www.snomed.org/what-is-snomed-ct
https://n2c2.dbmi.hms.harvard.edu/data-sets
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• SemClinBr. The Portuguese dataset “SemClinBr” is an annotated multi-
institutional and multi-specialty corpus comprising 1,000 clinical notes, with over
65,000 entities and 11,000 relationships, designed to support biomedical research
and clinical NLP tasks in Brazilian Portuguese [51].

• German Clinical Narratives. Two collections of de-identified clinical narra-
tives in German were used for investigations. The first collection consisted of dis-
charge summaries from dermatology, cardiology, and oncology departments. The
second collection comprised approx. 1.9 million unique de-identified clinician-
authored problem list entries for diagnosis coding at patient discharge.

• Medical Health Forums. Similar characteristics of NLEs cannot only be found
in clinical narratives. Freely available online forum conversations share charac-
teristics of clinical narratives. In particular, health forums offer similar context
and linguistic characteristics in the medical domain, as medical professionals do
not only author discharge summaries or other types of documents from a hospi-
tal provider or independent clinician, but also answer, in certain cases, patient-
authored questions, online. These texts can be additional resources for clinical
research, if clinician authored texts are not available.

2.1.3 Short Form Sense Inventories

Short forms are a broad categorical term referring to all subtypes of abbreviations,
which include acronyms. From section 1.1, we had established that multiple versions
of short forms exist, which differ slightly in representation, formation, and definition.
To be able to automatically process these types of short forms with NLP, inventories
of short forms are needed to identify, expand, and disambiguate them. Short form
sense inventories are a type of lexicon, which contain possible long forms of short
forms. These inventories were created in the beginning manually, and later through
automated means, so that possible meanings of short forms are available for automated
processing. The minimum requirement for short form sense inventories are short forms,
which are mapped to all their possible long forms, as most abbreviations are ambiguous
and not easily disambiguated. Some inventories add more information, metadata, if
it is needed during processing, as well as examples, which contextually represent the
short form.
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• Clinical Abbreviation Sense Inventory (CASI). The anonymized CASI
dataset [44, 52] was curated by the University of Minnesota consists of special-
ized abbreviations, mostly acronyms, with context and metadata information
from clinical narratives, and their resolutions, to establish an English clinical
narrative dataset with which NLP applications can be developed and evaluated.
The dataset contains approximately 37,500 entries, which also allows for machine
learning applications to be tested with this dataset.

• Abbreviation Lexicons. Due to the complexity of short forms, and common
short forms occurring in clinical narratives, more generalized abbreviations can
be a possible resource for the processing of short forms in clinical narratives.
Multiple print and online resource lexicons are available. For this dissertation,
reference short form corpora were used as manual lookup resource during the
implementation of ML and NLP processing pipelines, and for the manual anno-
tation of results in two languages, i.e., German [53, 54], and Croatian [55–60].
For English, the above described CASI dataset was used. For the annotation of
Portuguese short forms, the domain expert was able to disambiguate short forms
without additional lexicon resources.

2.2 Language Models

ML implementations often use language models to enable efficient processing of un-
structured medical data for tasks, such as clinical text understanding, predictive ana-
lytics, and workflow automation. They offer benefits like scalability, adaptability, and
improved accuracy, particularly with domain-specific models, such as BioBERT [31]
and ClinicalBERT [61]. However, challenges like data privacy, domain specificity, in-
terpretability, and bias must be addressed to fully harness their potential in health-
care [62, 63]. In this dissertation, similarly to Ling et al. [64] and Li [65], Large Lan-
guage Models (LLMs) and pre-trained language models are seen as separate types of
models. Pre-trained language models, such as BERT [30] models, are defined by Ling
et al. [64] as models that “process input text into vector representations without an ex-
plicit decoding phase to generate new text. Instead, they transform and embed text into
a high-dimensional space”. Additionally, LLMs, such as Generative Pretrained Trans-
former (GPT) models, are described as “autoregressive language models that generate
the next word in a sequence based on previous words. They map a sequence of tokens
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to a vector representation and generate contextually relevant content autoregressively,
calculating the probability of the next token based on the context” [64]. For diverse
datasets, diverse language models are needed to fully exploit the ML capabilities when
these are applied. The following constitutes a list of language models that were applied
for a variety of tasks.

• BERT. The BERT (Bidirectional Encoder Representations from Transform-
ers) [30] language model3 is a multilingual transformer-based model pre-trained
on a large corpus of text from 104 languages using a cased vocabulary, i.e., during
training the casing was not eliminated, instead the distinction between uppercase
and lowercase letters was kept.

• SapBERT-XLMR. The SapBERT [66] (Self-alignment Pretraining for BERT)
Cross-lingual SapBERT-XLMR model is designed for biomedical term alignment
across languages, leveraging a multilingual embedding space for cross-lingual
knowledge representation. It combines self-alignment objectives with pre-trained
language models, i.e., XLM-RoBERTa [67], to map semantically similar terms,
even in different languages, into close vector representations for ML tasks, e.g.,
biomedical concept linking, multilingual search, etc. The XLM-Roberta model
was applied, in combination with SapBERT, for its performance gains in cross-
lingual transfer learning tasks.

• BERTic. The BERTic [68] language model is a transformer-based model specif-
ically designed for Bosnian, Croatian, Serbian, and Montenegrin languages. This
model was pre-trained on a large corpus of regional texts for classification and
named entity recognition tasks. Being an ELECTRA (Efficiently Learning an
Encoder that Classifies Token Replacements Accurately)-based model [69] means
it uses a computationally efficient training method that involves a generator-
discriminator setup, enabling the model to learn robust representations by de-
tecting replaced tokens instead of simply predicting masked tokens.

• GPT-3.5-turbo. The GPT-3.5-turbo model [70] is a generative language model,
classified as a LLM, by the company OpenAI built on transformer architectures,
leveraging large-scale pre-training on diverse datasets, to synthesize texts based
on contextual prompts.

3https://huggingface.co/google-bert/bert-base-multilingual-cased

https://huggingface.co/google-bert/bert-base-multilingual-cased
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• GPT-4. The GPT-4 model is an enhanced version of OpenAI’s generative LLMs.
It is built with transformer architectures used in GPT-3.5-turbo with significant
improvements in scale, training techniques, and data diversity. While GPT-3.5-
turbo was optimized for efficiency and real-time performance, GPT-4 is reported
to have a larger model capacity, more refined fine-tuning processes, and a broader
dataset, enabling it to understand and generate more nuanced and contextually
complex responses with better reasoning and fewer biases.

• Llama-2-7b-chat. The Llama-2-7b-chat model [71] is an open source LLM de-
veloped by Meta, designed for conversational tasks and fine-tuned using reinforce-
ment learning from human feedback to improve response quality and alignment
with user intent. It is built on a transformer architecture with 7 billion parame-
ters, allowing it to handle a range of language generation tasks with reasonable
computational efficiency.

• Llama-2-70b-chat. The Llama-2-70b-chat model [71] is a more advanced, large-
scale open source LLM by Meta, optimized for complex conversational AI appli-
cations with 70 billion parameters.

2.3 Evaluation Measures

Any NLP task, which was implemented and tested, needed to be evaluated, so that
the effect of the newly implemented ML approach could be gauged. The evaluation
needed to be in-line with the the aim, data and methods of the implemented approach,
so that a comparative analysis could be performed. Based on this kind of information,
the following five metrics were most often used for evaluation of NLP tasks: precision,
recall, F1-measure, accuracy, and mean average precision (MAP).

2.3.1 Unranked Metrics

The following values need to be defined as these are required for calculating the un-
ranked metrics. True Positives (TP), True Negatives (TN), False Positives (FP), and
False Negatives (FN) represent the outcomes of the model’s predictions compared to
the actual labels. TP occur when a model correctly predicts a positive outcome, TN
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when it correctly predicts a negative outcome, FP when it incorrectly predicts a neg-
ative outcome as positive, and FN when it incorrectly predicts a positive outcome,
labeling it as negative instead.

The precision, recall, and F1 measures are commonly used metrics for evaluating the
performance of classification models. Precision is a metric that measures the proportion
of correctly identified positive instances among all predicted instances.

Precision =
TP

TP + FP
(2.1)

Recall is a similar metric to precision, which measures the proportion of correctly
identified positive instances among all relevant instances.

Recall =
TP

TP + FN
(2.2)

When combining the metrics precision and recall, the F1-measure can be calculated.

F1-measure =
2× Precision × Recall

Precision + Recall
(2.3)

Accuracy measures the proportion of correct predictions made by a model out of the
total number of predictions.

Accuracy =
TP + TN

TP + TN + FP + FN
(2.4)

2.3.2 Ranked Metrics

Mean Average Precision (MAP) is a rank-based evaluation metric commonly used in
information retrieval to assess the quality of ranked lists produced for multiple queries.

For a given query 𝑞, assume there are 𝑅 relevant documents, and the ranked positions
of these relevant documents are denoted as 𝐾1, 𝐾2, . . . , 𝐾𝑅. The Average Precision
(AP) for the query is defined as:

AP =
1

𝑅

𝑅∑︁
𝑖=1

𝑃 (𝐾𝑖), (2.5)
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where 𝑃 (𝐾𝑖) is the precision at rank 𝐾𝑖, which is the fraction of relevant documents
among the top 𝐾𝑖 ranked documents. If a relevant document is not retrieved, its
corresponding precision is considered to be zero.

The Mean Average Precision at K (MAP@K) across multiple queries is computed as
the mean of the Average Precision (AP) values for all queries. Let 𝑄 denote the total
number of queries.

MAP@K =
1

𝑄

𝑄∑︁
𝑞=1

AP𝑞. (2.6)



Chapter 3

Systematic Scoping Review on Short
Form Non-Lexical Entities

3.1 Background and Significance

The aim was to summarize and review the processing methods of all types of NLEs
with NLP methods. Due to the vast amount of literature published about NLEs and
their varied descriptions and multiple possible variations, a more nuanced and focused
scope of the review on short forms was undertaken. The term “short forms” in context
of this research is applied to summarize all types of abbreviations, such as acronyms,
in one term. From the section on types of NLEs, it is noted that various types of
short forms exist and are grouped together for better clarity. From existing research,
it was not possible to find out which method works best for the three sub tasks, identi-
fication, expansion, and disambiguation, in analyzing and processing short forms with
NLP. Additionally, the categorization of short form types, as well as analyzing process-
ing methodologies, were other important aspects. The performed systematic scoping
review [48] on this topic not only helped in understanding this research topic better
but also structured the content and answered the above stated research questions.

3.2 Materials and Methods

To enable a systematic scoping review, a search strategy needed to be formulated. It
should encompass the whole research landscape in context of this topic, be formulated

23
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in a way that it would be manageable by the review team, while making sure that
related research would not excluded. As part of the prerequisites to starting a review,
the size of the review team needed to be determined for better task management
and organization of this research project. The review team included four members
handling most of the review work and three supervisors overseeing quality checks and
providing decision support. The type of review, the systematic scoping review, in
conjunction with the PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines, determined the workflow [72]. First, five different literature
databases, Web of Science, Embase, MEDLINE, EBMR (Evidence-Based Medicine
Reviews), and ACL Anthology, were searched with the explained search strategy. In
the next step, the de-duplication of papers was undertaken, i.e., the same paper can be
indexed in different literature databases, which meant manually deleting non-relevant
papers from the aggregated articles. Inclusion and exclusion criteria were discussed
within the team, and consisted of the following criteria:

• Language. If the article was written in a language other than German or En-
glish, the article was excluded. The two languages were chosen as all team mem-
bers were fluent in both.

• Collections and Reviews. Due to the search strategy not including filters
for specific types of papers, such as review articles, and the searched literature
databases being sometimes incomplete, the exclusion of collections and review
articles was decided and manually performed.

• Peer-Reviewed Articles. Articles without peer review were excluded, such as
preprints made available on electronic print archival sites, e.g., arXiv. If these
papers were found in the literature databases, in archival form, another manual
search was done via search engines for the published version of the same article,
and if that could not be found, the article was excluded.

• NLP. Statistical analyses of the distribution and counts of short form content
in texts were excluded. Processing clinical narratives with NLP methods was
required for an inclusion of an article.

• Short Forms. If NLP methods were applied, but short forms were not processed
as the main aim of the investigation, the article was excluded.
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• Evaluation and Validation. Performance metrics needed to be reported and
evaluated by the authors of the articles. Without an evaluation of the reported
method, the functionality and applicability of the method would not be able to
be gauged.

• Originality. The application of an already published method on a dataset would
not be enough for the inclusion of the article, but would be an acceptable way
to compare the original method to related works. Articles needed to offer a
unique method for processing short forms, and should that not be the case, the
investigation was excluded.

• Human Clinical Narratives. The processed datasets had to be clinical nar-
ratives from human medicine. Veterinarian or other types of narratives were
excluded due to the aim of analyzing short form processing in clinical narratives.
This distinction was already made clear through the search queries that listed all
varieties of medical sub-specialties, such as “ophthalmolog*” for “ophthalmology”.

