Research Article

Automatic extraction of clinically relevant parameters for

tumor board decision support

Automatische Extraktion klinisch relevanter Parameter zur Unterstutzung

der Entscheidungsfindung im Tumorboard

Abstract

Introduction: Clinical decision-making relies on information documented
in unstructured reports, which are often non-standardized and difficult
to process efficiently. This challenge is particularly critical in multidisci-
plinary tumor board meetings, where decisions must be made under
time constraints and based on incomplete information. Automated in-
formation extraction (IE) as presented in ADBoard supports structuring
relevant clinical data for decision-making.

Methods: We developed and evaluated an IE pipeline for liver tumor
cases, focusing on hepatocellular carcinoma, cholangiocarcinoma, and
colorectal liver metastases. A dataset of 743 clinical documents from
134 patients was manually annotated to create ground truth labels for
clinically relevant parameters. The task was formulated as named entity
recognition (NER). We compared rule-based methods (regular expres-
sions), transformer-based models, and an exploratory large language
model (LLM) under realistic clinical constraints.

Results: Transformer-based models achieved the strongest overall
performance, particularly for frequent parameters. Regular expressions
performed competitively for well-defined patterns and proved robust in
low-resource settings. The LLM showed inconsistent performance and
did not outperform the other methods. Across all approaches, perfor-
mance was also affected by data imbalance and annotation variability.
Discussion: Our findings indicate that, under the evaluated realistic,
local deployment constraints, the exploratory LLaMA 3.1 8B setup did
not outperform task-specific transformer or rule-based approaches for
specialized clinical IE. Instead, a hybrid approach combining transformer-
based and rule-based methods might be most effective. Furthermore,
evaluation methodology substantially influences performance interpre-
tation, as strict span-based metrics can underestimate clinically relevant
results. These results highlight that improving annotation quality and
evaluation design is as important as advances in model architecture
for clinical IE.

Keywords: natural language processing, information extraction,
hepatocellular carcinoma, cholangiocarcinoma, colorectal liver
metastases, sequence evaluation, tumor board, clinical decision support

Zusammenfassung

Einleitung: Die klinische Entscheidungsfindung stitzt sich auf Informa-
tionen, die in unstrukturierten Patientenberichten dokumentiert sind,
die oft nicht standardisiert und nur schwer effizient zu verarbeiten sind.
Diese Herausforderung ist besonders kritisch bei multidisziplinaren
Tumorboard-Sitzungen, bei denen Entscheidungen unter Zeitdruck und
auf Grundlage unvollstandiger Informationen getroffen werden missen.
Die automatisierte Informationsextraktion (IE), wie sie in ADBoard vor-
gestellt wird, unterstltzt die Strukturierung relevanter klinischer Daten
fUr die Entscheidungsfindung.
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Methoden: Wir haben eine IE-Pipeline fur Lebertumorfalle entwickelt
und evaluiert, wobei der Schwerpunkt auf dem hepatozellularen Karzi-
nom, dem Cholangiokarzinom und kolorektalen Lebermetastasen lag.
Ein Datensatz mit 743 klinischen Dokumenten von 134 Patienten
wurde manuell annotiert, um Ground-Truth-Labels fur klinisch relevante
Parameter zu erstellen. Die Aufgabe wurde als Named-Entity-Recognition
(NER) formuliert. Wir verglichen regelbasierte Methoden (regulare Aus-
drlcke), Transformer-basierte Modelle und ein exploratives grofles
Sprachmodell (LLM) unter realistischen klinischen Rahmenbedingungen.
Ergebnisse: Transformer-basierte Modelle erzielten die beste Gesamt-
leistung, insbesondere bei haufig vorkommenden Parametern. Regulare
Ausdrucke schnitten bei klar definierten Mustern gut ab und erwiesen
sich in Umgang mit begrenzten Ressourcen als robust. Das LLM zeigte
eine uneinheitliche Leistung und konnte die anderen Methoden nicht
Ubertreffen. Bei allen Ansatzen wurde die Leistung zudem durch Daten-
ungleichgewichte und Schwankungen bei den Annotationen beeintrach-
tigt.

