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Abstract 

Background:  Tumor documentation in Germany is currently a largely manual process. 
It involves reading the textual patient documentation and filling in forms in dedicated 
databases to obtain structured data. Advances in information extraction techniques 
that build on large language models (LLMs) could have the potential for enhancing 
the efficiency and reliability of this process. Evaluating LLMs in the German medical 
domain, especially their ability to interpret specialized language, is essential to deter-
mine their suitability for the use in clinical documentation. Due to data protection 
regulations, only locally deployed open source LLMs are generally suitable for this 
application.

Methods:  The evaluation employs eleven different open source LLMs with sizes rang-
ing from 1 to 70 billion model parameters. Three basic tasks were selected as repre-
sentative examples for the tumor documentation process: identifying tumor diagno-
ses, assigning ICD-10 codes, and extracting the date of first diagnosis. For evaluating 
the LLMs on these tasks, a dataset of annotated text snippets based on anonymized 
doctors’ notes from urology was prepared. Different prompting strategies were 
used to investigate the effect of the number of examples in few-shot prompting 
and to explore the capabilities of the LLMs in general.

Results:  The models Llama 3.1 8B, Mistral 7B, and Mistral NeMo 12 B performed 
comparably well in the tasks. Models with less extensive training data or having fewer 
than 7 billion parameters showed notably lower performance, while larger models did 
not display performance gains. Examples from a different medical domain than urology 
could also improve the outcome in few-shot prompting, which demonstrates the abil-
ity of LLMs to handle tasks needed for tumor documentation.

Conclusions:  Open source LLMs show a strong potential for automating tumor 
documentation. Models from 7–12 billion parameters could offer an optimal balance 
between performance and resource efficiency. With tailored fine-tuning and well-
designed prompting, these models might become important tools for clinical 
documentation in the future. The code for the evaluation is available from https://​
github.​com/​stefan-​m-​lenz/​UroLl​mEval. We also release the data set under https://​
huggi​ngface.​co/​datas​ets/​stefan-​m-​lenz/​UroLl​mEval​Set providing a valuable resource 
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that addresses the shortage of authentic and easily accessible benchmarks in German-
language medical NLP.

Keywords:  Tumor Documentation, Information Extraction, Large Language Models 
(LLMs), German Clinical Texts, Medical NLP, ICD-10 Coding, Urology

Background
The goal of the tumor documentation in Germany is to capture tumor diagnoses, the 
treatment history and the corresponding outcome for all patients in a detailed and struc-
tured form. The compiled data should increase the transparency and quality in onco-
logical care, improve treatment outcomes, and support research. All the data items 
necessary for describing the medical history of cancer patients are defined together with 
an overarching data structure in a unified dataset description, which is mandated by 
German federal law for adult cancer patients [1, 2].

Within the framework of cancer registration, tumor diagnoses are to be coded using 
ICD-10 codes (International Classification of Diseases, 10th revision, [3]) to ensure con-
sistency and comparability across registries. Key information such as the date of the first 
diagnosis, along with other clinically relevant attributes, must also be recorded. The doc-
umentation of first diagnosis dates is particularly important, as they form the basis for 
calculating cancer incidence rates in the population, a critical metric for public health 
monitoring and health services research.

Specialized tumor documentation units within hospitals are responsible for collecting 
and structuring the relevant information from medical records. Their primary role is to 
ensure that the data required for cancer registration is accurately extracted, coded, and 
prepared according to the mandated dataset specifications. The personnel in these units 
must read and interpret the medical documentation, which primarily comprises doc-
tors’ notes written in natural language. In doctors’ notes, ICD-10 codes or codes from 
other medical classification systems are often not mentioned. Instead, the diagnoses are 
mainly described in text form, often using abbreviations and very heterogeneous word-
ing. The presence of orthographic errors further complicates the situation. This way, 
coding information in a standardized way remains a predominantly manual task.

Large language models (LLMs), which are pre-trained on vast amounts of text data, 
have demonstrated significant success in a variety of text-based tasks across different 
domains. In areas like programming, LLMs shown impressive results in code generation 
[4, 5] and fixing errors in code [6]. LLMs have also been highly effective at tasks such as 
summarization [7], translation, and answering complex questions [4].

The ability of LLMs to perform well in diverse, knowledge-intensive tasks suggests 
their potential for streamlining processes like medical coding and information extraction 
[8–10]. This new technological development is an opportunity for improving the tumor 
documentation process. It could significantly increase the accuracy and the amount of 
structured documentation as well as improve the timely availability of data, while reduc-
ing the workload for medical documentation staff. However, the application of LLMs to 
medical documentation in the German language is currently underexplored.

Foundational large language models, which are pre-trained on extensive text corpora, 
offer strong reasoning capabilities [11]. Very large LLMs such as GPT-4 exhibit a very 
strong performance across a variety of tasks [4]. Yet, the high level of data protection 
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for healthcare data prohibits the upload of patient data to cloud-based models such 
as GPT-4 in clinical routine in Germany. While there is the possibility to use models 
such as ChatGPT legally with anonymized data for research purposes [12], the effort for 
anonymizing the documents would be too high to make this feasible in clinical routine. 
In Germany, each federal state (except for the common registry of Berlin and Branden-
burg) maintains its own clinical cancer registry for adult cancer patients, and by law, 
only certain de-identified data may be shared with a central authority to avoid storing 
sensitive health information in a single location [13]. This also applies to data shar-
ing with researchers or with other international institutions, which is regulated in the 
respective cancer registry acts of the federal states. Widespread use of, e.g., ChatGPT 
would undermine this principle of decentralization and data minimization, as it would 
involve transmitting sensitive personal health information of a large portion of citizens 
to a single US-based company.

Given the legal and regulatory background, only open source models that can be exe-
cuted and fine-tuned locally actually have the potential to be adopted in practice for 
cancer registration. The models are required to have some knowledge of the German 
language as well, which restricts the number of possible foundational LLMs for this use 
case further. The question which of those open source models are capable enough to 
perform a task that is as complex as understanding the texts in doctors’ notes, remains 
to be answered.

One example for this complexity in tumor documentation is the need to distinguish 
between definitive diagnoses of a patient, suspected or excluded tumor diagnoses, and 
diagnoses of relatives. In the case of a tumor diagnosis for the patient, the information 
about the treatment and the patient outcome needs to be linked to the tumor. Further-
more, the dates for diagnostics, disease progression and treatment are essential infor-
mation for describing the patient history and the outcome. Therefore, we consider the 
extraction of the first diagnosis date as a representative example for the task of linking 
information in general and finding corresponding dates in particular. This is similar for 
many different data items in tumor documentation.

