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Abstract

Acquiring annotated corpora for medical NLP
is challenging due to legal and privacy con-
straints and costly annotation efforts, and using
annotated public datasets may do not align well
to the desired target application in terms of an-
notation style or language. We investigate the
approach of utilizing Wikipedia and WikiData
jointly to acquire an unsupervised annotated
corpus for named-entity recognition (NER). By
controlling the annotation ruleset through Wiki-
Data’s ontology, we extract custom-defined an-
notations and dynamically impute weak anno-
tations by an adaptive loss scaling. Our valida-
tion on German medication detection datasets
yields competitive results. The entire pipeline
only relies on open models and data resources,
enabling reproducibility and open sharing of
models and corpora. All relevant assets are
shared on GitHub1.

1 Introduction

A major reoccurring pain point in natural language
processing (NLP) remains the issue of lacking re-
sources regarding text corpora, including adequate
annotation information in particular. Especially in
medical and clinical NLP environments, the sit-
uation is notoriously difficult due to privacy and
legal restrictions on data use and sharing; render-
ing efforts to share open datasets from the clini-
cal domain complex and cumbersome. Yet there
are notable and important attempts to provide text
resources close to the clinical domain to the pub-
lic research domain, e.g. MIMIC-III/-IV (Pollard
and Johnson, 2016; Johnson et al., 2023). While
these resources are extremely valuable, a single
annotated dataset is governed by pre-defined pa-
rameters: First, the actual language, which may
not align with the desired target language, and
may pose another challenge regarding cross-lingual

1https://github.com/frankkramer-lab/
WikiOntoNERCorpus

transfer. Second, the domain-dependent linguistic
text properties and styles may vary from corpus
to corpus. Third, the provided annotation data are
usually tied to a certain ontology in entity linking,
or label classes in named-entity recognition (NER).
Forth, even if the label classes appear identical
across multiple corpora, the underlying annotation
guidelines that were employed as rulesets for an-
notation decision-making are usually not identical
or consistent with annotation guidelines from other
datasets. While the language and the text style are
inherently fixed, new annotation data for a given
corpus could be manually created if a custom an-
notation guideline is needed. However, a manual
annotation is costly, resource-intensive and may
remain non-reproducible to a certain degree due to
the human-provided input. Hence, creating such
an alternative annotation layer is not feasible in
practice. In this work, we investigate the practi-
cality of applying a fully unsupervised approach
for annotated data acquisition in the medical con-
text, yielding a corpus that is subsequently used as
training material for an NER model. To achieve
this, we compose several steps to obtain our final
results. Our approach combines two public knowl-
edge sources, Wikipedia2 and WikiData (Vrandečić
and Krötzsch, 2014)3, to extract text data and an-
notation information, whereas the core annotation
ruleset can be defined by leveraging the graph-like
ontology structure of WikiData. The crafted dataset
is used to train a conventional NER model. To
demonstrate the feasibility of our approach, we
evaluate our trained NER models on several ex-
ternal public datasets. Since our approach is in
particular of interest for medium- to low-resource
languages, we choose German as our non-English
target language, but it is also motivated by the fact
that external annotated datasets are available in that

2https://www.wikipedia.org/ (accessed July 5th,
2024)

3https://www.wikidata.org/ (accessed July 5th, 2024)

https://github.com/frankkramer-lab/WikiOntoNERCorpus
https://github.com/frankkramer-lab/WikiOntoNERCorpus
https://www.wikipedia.org/
https://www.wikidata.org/
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language for a final evaluation.
Due to its simple availability, quality and text