Diskussion: Unsere Ergebnisse deuten darauf hin, dass unter den un-
tersuchten realistischen, lokalen Einsatzbedingungen die explorative
LLaMA-3.1-8B-Konfiguration bei der spezialisierten klinischen IE keine
bessere Leistung erzielte als aufgabenspezifische Transformer- oder
regelbasierte Ansatze. Stattdessen konnte ein hybrider Ansatz, der
Transformer-basierte und regelbasierte Methoden kombiniert, am ef-
fektivsten sein. Daruber hinaus hat die Bewertungsmethodik einen er-
heblichen Einfluss auf die Interpretation der Leistung, da strenge, auf
Sequenzen basierende Metriken klinisch relevante Ergebnisse unterbe-
werten kdnnen. Diese Ergebnisse unterstreichen, dass die Verbesserung
der Annotationsqualitat und des Bewertungsdesigns fir die klinische
IE ebenso wichtig ist wie Fortschritte in der Modellarchitektur.

Schllsselworter: natlrliche Sprachverarbeitung, Informationsextraktion,
hepatozellulares Karzinom, Cholangiokarzinom, kolorektale
Lebermetastasen, Sequenzauswertung, Tumorboard, Unterstitzung
bei der klinischen Entscheidungsfindung

1 Introduction

Within the medical domain, patient information, such as
clinical condition, treatments, and medication, is often
documented in non-standardized, unstructured reports.
Although these reports contain essential information for
clinical decision-making, extracting relevant data remains
time-consuming and error-prone. This challenge is parti-
cularly critical in multidisciplinary tumor board meetings,
where treatment decisions must be made under time
constraints and often with incomplete information due
to administrative or procedural reasons. To support
physicians in this setting, we developed ADBoard, a clin-
ical decision support system for liver tumor treatment
recommendations [1]. The system targets hepatocellular
carcinoma, cholangiocarcinoma, and colorectal liver
metastases. It extracts clinically relevant parameters from
unstructured reports and transforms them into a struc-
tured and consolidated tumor board protocol, complemen-
ted by treatment recommendations. Some of these
parameters are tumor-specific findings (e.g., tumor size,
tumor count, and TNM staging) as well as clinically rele-
vant factors such as ascites, and vascular invasion, which
are routinely considered during tumor board decision-

making. The extracted information is presented in form
of a normalized, interpretable tumor board protocol to
support decision-making during tumor board discussions
[2].

In this work, we focus on the information extraction (IE)
component, which aims to derive structured information
from unstructured clinical text. As we extract predefined
clinical parameters, we formulate the task as named
entity recognition (NER), where entities of interest are
identified and extracted [3], [4]. We compare rule-based,
transformer-based, and an exploratory large language
model (LLM)-based approaches under realistic clinical
constraints. Our contributions are as follows:

1. acomparative evaluation of rule-based, transformer-
based, and LLM-based approaches for German clinical
IE;

2. ananalysis of the role of annotation quality in clinical
extraction tasks; and

3. a discussion of practical limitations of current ap-
proaches in real-world settings.
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2 Tumor board data

Data description

Treatment decisions for liver tumor patients are based
on a set of clinically relevant parameters, including tumor-
independent factors (e.g., cirrhosis) and tumor-specific
characteristics that vary across mentioned tumor types.
Identifying these parameters is essential for guideline-
compliant decision-making in tumor board settings. To
extract such information from unstructured clinical re-
ports, we iteratively defined a set of relevant parameters
motivated by the guideline program [5] together with
clinical experts. The parameters include numerical values
(e.g., tumor size, number of tumors), binary indicators
(e.g., presence of cirrhosis), and categorical or free-text
information (e.g., TNM staging). In total, 31 parameters,
represented in Table 1, were defined. Due to class imbal-
ance, varying clinical relevance, and limited representa-
tion, we mainly focus on a subset of 14 key parameters
(highlighted in Table 1) that are consistently relevant
across the three mentioned tumor types. These paramet-
ers were selected based on two criteria:

1. their relevance for treatment decisions according to
clinical guidelines and tumor board workflows, and

2. expertassessment by participating physicians regard-
ing their practical importance and informational value
in routine clinical decision-making.