Here we focus on three tasks that are an integral part of the tumor documentation and 
also representative for others. These tasks are: finding the tumor diagnosis in text, cod-
ing the diagnosis using ICD-10, and determining when the tumor was first diagnosed. 
Based on a data set of urological doctors’ notes from the university hospital in Mainz, 
we compare the performance of several open source models on these three exemplary 
tumor documentation tasks to assess the capabilities of current open source models 
with respect to tumor documentation.

Methods
When writing this paper, we followed the TRIPOD-LLM statement [14] for reporting 
large language model research.

Data set preparation

The initial data basis comprises 153 doctors’ notes in the form of anonymized PDF doc-
uments. The primary purpose of the original data set was the use in a doctoral thesis 
evaluating GPT-4 for tumor documentation [15]. Regarding data protection, particular 
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care was required when selecting the data for this purpose, as ultimately control over 
the data entered is lost when using Open AI’s LLM. In order to avoid any data protec-
tion problems and violations of general personal rights, the data was selected and pro-
cessed with the highest caution. The letters come from former patients with prostate 
cancer who have been deceased for at least 10 years in 2023. Before the doctors’ letters 
were extracted from the clinical information system, names, addresses, dates of birth, 
and other personal identifying data were removed. These files were then exported from 
the hospital information system in form of PDFs and redacted to ensure the anonymity 
of the letters. Therefore, further data was removed, such as the exact date of admission 
or examination, as well as information that could allow conclusions to be drawn about 
genetic diseases, family members or third parties.

Limiting the input to only the relevant parts of the PDF documents reduces the time 
for querying the LLMs substantially. In addition to the computational costs for using 
the complete documents as inputs, there is also the problem of degradation if relevant 
information is embedded in very long inputs [16]. Therefore, we added a preprocessing 
step to extract only the relevant sections of the documents that contain a synopsis of the 
patient’s medical history.

The text was extracted from the PDFs with the information about the positions of the 
text lines on the pages. Based on this positional information, we clustered the text into 
text blocks and identified the headings of the blocks. Subsequently, only the blocks with 
the German word for diagnosis in the header were used further. This process was suffi-
cient to identify almost all text blocks that summarized the relevant diagnoses and treat-
ments in the documents. These text snippets were put into a Microsoft Excel document. 
Initially, a single annotator added ICD-10 codes for the tumor diagnoses and the corre-
sponding first diagnosis dates in a different column. The Excel document was then trans-
formed into an XML file that served as the primary basis for the experiments [9].

To ensure the annotation quality, the annotation process was repeated by three differ-
ent independent annotators. The agreement between the four annotators with respect 
to ICD-10 coding and first diagnosis date attribution was calculated using Fleiss’ kappa 
and Krippendorff’s alpha. (The two statistics were computed using the Python packages 
“statsmodels” [17] and “krippendorff” [18], respectively, and had identical values when 
rounding to two digits.) For the binary variable of having a tumor diagnosis present in a 
text snippet, the inter-rater agreement reached 0.90. To evaluate agreement at the level 
of ICD-10 codes, we transformed the code sets into a categorical variable, with each 
unique ICD-10 code set annotated by any annotator treated as a distinct category. This 
yielded a Krippendorff’s alpha of 0.85. This value can be seen as a lower bound of the 
true agreement, as the disagreement expected by chance is underestimated due to being 
calculated for the smaller set of observed combinations instead of the full space of pos-
sible ICD-10 code sets. For the agreement on first diagnosis dates at the level of individ-
ual diagnoses, Krippendorff’s Alpha was 0.84. Overall, these values indicate a very high, 
almost perfect, inter-rater agreement [19].

The cases with differing annotations were analyzed and discussed, which resulted in a 
limited amount of changes to the original annotation [9]. While most adjustments con-
cerned only the assigned codes or diagnosis dates, in one case we extended the text snip-
pet with additional context from the original document to enable more precise ICD-10 
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coding, as the tumor dignity had previously not been derivable from the original snippet 
alone.

A clear consensus could be reached in all cases for the diagnoses and ICD-10 codes. 
Attributing the first diagnosis dates proved more difficult. The first diagnosis date is 
defined as the date when the tumor diagnosis was first established by a physician, based 
either on clinical evaluation or microscopic confirmation [1]. For the annotation pur-
poses here, we used all dates that were clearly attributable directly to the tumor in the 
text and not to treatments. In many cases, this can be determined very clearly, as the 
dates are marked with “ED”, which is the abbreviation of “Erstdiagnose” (German for 
“first diagnosis”). However, in some cases, it was difficult to tell whether a date referred 
only to the treatment or also to the diagnosis. Examples for this include phrases like “Z. 
n. Prostatektomie bei Prostata Ca 2008” (approximate translation: history of prostatec-
tomy for prostate cancer 2008) or “Prostata-Karzinom Gleason 6, Zustand nach tran-
surethraler Resektion 2008” (approximate translation: prostate cancer Gleason 6, history 
of transurethral resection 2008). These cases were harmonized by annotating only those 
cases where a clear connection of the date to the tumor diagnosis was apparent for all 
annotators. This reflects the instruction given in the prompts to only use dates clearly 
linked to the first diagnosis.

For the publication of the data, the consented data set was finally transformed into the 
standard dataset format on HuggingFace using the Python “Datasets” package.

The product of the text extraction and annotation process was a set of 149 annotated 
text snippets. The total number of diagnoses in the collection of text snippets is 157. Of 
those tumor diagnoses, 82 have a first diagnosis date annotated. The dataset comprises 
25 patients in total, with some overlap in terms of content between snippets derived 
from the same patient history. The distribution of the text snippets and the different 
types of tumor diagnoses can be found in Table 1. A detailed mapping of the relationship 
between patients, text snippets, and diagnoses is provided in Table S1 in the supplemen-
tary material.

Table 1  Distribution of tumor diagnoses in the annotated text snippets. The proportions reported 
in the last column are all relative to the total number of snippets (149)

Text snippets containing… Number of snippets Proportion 
of snippets

at least one tumor diagnosis 112 75%

multiple tumor diagnoses 26 17%

no tumor diagnosis 37 25%

C61 (prostate cancer) 103 69%

C67 (bladder cancer) 14 9.4%

C34 (lung cancer) 10 6.7%

C83 (B-cell lymphoma) 9 6.0%

C09 (tonsil cancer) 9 6.0%

C45 (malignant mesothelioma) 4 2.7%

C90 (multiple myeloma) 4 2.7%

C68 (urinary tract cancer, unspecified) 2 1.3%

C18 (colon cancer) 1 0.67%

D47 (Monoclonal gammopathy) 1 0.67%
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ICD-10 codes for the diagnoses do not appear in the texts in most cases. In one of the 
coded diagnoses, a wrong ICD-10 code (C83.3 instead of C82.2 for coding a “Large-cell 
B-cell Non- Hodgkin-Lymphoma”) was used in the original text. This was corrected in 
the text because the purpose of the evaluation is the exploration of the coding capabili-
ties with respect to the correct and current ICD-10 catalogue.