size, Wikipedia has been subject to NLP research
in the past decade, in particular exploited further to
obtain NER corpora. Therefore, it has been applied
in numerous works for generic NER (Ghaddar and
Langlais, 2017; Ryu et al., 2017; Nothman et al.,
2008; Nothman et al., 2013; Hahm et al., 2014;
Kim et al., 2012; Richman and Schone, 2008; Ni
and Florian, 2016; Krishnan et al., 2021; Tsai et al.,
2016; Alves et al., 2021), mostly using Wikipedia
text or features, while others also include struc-
tured knowledge bases like DBpedia (Mendes et al.,
2012) or FreeBase (Bollacker et al., 2008). Similar
to our work, Jiang et al. 2021 also cover English
biomedical NER for weak annotation data by mod-
ifying the loss function to be "noise-aware" and ap-
plying annotation imputation. Yet they also include
a set of small, manually fully-annotated labels, and
use PubMed texts with automatic dictionary-based
label synthesis instead of Wikipedia resources. Re-
garding open domain NER, Liang et al. 2020 tackle
the challenge by a similar two-stage self-training
approach using WikiData, but do not further cover
any custom Wikipedia parsing. To the best of our
knowledge, no work using Wikipedia and Wiki-
Data has been reported so far in the German, medi-
cal domain.

2 Methods

2.1 Mapping Wikipedia and WikiData

Throughout this work, we consider Wikipedia as
a language-dependent set of text documents iden-
tified by unique titles. The text documents are
encoded in WikiText, a domain-specific language
in markup style, which we mainly treat as plain
text sequences along with span-oriented text refer-
ences to other Wikipedia documents. In contrast,
WikiData is a language-agnostic knowledge base
which encodes its knowledge in a graph structure
with typed, directed edges ("statements") between
individual nodes. Each node is a WikiData en-
tity, uniquely identified by its QID number, and
either represents an actual concept (e.g. cancer
(Q12078)) and therefore may be referenced to its
corresponding language-specific Wikipedia page,
or is part of a virtual concept that encodes certain
ontology-inspired hierarchy structures (e.g. class
of disease (Q112193867)). Note that the corre-
spondences between the WikiData entities to their
language-specific Wikipedia pages are bijective in

most cases. We utilize these references to estab-
lish a mapping between WikiData and Wikipedia
entries.

2.2 Extracting Annotations from Wikipedia
The WikiText markup language, which is used to
encode the Wikipedia pages, facilitates the use of
references to other Wikipedia pages from the same
language. These kinds of references are eventually
rendered as hyperlinks in web browsers, and are
used to link certain terms within a Wikipedia page
text to pages that address the mentioned concepts
as their main topic. Given a set of concepts we are
interested in, defined as a set of Wikipedia pages in
practice, we parse the language-specific Wikipedia
dump to extract all sentences that contain refer-
ences to our set of concepts of interest while we
retain the reference information of each of the ex-
tracted sentences with regard to the text span of
the link and its target page. Note that for each ex-
tracted sentence, we also keep the information on
references that were not part of our set of concepts
as negative mentions. Finally, we obtain an an-
notated corpus in a certain language that contains
annotation information for mentions of concepts
of our interest. However, since not every men-
tioned concept is usually referenced in the Wiki-
Text and concepts worth referencing are usually
only reference at the first occurrence on a page, the
obtained corpus only contains weakly-annotated
labels. Using the corpus as training resource to
directly train an NER model therefore is expected
to yield a model with high precision, yet very low
recall scores due to the weak annotation.

2.3 Graph-defined Entity Selection using
SPARQL

To enable the use of the WikiData ontology to de-
fine a set of concepts of interest, we leverage the
SPARQL interface4, an RDF query language, to de-
termine all WikiData entities of interest. By these
means, we can make use of more complex queries
that take full advantage of the WikiData ontology
structures, and thus it yields an explainable and
well-defined output. We further resolve the Wiki-
Data entities into their language-specific Wikipedia
pages by the mapping we established before, and
extract all relevant sentences with annotations, as
described earlier. The entire process is illustrated
in Figure 1.

4https://query.wikidata.org/ accessed May 3rd,
2024

https://query.wikidata.org/
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Figure 1: Conceptual design of the weakly-annotated dataset creation for a certain SPARQL query on WikiData.