Data generation

We constructed a pseudonymized German clinical data-
set, approved for scientific use by the relevant ethics
committee (EA4/169/22). Development started with
hepatocellular carcinoma due to higher data availability,
starting with an initial corpus of 144 unstructured clinical
documents, including discharge letters, radiology reports,
pathology reports, and surgical reports. For experiments,
we focused on radiology and pathology reports, as these
are available in the targeted real-time clinical decision
support setting. To enable training and evaluation of ex-
traction methods, the documents were manually anno-
tated to create a reference dataset, i.e. clinically relevant
parameters were explicitly marked in the text, defining
the expected correct information (“ground truth”). Annota-
tion was performed by a single annotator using INCEpTION
[6]. Hence, annotation omissions, boundary inconsisten-
cies, and differences in annotation interpretation may
have influenced both model training and evaluation. Due
to class imbalance, with some parameters occurring
fewer than five times, additional radiology reports were
incorporated iteratively as they became available and
were annotated using the same annotation scheme and
guidelines. The final dataset comprises 743 documents
from 134 patients (581 radiology, 162 pathology reports).
As some parameters were introduced at later stages,
previously annotated documents were not retrospectively
re-annotated for these parameters. Consequently, not all

documents contain annotations for all parameters, which
is considered in the error analysis.

3 Methodology

This section provides an overview of the experimental
setup and the evaluated IE approaches. After generating
the dataset and performing some preprocessing, we
compared three methodological paradigms for clinical
IE: regular expression (RegEx) patterns, transformer-based
sequence labelling models, and an exploratory prompt-
based large language model (LLM) baseline. All ap-
proaches are trained and evaluated using the same data
splits and evaluation framework, enabling a consistent
comparison of symbolic, statistical, and generative
methods for extracting clinical IE.

3.1 Preprocessing

To enable consistent processing and comparison across
different extraction methods, the dataset was prepro-
cessed prior to experimentation. Sentence segmentation
by INCEpTION was refined using RegEx postprocessing
to account for frequent clinical abbreviations (e.g., Pat.,
klin.), which can otherwise lead to incorrect sentence
boundaries. All annotations were converted into the BIO
tagging scheme to support token-level sequence labeling
and ensure comparability across approaches [4]. Finally,
the dataset was split at document level into training
(476 documents), development (119 documents), and
test (148 documents) sets. Rather than using a purely
proportional split, we aimed to ensure sufficient repres-
entation of relevant parameters in each subset. A patient-
level split was not applied because, given the limited co-
hort size and the low prevalence of several parameters,
this would have resulted in some extraction targets being
insufficiently represented or absent from individual sub-
sets, limiting their suitability for model development and
evaluation. Consequently, 59 of 134 patients (44.0%)
occur in more than one of the training, development, and
test subsets. This patient overlap may lead to optimistic
performance estimates and limits conclusions regarding
generalization to previously unseen patients. Despite ef-
forts to balance the parameters across the subsets, the
data remains naturally imbalanced, with some parameters
(e.g. portal hypertension) being underrepresented (see
Table 1).

3.2 Symbolic, statistical, and generative
IE approaches

Regular expressions

RegEx are a well-established method for IE [3]. Patterns
were iteratively developed exclusively on the training set
using domain knowledge from clinical experts and inspec-
tion of annotated data. To improve precision, document
structure was incorporated by restricting extraction to
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Table 1: Overview of the F1 score evaluation results for each parameter, based on the XLM-RoBERTa, RegEx and LLaMA
approaches.
The following are depicted: The support of the parameter within the test set (#), as well as the lenient (L), strict (S) and manual
(M) evaluation results. Grey highlighted rows mark the 14 parameters we focused on. Although no evaluation results were yet

available for Child-Pugh and LiMAX, these were included to provide a comprehensive overview of the parameters.