To further strengthen the anonymization in the final data set, the dates in the texts 
were altered: For each snippet, all the dates therein were shifted by a random amount 
of time that is constant in the snippet. Thereby, the time spans of events in each text 
snippet remain constant and realistic, while a hypothetical use of the dates for patient 
reidentification is prevented.

Except for the modifications described above, the dataset was retained in the form that 
was returned by the extraction mechanism during conversion from PDF to text. The text 
extraction was performed using the software “PyMuPdf” [20]. The original documents 
were created digitally and are not scans from paper documents. Therefore, image pro-
cessing techniques and Optical Character Recognition (OCR) were not necessary and 
errors introduced by OCR can be ruled out in the data. Further cleaning was not per-
formed after the text extraction. In particular, special characters have not been removed 
and no additional manual formatting for clarification was performed. This way, the data-
set remains a realistic real-world output from a PDF text extraction process.

Model selection

Due to data protection constraints, only models that can be executed locally can be 
used to improve the tumor documentation process in German hospitals. Therefore, our 
evaluation focused solely on open-source models, as these are the only practically rel-
evant options. In this study we define open source models as those models with freely 
available weights and a license allowing modification and commercial use. We also con-
sidered only models that can be run on our local infrastructure at a reasonable speed. 
Our evaluation in particular was constrained by the maximum available infrastructure, 
which consisted of a server with three NVIDIA A40 GPUs, each with 48  GB VRAM. 
These requirements excluded very large open source models such as Command R + [21] 
or Llama 3.1 405B [22].

For using LLMs for the tumor documentation in Germany, it is necessary that the 
LLMs have been trained on German texts. In this study, Mistral 7B [23] from Mistral AI 
and Llama 3.1 8B [22] from Facebook/Meta were utilized as popular open source LLMs 
that have been trained on a large corpus of data, including German texts.

We also wanted to examine variants of these models that have received additional 
training with German texts or with texts from the medical domain to see whether they 
can improve the results in the experiment. We included BioMistral [24] as a variant of 
Mistral 7B that has been fine-tuned on texts from the medical domain. We furthermore 
included LeoLM [25], which is a model trained on basis of Llama 2 [26] with more Ger-
man text.

The company VAGOsolutions, a software company specializing in LLMs, uses 
a proprietary dataset for additionally training LLMs with the intention to improve 
the performance on German text [27]. VAGOsolutions brands these models with 
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“SauerkrautLM”. We included their Llama 3.1 8B variant to see whether we can get 
an improvement compared to the base model in this scenario with German clinical 
documentation.

Besides the mentioned models, which have sizes of seven or eight billion param-
eters, we also evaluated both larger and smaller models. This includes the 12-billion-
parameter Mistral NeMo [28] as well as two larger open-source models Mixtral 8x7B 
[29] and Llama 3.1 70B [22]. As smaller models, EuroLLM 1.7B [30], Llama 3.2 1B 
[31], and Llama 3.2 3B [32] were examined.

Our evaluation used the open source models as they are provided. No fine-tun-
ing was performed on the models. We restricted this evaluation to LLMs that can 
be directly prompted with textual input and do not require additional fine-tuning on 
downstream tasks, as is the case with models building on the BERT architecture [33]. 
Thereby we are assessing the baseline performance of the models, providing a practi-
cal reference point for future improvements through task-specific training or adap-
tation. For all models, the instruction-tuned variants, if available, were used, as the 
instruction tuning makes the models better at adhering to instructions given in the 
prompt [34].

Table 2 provides an overview of the key properties of each model, including their 
sizes, the total volume of their training data and the extent of German text coverage. 
For all models examined in this study, the training data has not been made publicly 
available, unlike the model weights, which are open source. Information regarding the 
composition of the training data is generally sparse. We were unable to find any spe-
cific information regarding the proportion of medical texts, or particularly German 
medical texts, in the training data of these models.

Table 2  Overview of evaluated models, their sizes and training data volumes. The models are sorted 
by size, defined as the number of learned parameters (weights and biases), as specified in their 
respective model cards on HuggingFace. “ND” indicates entries where the amount of training data 
has not been disclosed

(x) Less than 8% of the total training data is multilingual and German is one of 7 officially supported non-English languages 
[22]

(y) The exact amount of training data for this model has not been stated on the model card but the SauerkrautLM dataset 
used by VAGOsolutions for fine tuning similar models has about 70,000 tokens [42]

Model No. of 
parameters/109

Amount of 
training data 
(No. of
tokens/109)

Amount of German 
training data (No. 
of tokens/109)

Official German 
language 
support

Model
card

Llama 3.2 1B 1.23 9,000 ND ✓  [31]

EuroLLM 1.7B 1.66 4,000 240 ✓  [35]

Llama 3.2 3B 3.21 9,000 ND ✓  [32]

LeoLM 7B Chat 6.74 2,000 + 68 68 ✓  [25]

BioMistral 7.24 ND ND x  [36]

Mistral 7B v0.3 7.25 ND ND x  [37]

Llama 3.1 8B 8.03 15,000 (x) < 1,200 ✓  [38]

Llama 3.1 Sauerkrau-
tLM 8B

8.03 15,000 (y) < 1,200 ✓  [39]

Mistral NeMo 12.2 ND ND ✓  [28]

Mixtral 8x7B 46.7 ND ND ✓  [40]

Llama 3.1 70B 70.6 15,000 (x) < 1,200 ✓  [41]
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Prompt design

There are three steps in the evaluation. Each of the steps uses different prompts for 
obtaining structured information from the text snippet and the output from previous 
steps. The core parts of the prompts and the corresponding objectives are shown in 
Table 3. The original prompts are in German and contain more detailed explanations. 
These complete prompts can be found in Appendix B.

The core parts of the prompts that are shared among different prompt variants explain 
only general concepts that are relevant for the task. In particular, they explain the con-
cept “tumor diagnosis” (Step 1) in the context of tumor documentation and what counts 
as a “first diagnosis date” (Step 3) here. The core prompts were not designed for detect-
ing tumor diagnoses specific to urology and contain no instructions specific to this 
domain. Thereby, we aimed to measure the performance of LLMs for detecting all sorts 
of tumor diagnoses instead of detecting specific ones.