3.3 Results and Discussion

From 6,579 articles, 131 full texts were screened for eligibility based on the reported
criteria. Finally, all review team members agreed on 19 papers to be included in the
final analysis and synthesis of results. One of the 19 articles was found via additional
reference searches. The data synthesis evaluated the articles according to multiple
factors: types of short forms, dataset restrictions, overview of processing methodologies
for the identification, expansion, and disambiguation of short forms, languages under
investigation, and NLP recommendations.

Mainly shallow approaches were utilized for the identification of short forms, i.e., rules,
regular expressions and string similarity methods. The expansion of short forms was
separated into lookup and non-lookup methods for finding a viable expansion candidate
for a short form. Lookup methods referenced an additional sense inventory or database,
such as PubMed. Non-lookup methods did not use predefined lists or dictionaries,
but instead used text mining techniques, end-to-end encoder models, or even active
learning approaches to find possible long form versions of short forms. Disambiguation
of short forms, due to the context dependency, was generally focused on embedding
representations and deep learning.
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Most investigations processed English clinical narrative source texts, while four papers
processed short forms in languages other than English, i.e., Russian, Serbian, Spanish
and Polish. For English, short form lexicons and sense inventories exist, which can
be used to create ML approaches, such as the Clinical Abbreviation Sense Inventory
(CASI) [44, 52]. For low-resource languages, the creation of a clinical sense inventory
often is the first step in processing short forms, which was also the case for the four
mentioned non-English articles.

Types of short forms, i.e., restrictions on the type of short form processed in the articles,
consisted of shortend words, ad-hoc abbreviations, acronyms of various lengths, dot-
based abbreviations, common abbreviations, and physician-specific abbreviations. A
majority of the articles selected specific short form types to process, although seven
articles did not place any restrictions upon the source dataset. Extrapolating the type
of short form for each article was difficult to ascertain, mostly due to a lack of definition
of the short form type. Even though one article might state to investigate abbreviations,
in actuality, based on external dataset descriptions, pre-processing and examples given
in the text, the review concluded that the article only processed a portion of all available
acronyms. These limitations in analyzing only a subset of a dataset occur quite often,
which then impacts the informative value and comparability of the results. Connected
to this, the results would be impacted, where the assumption is that it would artificially
improve results, and would only be applicable in certain scenarios, e.g., for three-
character length acronyms. Although the reason for the selection of specific short form
types can be traced back to dataset restrictions, errors, or methodological decisions
made at the beginning of the investigations.

Furthermore, to assess the quality and reproducibility of the investigations, NLP rec-
ommendations stated by Kersloot et al. [9] were used as a guide and the values were
extracted from the included articles in this scoping systematic review, e.g., source code
availability, linking of external datasets, performance metrics, error analysis, etc. The
majority only partially adhered to the recommendations due to missing error analyses,
confusion matrix, and external validation.

The limitations of the review was the selected review time frame of five years that might
have excluded relevant publications, and might have lead to an under-representation
of articles applying certain methods, such as large language models (LLMs).

Future research should aim to adhere to NLP recommendations, formulate the type
of content analyzed in the short form processing article, and investigate short form
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processing in languages other than English. Restrictions on the dataset set prior to
processing short forms could introduce bias into the developed model that could be
mitigated with selecting other processing methods for short forms and/or additional
debiasing steps.
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Identification of Non-Lexical Entities

Two investigations focused on the identification of NLEs with NLP and ML methods.
First, a SOTA approach to identify NLEs in Croatian health forum entries was imple-
mented [73], specifically focusing on four subcategories of NLEs: short forms, lexical
variations, brand names and proper names. Second, as continuation of the named in-
vestigation, the application of large language models for the identification of NLEs was
evaluated [74].

4.1 Identifying NLEs with Named Entity Recognition

4.1.1 Background and Significance

Named entity recognition (NER) methods are one possibility to detect meaningful
text spans in a data driven way. Fine-tuning a model further helps with increasing
performance and utilizing labeled data for a specific purpose in NLP. High resource
languages, for instance English, have online available resources to process and perform
NER tagging for the three most common text span types, people, locations, organiza-
tions, etc. The tagging of these text span types by general purpose language models do
not match the text spans of interest in clinical narratives, which would need to focus
more on diverse entity types, such as medication or symptom recognition. Recognizing
text spans for these entities would need specially trained models based on annotated
corpora. Lower resource languages that have no accessible model for NER tagging have

28
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to go through the whole process of annotating the datasets, as well as training a model
to establish this functionality.

Heryawan et al. [75] implemented a long short-term memory (LSTM) model to find
abbreviations in medical texts. Through embedding vectors and adding further text
spans via a sample generator to mitigate problems due to an imbalanced dataset,
an F1-measure of 0.49 could be reached. For the identification and normalization of
abbreviations, Huang et al. [76] used word embeddings and sequence labeling for deep
learning via a sequence-to-sequence model that achieved an F1-measure of 0.84. The
best performing method to detect medical events, temporal expressions, and values was
a BERT implementation by Kaplar et al. [77], which reached an F1-measure of 0.86,
and therefore outperformed conditional random fields, LSTM, and ensemble methods.

4.1.2 Materials and Methods

Dataset. In total, 12,023 distinct entries from health forums were extracted covering
the specialties (but not limited to) ophthalmology, gynecology, cardiology, and radi-
ology. The content of health forums contain a variety of health related posts. Users
question other forum users and experts among them on information around diseases,
symptoms, medications, etc. or post their clinical narratives with further questions,
which were either not adequately answered by their treating physician or establish-
ing the need for a second opinion. These features of health related forum posts make
them a near interchangeable resource in comparison to clinical texts from the hospi-
tal information system for medical informatics, especially when there are no available
resources freely available for a low-resource language. For this investigation, Croatian
health forum entries1 were used as a resource.

Data Curation. The curation of the dataset was performed with a self-implemented
website crawler following the following steps: (i) to find all possible web links to each
health forum entry to aggregate data sources, (ii) forum entries need to be health
related, which was predetermined based on the content of the website, (iii) filter out
any entries that do not contain physician authored texts, made possible via accessible
metadata attached to each online entry, (iv) export and save the forum entries to a file
for further processing.

1https://www.cybermed.hr/

https://www.cybermed.hr/
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Text Preprocessing. The content of health forums showed similar characteristics to
mobile messaging or social media content with included emoticons, images, superfluous
texts, advertisements, etc. The curation step filtered out images and all texts outside
of the actual content written by forum users. The textual content was further adapted
for normalization purposes by removing any characters outside of a predefined regu-
lar expression [a-zA-ZćĆčČžŽšŠđÐ] with whitespace characters, e.g., symbols, special
characters, emojis, numeric expressions, etc., as well as collapsing and normalizing mul-
tiple whitespace characters existent due to the previous rule-based filter. Sentences,
in particular greetings, which contained personal identifiers, such as forum usernames,
were removed with rules, due to their ambiguous or nonsensical naming conventions.
Other types of personal identifiers within health forums were kept without changes.

Data Annotation. The annotation of each text entry was done by a domain expert
through manual dictionary lookups to support the categorization of the texts. The
four categories that were annotated consisted of: (a) short forms, i.e., all variants of
abbreviations and acronyms, (b) lexical variations, e.g., spelling mistakes, mistypings,
non-standard variations of terms, dialect variations of the same terms, etc., (c) brand
names, i.e., medication and drug names, product names based on their brands, e.g.,
Aspirin, the brand name used to document the intake of that medication with the drug
substance or active substance “acetylsalicylic acid”, (d) proper names, i.e., locations,
people, or personnel referenced in health forum entries, i.e., a treatment rehabilitation
center as a geographic location that is referenced during documentation. Two versions
of the dataset were created, once for a binary classification to distinguish between
lexical entities and non-lexical entities (NLEs) on main categorical non-lexical content
(Main-NLC) level, and a second iteration applying the same methodology for a multi-
label classification task, to differentiate between the four categories named above on a
subcategorical NLC (Sub-NLC) level.

Annotated Dataset. The dataset was split to create three sets for training, valida-
tion, and testing. On sentence level, 80% of sentences were used for training, and each
10% of sentences for validation and testing. The annotated NLEs were transformed into
a specific format needed for sequence modeling, called BIO-labeling (beginning-inside-
outside), and saved in the CoNLL format, which was established by the same-named
conference (Conference on Natural Language Learning). Tokens not pertaining to NLEs
were annotated with outside labels, and beginning and inside labels were annotated
and allocated to single or multi-token NLEs. The tokenization for this investigation
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was done through whitespace character tokenization. In Table 4.1, an example of an
annotated sentence in BIO-labeling format can be found.

Table 4.1: Excerpt from an annotation example for NLEs in the training dataset, which
translates to “Yesterday, the pulmonologist prescribed Flixotide [...] ” Reproduced from
Kugic et al. [74] with permission from publisher Institut za hrvatski jezik (Institute for
the Croatian Language).

Tokens Annotation Description

Jucer B-LVR lexical variant, misspelling/mistyping
je O lexical entry
pulmolog O lexical entry
oveo O lexical entry
Flixotide B-BNE pharmaceutical brand name

Model Architecture. A NER approach was implemented to classify the varieties
of NLEs in medical texts. Only four NLE categories were annotated and focused on
with reference to a domain dictionary of medical Croatian terms. Two language mod-
els were applied, a multi-lingual BERT (Bidirectional Encoder Representations from
Transformers) [30] language model2 encompassing more than 100 languages as a base-
line, and a focused language specific ELECTRA (Efficiently Learning an Encoder that
Classifies Token Replacements Accurately) [69] model3 covering Croatian, Bosnian,
Slovene, and Montenegrin language variations [68]. In the published investigation [73],
both token and entity level performance were evaluated, with precision, recall, and
F1-measure for exact and partial boundary matches, calculated with MUC-5 (Message
Understanding Conference) [78] metrics.

Model Fine-Tuning. The fine-tuning of the base models BERT and ELECTRA were
implemented with the HuggingFace framework [79]. Mid-training evaluations enabled
early stopping during the fine-tuning of the language models. The metric evaluation
loss was chosen, and the fine-tuning process compared the evaluation loss between mid-
training evaluations. If at those points, the difference between the calculated values
was lower than 0.01, then the fine-tuning was stopped and the model saved. Otherwise
training would continue until this case occurred.

Model Evaluation. The evaluation of the labeled test set was performed on two
levels, token and entity level, for two categorical analyses, main and sub-categorical

2https://huggingface.co/google-bert/bert-base-multilingual-cased
3https://huggingface.co/classla/bcms-bertic

https://huggingface.co/google-bert/bert-base-multilingual-cased
https://huggingface.co/classla/bcms-bertic
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analyses of non-lexical content (NLC). Due to the whitespace tokenization and BIO-
labeling of the text spans in the dataset, both categories were utilized for a detailed
error analysis on token and entity level. The entity level would either correspond to
partial or exact matches. The implementation was supported by a Python library that
implemented the well-established MUC-5 metrics [78]. The subsequently performed
error analysis was manually performed in analyzing all false positive and false negative
annotations.

4.1.3 Results and Discussion

On subcategorical entity level, the language specific ELECTRA model outperformed
the BERT-based model with an F1-measure of 0.928 for partial matches, and 0.914 for
exact matches, in comparison to BERT partial matches with an F1-measure of 0.901,
and exact matches of 0.886. Slight improvements for the main categorical level across
both language models could be found, with an F1-measure in the range of 0.914 to
0.930, although these still follow the above mentioned trends. Results on token level,
along with confusion matices, were published in the corresponding paper [73].

Table 4.2: Performance metrics for BERT and ELECTRA models on entity level.
©2023 IEEE. Reproduced from Kugic et al. [73] with permission from publisher IEEE.

Model Category Mode Precision Recall F1-measure

BERT Main-NLC exact 0.921 0.921 0.915
BERT Main-NLC partial 0.935 0.936 0.930
BERT Sub-NLC exact 0.891 0.895 0.886
BERT Sub-NLC partial 0.906 0.910 0.901
ELECTRA Main-NLC exact 0.934 0.925 0.925
ELECTRA Main-NLC partial 0.946 0.938 0.938
ELECTRA Sub-NLC exact 0.913 0.923 0.914
ELECTRA Sub-NLC partial 0.927 0.938 0.928

The aim to detect NLEs in a data-driven manner was shown through this experi-
ment to be possible. The prerequisites of obtaining a sufficiently large labeled dataset
sometimes require too many annotation hours for this approach to be viable in clini-
cal practice. Other solutions, such as mining for similar contextual expressions from
existent datasets, as well as introducing methods that would continuously integrate an-
notations by human annotators, would in turn decrease the work load for annotators.
The latter approach would focus more on contextually similar text spans, rather than
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annotating entire text segments with commonly known expressions. Distinguishing be-
tween lexical and non-lexical entities usually depends on context. Possible reasons for
the slight performance boost with the ELECTRA model compared to the BERT model
could be related to the language specificity and/or on architecture of the ELECTRA
model. As the ELECTRA model was only pre-trained on Bosnian, Croatian, Serbian,
and Montenegrin texts, and used an architecture that could have enabled the model
to better detect NLE token variants.