F1 scores
XLM-RoBERTa RegEx LLaMA
Parameters # L S M L S M L S M
Ascites 26 0.71 0.37 0.83 0.56 0.21 0.75 0.67 0.34 0.86
Benign lesion 2 0 0 - 0.09 0.06 - - -
Child-pugh - - - - - - - - - -
Cholestasis 9 0.50 0.50 - 0.12 0.04 - - - -
Cirrhosis 11 0.78 0.67 0.83 0.71 0.59 0.74 0.67 0.57 0.84
Collateral circulation 5 0.20 0 0.33 0.33 0.21 0.53 0.05 0 0.04
Clinical diagnosis 24 0.42 0.40 - 0 0 - - - -
Differentiation 10 0.67 0.67 - 0.46 0.26 - - - -
Distant metastasis 8 0.17 0.17 0.17 0.22 0.10 0.38 0.14 0.09 0.31
Hepatitis 3 0.16 0 - 0.41 0.29 - - - -
Imaging modality 105 0.92 0.91 - 0.13 0 - - - -
Limax - - - - - - - - - -
Lymph nodes 41 0.54 0.32 - 0.20 0.03 - - - -
Negation 43 0.19 0.16 - 0 0 - - - -
Organ measurement 33 0.78 0.47 - 0 0 - - - -
Origin specimen 56 0.63 0.58 - 0.13 0.03 - - - -
Pe 15 0.35 0.29 - 0.60 0.57 - - - -
Portal hypertension 2 0.67 0.67 0.67 0.80 0.80 0.80 0.17 0 0.50
Portal vein thrombosis 21 0.60 0.22 0.76 0.25 0.06 0.55 0.24 0.02 0.38
Resection 44 0.59 0.42 0.70 0.13 0 0.31 0.15 0.10 0.35
Scanned bodypart 92 0.92 0.92 - 0 0 - - - -
Staining 23 0.72 0.54 - 0.18 0.11 - - - -
Tumor count 14 0.64 0.64 0.64 0.14 0.14 0.17 0.04 0.04 0.18
Tumor description 87 0.42 0.16 - 0 0 - - - -
Tumorhood evidence 10 0.61 0.61 - 0.22 0.10 - - - -
Tumor location 89 0.46 0.37 0.55 0.41 0.27 0.47 0.23 0.17 0.54
Tnm 7 0.92 0.80 0.93 0.56 0.12 0.88 0.33 0 0.75
Tumor reference 61 0.53 0.52 - 0 0 - - - -
Tumor measurement 84 0.73 0.73 0.73 0.26 0.22 0.59 0.51 0.51 0.68
Tumor entity 9 0.16 0.13 - 0.11 0.10 - - - -
Vascular invasion 10 0.56 0.27 0.87 0.13 0.05 0.09 0.04 0.01 0.09

relevant sections (e.g., diagnosis, microscopy, macro-
scopy). In total, 38 patterns were defined. For negation
detection, used to determine the existence or non-exis-
tence of binary parameters such as ascites and vascular
invasion, we implemented pynegex (https://pypi.org/
project/pynegex/). Documents were processed at the
sentence level, matching each sentence against the
defined patterns.

Transformer models

Transformer-based models, particularly BERT variants,
are widely used for NER tasks and are often state-of-the-
art methods [7], [8], [9]. We evaluate three models:

1. google-bert/bert-base-german-cased [10] as a Ger-
man general-domain baseline,

2. GerMedBERT/medbert-512 [11] as a German domain-
specific medical BERT variant, and

3. FacebookAl/xIm-roberta-base [12] as a multilingual
transformer model supporting German,

hereafter referred to as BERT, MedBERT, and XLM-
RoBERTa, respectively. All models were trained on the
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training set and tuned on a development set using
AdamW optimization, cross-entropy loss, and early stop-
ping based on F1 score (patience of six epochs). Input
sequences were truncated or padded to the maximum
model length. Hyperparameter tuning considered learning
rates of 3e-5 and 5e-5, batch sizes of 16 and 32, and
maximum sequence lengths of 256 and 512 tokens. To
assess the impact of input granularity, experiments were
conducted at both sentence and document level. Sen-
tence-level processing treats each sentence indepen-
dently, whereas document-level processing uses entire
reports to capture broader contextual dependencies. The
best-performing configuration for each transformer
model was selected based on development-set perfor-
mance and subsequently evaluated on the test set.

Exploratory LLM baseline

Model selection was constrained by two requirements:

1. All processing had to be performed locally due to
sensitive patient data, and

2. models had to be deployable in real-world clinical
settings, limiting the use of large models.