We tried different styles of prompting to refine the prompts for investigating the effect 
of additional information in the prompt. For this purpose, we tried prompting variants 
that give the models information specific to the domain of urology, while other prompts 
give similarly structured information that is not concerned with urology but has exam-
ples from a fictitious gynecological unit. We also explore the effect of the number of 
examples used in few-shot prompting.

The urological examples in Step 1 are not directly taken from the dataset but con-
structed to reflect the main tumor diagnoses from the dataset, i.e., “prostate carcinoma” 
and “urothelial carcinoma of the bladder”. The fictitious examples from a gynecological 
unit in Step 1 concern “breast cancer” and “ovarian cancer”, which do not occur in the 
text snippets since these only concern male patients. Positive examples (with a tumor 
diagnosis) and negative examples (no tumor diagnoses) are presented in equal numbers. 
In the sequence of examples, there are always negative examples that have a suspected 

Table 3  Overview of the three steps of the evaluation with their objectives and the core prompt 
phrasing translated from German to English. In Step 3, two variants have been explored. Variant 3a 
asks directly for the first diagnosis date of a given tumor diagnosis. Variant 3b first uses a rule-based 
algorithm to identify possible dates in the proximity of the diagnosis labels and then tries to verify a 
single date by asking with one prompt per identified date

Step Objective Core prompt

1 Find labels of tumor diagnoses of the patient in 
the larger snippets

“Are there one or more tumor diagnoses in the 
following diagnostic text? […] Respond with a 
JSON array that includes the tumor diagnoses as 
strings, or with an empty array if there are no clear 
tumor diagnoses.”

2 Find the ICD-10 codes for the labels of tumor 
diagnoses

“What is the ICD-10 code for the diagnosis [DIAG-
NOSIS]? Respond briefly with the 3-character 
ICD-10 code only.”

3a
(One 
prompt 
per diag-
nosis)

Find first diagnosis dates for the ICD-10 coded 
diagnoses by asking for the date directly in a 
single prompt for each diagnosis

“In the diagnostic text, you have identified the 
diagnosis [DIAGNOSIS]. […] Respond with the 
date if it describes the time of the first diagnosis 
of the tumor [DIAGNOSIS], or with ’No’.”

3b
(One 
prompt 
per possi-
ble date)

Find first diagnosis dates for the ICD-10 coded 
diagnoses by asking for verification of possible 
dates in the text

“In the diagnostic text, you have identified the 
diagnosis [DIAGNOSIS]. Furthermore, the follow-
ing date is found in the diagnostic text: [DATE]. Is 
this the date of the initial diagnosis of the tumor 
disease [DIAGNOSIS]? Respond with ’Yes’ or ’No’.”
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diagnosis or an exclusion of the mentioned tumor diagnoses. The intention is to ensure 
that the model not only understands the terms of the tumor diagnoses but also the con-
text in which these terms are used.

In Step 1, the models are asked to return a JSON array with all the tumor diagnoses 
in the text snippet as strings. If the JSON array is empty, there are no tumor diagnoses 
in the text. To evaluate the ability of the models to find tumor diagnoses in the texts, 
we examine the performance measures for the test whether a tumor diagnosis occurs in 
the text snippet or not. The test considers the presence of data in the JSON array as the 
predicted result. The predicted result is compared to the presence of annotated tumor 
diagnoses as the ground truth.

The accuracy of this test is used to determine the best model for extracting the tumor 
diagnoses. Non-interpretable values are counted as wrong results for this purpose since 
a good model should be reliable with respect to correctness and usability of the answers. 
In addition to the accuracy, we use the sensitivity and specificity to further investigate 
whether the model is able to understand and apply the concept of a tumor diagnosis as 
used in the tumor documentation process.

 Fig. 1 illustrates the information processing flow for the three steps of the evaluation, 
which are described in futher detail below.

Steps 2 and 3 of the evaluation each require the results from the previous steps. For 
Step 2 this is obvious when looking at Table 3 as the prompt directly uses the diagno-
sis labels to find the ICD-10 code. In Step 3, the resulting ICD-codes from Step 2 are 
needed to identify the diagnosis in the annotated data. Identifying the diagnosis in the 
data is then in turn necessary to find the corresponding date that is needed for the com-
parison with the model answer.

In all three steps, the model answers in the form of text, which needs to be trans-
formed into values that can be processed further. The prompts are designed with the 
intention to obtain easily parsable answers from the models. In Step 1, the answer is 

Fig. 1  Dataflow diagram illustrating the inputs and outputs of the three steps of the evaluation process. 
Some prompting variants in Step 3a included dates filtered by regular expressions (RegEx), which is 
symbolized with the light-gray arrow. White boxes illustrate data elements, while the LLM and evaluation 
boxes describe processes
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supposed to be a textual representation of a JSON array of strings, in Step 2 it should be 
an ICD-10 code, and in Step 3 either a date in German format or Yes/No (in German). 
Answers that did not conform to the requested format, and which could therefore not be 
parsed, were classified as unusable values (“NA”) in the evaluation.

The prompts were not systematically optimized in the sense of using programmatic 
methods, controlled experiments, or automated search procedures. They were primarily 
designed with the intention to convey the task as clearly as possible in human language. 
Based on preliminary results, we made a few targeted manual adjustments to address 
common biases observed in the model answers. In Step 1, the models tended to have a 
low specificity, i.e. they reported various facts as tumor diagnoses that did not consti-
tute an actual tumor diagnosis. The prompts were adapted to mitigate this: We explicitly 
instructed the models in the prompt not to report therapies, symptoms or other diseases 
as tumor diagnoses and to be extra cautious and thoughtful about reporting something 
as a tumor diagnosis.

In Step 2, we also used preliminary results to inform the prompt design. We observed 
the problem that the ICD-10 code C78 in particular was frequently returned as answer 
by some models. While the answers using the code were technically correct in most 
observed cases, these answers are not desired answer because C78 is used to code 
metastases, not the primary tumor. Therefore, we instructed the models in the prompt 
not to use the codes C77, C78, and C79, which are all codes for secondary neoplasms 
and should not be used for documenting the primary tumor diagnosis.