4.2 Detection of NLEs with Large Language Models

4.2.1 Background and Significance

As a continuation of the previous experiment in section 4.1, the same task was at-
tempted to be performed with LLMs. The idea was to see if the contextual under-
standing of the LLM suffices, to recognize and annotate given text spans into the
four subcategories correctly, as well as to investigate how fine-tuning would impact
performance.

LLMs with their ability to contextually understand a prompt and synthesize an answer
to the given task and/or question requires a lot of training data. Additionally, a lot
of NLP components for LLMs need to work together seamlessly to generate relevant
responses with regard to the initial starting prompt. The LLMs available for use, such
as LLMs by the company OpenAI, have fine-tuned their models for certain general
tasks. Other tasks, not fine-tuned for specific use cases, might perform poorly with only
the innate ability of the language model to contextually understand and semantically
disambiguate a prompt.

Hu et al. [80] analyzed the application of two GPT models (GPT-3.5 and GPT-4)
for extraction of problems, treatments, tests from clinical notes. The identification of
vaccine adverse events with diverse prompt engineering methods was assessed to gauge
the usability and effectiveness of these LLMs for clinical NER. Depending on the type
of information detected and extracted from clinical narratives, and prompt engineer-
ing, a range of F1-measures between 0.301 to 0.861 were recorded. The comparison of
GPT models to clinical pre-trained language models fell closely short of the BioClinical-
BERT [61] baseline, which still outperformed the LLMs, though as a very small amount
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of training samples was needed to gain high performance results, this seemed accessible
for future applications. Another investigation towards entity recognition was performed
by Keloth et al. [81] on biomedical datasets, where similarly to all LLM-based tasks,
instead of implementing a sequence labeling task, similar to previous investigation in
section 4.1, a generative implementation with LLMs was pursued. Baselines consisting
of PubMedBERT [82], GPT-3.5, GPT-4, and PMC-LLamMA [83] were compared to
Llama-1-7b and Llama-2-7b models. The best performances were recorded for diverse
datasets, for the fine-tuned BioNER-Llama-2-7b and BioNER-Llama-1-7b model, as
well as for the fine-tuned approach via PubMedBERT. The results achieve high F1-
measures of 0.880 for strict matches for a biomedical disease corpus, and chemical and
gene-based datasets had similar high performances. The baselines show furthermore
that non-fine-tuned models perform poorly for a generative entity recognition task.

4.2.2 Materials and Methods

Prompting. Annotation of datasets, generation and labeling of NLEs require a lot
of human annotation effort, and while LLMs might not be able to replace annotators,
these systems and models might be able to support them in such tasks. To understand
LLM base performances, the models were tested in a zero-shot manner, i.e., no examples
were supplied during the application of the LLMs through prompting.

Choice of LLMs. Foundation models4 consist of two groups: (i) closed source LLMs,
where only the finalized model is made available, and (ii) open source LLMs, where
the generation of the model and reuse can be fully traced. Examples of closed source
models are OpenAI models, which are named GPT models, e.g., GPT-3.5, GPT-4, etc.,
and open source models allow for the LLM to be accessed and analyzed from a source
code perspective. Examples for open source models would be the different variations of
Llama models, e.g., Llama-2-7b-chat. The curated large language models from different
sources need to aggregate large amounts of data and fine-tune the model to reach the
required size and parameters to qualify to be a LLM. For this experiment, we chose
the popular and best performing type of models, which were the GPT models by the
company OpenAI, according to various reports [86, 87]. Due to cost considerations in

4According to Wornow et al. [84] and Bommasani et al. [85], foundation models in NLP are “ma-
chine learning models capable of performing many different tasks after being trained on large, typically
unlabeled datasets”. A typical example for a foundation model is a LLM.
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fine-tuning the model with the indicated amount of data, the GPT-3.5-turbo model
was applied.

Fine-Tuning LLMs. In the fine-tuning step of the LLMs, the same type of prompt
was applied, however, fine-tuning in this LLM context means the following: The same
annotated corpus of Croatian health forum entries from section 4.1 was reused for this
experiment, i.e., the dataset split into training, validation, and test sets stayed the
same. A subset of the training set was processed for generating a fine-tuned model,
which meant prompting with the description of the set task, the data (sentences to be
processed) from the training set, as well as adding the expected correct answer with
regard to the given prompt. The size of the chosen subsets of the training datasets
were chosen based on practical reasons, i.e., evaluation time of annotator and cost
considerations, as well as to see how many sentences would be needed to reach the
same performance or improved performance in comparison to the previous experiment
described in section 4.1 with BERT and ELECTRA models.

Step 1: Aggregation and Transformation of Dataset

The sentences in the BIO-labeling format, reused as gold standard annotation, needed
to be transformed into a JSON (JavaScript Object Notation) formatted document.
Each JSON query contained, extracted from the training set, the prompt with the
included sentence (without labels), and in another field, the expected correct answer
with the labels in the correct format, but without included line breaks, as this would
have made the formatting incorrect and obsolete. As mentioned above, two subsets
of the training set were created, one set contained 100 sentences, while the second set
consisted of 1,000 sentences.

Step 2: Creation of Fine-tuned Models

For the fine-tuning step, the dashboard from OpenAI, i.e., the online graphic user inter-
face, was used. The base model (the fine-tuned LLM) was selected from a dropdown.
Specifically, GPT-3.5-turbo was selected as base model for both fine-tuning processes.
Then, the training data could be uploaded or selected, if it was already uploaded to
the dashboard. Validation data could also be selected, supplied and uploaded, or no
validation could be chosen. If no validation set is supplied, as was the case in the fine-
tuning of these two models, the model fine-tuning was adjusted based on the supplied
training, i.e., fine-tuning, dataset. Naming and seed controls were available, and while
naming suffixes were added, no seed controls were entered for fine-tuning. Default val-
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ues for hyperparameters (batch size, learning rate multiplier, number of epochs) were
used.

With the entered datasets and settings, the model fine-tuning process applied the
training datasets, and calculated, based on internally generated splits of the training
set as validation set, the amount of needed epochs and batch sizes. The smaller training
set of 100 sentences contained 98,283 tokens, had a batch size of 1, and trained for 3
epochs. The larger dataset of 1,000 sentences, consisted of 957,021 tokens, had a batch
size of 2, and trained for 3 epochs. Figure 4.1 and Figure 4.2 show the training loss
calculated during the fine-tuning of the models.

Figure 4.1: Training loss calculated during the fine-tuning of the foundation LLM
GPT-3.5-turbo with 100 sentences.

Figure 4.2: Training loss calculated during the fine-tuning of the foundation LLM
GPT-3.5-turbo with 1,000 sentences.

The fine-tuned models were saved to the users’ profile and made available to be used
with the application programming interface (API) key for users that had the corre-
sponding model name.
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Step 3: Application of the Fine-Tuned LLMs

The prompting for testing with the fine-tuned models was done via the API. The test
set of the previous experiment was applied, just with two different fine-tuned LLMs
that had two different sized datasets for fine-tuning. For an additional baseline, as
well as to gauge how accurate the recognition of the LLM with only the given prompt
and dataset, the GPT-3.5-turbo model was used without fine-tuning. The prompt
consisted of a detailed description of the text spans to be annotated, with further output
instructions for the LLM. The latter consisted of limitations in explanations, formatting
requirements, and data transformation limitations. This approach relied on the LLMs
innate contextual understanding to fulfill the set task and accomplish the detection of
NLEs with the LLM model, simply through prompting the model, i.e., working under
the assumption that the model understood the concepts of abbreviations, acronyms,
lexical variations, brand names, and proper names, as well as parsing the contextual
information present to detect NLEs.

4.2.3 Results and Discussion

For each experiment in Table 4.3, the experiment name, if fine-tuning was performed,
the count of sentences for fine-tuning from the training set, and performance metrics,
precision, recall, and F1-measure were supplied. The results shown in Table 4.3 indicate
that by only applying the LLM without fine-tuning, in a zero-shot scenario, an F1-
measure of 0.48 underperformed quite extensively in comparison to the baseline results
with the BERT and ELECTRA models, reaching 0.88 and 0.91 respectively. Through
use of fine-tuning and supplying 100 sentences to the LLM, the results improved by a
large margin to 0.82 in F1-measure. By using less than a third of the sentences from
the training set as fine-tuning set for the last experiment with 1,000 sentences in total,
the F1-measure almost doubled in comparison to the non-fine-tuning approach, and
achieved a value of 0.90 in F1-measure.

In comparison to the baseline models, this performance outperformed the baseline
BERT results, but underperformed just slightly for F1-measure and outperforms in
precision, when analyzing the baseline ELECTRA results. The baseline ELECTRA
model as a language specific model that includes only four Slavic languages still per-
formed comparably well in comparison to a multilingual LLM with a lot more examples
to learn from in training. Based on the amount of sentences required to train or fine-
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Table 4.3: Performance metrics for BERT and ELECTRA models, in comparison to
prompting for NLEs with foundation, as well as fine-tuned, models, on entity level.
Reproduced from Kugic et al. [74] with permission from publisher Institut za hrvatski
jezik (Institute for the Croatian Language).
Experiment Fine-tuning Count Sent. Precision Recall F1-measure

Baseline BERT yes 3,663 0.89 0.89 0.88
Baseline ELECTRA yes 3,663 0.91 0.92 0.91
Prompting GPT-3.5 no 0 0.78 0.48 0.48
Prompting FT GPT-3.5 yes 100 0.88 0.78 0.82
Prompting FT GPT-3.5 yes 1,000 0.94 0.87 0.90

tune each model, the assumption would be that comparable results with LLMs in
comparison to the traditional NER approach could be achieved by only requiring less
than a third of the dataset from language models.



Chapter 5

Expansion of Lexicons with
Non-Lexical Entities

A lexicon, dictionary or terminology all represent rich language resources for any lan-
guage processing task. No lexicons are complete and should always be in constant revi-
sion, as languages constantly change, evolve and new words, also known as neologisms,
are created, or languages adapt in social and cultural situations that can influence
lexicon creation and expansion [88]. In the medical field, similar changes occur with
reference to domain dictionaries and/or other medical terminologies, e.g., SNOMED
CT. Additionally, clinical terms and phrases can be adapted to local language variations
and common abbreviations, such as using acronyms for hospital providers, e.g., “BHB”
(“Barmherzige Brüder Krankenhaus” (name of a convent hospital in Graz, Austria)).

Two investigations for the expansion of lexicons were performed. First, an embeddings-
based representation of clinical diagnoses formulated as problem list entries were
searched via a k-nearest neighbor search to identify synonyms, hyponyms, and hy-
pernyms, with reference to the seed term for possible term candidates to expand the
German domain dictionary on diagnoses terms [89, 90]. The aim was to first create
an embedding space with millions of existent n-gram variations of disease terms in our
dataset, with a language model that applied the BERT technology to align semanti-
cally similar terms. Then, the embedding space was indexed to make it searchable,
and finally a nearest neighbor search was performed to find semantically similar terms.
The term candidates were evaluated by a domain expert. Secondly, and as a follow
up, LLMs were prompted to explore the possibility of a hierarchical directed search

39
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for term candidates, i.e., to determine new term candidates for addition to the domain
dictionary based on a class, such as synonyms, in combination with specific seed terms
supplied to the LLM, via a prompt [91].

5.1 Co-occurrence Analysis and Embedding Spaces

5.1.1 Background and Significance

Vector representations of texts help identify similar contexts in other texts through
various mathematical functions. Language models assist in this process by gener-
ating vector representations of texts, i.e., embeddings, and processing them to find
semantically similar terms within the embedding space. The goal was to combine a
co-occurrence analysis to identify statistically similar terms according to their p-values,
and use those as input for the embeddings-based approach. These two mentioned ap-
proaches, co-occurrence analysis and embeddings, were often used separately, but in
this investigation were combined for representative results.

Co-occurrence analyses were applied on lexicons and corpora to find statistical signifi-
cant term candidates. Yalçin [92] used this method to determine the scope of terms and
phrases applied in context of gambling for a certain age group. Statistical significant
terms enabled a semantic analysis of the corpus. Other investigations combined the use
of co-occurrence analyses with tensor learning for the identification of time-sensitive
markers to determine the onset of symptoms through clinical narratives [93]. Even
gene-disease associations could be identified with this approach in biomedical texts
by Watford et al. [94].