We therefore evaluated LLaMA 3.1 8B (LLaMA) [13], a
lightweight open-source model suitable for local deploy-
ment. Documents were provided as full input to enable
the model to leverage document-level context. Prompts
were manually designed as German zero-shot prompts
for each extraction parameter. They instruct the model
to act as an experienced German physician reviewing
clinical reports in a tumor board context. For each para-
meter, a separate inference call was performed on the
full document, and the model was asked to extract the
relevant information and return only JSON output. Infer-
ence was performed locally with a temperature of O and
a maximum generation length of 512 tokens. Other de-
coding parameters were left at the backend defaults. For
example, for tumor size extraction, the model was instruct-
ed to return a list under the key TSIZE, with each entry
containing the extracted size including its unit and the
original sentence from which it was extracted. If no tumor
size was found, the model was instructed to return an
empty list. Generated outputs were subsequently parsed,
validated for the expected parameter format, and mapped
back to BIO spans for evaluation.

3.3 Evaluation metrics

Evaluation of NER in clinical text is challenging due to
inconsistencies, particularly in span boundaries (e.g.,
missing units such as mm or c¢m). To address this, we
employ three evaluation strategies: strict, lenient, and
manual, reporting performance using the F1 score, as it
provides a balanced measure of precision and recall,
both important in the clinical domain. The strict evaluation
requires exact matches between prediction and ground
truth and is highly sensitive to boundary deviations. In
contrast, lenient evaluation measures character-level

overlap using the Jaccard Index [14]. For the 14 key
parameters, we additionally conducted a manual evalu-
ation based on clinically validated reference values
provided by the participating physicians. Predictions were
primarily reviewed by the computer scientists and con-
sidered correct if the relevant clinical information
matched these reference values, irrespective of exact
span boundaries. Ambiguous cases were discussed with
the clinical experts, whose assessment was considered
decisive. These complementary evaluation strategies
account for annotation variability and provide a more
realistic assessment of IE performance in clinical settings.

4 Results discussion and error
analysis

4.1 Transformer model comparison

Figure 1 summarizes the test set performance of the
evaluated transformer models. MedBERT achieved the
highest aggregate F1 scores (51% at sentence level and
47% at document level). All models achieved comparable
performance, with the largest difference between Med-
BERT and XLM-RoBERTa at sentence level being 5 per-
centage points only. Across all transformer variants,
sentence-level IE slightly outperformed document-level
IE, suggesting that shorter and more focused contexts
may facilitate parameter extraction compared to longer
and potentially noisier reports. However, the results
should be interpreted considering the dataset character-
istics: Several parameters were underrepresented, mak-
ing performance estimates sensitive to individual predic-
tion errors and class imbalance.

4.2 Per parameter evaluation

The detailed per-parameter results are shown in Table 1
for XLM-RoBERTa, RegEx, and LLaMA. While Figure 1
shows that MedBERT achieves the strongest aggregate
transformer performance, the differences between the
transformer models are relatively small. XLM-RoBERTa
is used as the representative transformer model in Table
1 because detailed manually reviewed parameter-level
results were available for this model. Thus, Figure 1
provides the overall transformer comparison, whereas
Table 1 enables a detailed parameter-level comparison
with RegEx and LLaMA. The LLM evaluation is restricted
to the subset of 14 focused parameters.

Comparing evaluation methods

We observe substantial discrepancies between strict, le-
nient, and manual evaluation, indicating that the choice
of metric strongly affects performance interpretation. For
example, XLM-RoBERTa, RegEx, and LLaMA achieve F1
scores of 37%, 21%, and 34% under strict evaluation for
IE of ascites, compared to 71%, 56%, and 67% under le-
nient and 83%, 75%, and 86% under manual evaluation.
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F1-Score Results for Transformer Models
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Figure 1: The aggregated micro-F1 scores of BERT, XLM-RoBERTa and MedBERT on the test set are compared across sentence-
and document-level extraction using lenient evaluation.

Across the 14 parameters, differences of at least ten
percentage points between strict and manual evaluation
are observed for most parameters. Strict span-based
evaluation tends to underestimate clinically relevant
performance, while manual evaluation better reflects
practical utility. Lenient evaluation provides an interme-
diate perspective by partially rewarding overlapping spans
as they frequently lie between strict and manual results
and do not consistently approximate either. These results
highlight that evaluation protocols are a critical factor in
assessing clinical |IE systems. In settings with free-text
data and non-standardized annotations, strict span-based
metrics may not adequately reflect clinically meaningful
performance. This points to an open challenge in clinical
NLP: designing evaluation schemes that capture relevant
information beyond exact span boundaries.