To minimize further bias introduced through prompt design and to avoid skew-
ing model performance in a particular direction, we took several deliberate measures 
across all steps of our evaluation. In Step 1, we ensured that few-shot prompts included 
both positive examples (containing tumor diagnoses) and negative examples (contain-
ing none), resulting in a balanced number of examples (0, 2, 4, or 6). This was done to 
prevent the model from being implicitly guided toward higher sensitivity by exposure to 
only positive cases. Balancing positive and negative cases is important because language 
models may exhibit what is referred to as “majority label bias” [43], where the predomi-
nance of one class in the examples can systematically influence the model predictions 
in that direction. Additionally, the pattern of negative (N) and positive examples (P) in 
Step 1 was not easily predictable (PN, PNNP, and PNNPNP for two-, four- and six-shot 
prompting, respectively) to avoid that the models pick up the order and answer accord-
ingly. The analysis of results across different prompt types enables the assessment of a 
potential “recency bias”, which may occur if models are disproportionately influenced 
by the final examples in few-shot prompting [43]. To be able to examine domain-label 
bias [44] introduced by using domain-specific words and to examine how well the model 
answers generalize beyond the context given in the examples, the few-shot examples in 
Steps 1 and 2 included cases from both urology and gynecology. This allowed us to con-
trast prompts of varying informativeness, including those that may offer helpful guid-
ance but risk being overly suggestive. In Step 3, where the model was asked to identify 
the first diagnosis date or state the absence of such a date, the few-shot prompts included 
three examples: two with valid dates (one month-based and one year-based) and one 
negative example (no date). This mix ensured the model was exposed to different date 
formats while still being cautioned against overprediction. In prompt variants where a 
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date was preselected and the model was asked whether it represented the first diagnosis 
date, we similarly included both month-based and year-based examples, balanced with 
negative examples, which lead to four examples in total. Across all these designs, we 
maintained symmetry in example composition to both mitigate bias in model predic-
tions and to allow for the assessment of potential sources of bias.

For finding the first diagnoses dates in Step 3, we added a rule-based baseline approach 
to contrast it with the results from prompting the LLMs. This heuristic uses the Leven-
shtein distance for finding the text part with the least Levenshtein distance to the tumor 
diagnoses label returned from Step 1. Dates can easily be identified via regular expres-
sions in the text. Dates that have the least character distance to the tumor diagnosis label 
are most likely to belong to the first diagnosis of the tumor. We explored variants of this 
rule-based approach by looking at the same line of the tumor diagnosis label, and up to 
two lines distance, for identifying first diagnosis dates. Some variants of prompting in 
Step 3 also include dates filtered by regular expressions regardless of the distance to the 
diagnosis label. These variants should help to explore whether the explicit mentioning of 
dates in the prompt can aid the LLMs in finding the correct date.

When applying LLMs for a documentation task in practice, it would be possible to 
utilize different models for different sub-tasks to combine their strengths. To account for 
such a scenario, we ran the evaluation for Step 2 and Step 3 two times: one time with the 
output from the same model and the prompt that worked best with this model as input, 
and one time with the output from the best model/prompt combination overall as input. 
This allows an overall comparison of the models as well as a task-specific one.

Software implementation

The complete code for running the evaluation is published on GitHub (https://​github.​
com/​stefan-​m-​lenz/​UroLl​mEval) and available under the MIT license. The data is 
released on HuggingFace (https://​huggi​ngface.​co/​datas​ets/​stefan-​m-​lenz/​UroLl​mEval​
Set) to serve as a benchmark data set that can also be used independently of this 
evaluation.

The code for this evaluation is written in the Python language, building on the Python 
“transformers” package [45] for executing the models locally and the “pandas” package 
for analyzing and organizing the data [46]. A value of zero was used for the temperature 
in the LLM inference algorithms, which limits the diversity of the answers of the LLMs 
and allows the results to be reproduced. The entire evaluation can be run by execut-
ing one Python script that ties the code for the different steps and for the subsequent 
analyses of the results together. The code was run on a machine with three NVIDIA A40 
GPUs, each with 48 GB of VRAM, for the experiments. The larger models Mistral NeMo 
12B, Mixtral 8x7B and Llama 3.1 70B were quantized using 8-bit quantization to acceler-
ate computation and to fit within the GPU memory constraints [47]. Running the com-
plete evaluation took approximately 25 h. Running only the nine smaller models that fit 
into one of the GPUs took around 10 h.

https://github.com/stefan-m-lenz/UroLlmEval
https://github.com/stefan-m-lenz/UroLlmEval
https://huggingface.co/datasets/stefan-m-lenz/UroLlmEvalSet
https://huggingface.co/datasets/stefan-m-lenz/UroLlmEvalSet
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Results
Results for Step 1: Detecting tumor diagnoses

In Step 1, the models return a JSON array of tumor diagnoses extracted from each text 
snippet, with an empty array indicating no diagnosis. We evaluate model performance 
based on accuracy, sensitivity, and specificity by comparing the presence of predicted 
diagnoses to the annotated ground truth.

As can be seen in Fig.  2, Llama 3.1 8B is in Step 1 the overall best model in terms 
of accuracy. This means that the largest models Mixtral 8x7B and Llama 3.1 70B are 
surprisingly not also the best models in this scenario. The SauerkrautLM variant with 
a focus on the German language is very close to the Llama 3.1 8B model but does not 
improve upon the base model. Mistral NeMo 12B performs also very similar to Llama 
3.1 8B in this test.

LeoLM and BioMistral perform clearly worse than the other models with at least 7 bil-
lion parameters. They also produce more values that cannot be parsed, which indicates 
that they have more trouble understanding the instructions and following them closely. 
The two smallest models, EuroLLM 1.7B and Llama 3.2 1B, are furthermore clearly 
weaker than all the other, larger models. Llama 3.2 3B shows a performance that is very 
close to the larger model Mistral 7B.

Fig. 2  Sensitivity, specificity and accuracy for detecting a tumor diagnosis in a text snippet using different 
models. The models are sorted by size, starting the with the smallest model (1 billion parameters) and ending 
with the largest model (70 billion parameters). The values for different prompt types are marked with colored 
numbers (see legend). The bars indicate the best value/prompt type with respect to the accuracy for the 
given model. The number of not usable values returned by the LLM is indicated in the bar labeled with “NA”. 
The sensitivity and specificity is calculated only with the usable values. An interactive visualization of the data, 
designed to facilitate selective exploration, is available as Figure S1 in the supplementary materials
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In Fig.  2 all the values for the different prompting variants are shown. The variance 
of the performance measures across different prompt variants allows drawing conclu-
sions about the models’general capabilities. The more knowledge the models possess, the 
less dependent they are on additional instructions, making it easier for them to interpret 
explanations and examples. There is less impact of the prompting variants on the perfor-
mance of the larger models. EuroLLM 1.7B and LeoLM 7B Chat show the most variance 
in the performances of the prompting variants. The impact of foundational knowledge 
and general comprehension of instructions is clearly reflected in both the performance 
and its stability in these results.