Embeddings are the state-of-the-art approach to find semantically similar terms to
create an embedding representation of a specific dataset, which contains contextualized
and non-contextualized terms. This representation schema would then be harvested
to find semantically similar, e.g., synonymous term candidates, with reference to the
seed term. Fan et al. [95] applied this method to find term candidates for dietary
supplements in word embeddings, trained on a corpus of clinical notes. Wang et al.
[96] utilized this approach for a comparative analysis of word embeddings across four
domains that comprised of news, biomedical corpora, Wikipedia, and clinical notes. Gu
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et al. [97] investigated the possibility to create embeddings from online health forum
entries to extract synonymous terms based on the semantic distance in the vector space.

In 2022, Kreuzthaler et al. [98] aimed to extract synonyms, hypernyms, and hyponyms
via a co-occurrence analysis, and showed the usability of the method with one ICD-10
code, I25.3, which corresponds to “Herz-(Wand-)Aneurysma” (myocardial aneurysma).
Combining this method in a two-step process with an embeddings approach, the results
were a statistically motivated extraction of term candidates for each ICD-10 code for
a 1–5-gram distribution.

5.1.2 Materials and Methods

Dataset. The source dataset consisted of de-identified diagnosis-centered problem list
entries written by clinicians in the course of diagnosis documentation at discharge. In
Austria, clinicians are required to enter the ICD-10 codes for the reimbursement of
healthcare services, financial management and resource planning. At KAGes (“Steier-
märkische Krankenanstaltengesellschaft”), an Austrian Hospital Network, this is sup-
ported by a disease encoding tool, which accepts a query and then displays ICD-10
codes with their official German descriptions. An additional free text field is editable.
This option is widely used to document as much information as possible (including
therapies and data), which often results in an extreme reduction in text, the abbrevia-
tion of technical terms, and the use of context-dependent descriptors. These entries are
then automatically copied into the first draft of a patient’s discharge summary. These
characteristics present in a large collection of approx. 1.9 million unique de-identified
problem list entries, and form a unique dataset for secondary uses, where each unique
entry is connected to a manual coding by clinicians.

Text Pre-processing. The raw text inputs correspond to the three described columns
from the dataset description. To be able to use this kind of textual data and transform
it into an embedding space, some pre-processing was needed. Existent research by Chai
[99] suggested that uniform pre-processing would improve and streamline results. The
type of pre-processing was informed based on the applied language model, and consisted
of replacing any characters not found in the regular expression [a-zA-ZćĆčČžŽšŠđÐ]

with whitespace characters, and collapsed consecutive whitespaces afterwards, so that
each token is separated by only one whitespace.
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Generation of Seed Terms via Co-occurrence Analysis. With the two value
pairs, the ICD code and the problem list entry, the creation of contingency tables
enabled finding statistically significant n-gram representations from the problem list
entries with reference to the ICD-10 code. With a p-value lower than 0.01 and 0.95
confidence intervals, n-grams qualified for seed term selection. Ranked by ascending
p-values, the top ranked n-grams were selected as seed terms.

Generation of Embedding Space. To create the embedding space, the SapBERT
(Self-Alignment Pretraining for Biomedical Entity Representations) language mod-
els [66, 100] were utilized. These types of language models aim to align synonymous
expressions during a pre-training phase, and had shown to be effective in comparison
to state-of-the-art methods in previously conducted work by the authors. For each
n-gram (0 < n < 6), an embedding space was created with Faiss [101] for indexing, and
this was performed with two different language models. A base cross-lingual language
model [100] and an updated language model, which consisted of the enriched base lan-
guage model via fine-tuning with synonym-pair lists connected to the ICD-10 codes.
Both language models were indexed, searched via an k-nearest neighbor search, and
compared with the same input seed terms. This meant that as part of this investigation
a total of 10 embedding spaces were created.

Search for Term Candidates. A k-nearest neighbor search was combined with
rules to find term candidates. Depending on the seed term, the casing information,
n-gram composition, and ICD-10 code, the found term candidates underwent further
filtering steps. Term candidate exclusion occurred based on ICD-10 codes, if the term
candidate was identical to the seed terms, and rule-based casing comparisons to exclude
uncertainty statements. Furthermore, the n-gram count of the seed term automatically
selected the same n-gram composition from the created ten embedding spaces.

Classification of Term Candidates. A domain expert analyzed the found term
candidates, and assigned classifications for type of content and a hierarchical classifica-
tion. For type of content, the idea was to investigate any preference of the embedding
space with the needed indexing to find lexical or non-lexical term candidates. The
lexical assignment was gauged on the basis of manual lexical lookup operations, and
how difficult the localization of a term candidate would be with reference to a medi-
cal domain dictionary. With this gauge as the focus, any term candidates with short
forms, misspellings, or mixed languages found in the term candidates, with reference to
the German medical domain, received the classification “non-lexical ”. For hierarchical
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classification, seven main categories with reference to the ICD-10 code in question were
assigned for each found term candidate. The seven classes were synonym, synonym with
extension, hyponym, hyponym with extension, hypernym, hypernym with extension, and
incorrect. Referencing the ICD-10 code, the extension of a term candidate refers to
additional information being provided beyond the ICD-10 code, although still being
part of the given ICD code. The class “incorrect” pertains to term candidates that do
not match the ICD-10 code for which the term candidates were extracted for.

Evaluation. The classification of the domain expert forms the basis for the evaluation.
The metric precision at k and mean average precision at k (MAP@k) were selected
as evaluation metrics on class level. The reduction of hierarchical classifications to
three main classes, hypernyms, hyponyms, and synonyms, allowed for more accurate
information retrieval assessment, i.e., classifications with extensions were in that case
then collapsed to their main class. For example, hypernym with extension was for an
overall assessment joined to belong to the hypernym classification.

5.1.3 Results and Discussion

In Table 5.1, the MAP@k performance results for each term were reported. When
combining all main classes (synonyms, hyponyms, hypernyms) to assess the overall in-
formation extraction performance, a drop in performance for MAP@k, k = 10 between
language models could be found, cf. the base language model reached 0.865, while
the updated language model performance dropped to 0.849. In contrast, the synonym
extraction performance increased with the fine-tuned updated language model in com-
parison to the base model, while hyponym and hypernym performance dropped slightly,
which was also mirrored by the semantic distances recorded for each term candidate
from the embedding space. Type of content analyses were performed with statisti-
cal significance testing with a chi-square test with the hypothesis that no difference
between lexical and non-lexical term candidates extracted from the embedding space
would be found. The chi-square test confirmed this assumption that no distinction
could be found between the seed terms and term candidate classifications for type of
content, i.e., lexicality. Even though these embedding spaces were built with language
models, the models might not represent the contextual information of non-lexical term
candidates perfectly, as seen from the performance results. Still, NLEs would not be
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at an disadvantage when being processed in this manner, and this further does not
influence the extraction of new term candidates in any way.

Table 5.1: Average precision at 𝑘 calculated per ICD code for each language model
per class (Syn, Hypo, Hyper) and across all classes (All). Additionally, mean average
precision at 𝑘 (MAP) is calculated across all ICD codes. Reproduced from Kugic et al.
[90] with permission from publisher Elsevier.

Average Precision @ 𝑘

Base LM Updated LM

ICD All Syn Hypo Hyper All Syn Hypo Hyper

I25.1 0.565 0.021 0.544 0.000 0.511 0.000 0.511 0.000
I25.3 1.000 0.000 1.000 0.000 1.000 0.293 0.707 0.000
I64 1.000 0.851 0.149 0.000 1.000 1.000 0.000 0.000
J44.1 0.683 0.092 0.000 0.591 0.836 0.509 0.000 0.327
J22 1.000 0.000 0.000 1.000 1.000 0.065 0.000 0.935
C34.0 1.000 0.439 0.561 0.000 1.000 0.531 0.469 0.000
F00.1 1.000 0.262 0.000 0.738 1.000 0.131 0.000 0.869
K59.0 1.000 0.044 0.956 0.000 1.000 0.086 0.914 0.000
E14.5 0.857 0.000 0.847 0.010 1.000 0.000 1.000 0.000
N19 0.545 0.545 0.000 0.000 0.291 0.291 0.000 0.000
C18.7 0.869 0.492 0.377 0.000 0.697 0.469 0.229 0.000

MAP 0.865 0.250 0.403 0.213 0.849 0.307 0.348 0.194

5.2 Co-occurrence Analysis and Large Language

Models

5.2.1 Background and Significance

A possible solution to keep clinical lexicons up-to-date would be, for instance, to find
statistically significant term candidates via a co-occurrence analysis, and extract syn-
onyms, hypernyms, and hyponyms, with the application of LLMs. As token n-grams in
medical and clinical lexicons can be particularly difficult to understand and contextu-
alize, to find semantically similar terms, the application of a foundation model could be
useful in this regard. In this follow-up investigation, a directed extraction of synonyms,
hypernyms, and hyponyms was implemented. The primary way to find semantically
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similar terms would be embeddings, as explained in section 5.1. A directed extraction
would have also been possible with embeddings; however, while German disease ter-
minology resources and catalogues exist, such as ICD-10, NLEs are predominantly not
represented as part of those resources. Specifically, a large portion of annotation hours
would have been needed to create a corpus of clinical terms annotated into various
classes, and then fine-tune the embedding spaces with this information to then in turn
search for semantically similar terms. Some related works without LLMs to perform
directed term extractions are the following ones: Koleck et al. [102] applied a tool
called NimbleMiner [103], a word2vec [104] implementation. This method was used to
develop a specialized vocabulary for symptom mentions from the supplied EHR notes
with the application of SNOMED CT and the UMLS Metathesaurus “synonyms” cat-
egory. The symptom detection performance ranged from 0.80 to 0.96 for five different
SNOMED CT symptom concepts, and detected also term candidates with misspellings,
abbreviations, unique token n-gram combinations. Zhang et al. [105] combined struc-
ture embeddings from a graph convolutional network and semantic embeddings from
a pre-trained language model to extract Chinese synonymous and hyponymous terms.
This combined model achieved 0.84 for Hits@5, a metric that describes the percentage
of the best ranked text spans according to the terminology base for term candidate re-
trieval [106, 107]. A similar application of graph convolutional networks and recurrent
neural networks to augment existent ontologies were performed by Nath et al. [108],
and a comparison with vectors from pre-trained language models.

5.2.2 Materials and Methods

Dataset, Pre-processing, and Co-occurrence Analysis. The same dataset was
used as in section 5.1.2. The pre-processing followed the same guidelines, and the gen-
eration of seed terms with the co-occurrence analysis was performed as described. The
count of seed terms per ICD code was set to five, instead of ten, to reduce annotation
hours.

Prompt Engineering. To extract term candidates with LLMs, a prompt was for-
mulated, so that five semantically similar terms were generated by the LLM. With the
OpenAI API, the GPT-4 model was used for term candidate generation. The system
requirements and prompts were formulated in German. The system requirements ex-
plained that the model should act as a expansion tool for medical terminologies to find
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relevant terms, cf. in German: “Dieses System soll für die Erweiterung von medizinis-
cher Terminologien relevante Terme ausfindig machen.” The English prompt transla-
tion corresponds to: “This system should find relevant terms for the expansion of med-
ical terminologies.” The prompt design consisted of instructions for term generations
with output requirements performed in a two step process. First, a generation of five
possible clinical term candidates with reference to a class, such as hyponyms, synonyms,
and hypernyms, was queried for. Output guidelines made sure to mitigate explanations,
and identical term candidates in comparison to the seed term. The latter case often was
found during initial test runs of the method. For example, one of the prompts used in
German to generate synonymous terms for the multi-term expression acute exacerba-
tion of a chronic obstructive lung disease: “Generiere 5 mögliche synoynme Ausdrücke
des folgenden klinischen Ausdrucks: Akute Exazerbation einer COLD. Die synonymen
Ausdrücke sollen ohne weitere Erklärungen aufgelistet werden und mit einem Semikolon
getrennt werden. Es soll keine numerische Aufzählung der Terme ausgegeben werden.
Der angegebene klinische Ausdruck soll nicht als Output ident ausgegeben werden.” The
English prompt translation corresponds to: “Generate 5 possible synonymous expres-
sions for the following clinical term: Acute exacerbation of COLD. The synonymous
expressions should be listed without further explanation and separated by a semicolon.
No numerical enumeration of the terms should be output. The specified clinical seed
term should not be output as term candidate.” In a second step, the terms were queried
for relevance with reference to the seed term, and prompted to be ordered according to
their relevance and probability of correctness, i.e., most likely and probable term can-
didates, with lesser likely candidates below. Previous work by Lin et al. [109] showed
that GPT models can output confidence percentages, i.e., uncertainty, with reference
to the generated output by the model, which are in a way probability estimations by
the model for the self generated answers. To accomplish this, the term candidates were
supplied to the LLM based on the first prompt, and detailed instructions for output
of the data were given to make sure that an automated processing of terms could take
place, e.g., specific formatting and output of terms with the ranked numbers 1 through
5 given before each term. The same procedure was followed for each term candidate
and class. The system guidelines stayed the same as in the first step, and an example
prompt for the second step in German for the extraction of synonymous term candi-
dates of the same term candidate as above would be the following: “Folgende synonyme
Ausdrücke wurden für den klinischen Ausdruck “Akute Exazerbation einer COLD” ge-
funden, welche mit Strichpunkt getrennt angeführt werden: Akute Verschlechterung
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einer COPD; Akuter Schub einer chronisch obstruktiven Lungenerkrankung; Akutphase
einer chronisch obstruktiven Atemwegserkrankung; Akut aufgetretene Verschlimmerung
einer chronischen Bronchitis; Akuter Anfall einer obstruktiven Atemwegserkrankung.
Erstelle ein Ranking nach absteigender Wahrscheinlichkeit, welches gefundenen Aus-
drücke, die am wahrscheinlichsten ein Synonym zum klinischen Ausdruck “Akute Ex-
azerbation einer COLD” darstellen, eine sehr hohe Platzierung (bspw. Platz 1) bekom-
men. Alle anderen Terme sollen mit abnehmender Wahrscheinlichkeit folgen, bis zur
5. Platzierung. Keine Veränderung von Termen oder neues Hinzufügen von Termen
ist gestattet. Keine Erklärungen oder weitere Beschreibungen sollen außer dem Rank-
ing ausgegeben werden. Die Ausgabe soll pro Zeile aus der numerischen Platzierung,
und dem klinischen Ausdruck bestehen in diesem Format: Platzierung. Ausdruck ” The
English prompt translation corresponds to: “The following synonymous terms were
found for the clinical term “acute exacerbation of COLD”, which are listed separately
with a semicolon: Acute exacerbation of COPD; Acute episode of chronic obstructive
pulmonary disease; Acute phase of chronic obstructive airway disease; Acute exacerba-
tion of chronic bronchitis; Acute attack of obstructive airway disease. Create a ranking
according to descending probability, which found terms are most likely a synonym for
the clinical term “acute exacerbation of COLD”, and should be given a very high ranking
(e.g. 1st place). All other terms should follow with decreasing probability, up to the
5th place. No changes to terms or new additions of terms are permitted. No explana-
tions or further descriptions should be output apart from the ranking. The output per
line should consist of the numerical ranking and the clinical expression in this format:
Ranking. Expression”