2.4 Dataset Imputation of Weak Annotations

Since NER can be framed as a token classification
task, we can stratify our evidence about a token
class into three cases: First, if the token is an ac-
tual part of a reference to a page from our set of
concepts, it is considered a positive token. Second,
if the token is also part of a reference, but does
not link to our desired concept set, we consider
it a negative token. Any other token without any
reference is declared as unknown, for which we
assume the token to not belong to any named en-
tity class similar to negative tokens, yet due to the
weak annotation its actual class remains unclear.
To mitigate the weak label signal during training,
we dynamically scale the gradient loss for each
token by the factor ω according to the following
schema:

Lscaled =


ωposL if token ∈ positive
ωnegL if token ∈ negative
ωunkL if token ∈ unknown

(1)

We balance the loss scaling weights ω accordingly.

ωpos =
#tokensneg
#tokenspos

, ωneg =
#tokenspos
#tokensneg

(2)

ωunk remains choosable as a hyperparameter.
Given the actual positive tokens, the negative to-
kens serving as contrastive samples, as well as the

unknown token samples, we can train an NER
model while maintaining the dynamic loss scal-
ing at each token position. Given the trained NER
model, it can be re-applied to the weakly-annotated
corpus in order to impute missing annotation spans
to subsequently obtain a silver standard, fully-
annotated corpus as shown in Figure 2.

3 Results

Regarding our implementation, significant portions
are re-purposed from existing work (Frei et al.,
2022). To assess our proposed approach in med-
ical, non-English NER, we mimic a medication
detection task in German texts due to the avail-
ability of public datasets with annotations includ-
ing label classes semantically related to drug or
medication, namely BRONCO150 (Kittner et al.,
2021), CARDIO:DE (Richter-Pechanski et al.,
2023), GPTNERMED (Frei and Kramer, 2023),
GERNERMED++ (Frei et al., 2023), and GGPOnc
2 (Borchert et al., 2022) (with short, fine annotation
layer). To address the medication detection task,
our simple entity selection strategy hereby filters all
WikiData entries that have an ATC code assigned
through the WikiData property P267 to eventu-
ally obtain a weakly-annotated corpus. Based on
this corpus, we fine-tune an NER model with the
Huggingface Transformers (Wolf et al., 2020) li-
brary for different ωunk scalars while ωpos/ωneg



573

Fine-tuning
using
Token

Weighting

Input Data
(for inference)

(without annotations)

Weakly-annotated Corpus

Georg and his family had fled from
cholera and the plague to

Lichtenberg Castle and later to
Giessen.

Token Weighting

Positive token: ωpos
Negative token: ωneg
Unknown token: ωunk

Fully-annotated Corpus (silver)

Georg and his family had fled from
cholera and the plague to

Lichtenberg Castle and later to
Giessen.

Re-apply fine-tuned model
in inference mode

Transformer-based
NER Model

Figure 2: Illustration of the dataset imputation process for the annotation data using dynamic token loss scaling.

remains balanced (1.337/0.748). In order to retain
a generic, non-medical setup for the dataset impu-
tation, we use GottBERT (Scheible et al., 2020), a
non-domain-specific German RoBERTa model as
encoder model for our NER token classifier. To ob-
tain a fully-annotated corpus, we apply the dataset
imputation on the weakly-annotated corpus using
the fine-tuned NER model. The statistics of the
corpus in various configurations are provided in Ta-
ble 1. Finally, we simulate a traditional but domain-
aware NER fine-tuning setup that assumes an or-
dinary, fully-annotated corpus by training on the
imputed corpus and use the default NER training
setup of SpaCy (Montani et al., 2023) with Ger-
MedBERT’s medBERT.de (Bressem et al., 2024),
a German medical language model, as BERT en-
coder without applying any token loss scaling. The
scores on the external datasets are evaluated using
BratEval5 in overlap mode, and shown in Table
2. The results for all ωunk values are provided in
Table 3 in the appendix.