Figure 3 shows the influence of the number of examples used in few-shot prompting 
on the model performance. Most models profit from a small number of examples. They 
also profit from examples that come from a different medical domain such as the exam-
ples from the fictitious gynecological unit. This shows that the examples do not only help 
the LLMs to simply recognize the names of the relevant tumor diagnoses. LLMs can also 

Fig. 3  Influence of the number of examples used in few-shot prompting for detecting tumor diagnoses on 
the performance of the different LLMs. The values displayed here are the same as in Fig. 2. The plot shows 
the number of examples on the x-axes and the different performance metrics on the y-axis to highlight the 
effect of increasing the number of examples in few-shot prompting. Additionally, the effect of the example 
type (fictitious examples from a urological (Uro) vs. a gynecological (Gyn) unit) can be observed. (The model 
Llama 3.1 SauerkrautLM 8B with a trajectory close to Llama 3.1 8B has been left out to make the figure more 
readable.)
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learn and apply abstract concepts from few-shot prompting like suspected diagnoses, 
excluded diagnoses, and the difference of diagnoses and therapies.

The models with at least 7 billion parameters behave in a similar way when increasing 
the number of examples. The relationship between the number of examples and the per-
formance of smaller models exhibits less predictable patterns.

Presenting examples leads to fewer non-interpretable values. The zero-shot variants 
of the prompts yield a substantially higher proportion of unusable outputs than all the 
few-shot prompting variants. This is also true for the larger models. Another effect of 
adding examples to the prompts is the increase in the specificity, which can be observed 
in almost all combinations of example types and models. The effect of the number of 
examples on the specificity is independent of the effect on the proportion of non-inter-
pretable values, as the NA values are ignored when calculating the specificity.

The observed increase in specificity with more few-shot examples across most models 
indicates a lack of susceptibility to positional bias stemming from the order of the exam-
ples. Instead, many models are rather skewed in the direction of over-reporting diagno-
ses as tumor diagnoses. This can be seen in lower values for the specificity compared to 
the sensitivity in the zero-shot prompts, which is observed for most models. This hap-
pens although the formulation of the zero-shot prompt explicitly emphasizes to only 
report tumor diagnoses and not any other diagnoses.

The examples have little impact on the sensitivity of the models of at least 7 billion 
parameters. Counterintuitively, increasing the number of examples even reduces the 
sensitivity of the smaller models EuroLLM 1.7B, Llama 3.2 1B, and Llama 3.2 3B. This 
suggests that these smaller models lack a solid understanding of the basic instructions 
and become confused about the concept of what constitutes a tumor diagnosis.

As there is little effect of more examples on the sensitivity, the improvement in the 
accuracy can be attributed entirely to the increased specificity. This shows that pre-
senting negative examples together with positive ones is a suitable strategy not only for 
improving the specificity but for the overall accuracy as well, at least for the models hav-
ing 7 billion parameters or more.

Results for Step 2: ICD‑10 coding of tumor diagnoses

We find the task-specific comparison of the models more intriguing than evaluating 
their performance across all tasks individually. Figure 4 shows the results from the trans-
lation of the diagnosis labels from Step 1 to ICD-10 codes. There we used the output 
from the best model/prompt combination from Step 1 for all models because we want 
to assess the model performance directly on the ICD-10 coding without the effect of the 
diagnosis label extraction.

Appendix A contains the tables with all the results, both for the task-specific and the 
overall performance. The results using the best/model prompt combination from the 
previous step are better than the ones where the same model is employed in all steps.

In Step 2, we compare the models using three different metrics: Analogously to the 
sensitivity, we want to know the proportion of snippets where all annotated diagnoses 
are found by the model (“All diagnoses found” in Fig. 4). Similarly to the specificity, we 
report the proportion of snippets where the model answers only with correct ICD-10 
codes (“No incorrect diagnosis”). The proportion of snippets with no incorrect diagnoses 
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can also be seen as a measure for the absence of hallucination in this task. To identify the 
best model in this task, we use the proportion of snippets where all ICD-10 codes have 
been identified and no incorrect diagnoses have been returned (“Snippet correct”).

In Step 2 the performance of most models with at least 7 billion parameters is very 
close, with the exception of LeoLM, similar to Step 1. A clear advantage of the biggest 
models Mixtral 8x7B and Llama 3.1 70B cannot be seen here as their performance is 
very close to the models in the range from 7 to 12B. It is also interesting that BioMistral 
is not better than Mistral 7B in this task, although it has received more training with 
texts containing medical knowledge.

The question in Step 2 is very simple and zero-shot prompting is the best variant for 
almost all models. Adding the context of the whole snippet improves the results in most 
cases at least slightly.

The low performance of Llama 3.1 1B and EuroLLM 1.7B when using the fictitious 
examples from gynecology shows that they do not know the ICD-10 codes and entirely 
rely on the examples given in the prompt. This effect can also be seen in LeoLM, albeit 
less pronounced. For the other models, the difference between the examples from differ-
ent domains is much smaller, which means that they are able to infer the ICD-10 codes 
using their built-in knowledge without help from the examples.

Fig. 4  Proportion of correctly mapped ICD-10 codes using different models. The extracted diagnosis labels 
from the best model/prompt combination in Step 1 are used in the prompts for finding the ICD-10 codes. 
The values for different promping variants are indicated with the colored numbers. The bars indicate the best 
prompt with respect to the proportion of completely correct snippets. An interactive visualization of the data, 
designed to facilitate selective exploration, is available as Figure S2 in the supplementary materials
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Results for Step 3: Finding the first diagnosis date

Figure  5 shows the results for Step 3, i.e. the results for finding the first diagnosis 
dates for the ICD-10 coded tumor diagnoses extracted in Step 1 and Step 2. Same 
as in Step 2, we focus on the task-specific comparison of the models instead of the 
performance of the models employed on their own on all three documentation tasks. 
Accordingly, Fig. 5 shows the results obtained using the results from the best mod-
els and prompts from the previous steps for constructing the prompts in Step 3. The 
detailed values for all the combinations can be found in Appendix A.

In addition to the LLMs, a rule-based approach is also included in Step 3 as a base-
line. This approach uses the date in the same line as the occurrence of the diagnosis 
label that has been extracted via the best performing previous LLM output. In addi-
tion to taking the date from the same line, we also tried taking the closest date in 
terms of character distance with maximum line distance one or two. The achieved 
accuracies were 0.54 with the same line distance, 0.69 with a line distance of one, and 
0.36 with a line distance of two.