Evaluation. Annotation of the terms was performed by a domain expert. Each
term candidate was analyzed with reference to the seed term, to determine the correct
extraction of term candidates per class, i.e., synonyms, hypernyms, hyponyms. Based
on the additional ranking information extrapolated from the LLM output, two metrics
were used for the quantification of the results: accuracy and mean average precision
(MAP)@k, for k= 1 and 5. For the accuracy performance, a 95% confidence interval
was calculated and reported in conjunction with the average accuracy.
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5.2.3 Results and Discussion

The performance results for the LLM term candidate generation task for each class
under investigation can be found in Table 5.2. The performance values indicated that
the LLM GPT-4 could extract term candidates with reference to a clinical seed term,
where particularly hypernyms performed the best with an accuracy of 0.776, and a
MAP@5 of 0.801. With reference to the confidence intervals, statistical significance was
found in term class comparisons, which means hypernyms performed the best, followed
by synonyms with 0.604 in accuracy, and then hyponyms with 0.428. The LLM-based
re-ranking performed similarly well, as can be seen from the MAP@k reported results
that also follow the indicated performance trend for each class.

Table 5.2: Performance metrics for each class (synonym, hypernym, hyponym) under
investigation with accuracy, reported with a 95% confidence interval, and mean average
precision MAP@k, for k = 1 and 5. Reproduced from Kugic et al. [91] with permission
from publisher IOS Press.

Class Accuracy [95% CI] MAP@1 MAP@5

Synonym 0.604 [0.540 - 0.665] 0.680 0.723
Hypernym 0.776 [0.719 - 0.826] 0.780 0.801
Hyponym 0.428 [0.366 - 0.492] 0.500 0.507



Chapter 6

Disambiguation of Non-Lexical
Entities

Acronyms have a particular characteristic that more or less are shared across all NLEs,
in which their ambiguity is interlocked with the context this subtype of NLEs appear
in. Additionally, the way acronyms are formed in clinical narratives, the letters the
acronyms are comprised of, appear in the same sequence with letters appearing between
them, when comparing the short form with the long form. Another characteristic of
acronyms, or abbreviations, is their length, and the interchangeability of long forms and
short forms, i.e., the shorter the acronyms, the harder the disambiguation of acronyms.
All those characteristics are partly the reason why the following two investigations were
focused on acronyms, in conjunction with short form sense inventories that are either
curated for the German and Portuguese language or reused for the English language,
all based on clinical narrative datasets.

This section focused on two investigations for acronym disambiguation. First [110],
through text mining web results from online searches in a data-driven, rule-based,
and heuristic approach, long forms for short forms were found, and compared to the
use of the LLM GPT-3.5. Second [111], as a follow-up to the first investigation, the
LLM method was further analyzed with other LLMs. Variables, such as language and
context length, were varied to understand the capabilities of LLMs more clearly.

49
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6.1 Text Mining for Acronym Disambiguation

6.1.1 Background and Significance

In 2020, a systematic review on social media datasets [112] showed how symptom in-
formation could be extracted and processed with text mining approaches. It explained
the use of text mining, i.e., rule and pattern-based statical analyses of text, and natural
language processing, i.e., use of content, context and phrasing patterns, to find match-
ing results. Furthermore, the review grouped clinical content categories analyzed in the
articles, and their symptom concepts that had been investigated in the sources. These
non-standard variations of clinical terms, such as “brain fog” instead of “cognitive dys-
function”, were partly reasons, why manual extraction of symptom information would
be preferable over automated processes, as such NLEs were not mapped or found
in clinical concept lexicons or dictionaries. Menaha and Jayanthi [113] conducted a
survey of text mining methods to find acronym-expansion pairs across text and web
documents to disambiguate mentions. The summarized methods applied for this NLP
task were heuristic approaches, ML methods, such as SVM, Hidden Markov models,
and Conditional Random Fields (CRF). Link et al. [114] explored a semi-supervised
method named CASEml, which incorporated context information for binary acronym
disambiguation in clinical narratives. An accuracy range of 0.70 to 0.95 was achieved
for three two-character acronyms. Further related works for short form processing are
summarized in the performed scoping systematic review on short forms [48].

6.1.2 Materials and Methods

Data. From the specialties, dermatology, cardiology, and oncology, a random selection
of de-identified German clinical narratives was made. Based on those clinical narratives,
a small collection of acronyms with their syntactic context were extracted to form the
basis of this investigation. With a rule-based method, which found acronyms of two to
seven letters in length, with at least two letters in uppercase, without the exclusion of
digits as part of the acronym, 143 text spans were extracted. 43 text spans and were
used for training and establishing the methodology, while 100 text spans were applied
for testing. Additional metadata information in the form of specialty information was
saved for each text span.
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Web Mining. With the aim to disambiguate acronyms through web mining, a corpus
of texts from the web needed to be curated. Through an API to the search engine
BING, a query with the acronym and the context was performed. The results pages,
as generally expected for search engines, consisted of headlines followed by short texts
that summarize the contents of each linked website. All these texts were collected based
on the search API parameters, with German as the target language and a limitation to
a maximum of 50 hits per query. To enhance and enlarge the text corpus being created,
as well as avoid duplicate entries, an offset of 50 was introduced, for additional search
results. The obtained web text corpus was created for each search, more accurately
for each acronym, with each result page then being downloaded and cleaned. The
cleaning and normalization of the text corpus aimed to establish a normalized text
base, from which possible acronym resolution candidates could be mined. First, the
whole text corpus was tokenized, and tokens containing non-Latin letters were flagged
as not viable options for term candidate selection. Second, the n-gram frequency was
computed. The n-grams ordered by decreasing frequency, allowed for the processing of
the most often appearing n-grams in the dataset, and any n-gram that appeared more
than twice, was flagged as a viable candidate for a long form, and an acronym candidate
score was calculated for each long form. This automatically curated term candidate
lexicon for each acronym in the training set was then evaluated manually by a domain
expert. Depending on certain characteristics of long forms, a plausibility score would be
automatically calculated and assigned to each long form, based on varying factors that
influence the correctness of terms. The maximum plausibility score for a long form was
1. Those factors were implemented as features for each term candidate. The importance
of each feature was determined by the domain expert, and the features consisted of
compression, term candidate length imbalance comparison to the assigned short form,
Levenshtein edit distance, casing, stop word occurrence, and placement of neighboring
tokens. The main driving factor here was to increase precision and accuracy through
the introduced features and the interconnected plausibility score. These features were
implemented, detected, and calculated with rules, regular expressions, and supported
functions from Python libraries.

Conversational Agent. The disambiguation of acronyms with a conversational
agent, the LLM “GPT-3.5-turbo”, was accomplished by prompting for the resolution
with the acronym and its context. The API from OpenAI was applied, and the query
sent to the LLM was posed as a question, followed by general system information
and output requirements. System information comprised of additional information
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for the model, i.e., the main objective of this model should be to disambiguate clinical
acronyms, and act as an acronym disambiguation tool. Output requirements instructed
the model to output the long form version of the acronym in a JSON format. Both
short form and long form versions of the queried acronym were required to be in the
answer, so that a systematic extraction of results was possible. For example, one of the
clinical narrative text spans corresponded to “negativ HNAP frei pupillen rund mittel-
weit” (negative HNAP free pupils round medium-wide). With the prompt for GPT-3 in
German, the aim was to disambiguate the acronym HNAP, i.e., “Was bedeutet “HNAP”
im klinischen Kontext “negativ HNAP frei pupillen rund mittelweit”? Die Expansion
des gesuchten Akronyms soll als JSON Format zurückgeliefert werden, und soll nur
aus dem Akronym und der Expansion bestehen. Eine Erklärung des klinischen Textes
ist nicht notwendig.” The English prompt translation corresponds to: “What does
“HNAP” mean in the clinical context “negative HNAP free pupil round medium-wide”?
The expansion of the searched acronym should be returned as JSON format and should
only consist of the acronym and the expansion. An explanation of the clinical text is
not needed.”

Pre-processing. During the establishment of the text mining approach, false infor-
mation related to the search often appeared due to the context around the acronym in
the query. The search consisted of the context and additional metadata information
concatenated with whitespace characters, during the web mining of the acronym. As
part of the search for web content, the context often consisted of digits, lab results or
additional information, in which the context was, as expected, filled with jargon-based
expressions, lists of numeric or tabular information as part of the narratives, and other
clinical concepts as short forms. Especially digits and symbols hindered the accuracy
for the type of information that should be found with the given search for web mining.
Based on that observation, the digits and symbols were replaced by whitespace char-
acters, followed by normalizing the distances between the tokens. In an effort to make
both approaches, i.e., web mining and conversational agent approach, comparable, the
same pre-processing of the context was also applied for the LLM API query.

Term Candidates. The validity of each term candidate was determined by the do-
main expert. To allow some flexibility, non-standard spelling variations of clinical
terms or long forms were permitted, such as “oe” instead of “ö”, or “c” instead of “k”,
etc. Non-German words as part of the term candidate were allowed as well, such as
Latin or English. The translations of the acronym long form in other languages, how-
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ever, needed to follow the acronym sequence to be flagged as viable term candidate.
Letters similar to acronyms, such as roman numerals as part of n-gram resolutions,
were never expanded.

Evaluation. For evaluation, both approaches selected either the highest ranked long
form candidate for a given acronym or the generated long-form version from the LLM,
i.e., only one long form per method and acronym were evaluated. The domain expert
analyzed the test set, and annotated all resolutions with reference to their context with
“correct” or “incorrect”. Precision, recall, and F1-measure were used as metrics for the
evaluation of the results. Statistical significance was calculated with the Chi-square
hypothesis tests to assess, if a difference between the methods could be found.

6.1.3 Results and Discussion

Text mining with the search engine BING reached 0.488 in F1-measure. The intro-
duction of a threshold with reference to the calculated plausibility score allowed an
increase in precision to 0.75, while the F1-measure worsened as a result to 0.179. The
conversational agent, the LLM, reached 0.679 in F1-measure, and outperformed all
other methods in this comparison with statistical significance.

Table 6.1: Performance metrics for acronym-expansion via BING and ChatGPT. Re-
produced from Kugic et al. [110] with permission from publisher IOS Press.

Experiment Precision Recall F1-score

BING: no threshold 0.535 0.449 0.488
BING: threshold >0.1 0.530 0.440 0.481
BING: threshold >0.5 0.750 0.101 0.179
ChatGPT – GPT-3.5-turbo 0.740 0.627 0.679

Both methods showcased only acceptable results. The main issue with the resolution
of clinical acronyms seemed to be related to the non-domain relevant results found
during the building of the corpora. Most resolutions ended up not medically relevant,
and adjusting for these instances with search filters or relevant search terms, such as
“clinical ” or “medical ”, did not statistically influence the results. Some of the same
issues were also found for the LLM-based approach. Referring back to the example
prompt with the acronym HNAP from the methods section, the model output con-
sisted of four possibilities for the resolution of the acronym, and not one of them was
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correct, i.e., “Hepatitis A/B/C Negativ, HIV Anitkörper Negativ, Antiphospholipid-
Antikörper Negativ, Paraneoplastische Syndrome Negativ ” (Hepatitis A/B/C negative,
HIV antibody negative, antiphospholipid antibody negative, paraneoplastic syndromes
negative). The correct resolution would have been “Hirnnervenaustrittspunkte” (cra-
nial nerve exit points). From this small scale experiment, the assumption would be
that the LLM is the better alternative for acronym disambiguation in comparison to a
web mining approach.