The results on the BRONCO150, GERN-
ERMED++, and GPTNERMED datasets indicate
best and robust F1 scores in cases of ωunk < 0.8,
whereas for CARDIO:DE the scores are evidently
rather modest, to rather poor in case of GGPOnc2.
The impact of the token loss scaling ωunk is, as
expected, clearly noticeable as it consistently in-
creases the recall rates at lower ωunk values at the
expense of minor precision losses. A preliminary
lookup into the annotation disagreements in CAR-
DIO:DE and GGPOnc reveals that the models tend
to perform poorly on corpora with sparse, less fre-

5https://github.com/READ-BioMed/brateval/tree/
v0.3.2 (Commit c4f5fff) accessed May 3rd, 2024

Property Value
#Samples 84478
#Sents 90918
#Tokens 2023187
#Labels (pos), raw 105207
#Labels (neg), raw 145492
#Labels (pos), ωunk = 0.01 135795
#Labels (pos), ωunk = 0.05 127950
#Labels (pos), ωunk = 0.1 128157
#Labels (pos), ωunk = 0.2 120973
#Labels (pos), ωunk = 0.5 114339
#Labels (pos), ωunk = 0.8 110237
#Labels (pos), ωunk = 1.0 110024

Table 1: Statistics of the obtained datasets for different
ωunk settings. The corpora are based on the SPARQL
query that identifies all WikiData entities with assigned
ATC codes. The query is given in the appendix.

quent annotations, especially on samples without
any annotation. However, another apparent factor
remains the conceptual disagreements, for instance
"Thrombozyten" was detected due to its assigned
ATC code in its WikiData entity Q101026, however
it was not annotated by the Gold standard annota-
tion.

4 Discussion and Limitations

While a conclusive verdict is not feasible based on
the pure evaluation scores due to the diverse and
incoherence issues of the external datasets, the fact
that the entire data process operates solely on open
data yet can perform surprisingly well, even on
external corpora, encourages further efforts to fos-
ter open NLP resources and models, especially for
more sparse, non-English domains. Comparing our
results with related work, the GGPOnc 2 baseline

https://github.com/READ-BioMed/brateval/tree/v0.3.2
https://github.com/READ-BioMed/brateval/tree/v0.3.2
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ωunk Dataset Pr Re F1
0.01 BRONCO150 0.8103 0.7505 0.7792
0.2 (Kittner et al., 2021) 0.8014 0.7538 0.7768
1.0 [MEDICATION] 0.8537 0.5983 0.7035

0.01 GERNERMED++ 0.8104 0.7897 0.7999
0.2 (Frei et al., 2023) 0.8453 0.7526 0.7963
1.0 [Drug] 0.8831 0.6841 0.771

0.01 GPTNERMED 0.8002 0.8802 0.8383
0.2 (Frei and Kramer, 2023) 0.8553 0.8537 0.8545
1.0 [Medikation] 0.8336 0.8172 0.8253

0.01 CARDIO:DE 0.5402 0.7266 0.6197
0.2 (Richter-Pechanski et al., 2023) 0.5352 0.7107 0.6106
1.0 [DRUG, ACTIVEING] 0.5634 0.5924 0.5775

0.01 GGPOnc 2 0.1908 0.7257 0.3021
0.2 (Borchert et al., 2022) 0.2324 0.6635 0.3442
1.0 [Clinical_Drug] (short, fine) 0.2425 0.5702 0.3402

Table 2: Performance scores on external datasets using
BratEval in overlap mode for Precision, Recall and
F1 score for different ωunk values. See Table 3 in the
appendix for all ωunk values. The harmonized label
classes are given in square brackets.