The best results were achieved by Mistral NeMo 12B, which identified the first 
diagnosis date with an accuracy of 92% in the zero-shot approach. The ranking of the 
other models is similar to that in Step 1, with Llama 3.1 8B showing a performance 
similar to the bigger models, Mixtral 8x7B and Llama 3.1 70B. BioMistral, LeoLM 7B, 

Fig. 5  Proportion of correctly identified first diagnosis dates using different models. An interactive 
visualization of the data, designed to facilitate selective exploration, is available as Figure S3 in the 
supplementary materials
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and the smaller models performed worse than the simple heuristic approach, which 
uses the previously extracted diagnosis label and a regular expression for finding the 
closest date. There is no prompting variant that is clearly the best for all the models. 
The substantial variation introduced by different prompting strategies causes some 
models to outperform the heuristic baseline in certain configurations, but not in oth-
ers. This highlights the importance of prompt engineering and prompt evaluation for 
achieving optimal results in this context.

In cases where a first diagnosis date had been annotated and the models predicted an 
incorrect date, the errors tended to be substantial. To quantify these errors, we calcu-
lated the difference in days between the predicted and correct dates, assuming the 15th 
of the month for month-only values and July 1 for year-only values. Based on this, the 
median error across all wrong LLM responses was 1,520 days (25th–75th percentile: 334 
to 2,663 days).

Discussion
Limitations of the study and generalizability of results

In this study we aimed to highlight the capabilities of LLMs with respect to tumor docu-
mentation. A limitation concerning this is the fact that we only have doctors’ notes from 
urology. We tried to address this by phrasing the core prompts in a general way without 
referring to things specific to urology. We then integrated information from either urol-
ogy or a different medical domain into the examples that we added to the core prompts. 
By comparing the performance of symmetrical prompts with examples and instructions 
belonging to two different domains, we could investigate the impact of domain-specific 
instructions. The results therefore also allow some conclusions about the performance 
of the models and prompting techniques for tumor documentation in general.

Given the rather small size of our data set and its focus on a specific set of urology 
patients, the absolute numbers of the different metrics reported here might not reflect 
the exact overall performance of the models. We also could not cover all tasks that are 
part of the tumor documentation process. However, the comparison of different mod-
els and different prompting strategies for finding diagnoses and first diagnosis dates 
gives valuable insights into the behavior of the different models. This comparison can 
help identify which models are ideal starting points for fine-tuning towards information 
extraction for the purpose of tumor documentation.

The annotation of the tumor diagnoses in the text snippets used in this study was 
rather simple. The differences in the coding of the tumor diagnoses by the four different 
annotators were very small and mostly the result of isolated oversights, not uncertainty 
about how to interpret the content. The interpretation of the texts for deciding the attri-
bution of a first diagnosis date had more shades of grey, however. This difficulty might 
be one reason why the results of many models in Step 3 are surprisingly not consistently 
better than the simple rule-based approach.

Model performance and its connection to training data and model size

The results show that foundation models trained on a large amount of data from dif-
ferent domains like Llama 3.1 8B, Mistral 7B, and Mistral 12B are able to perform very 
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specific tasks like tumor documentation. For performing the tasks presented here, the 
models need to understand the definition of a primary tumor diagnosis that is relevant 
for tumor documentation. Then they also need to connect the tumor diagnosis with the 
date of the initial diagnosis. With proper prompt design, they are able to grasp these 
abstract concepts from initial prompts that contain a task description. Short sequences 
of examples used in few-shot prompting further help their understanding.

We found that a plateau is quickly reached in few-shot prompting where most models 
do not profit from more examples. If the concepts in the prompt are known well-enough 
to the models zero-shot prompting is also sufficient, which seems to be the case with 
ICD-10 coding: Most models already had the best performance using zero-shot prompt-
ing in the ICD-10 coding task. More examples on an already clear concept seem to con-
fuse the models, as the results here show. An exception to that could be seen in LeoLM 
7B Chat and in the smaller models. In Step 1 and Step 2, LeoLM profited from more 
examples given in few-shot prompting than the other models. Presumably, this is the 
case because LeoLM saw much less training data in total compared to the other models 
with at least 7 billion parameters: LeoLM has received training with a dataset of 65 bil-
lion tokens in addition to the base model Llama 2 [48], which in turn has been trained 
on 2 trillion tokens [26]. In contrast to that, Llama 3.1 has been trained on more than 15 
trillion tokens [49].

EuroLLM 1.7B was trained with 4 trillion tokens, with 50% of the training data being 
in English and 6% in German [30]. This means that EuroLLM has received more German 
training data than LeoLM and a similar amount of English training data. However, the 
results from LeoLM are clearly better by comparison. This may be due to the fact that 
a model with more parameters can hold the information from the training data better 
[50], e.g., remember the ICD-10 codes for the diseases, which are contained in the train-
ing data of all models as they are all trained on Wikipedia articles. Another factor may 
be that a certain model size is required for the models to perform well enough on such a 
complex task as the one presented here [50].

It has also been noted [51] that larger models are not always better in tasks with com-
plex instructions. The resources needed for training and inference of larger models as 
well as the time and energy that is consumed by the models are also important points to 
consider. It is therefore important to find foundational models that are as small as possi-
ble but big enough to be trained and utilized for tumor documentation tasks. Our results 
point to models of 7–12 billion parameters as good candidates for this purpose.

The results also show that it is not so simple to improve upon foundation models by 
simply training them with some more data related to the area of expertise needed for the 
task. This can be seen in the results of the SauerkrautLM variant of Llama 3.1 8B, which 
does not improve upon the base model in this study, and in the results of BioMistral, 
which does not outperform Mistral 7B. However, numerous techniques are available to 
fine-tune such models, enhancing their performance on specific tasks substantially. In 
particular, there are techniques for parameter-efficient fine-tuning, which modify only 
a subset of the weights of the larger models [52]. A targeted fine-tuning of larger mod-
els seems more feasible and promising compared to a further training of foundational 
models with larger amounts of additional data that are broadly related to the topic in 
question.



Page 19 of 25Lenz et al. BioData Mining           (2025) 18:48 	

Contribution to openly available German clinical data

Especially in the medical domain, getting data for developing or evaluating methods 
is hard due to privacy protection constraints. There is only a small amount of datasets 
available but there are initiatives to publish more anonymized German clinical text doc-
uments [53, 54].