Comparing F1 scores

Several parameters are underrepresented in the dataset,
making evaluation sensitive to individual prediction errors.
Based on manual evaluation, LLaMA performs slightly
better than XLM-RoBERTa and RegEx for only two para-
meters (ascites and cirrhosis), but the differences are
marginal (3 and 1 percentage points) and do not indicate
a meaningful advantage. Overall, XLM-RoBERTa achieves
the best performance across most parameters, outper-
forming RegEx on nine out of 14 key parameters. How-
ever, results vary considerably depending on data avail-
ability. For example, RegEx outperforms XLM-RoBERTa
for portal hypertension, but this parameter occurs only
twice, limiting the reliability of this observation. This
highlights the strong dependence of transformer-based
models on data quantity and quality. Frequently occurring
parameters are learned effectively, whereas rare para-

meters remain challenging. In our exploratory LLM setup,
zero-shot prompt-based IE did not outperform the trans-
former or rule-based approaches. Additionally, results
were sensitive to prompt formulation, limiting reproduc-
ibility, and the model’s opacity made error analysis and
controlled improvements difficult. These results should
be interpreted as evidence of limitations of the local de-
ployment scenario, rather than as a general conclusion
about the reliability of LLMs for clinical IE.

4.3 Error analysis

To better understand the limitations of the evaluated
approaches, we conducted a comprehensive error anal-
ysis during manual evaluation. The error categories
identified were found to be consistent across transformer-
based approaches and are therefore discussed at the
methodological level rather than for a single transformer
variant. The analysis has shown that model limitations,
parameter-specific errors, and annotation errors contri-
bute to incorrect predictions.

Model limitations

The approaches exhibit different limitations. RegEx per-
forms well for structured patterns but lacks contextual
understanding, resulting in false positives for ambiguous
terms (e.g., Flussigkeit (fluids) but not related to ascites).
Transformer models, in contrast, struggle with rare
parameters and complex clinical language, particularly
in cases requiring contextual interpretation such as nega-
tion or implicit references.
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Representative parameter-level errors

Certain parameters are particularly prone to errors. Tumor
size is often over-predicted, as models incorrectly label
related measurements (e.g., organ size or resection size)
as tumor size. Binary parameters like ascites and cirrhosis
are frequently affected by negation errors, leading to false
positives despite explicit negation. Distant metastasis
remains challenging due to ambiguous, context-depen-
dent expressions requiring additional contextual informa-
tion beyond annotated spans.

Annotation-related errors

Annotation quality may have influenced both model
training and evaluation. During manual inspection of
prediction errors, we observed cases in which model
outputs appeared clinically plausible despite the absence
of corresponding annotations. For example, the phrase
Keine freie Flissigkeit im kleinen Becken (No free fluid
in the pelvis) was predicted to be relevant to ascites, al-
though no corresponding annotation was present in the
reference dataset. This particularly affected parameters
introduced later in the annotation process, as earlier
documents had not been retrospectively re-annotated.
Consequently, missing annotations could not always be
distinguished from true negative labels during automated
training and evaluation. While such observations do not
allow conclusions about the overall annotation quality,
they suggest that annotation omissions may contribute
to some apparent false positives. We further observed
inconsistencies related to span boundaries and negation
handling. In some cases, negated expressions were an-
notated without including the negation cue itself, which
may lead to mismatches under strict span-level evalu-
ation. Consequently, part of the observed error rate may
reflect differences between model predictions and annota-
tion conventions rather than purely incorrect IE. All in all,
the observed errors likely reflect a combination of model
limitations, annotation related factors, data imbalance,
and the inherent complexity of clinical language.

5 Related work

Clinical IE has traditionally been addressed using rule-
based and machine learning based approaches. Earlier
studies show that rule-based systems dominated the field
[15], while more recent work highlights persistent chal-
lenges such as limited annotated data, restricted access
to clinical corpora, and difficulties in model sharing [16].
Even with domain-adapted models, improvements remain
moderate as there are reports of only around 6% improve-
ment for medical decision support tasks [8]. Afundament-
al limitation of many IE approaches is their focus on
sentence-level extraction, neglecting relations across
sentences and documents. However, clinical narratives
often distribute relevant information across multiple
sentences or reports, requiring contextual aggregation.