6.2 Large Language Models for Acronym Disam-

biguation

As a continuation of the previous work on web mining and the comparative analysis
to LLMs [110], acronym disambiguation was explored not only with a larger dataset,
but in different languages, with a variety of LLMs, and prompt adjustments [111].

6.2.1 Background and Significance

From the introduction of LLMs to consumers in 2021, cf. ChatGPT, research explored
various ways to apply this methodology to medical research questions, and to see its
impact and usability for its application in medicine. Since then, other LLMs have been
made available, and the researchers’ appointed task would be to test their veracity
and applicability for specific research questions. A view on a particular LLM interface,
ChatGPT, by Liu et al. [115] summarized potential applications of LLMs in the medical
field, such as clinical decision support, question-answering for medical queries, writing
and analyses of medical documentation to support clinicians in their day-to-day tasks.
Future research directions by the authors indicated real-time monitoring, personalized
medical treatments, as well as remote health care or home monitoring, and possible
integrations to support interoperability between health systems.

At the time of the investigation, LLMs had not been explored at length for acronym
disambiguation tasks. From the related works, only one investigation had applied LLMs
for acronym disambiguation for clinical narratives from the English CASI dataset,
described in more detail in section 2.1.3. In particular, the investigation by Agrawal
et al. [47] denoted as clinical sense disambiguation applied three datasets in English
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with prompting for the resolutions with InstructGPT [116] on the basis of the GPT-3
model. The combination of a zero-shot approach (no examples given as part of the
prompt design), with embeddings made it possible to expand the given acronyms in
clinical narratives with an accuracy of 0.86. Additionally, Liu et al. [117] explored
LLMs for the disambiguation of acronyms. Even though the prompt for the resolution
of the acronym was performed in a zero-shot, one-shot and three-shot shot manner,
the prompt did include a list of possible answers, which would be best comparable to a
multiple choice question and answer task to choose the correct sense. This method was
tested on 1-5 notes for each of the 41 abbreviations with the LLMs, GPT-3.5 and GPT-
4. Open source LLMs, such as Mixtral and a BERT-based model, BioBERT [31], were
applied for the same tasks. In a zero-shot approach, the LLM GPT-4 outperformed
the other LLMs, and achieved a macro F1-measure of 0.95 for 1 note, and 0.74 for 5
notes. Further related works for short form processing are summarized in the performed
systematic scoping review on short forms [48].

6.2.2 Materials and Methods

Dataset. Three languages were used for the selection of datasets: English, German,
and Portuguese. The choice of languages and datasets were selected on the basis of
the domain experts’ fluency in those languages. Two extracts of the CASI dataset
were used for English, and three datasets were curated for Portuguese and German
from manually de-identified clinical narratives. In particular, SemClinBr [51] for the
Portuguese dataset, and German clinical narratives from cardiology, oncology and der-
matology departments at KAGes, a hospital network provider in Austria were used.
Patient identifiers seldom occurred within the clinical narrative text spans. In the
manual review for de-identification, personal patient identifiers were replaced by tags,
as the same de-identification process was implemented with the CASI dataset. The
naming conventions for the datasets inform about the language and dataset size, i.e.,
“17k” and “500”, each refer to distinct text span counts, and “3A” refers to a dataset,
which only consists of three distinct acronyms. The curation process consisted of a
rule-based extraction of acronyms and their context from clinical narratives, where the
mean text span length was set to 100, while the text span length for the CASI datasets
was not shortened and processed in full. For additional context information, metadata
were extracted for each text span, and depending on the dataset, the type of metadata
information changed due to inaccessibility of the same context information per dataset
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and text span. The metadata information comprised of: section header information for
the CASI datasets, specialty allocation, such as cardiology, for the German datasets,
and annotated signs, symptoms, and disorders from the Portuguese dataset.

Pre-processing. It was assumed that a decreasing performance of the LLM could
be attributed, in the previous investigation [110], to the extensive pre-processing that
took place to make the previous methods comparable to text mining. To mitigate any
dampening effects from our experimental setup, no pre-processing of the clinical texts
took place in these experiments.

Prompt Engineering. The language of the prompts was selected based on the source
dataset languages, i.e., the instructions given to solve the disambiguation task were
formulated for German clinical narratives, in German, and the same procedure was
followed for Portuguese and English. The prompt itself consisted of the task that
needed to be solved, e.g., resolution of the specific acronym according to the given
context, and output requirements, e.g., no further explanations, output formatting
requirements, e.g., “short form, long form”, etc. The specific wording of the prompts
can be viewed in the published manuscript [111]. Four LLMs were tested for acronym
disambiguation: GPT-3.5, GPT-4, Llama-2-7b-chat, Llama-2-70b-chat.

Evaluation. A domain expert evaluated all resolutions with reference to the context,
and annotated each resolution with “correct/incorrect”. These manual evaluations by
the domain expert were especially needed as no gold standard for the datasets was
available, apart from the CASI dataset. The metric accuracy and a 95% confidence
interval were calculated to compare the various datasets and prompt combinations, i.e.,
inclusion or exclusion of metadata, and the application of different language models,
e.g., Llama-2-7b-chat. These evaluation measures were indicators for statistical signif-
icance, i.e., if an overlap of confidence intervals between methods was recorded, then
the comparison between methods would not be statistically significant. An additional
automated evaluation of more than 17,000 acronym resolutions was performed with the
GPT-3.5 model with a separate matching algorithm, consisting of regular expression,
string similarity, and mapping tables to compare resolutions from the LLM with the
long form from the sense inventory. To explain, a larger subset of more than 17,000
text spans and their short forms from the CASI dataset were prompted with the same
method to establish a more nuanced baseline performance comparison that was not lim-
ited by the three-acronym dataset selection. The automated evaluation post-processed
the resolutions with rule-based normalization techniques, and compared resolutions to
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manually created mapping tables, to see if the gold standard resolution recorded as
part of the CASI dataset matched the LLM resolution. To ascertain the correctness
of the automated matching, 500 annotations were additionally manually checked, and
any inconsistencies computed as error rate.

6.2.3 Results and Discussion

The performance metrics for the disambiguation of acronyms can be seen in Table 6.2
and Table 6.3. For the English 17k dataset, the GPT-3.5 model obtained an accuracy
of 0.91, with a calculated error rate of 0.014. For the other datasets overall, the English
3A dataset achieved an accuracy of 0.98 with the GPT-4 model, which was better in
comparison to the GPT-3.5 or the Llama models, with statistical significance based on
the confidence intervals.

Table 6.2: Overall accuracy scores for prompting GPT-3.5 and GPT-4 models per
dataset (with 0.95 confidence intervals) with two different prompt combinations (PCs),
i.e. prompt, context and metadata (MD) variations. Reproduced from Kugic et al.
[111] with permission from publisher Oxford University Press.

Datasets PC (i) PC (ii) PC (i) PC (ii)
GPT-3.5 GPT-3.5 GPT-4 GPT-4
+ context + context + MD + context + context + MD

English 3A 0.85 [0.82, 0.89] 0.88 [0.84, 0.91] 0.97 [0.95, 0.98] 0.98 [0.97, 0.99]
German 3A 0.41 [0.36, 0.45] 0.37 [0.33, 0.42] 0.65 [0.61, 0.69] 0.59 [0.54, 0.63]
German 100 0.74 [0.64, 0.82] 0.72 [0.62, 0.81] 0.86 [0.78, 0.92] 0.85 [0.76, 0.91]
Portuguese 500 0.74 [0.70, 0.78] 0.76 [0.72, 0.80] 0.88 [0.85, 0.91] 0.89 [0.86, 0.91]

Table 6.3: Overall accuracy scores for prompting Llama-2-7b-chat and Llama-2-70b-
chat models per dataset (with 0.95 confidence intervals) with two different prompt
combinations (PCs), i.e., prompt, context and metadata (MD) variations. Reproduced
from Kugic et al. [111] with permission from publisher Oxford University Press.

Datasets PC (i) PC (ii) PC (i) PC (ii)
Llama-2-7b-chat Llama-2-7b-chat Llama-2-70b-chat Llama-2-70b-chat
+ context + context + MD + context + context + MD

English 3A 0.73 [0.69, 0.77] 0.72 [0.68, 0.76] 0.69 [0.65, 0.73] 0.70 [0.66, 0.74]
German 3A 0.02 [0.01, 0.03] 0.04 [0.03, 0.06] 0.08 [0.06, 0.11] 0.10 [0.08, 0.13]
German 100 0.34 [0.25, 0.44] 0.34 [0.25, 0.44] 0.41 [0.31, 0.51] 0.45 [0.35, 0.55]
Portuguese 500 0.16 [0.13, 0.19] 0.15 [0.12, 0.18] 0.28 [0.24, 0.32] 0.29 [0.25, 0.33]
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Llama models only reached suitable results for English 3A with an accuracy of 0.73,
while German and Portuguese datasets would not be able to be used in this constella-
tion in clinical practice, even on premise. Especially in the case of Llama models for
German and Portuguese, the prompt and output requirements were not followed, and
responses were filled with hallucinations and incorrect predictions, such as generating
non-existent words for the resolution of acronyms. Examples included “Microsoft Con-
tin”, “Automatische Puff-Leitung”, “Herz-Tasternalis”, or “Tibutation”. The addition
of metadata as part of the prompts did not produce statistically significant results
based on the confidence intervals, i.e., it had no effect.



Chapter 7

Lifestyle-related Risk Factors and
Non-Lexical Entities

Both smoking behavior and alcohol consumption belong to two topics, which are
lifestyle-related risk factors for patients health, and these also belong to the more gen-
eral topic of Social Determinants of Health (SDOH). According to the World Health
Organization, SDOH are “non-medical factors that influence health outcomes [...] the
conditions in which people are born, grow, work, live, and age, and the wider set of
forces and systems shaping the conditions of daily life” [118, 119]. Lybarger et al.
[120] analyzed the applicability of NLP to extract SDOH from clinical narratives to
augment EHR datasets with structured variables from diversely documented text rep-
resentations. Their method was based on a multi-label BERT transformer model that
identified relevant text spans, and labeled these according to five event types, i.e., al-
cohol, drug, tobacco, employment, and living situation. The SDOH method achieved
an F1-measure of 0.86, and was able to augment EHRs with missing structured SDOH
variables. In 2023, Lybarger et al. [121] reported on the outcomes of the 2022 shared
task on extracting SDOH from clinical narratives organized by the George Mason
University and the University of Washington. The organizers supplied training and
test sets for participating teams to compare information extraction, generalizability,
and learning transfer for SDOH events, e.g., alcohol, drug, tobacco, employment, etc.
Pre-trained language models were utilized by the best performing teams, whereas a
sequence-to-sequence approach reached first place across all sub-tasks. Specifically for
information extraction, 0.90 in F1-measure constituted as the best performance result
across all teams.

59
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A systematic review by Patra et al. [122] summarized the application of NLP for the
extraction of SDOH, in which both alcohol and smoking status were well represented.
The review showed that ML methods can be successfully applied for SDOH informa-
tion retrieval. Furthermore, clinical documentation of SDOH often relied on rule-based
or semi-automated systems for lexicon creation because of varied documentation prac-
tices or noisy datasets [122], which might be an indicator for the presence of NLEs.
Particularly, processing clinical narratives without specialized handling of NLEs (for
identification, expansion, and disambiguation) was of interest, to investigate ML models
ability to contextually learn and understand documentation practices in a data-driven
way. For example, the term “C4 Abusus” (alcohol abuse) in German clinical narratives
can hinder interpretation and extraction of information, if the referenced text span is
not found in lexicons.

In two investigations as part of this dissertation, text classification of smoking and
alcohol status [123, 124] was performed. Various text classification methods to train
ML models were implemented. Multi-class classification schemata were created in both
instances through a bottom-up analysis of clinical narratives to establish a terminology
schema for each risk factor independently with reference to SNOMED CT.
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7.1 Alcohol Status Classification

7.1.1 Background and Significance

Alcohol consumption is problematic due to its impact on health. Immediate and long-
term side effects cause many diseases and deteriorate the prognosis of existing illnesses,
which is why alcohol consumption is both seen as a primary and secondary risk factor.
The differentiation between types of alcohol consumption status is needed for a nuanced
interpretation of patients as SDOH play a role in treatment [118].