The largest currently publicly available German dataset based on clinical documen-
tation is the CARDIO:DE dataset, which comprises 500 discharge letters with 993,143 
tokens from a cardiology department [55]. In the oncological domain, there is only 
one other publicly available German dataset containing anonymized real-world texts, 
which consists of shuffled sentences from 150 discharge summaries and has 89,942 
tokens in total [56]. The number of letters in our data set is very similar (153) and the 
number of tokens in our data set is in the same order of magnitude (26,602 tokens 
using the Llama 3.1 tokenizer and 31,181 tokens using the tokenizer of Mistral 7B 
v0.3). Other data sets with German clinical texts contain texts translated from English 
[57] or synthetic data [58].

Therefore, the annotated data set of snippets from real-world doctors’ notes that we 
release alongside this paper is in itself a valuable contribution to the field of clinical NLP 
with German data.

Distinction to named entity recognition (NER) tasks and classification tasks

The objective of the tumor documentation task investigated here is to identify the tumor 
diagnoses associated with the patient. This makes the task different from named entity 
recognition (NER) tasks: NER could be used to find terms for tumors where they occur 
in the patient history. However, there are situations in which the occurrence of the term 
for a tumor in patient documentation does not imply a tumor diagnosis for the patient. 
This is, e.g., the case for suspected diagnoses, excluded diagnosis or tumor diagnoses 
from close relatives mentioned in the texts.

The task examined here can also not be solved via document-level classification. The 
first two steps can be addressed using multi-label classification but the step for identi-
fying the initial diagnosis date, which relies on the extracted diagnosis text, cannot be 
solved this way.

As the evaluation scenario uses complex prompts to achieve the three different tasks, 
we did not include a comparison to BERT-based models [33] such as BioGottBERT [59] 
and medBERT.de [60], which were also trained on German medical data but with the 
purpose of NER tasks and text classification.

ICD‑10 coding

The BERT-based models BioGottBERT and medBERT.de have been evaluated on the 
ICD-10 classification on German discharge notes [60]. Precision values around 40% and 
recall (sensitivity) below 20% were reached in this study. Another comparison of the 
models Flan-T5 [61] and GermanBERT [62], which were trained on a set of 100,672 radi-
ology reports, showed a maximum accuracy of 72.2% for predicting the correct three-
character ICD-10 codes on the 50 most-used ICD-10 codes therein [63]. We achieved a 
higher performance of more than 85% accuracy for ICD-10 coding on our dataset. This 
performance is still not sufficient for most use cases. Yet, the fact that our results were 
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achieved without any additional training or fine-tuning on the specific task could sug-
gest that models of the size of 7–12 billion parameters can achieve a performance that is 
acceptable for real world use if trained properly.

ICD-10 coding for medical billing can be challenging even for big state-of-the-art 
LLMs such as GPT-4 [64]. It should be noted, however, that coding for medical billing 
differs substantially from the ICD-10 coding of tumors for the purpose of tumor docu-
mentation. In practice, these tasks are performed by completely different departments/
people in the hospitals in Germany. The goal of coding for medical billing is to com-
bine different ICD-10 codes for describing the patient condition in a way that leads to an 
optimal compensation from the cost bearer. Moreover, the number of relevant diagnoses 
for medical billing is, of course, much larger than the number of codes for tumor diagno-
ses in the ICD-10 catalogue. Therefore, coding for medical billing is a different and more 
difficult task than coding for tumor documentation. Indeed, this task is challenging even 
for humans: A study with a random sample of three departments of a German hospital 
found that only up to 56.7% of primary diagnoses were correctly coded there, and only 
up to 37.5% of secondary diagnoses [65].

LLMs such as GPT-4 have been evaluated on medical exams for students and they 
performed even better than many human professionals in these tests [66, 67]. Therefore, 
even if the current performance of LLMs needs improvement on certain specialized 
tasks such as medical coding or tumor documentation, LLMs should be able to achieve 
at least a human-level performance in these areas in the future. The question remains 
how to achieve this goal. Optimal training techniques, the required training data, and 
the size of the models have to be determined for this purpose. There are also approaches 
for increasing the performance of LLMs on knowledge-intensive tasks which could be 
beneficial for ICD coding. A popular method for enhancing the knowledge of LLMs is 
retrieval augmented generation (RAG) [68], which has also been applied successfully in 
the biomedical domain in general [69, 70] for improving the performance of ICD coding 
in particular [71].

Conclusions
Based on a dataset of urological doctors’ notes, this study aimed to evaluate the applica-
bility of open-source large language models (LLMs) for tumor documentation in Ger-
many. The results show that models such as Llama 3.1 8B, Mistral 7B, and Mistral NeMo 
12B can be assigned the tasks of identifying tumor diagnoses, coding them with ICD-10, 
and finding the corresponding initial diagnosis dates. This performance was achieved 
through the use of carefully designed prompts, without any explicit training or fine-tun-
ing of the models. The achieved accuracy values of around 90% for finding and coding 
diagnoses are not yet suitable for the real-world application of the models. A tailored 
fine-tuning of the models could, however, substantially improve the performance and 
make them viable tools for tumor documentation tasks.

We found that models of sizes in the range of 7–12 billion parameters offer a good bal-
ance of performance and resource efficiency. Larger models did not consistently outper-
form their smaller counterparts. The smaller models (Llama 3.2 1B and EuroLLM 1.7B) and 
the model trained with the least amount of data in total (LeoLM 7B Chat) struggled the 
most with the tasks. Llama 3.2 3B was not far behind the models of 7–12 billion parameters, 
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and might also become a viable option if improved with other techniques that compensate 
for the smaller amount of knowledge contained in the model. Additional domain-related 
training or more training data in the target language does not always lead to an improved 
performance, as could be seen with BioMistral and Llama 3.1 SauerkrautLM. This indicates 
that the way of training has also a very big impact on the performance in addition to the 
size of the training data.

The results also underline the necessity of having independent validation datasets for 
evaluating the model performance on real clinical data. Together with the code for the eval-
uation, we release the anonymized and annotated dataset that served as the data basis for 
this study. This can serve as a valuable benchmark for the German clinical NLP commu-
nity. Adding benchmarks from other clinical areas will be essential for enabling more com-
prehensive evaluation across use cases [72]. Our dataset can be seen as a first step toward 
developing a suite of benchmarks for tumor documentation in Germany, similar to what is 
already common in other areas of artificial intelligence research [73].

Our findings suggest that with proper training and prompt design, models in the 7–12 
billion parameter range could be well-suited for the task of tumor documentation. How-
ever, further research is needed to enhance model reliability and performance for tumor 
documentation in practice. Future work could explore techniques like parameter-efficient 
fine-tuning or retrieval-augmented generation, which have already shown success in similar 
tasks [74]. With continued advancements in this area, LLMs could become powerful tools 
for supporting medical professionals in tumor documentation.
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