Prior work has addressed this using methods such as
reference resolution to link related mentions across text
[17]. This improves downstream extraction of tumor
characteristics but remains challenging and achieves
only moderate performance. Similarly, transformer-based
approaches using question-answering formulations have
been applied for IE [18]. They demonstrate strong per-
formance for explicit information (e.g., age, gender, histo-
logy), but limitations for more complex attributes such as
tumor location.

Recent work with LLMs investigates their ability to capture
contextual and temporal relations. While they perform
well on benchmark datasets [19], their effectiveness in
real-world clinical settings remains limited, particularly
for long and fragmented patient records. Therefore, LLMs
are being combined with Retrieval-Augmented Generation
(RAG) and structured representations [20]. For instance,
CliCARE transforms longitudinal electronic health records
into temporal knowledge graphs to model temporal de-
pendencies and align them with clinical guidelines, signi-
ficantly outperforming standard RAG approaches. How-
ever, RAG approaches remain limited in reliability with
reports that 17% of generated references are halluci-
nated, indicating that such systems are not yet sufficiently
robust for clinical deployment [21].

Allin all, prior work shows that clinical IE requires not only
accurate NER but also modeling of contextual and tem-
poral relations. Despite recent advances, these challenges
remain partially solved, particularly under realistic con-
straints such as limited data and domain-specific settings.
Our findings are consistent with this: in a German clinical
IE setting under realistic constraints, the LLM approach
does not outperform transformer or rule-based methods,
highlighting the need for more robust approaches to
clinical IE.

6 Limitations

This study has several limitations:

1. We had only one medical specialist as an annotator.
Therefore, no inter-annotator agreement could be
assessed. Annotation noise, missing labels, and
boundary inconsistencies may affect both model
training and evaluation and limit the reliability of
automatic metrics.

2. The dataset is relatively small and imbalanced, with
some parameters occurring rarely, restricting the
ability of data-driven models to generalize and making
performance comparisons for rare parameters less
reliable. Furthermore, the document-level splitting
strategy resulted in 59 of 134 patients occurring in
more than one subset, which may lead to optimistic
performance estimates and limits conclusions regard-
ing generalization to unseen patients.

3. The study is conducted on German clinical text, where
publicly available resources are limited due to data
protection constraints. Although this increases prac-
tical relevance, it reduces comparability with prior
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work, which is predominantly based on English data-
sets.

4. RegEx patterns and LLM prompts were manually de-
veloped and are therefore sensitive to design choices,
limiting reproducibility and generalizability to other
datasets and clinical settings.

5. Dueto resource constraints, detailed parameter-level
evaluation was conducted only for a subset of models
and parameters.

6. The requirement for local deployability in a realistic
setting constrained the evaluation to a single exem-
plary LLM-based approach. Therefore, the findings
cannot be generalized to LLMs in general, particularly
to larger models that could not be considered under
these requirements.

7. Finally, this work evaluates the IE component of AD-
Board retrospectively and does not include prospec-
tive validation within actual tumor board meetings.
Such workflow-level validation is outside the scope
of this present NER-focused work and is being investi-
gated separately.

7 Conclusion

In this work, we investigate IE for clinical decision support
as part of the ADBoard pipeline. Using a real-world data-
set, we compared rule-based, transformer-based, and an
exploratory LLM approach under real-world clinical condi-
tions. Our results show that transformer-based models
achieve the strongest overall performance, while RegEx
approaches can provide a resource-efficient complement
for well-structured parameters. In contrast, the LLM-based
approach does not outperform existing methods in this
setting. We further demonstrate that evaluation method-
ology strongly influences performance interpretation, as
strict span-based metrics can underestimate clinically
relevant results. In practice, a hybrid approach combining
transformer-based and rule-based methods could be
most effective, leveraging the strengths of both paradigms
depending on the parameter and data availability. Fur-
thermore, our findings suggest that annotation quality
and evaluation design are as important as advances in
model architecture for clinical IE. Future work should fo-
cus on improving annotation, a better distribution of the
parameters, exploring more advanced LLM-based ap-
proaches, and developing evaluation schemes that better
reflect clinically meaningful extraction performance.
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