The following investigations should give an overview of alcohol status classification:
Alzoubi et al. [125] implemented a system for text classification with a bag-of-words and
keyword search to identify sentences relevant for alcohol consumption, while accounting
for negation and temporal contexts. The implementation was modeled as a multi-class
classification problem on document level, i.e., the classes “Non-drinker”, “Past drinker”,
“Current drinker”, and “Unknown”, were used as classifications by the annotators for
5,000 MIMIC-III discharge summaries [126]. Based on a 5-fold cross-validation, SVM
and logistic regression were the best classifiers for alcohol consumption and reached
F1-measures between 0.88 to 0.99 between the four classes. Similarly, Lix et al. [127]
applied SVM for text classification into three categories: “Current drinker”, “Current
non-drinker”, and “Unknown”. With a 10-fold cross-validation, the model created from
a gold standard of 2,000 EHRs reached an F1-measure of 0.89 for current drinkers
of alcohol and 0.98 for the unknown category. Topaz et al. [128] used the MIMIC-
II dataset [129] and the NimbleMiner [103] system to classify alcohol and substance
abuse on a curated gold standard dataset of 1,610 discharge summaries. This system
achieved an average F1-measure of 0.84 for both categories, and outperformed the
Convolutional Neural Network (CNN) [130, 131] and cTAKES [22] baselines with 0.81
and 0.83, respectively.

7.1.2 Materials and Methods

Data. Using RegEx (regular expressions1), 100 characters to the left and right of the
signal word were extracted from clinical narratives from the three clinical specialties
cardiology, dermatology, and oncology. In total, a 200-character text span length was

1full regular expression published in the corresponding publication [123]
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extracted with the signal word occurring in the middle, i.e., a total of 1,429 text spans
constituted the whole dataset. To de-identify clinical narratives, identifiers were re-
placed with realistic substitutes. To create a gold standard, a bottom-up annotation
schema was created by the annotators to assign one of the following six classes to
each span: “Current drinker of alcohol”, “Current non-drinker of alcohol”, “Ex-problem
drinker”, “Disorder caused by alcohol”, “Problem drinker”, “Alcohol consumption un-
known”. The classification were derived from SNOMED CT, and the counts per class
can be found in Table 7.1. The 200-character text spans were classified into one of
the six classes without additional context information. The alcohol consumption doc-
umentation varied in the dataset, e.g., the signal expression in text spans consisted of
consumed drinks per day, alcohol abstinence documented with temporal values, or even
disorders related to alcohol consumption. Examples for the class “Disorder caused by
alcohol” were expressions related to “Alkoholdemenz” (alcohol dementia), “Alkohold-
elir” (alcohol delirium), “Alkoholabusus” (alcohol abuse), and “Leberzirrhose” (liver
cirrhosis). One annotator annotated the whole dataset, while the second annotator re-
annotated 20% of the dataset to ascertain data quality. The annotators demonstrated
strong agreement with an inter-rater agreement (Cohen’s kappa 𝜅) of 0.9.

Table 7.1: SNOMED CT value sets and class distributions. Reproduced from Kugic
et al. [123] with permission from publisher IEEE.

Class SCTID Fully Specified Name Counts

0 219006 Current drinker of alcohol 197
1 105542008 Current non-drinker of alcohol 259
2 286857004 Ex-problem drinker 100
3 719848005 Disorder caused by alcohol 249
4 228281002 Problem drinker 374
5 160580001 Alcohol consumption unknown 250

Pre-processing. Due to the application of an uncased language model, the input text
was normalized. As part of this normalization, any uppercase letters were converted
to lowercase, symbols were converted to whitespace characters, consecutive whitespace
characters were collapsed, with the aim to only have alphanumeric characters, includ-
ing diacritics, in the text span. For the text span length variation aspect of this study
to investigate how much length would be needed to correctly classify the alcohol con-
sumption status, the length of the span was always shortened from both sides, and then
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padded with whitespace characters. Each variation of text span length for fine-tuning
the language model had the same character length.

Model Fine-Tuning. The uncased German BERT language model2 was applied.
The dataset was split into 80 – 10 – 10 (training – validation – test set) partitions.
Early stopping was implemented to stop the fine-tuning process, as soon as no further
information could be learned from the given dataset. In this instance, this was defined
as conducting mid-training evaluations, and if three evaluations in succession did not
decrease the evaluation loss by at least 0.01, training was concluded and the trained
model was saved for application and testing. For a baseline comparison, the German
fastText [132] model 3 was applied.

7.1.3 Results and Discussion

The baseline fastText model reached a macro F1-measure of 0.82. The BERT model
performed marginally better in comparison to the baseline, and achieved a macro F1-
measure of 0.85 for the maximum context length of 100, while the context length of 60
had a performance of 0.83. The performance metrics per class for the best performing
model can be found in Table 7.2.

Table 7.2: Performance Metrics per Class for the BERT model at context length of
100. ©2022 IEEE. Reproduced from Kugic et al. [123] with permission from publisher
IEEE.

Class Precision Recall F1-measure

0 0.93 0.68 0.79
1 0.83 0.94 0.88
2 0.92 0.92 0.92
3 1.00 0.78 0.88
4 0.81 0.84 0.82
5 0.78 0.86 0.82

macro avg 0.88 0.84 0.85

Pre-processing and contextualized expressions about alcohol consumption status could
have impacted the performance. Symbols and uppercase letters in certain instances

2https://huggingface.co/dbmdz/bert-base-german-uncased
3https://fasttext.cc/docs/en/crawl-vectors.html

https://huggingface.co/dbmdz/bert-base-german-uncased
https://fasttext.cc/docs/en/crawl-vectors.html
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are indicators in clinical narratives, e.g., symbols, such as a plus or minus symbol,
can symbolize the existence or absence of substances or the negation of a given state,
which would not have been contextually present in the text spans processed by the
language models. The limited sample size of 1,143 sentences could have impacted the
results. The application of a domain-specific language model might additionally offer
a performance boost.

7.2 Smoking Status Classification

7.2.1 Background and Significance

Tobacco smoking is the act of inhaling and exhaling the smoke of burning tobacco,
which contains numerous harmful chemicals, including nicotine, tar, and carbon monox-
ide. It is a leading health risk factor globally, significantly increasing the risk of various
diseases, especially cancers, cardiovascular and respiratory diseases. Smoking weak-
ens the immune system, harms nearly every organ, and shortens life expectancy. It
remains one of the most preventable causes of disease and death worldwide [133]. In
2022, smoking and tobacco consumption were included in social determinants of health
as a field related to chronic disease outcomes. The health problems associated with
smoking would need to be addressed in a population-wide manner to introduce pre-
ventive measures to decrease tobacco consumption. The World Health Organization
(WHO) published a European Health Report for 2021 that considered the introduc-
tion and increase of e-cigarettes challenging [134]. Although e-cigarettes may initially
appear less harmful than traditional cigarettes, their popularity has emerged among
younger generations, who often begin using them early and eventually transition to
regular tobacco and cigarettes [135]. The analysis of smoking status documentation
in EHRs had shown that in 80% of EHRs problems occurred (data inconsistencies,
missing data, outdated information, etc.) that led to underestimations for preventive
cancer screenings. Additionally, the possibility to automate this process through NLP
would largely positively impact classification and prediction tasks in the health care
sector [136]. Various research investigations with reference to extracting and classifying
EHR variables or clinical narratives with ML and/or deep learning approaches were
conducted. Yang et al. [137] employed rules to extract smoking-related data, such as
packs per day, from a small dataset of 200 clinical narratives. The rule-based system
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achieved a strict F1-measure of 0.94. Ruckdeschel et al. [138] aimed to select patients
from clinical narratives for lung cancer detection with low-dose computed tomography.
A deep learning sentence classification model via BlueBERT [139] for smoking sta-
tus classification was combined with rule-based chronological processing of sentences,
which favored the smoking status classification last stated in clinical narratives. The
F1-measure for correctly identifying patients for cancer screening was 0.88. Bae et al.
[140] implemented a keyword search and expansion with embeddings for bilingual clin-
ical narratives in English and Korean, compared to a SVM baseline. The embeddings
approach reached an F1-measure of 0.90, and compared to the baseline, it was an
improvement of 1.8%.

7.2.2 Materials and Methods

Data. To create a German corpus of smoking-related snippets from clinical narratives,
a rule-based expression was designed with the help of an ETL (Extract Transform Load)
expert to find the various documentation types for multi-class smoking status mentions.
In total, 7,242 unique de-identified snippets were extracted from the clinical narrative
corpora, and classified into six classes by a physician based on the context of the snip-
pet. These six classes, designed and created with reference to the ontology SNOMED
CT, comprised of “Ex-smoker”, “(Current) Smoker”, “Non-smoker”, “Never smoked to-
bacco”, “Current or past smoker”, and “Tobacco smoking consumption unknown”. The
class “Current or past smoker” was not represented in the reference ontology, which
meant assigning two SNOMED CT codes through post-coordination to represent that
value, i.e., the SNOMED CT code for the term “Smoker” and a temporal context value
were combined in this instance. Example text spans for a “Current or past smoker”
classification would be “[...] seit 5 Jahren Nikotin-Karenz, fragl. Compliance [...] ”
(nicotine-free for 5 years, questionable compliance), and “[...] Nikotinell Pflaster bei
Bedarf [...] ” (Nikotinell patches if required). In these and similar text spans, the an-
notators could not distinguish based on the clinical narrative whether the patient had
stopped smoking.

Pre-processing. Text spans were only adapted to remove line breaks, but were not
preprocessed in any other way. NLEs in any form, such as misspellings, mistyping, or
linguistic variations were not changed. Depending on the applied methods for com-
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Table 7.3: SNOMED CT value set and class distributions for smoking-related mentions.
Reproduced from Kugic et al. [124] with permission of publisher Springer Nature.

Class SCTID Preferred Term Counts

0 8517006 Ex-smoker 2,182
1 77176002 Smoker 4,255
2 8392000 Non-smoker 27
3 266919005 Never smoked tobacco 432
4 410511007; 77176002 Current or past smoker 85
5 266927001 Tobacco smoking consumption unknown 261

parison, different text representations were utilized, e.g., label encoders for LSTM and
CNN models.

Model Specifics. Four ML methods, SVM, CNN, LSTM, and BERT models, were
used to classify the smoking status: SVM as the classical ML method for the baseline
approach, and three different variations of deep learning, where the CNN and LSTM
approaches were compared with a transformer architecture via a pre-trained clinical
language model, medBERT.de [141]. For each method, a nested 10x5 cross-validation
approach was implemented with hyperparameter tuning and 10 different random state
variations. The metric accuracy ranked hyperparameters, and selected the best ones
for each method. The dataset was split into an 80% training set and 20% test set with
the train_test_split function from scikit-learn [142].

Evaluation. Due to the dataset imbalance across classes, the evaluation of each
method was reported with weighted average precision, recall, and F1-measure. Each
calculation of random states reported slightly different performance measures due to
the dataset split variations, which is why the mean, standard error, and confidence
intervals for those metrics were used.

7.2.3 Results and Discussion

In Table 7.4, the results for smoking status classification were listed. The best per-
formance was recorded by the BERT model-based approach with a mean F1-measure
of 0.97. Consecutively, CNN, SVM, and LSTM followed with 0.94, 0.89, and 0.85,
respectively. Trends for F1-measure were seen in recall and precision, as well. For
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hyperparameter tuning results and detailed error analyses, see Kugic et al. [124]. The
models demonstrated high performance on this specific dataset. However, further steps
are necessary to externally validate the trained models using a separate dataset from a
different clinic or specialty. This would allow for comparative results and help mitigate
selection bias, as the current dataset was limited to clinical narratives from only three
departments within a single hospital network.

Table 7.4: Mean performance metrics for SVM, CNN, LSTM, BERT models on the
test data reported with precision, recall and F1-measure. Reproduced from Kugic et al.
[124] with permission of publisher Springer Nature.

Classifier Metrics Mean ± SE 95% CI

SVM Precision 0.894± 0.002 [0.889− 0.900]
Recall 0.894± 0.003 [0.888− 0.900]
F1-measure 0.891± 0.003 [0.885− 0.897]

CNN Precision 0.951± 0.003 [0.944− 0.957]
Recall 0.940± 0.002 [0.934− 0.945]
F1-measure 0.942± 0.002 [0.937− 0.948]

LSTM Precision 0.866± 0.004 [0.856− 0.875]
Recall 0.845± 0.005 [0.834− 0.856]
F1-measure 0.850± 0.006 [0.838− 0.862]

BERT Precision 0.973± 0.002 [0.970− 0.976]
Recall 0.972± 0.002 [0.970− 0.975]
F1-measure 0.973± 0.002 [0.969− 0.976]



Chapter 8

Discussion

8.1 Scientific Knowledge Gain

Do specialized methods for NLEs (non-lexical entities) improve clinical text
processing?

All specialized approaches, which improve readability and reduce ambiguity of clinical
narratives, would prove beneficial in clinical natural language processing (NLP). The
reduction of ambiguity, improved text normalization, applicability and adaptability for
fine-tuning tasks with reference to the applied language model enhance the accuracy
of NLP systems. Additionally, clinical decision-making, cohort building, and clinical
routine tasks would benefit from these applications. For example, even clinicians strug-
gle to disambiguate jargon expressions and abbreviations in clinical narratives while
maintaining and reviewing patient records, and 71% of general practitioners reported
that ambiguous or unexplained abbreviations could not be disambiguated in-situ [143].
Applied machine learning (ML) methods in healthcare information systems would ide-
ally support clinicians, and benefit patients and clinicians alike, without negatively
impacting workload or hindering the workflow.

However, processing NLEs in clinical narratives introduces challenges that impact re-
source allocation and computational requirements. Methods implemented to process
NLEs can be broadly categorized into three groups: shallow approaches, deep learning
techniques, and methods based on large language models (LLMs). Each of these varies
in terms of complexity, accuracy, and computational workload, both during training

68
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and application. Modeling NLEs means balancing three key parameters: the quality
of annotated datasets, the approach to modeling and fine-tuning, and the hardware
resources needed to train and deploy models effectively. High-quality datasets, such as
gold standards, are essential but often scarce, influencing the performance of models.
Annotation of new datasets can be done, though the trade-off, in this case, lies within
manual annotations performed by domain experts, i.e., it requires expert resources. Ad-
ditionally, deep and LLM-based methods tend to demand substantial computational
resources, while shallow approaches can perform often exceptionally, but only through
time-intensive manual adaptions. Processing NLEs improves clinical text processing,
but the modeling approach should be tailored to the specific task for each implemen-
tation for efficient resource allocation. For the identification of NLEs, ML models did
reach state-of-the-art (SOTA) results with Croatian health forums with F1-measures
in the range of 0.91 to 0.93 [73]. Similar results were even recorded with the application
of LLMs for Named Entity Recognition (NER) [74]. For the expansion of lexicons with
NLEs, data-driven ML methods play an important role, especially when representa-
tions of text spans are not found within domain lexicons. For example, the expansion
of disease terminology with co-occurrence analysis and embedding spaces [90] showed
that extracting similar expressions in embeddings without labeled hierarchical classi-
fications, i.e., term classes, such as synonyms, hypernyms, and hyponyms, underper-
formed per term class. It was expected that the performance by class would not reach
SOTA results, i.e., the modeling of the research task did not aim to extract specific
term class classifications as no similar annotated dataset in German with term class
hierarchies was available. Consequently, if NLEs are not found in domain lexicons,
particularly due to the high term variability in health forums or clinical narratives,
the inclusion of NLEs as part of NER tasks can boost performance [73, 144]. The
investigation with embeddings [90] did however show that NLEs did not impact the
extraction and processing of term candidates in the embedding spaces in comparison to
lexical term candidates. For the disambiguation of NLEs, in particular acronyms, the
benefit of specialized NLE processing methods generally would improve the readability
and clarity of clinical narratives and reduce ambiguity [41]. A comparison between text
mining and LLMs [110] indicated that LLMs would outperform heuristic, rule-based
approaches. Additionally, NLEs can impact processing performance if specialized meth-
ods were not applied [123, 124], and pre-processing clinical narratives, e.g., to replace
NLEs with their lexical variants, could be one option to improve performance results.
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Do LLMs yield better results than traditional ML methods?

With the release of ChatGPT [70], many investigations covered the potential use of
LLMs, particularly regarding applications in healthcare and medical research. While
generative outputs of LLMs existed prior to GPT-3, the applicability and functionality
in processing the context of LLM prompts seemed revolutionary. Further iterations
of LLMs encompassed huge quantities of textual data, and harness that information
to answer and pass entrance exams, generate context-appropriate texts, summarize or
solve complex tasks [145]. The list of functions and qualities showcased many poten-
tial use cases and opportunities, though it is more and more obvious that LLMs alone
cannot realize those potential use cases. The possibilities for solving specific tasks in
healthcare are promising; however, the explainability of results remains problematic
due to the black-box design of LLMs. Partly responsible for this are hallucinations,
i.e., false, misleading, or nonsensical information generated by LLMs that appear plau-
sible but lack a factual basis [146]. Understanding hallucinations, i.e., differentiating
between facts and fabricated information, comprehending the reasoning behind gen-
erated outputs and decisions made, as well as replicating the same LLM functions on
premise, are needed to ensure patient safety and patient privacy. To guarantee patient
privacy, LLMs should run on local servers using open-source models, such as Llama-2,
to prevent patient data from being sent to the cloud [147]. These models must un-
dergo rigorous performance testing for clinical NLP tasks to reduce hallucinations and
minimize patient harm, therefore increasing patient safety. Additionally, bias in clini-
cal narratives and in LLMs can lead to inaccurate or unfair clinical recommendations,
especially for underrepresented populations. In 2024, a review by Yang et al. [148]
elaborated on the possible origins of bias in artificial intelligence models. The authors
summarized that at every stage of ML modeling, bias can occur, and various types of
bias exist, such as representation, aggregation, or measurement bias, which all cause
biased datasets and biased ML systems. Prior to debiasing methods, recognizing bias
in ML models is often the first step to be able to counter any ill effects for patients [149].

Overall, the performances of all implemented investigations as part of this dissertation
can be viewed in two ways, from the perspective of the cornerstones of NLE processing,
and from a more general view on deep and shallow learning strategies versus currently
popular generative strategies to perform NLP tasks. In all three cornerstones, identifi-
cation, expansion and disambiguation of NLEs, a comparison of SOTA approaches with
LLMs were implemented, although dataset restrictions did not always allow the use
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of the same datasets for LLM application to test both methodologies. With reference
to NLE processing, traditional methods consist of rules, regular expression, statistics
and data-driven methods. Generative modeling via LLMs hold great potential, but the
performance does not yet make the current SOTA methods obsolete, and LLMs often
underperform in comparison to SOTA methods. Examples include the comparative re-
sults for the identification of NLEs, where the LLM achieved comparable results to the
traditional baseline BERT method with only a third of the supplied training dataset
for fine-tuning [74]. This approach exemplified that even prompting in English with a
Croatian dataset performed poorly. Due to the complexity of the LLM prompt, and
input and output requirements, the use of fine-tuning was necessary to reach SOTA
results. Similarly, the application of LLMs achieved performance measures of 0.98 in
accuracy for the disambiguation of acronyms in English clinical narratives through
prompting [111]. With the application of the GPT-4 model, an accuracy range of 0.91
to 0.98 could be reached for the English dataset [111]. Traditional ML methods have
shown to be equally effective for the same task, cf. Hosseini et al. [45] reached 0.96
with dataset balancing techniques and a BiLSTM model. LLMs contextually generally
have a good understanding of prompts, and how to synthesize appropriate responses to
those prompts. Although, even LLMs as generalist models are fine-tuned to perform
well for selective tasks, such as coding or writing support, question answering, etc. [70]
The negative implications of LLMs are the unpredictable answers synthesized by the
models, which further propagates and strengthens the view of LLMs as black boxes.
Possible factors influencing results could be language dependent, tracing back to the
types of datasets and sizes used for training LLMs, and tokenization dependent, which
might mean that tokenization of LLM prompts needs to be adjusted depending on
domain and dataset requirements for better results [150].

Furthermore, in reviewing the traditional ML investigations for information retrieval
and text classification of lifestyle risk factors, data-driven methods perform exception-
ally well. A specialized BERT model reached 0.973 in F1-measure for smoking status
classification [124]. With the same method, applied to alcohol status classification,
with a different dataset and different language model, an F1-measure of 0.85 could
be reached [123]. For alcohol consumption status, a follow-up investigation might be
needed, to see whether the more specialized medBERT.de [141] language model, as
applied in smoking status classification, would boost performance. The alcohol status
text classification task furthermore was meant to investigate how much context from
clinical narratives would be needed for processing to reach ideal results. The best per-
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formance was allocated to the experiment with the most context length available. The
same conclusion could also be made with prompting LLMs for information retrieval
tasks, such as disambiguation of acronyms, where more context seemed to be one factor
that increased the likelihood towards better results.

Are there differences in performance when comparing languages?

To assure the performance of ML tasks, a language model matching the source text
language with reference to domain dictionaries would be needed [151]. For example,
processing general English text with a general ML model trained on general texts would
be a suitable match of language model, domain and source texts. The existence of an
overlap between the linguistic properties of a particular dataset and a language model
to be used in a data-driven manner would probably increase the performance of the
set research task. Depending on the type of data used to create the pre-trained lan-
guage model, domain adaptability might be impacted, as data creates the foundation
on which the model is based [13]. Due to privacy concerns and data accessibility, foun-
dation models are built with generalized sentences publicly available to the research
community [85], e.g., Wikipedia articles, PubMed abstracts, etc. The linguistic char-
acteristics of Wikipedia and PubMed texts often do not match the content found in
clinical narratives, and therefore might decrease performance results [4, 151], i.e., clin-
ical narratives often comprise no grammatical structure, short sentences, non-standard
content based on a multitude of medical domains, etc.

Since 2023, models have started to become available to the research community,
which are based on clinical narratives in German, e.g., medBERT.de [141] or Bio-
GottBERT [10]). These were built with transformer architectures [5], and have shown
consistent results in text classification tasks. Based on the performed investigation for
smoking status classification [124], a language model pre-trained on the same domain
as the source dataset, cf. medBERT.de [141], and further fine-tuned for a classification
task, outperforms CNN [130, 131], LSTM [18] and SVM [39] baselines. The model-
ing to solve smoking status classification was very specifically tailored to the problem
statement, and generalizability on a separate dataset in German was not tested. Doc-
umentation practices vary and the application of the same fine-tuned model across
other datasets in German would lead to a decrease in performance, if the model is not
updated with another more comprehensive dataset in the same manner.

Specifically for LLMs, performance seemed to decrease after changing dataset and
prompt language [111] from English to German and Portuguese in the acronym dis-
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ambiguation task. The application of GPT models showed a significant decrease in
accuracy based on the confidence intervals between languages. In small scale tests,
prompting for acronym resolutions with either German or English for the instructions
did not seem to make a significant impact. In the application of the Llama-2 models
with the same prompts, the results for English were significantly lower in comparison
to GPT results, but still applicable with an accuracy range of 0.70 to 0.73. Results
for languages other than English for Llama models were unusable ranging from 0.02 to
0.45 in performance.

8.2 Conclusion and Outlook

Non-lexical entities (NLEs) can cause miscommunication or misunderstandings that
can impact patient care. In particular, the way clinical texts are phrased and writ-
ten can introduce more ambiguity and uncertainty for the reader in cognitively un-
derstanding the information. The ambiguity of NLEs, particularly those with multiple
meanings, can hinder comprehension for clinicians, who rely on domain understanding,
and for laypeople, who may struggle with unfamiliar clinical language. With natural
language processing (NLP), clinical narratives can be analyzed and used as datasets to
perform various tasks through the application of machine learning (ML) approaches.
Due to the pervasiveness of NLEs, these challenging aspects can be seen as documen-
tation traits by clinicians, and while documentation provides added value in a clinical
setting, NLEs also are seen as a hindrance for processing clinical narratives effectively.
The reuse of electronic health records (EHRs) offers a high value to train accurate and
applicable ML models to solve clinical routine and biomedical research tasks. These
ML tasks span multiple disciplines and methodologies with the goal to extract, classify,
enrich, and/or summarize the datasets and information fed into these applications, e.g.,
for clinical decision support, cohort building, disambiguation of NLEs, etc.

The processing of NLEs was investigated, and for the three cornerstones in NLE pro-
cessing, identification of NLEs, expansion of lexicons, and disambiguation of NLEs,
research questions were formulated to understand the challenges and provide solutions.
The identification of NLEs with named entity recognition through sequence labeling
was performed, expansion of lexicons were achieved through embeddings-based rep-
resentations, and disambiguation was implemented through text mining. For each
cornerstone, additional experiments showcased the applicability of LLMs. One sub-
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type of NLEs, short forms, were investigated in more depth to assess the best NLP
processing methods for recognizing short forms, expanding short forms to their pos-
sible long forms, and correctly selecting or disambiguating the long form version of a
short form. Finally, information extraction tasks for lifestyle-related risk factors made
it possible to implement text classifications of clinical narratives with NLEs. These
implementations would be used in the context of cohort building, to find patients for
cancer screenings, or to populate structured fields in EHRs with relevant data when
such information is initially absent.

Future work will focus on refining identification, lexicon expansion, and disambigua-
tion of NLEs to further improve the accuracy of NLP applications in clinical contexts.
Leveraging LLMs for advanced text mining and embedding-based methods could en-
hance the ability to process and interpret ambiguous clinical narratives, particularly
in terminology expansion. Additionally, integrating domain-specific knowledge with
LLMs could optimize the interpretation of NLEs, enabling more precise and context-
aware applications in clinical decision support and information extraction.
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