NER model is reported to achieve .91 F1-score on
its test set on the Clinical_Drug label class, like-
wise CARDIO:DE achieves .85/0.81 F1-scores for
the ACTIVEING/DRUG label classes. However,
major disagreements are reported in cross-corpus
model transfer. For instance, (Richter-Pechanski
et al., 2023) report a .21 F1-score for the DRUG
class when applying the GGPOnc 2 NER model
to the held-back part of the CARDIO:DE corpus,
highlighting certain innate limitations when com-
paring F1-scores across different datasets and an-
notation guidelines, as well as the need for the use
of multiple datasets during evaluation. As for an-
other, less severe instance, (Frei et al., 2023) and
(Frei and Kramer, 2023) report .73/.72. F1-scores
respectively on the BRONCO150 corpus for the
MEDICATION label class, hinting towards more
consistent mutual annotation agreements.

Other factors in NER are not further addressed
in this work, such as efforts towards support for
nested entities or discontinuous annotations or the
support for label classes beyond medication de-
tection. The latter aspect may be achieved by the
use of an updated SPARQL query definition for
certain label classes that align well to the annota-
tion schema from Wikipedia articles but may fail
for other label classes like strength- or frequency-
related entities which may not be covered well by
Wikipedia or WikiData. In this regard, potential
limitations within the WikiData knowledge base
are not investigated that may influence the quality
of our results in other domains. Other limiting fac-
tors such as the quality of the pre-trained language
models are not quantified in isolation. However,

in general, the effective use of more sophisticated
SPARQL queries for entity selection may unlock
further potential gains, as well as its application
in other languages and domains since our method
is not inherently bound to the medical field. Yet,
these aspects only serve as motivation for future
work.

5 Conclusion

In this work, we demonstrated an unsupervised ap-
proach for creating an annotated dataset for medical
NER for the German language defined by the Wiki-
Data ontology structure using exclusively open data
resources. The proof of concept of the proposed
method in practical scenarios was shown on a set of
external datasets, yielding surprisingly well results.
We also discussed further potential but currently
underexplored factors such as improved SPARQL
queries as future work. Relevant assets are pub-
lished on GitHub6, including a web interface that
enables external users to create new corpora from
custom SPARQL queries for independent experi-
ments.
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A Complete NER Results

The results for all ωunk values are provided in Ta-
ble 3.
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Table 3: Performance scores on external datasets using
BratEval in overlap mode for Precision, Recall and F1
score for all different ωunk values. The harmonized
label classes are given in square brackets.

B Setup Parameters

B.1 SPARQL Query for Entity Selection

The SPARQL query that has been used for the
entity selection. The query selects all WikiData
entities with an assigned ATC code.

# Anything that has an assigned ATC code
SELECT ?item
WHERE
{

?item wdt:P267 ?atccode .
}

The query was performed on the WikiData

SPARQL query service7 on April 17th, 2024.

B.2 Training Configuration

B.2.1 First-stage NER with Dynamic Loss
Scaling

We use the Transformers (Wolf et al., 2020) library
to train the first NER model used for dataset impu-
tation during successive steps. The entire dataset
(for ATC) was split into train+dev set (90%) and
test set (10%), and the train+dev set was split into
train set (80%) and dev set (20%). The following
Huggingface Transformers parameters were used
for training.

"evaluation_strategy": "epoch",
"per_device_train_batch_size": 32,
"per_device_eval_batch_size": 32,
"gradient_accumulation_steps": 1,
"learning_rate": 5e-05,
"weight_decay": 0.0,
"adam_beta1": 0.9,
"adam_beta2": 0.999,
"adam_epsilon": 1e-08,
"max_grad_norm": 1.0,
"num_train_epochs": 3,
"lr_scheduler_type": "linear",
"warmup_ratio": 0.0,
"warmup_steps": 0,
"save_strategy": "epoch",
"seed": 42,
"load_best_model_at_end": true,
"metric_for_best_model": "loss",
"optim": "adamw_torch",

As a pre-trained encoder, we used
uklfr/gottbert-base (Scheible et al., 2020)
from the Huggingface Hub. The final model was
picked according to the lowest loss on the dev set.

B.2.2 Output Token Decoding for Dataset
Imputation

For the decoding of the output probabilities from
the first-stage NER model for the dataset imputa-
tion, we used a greedy decoding strategy to predict
the IOB2 labels (O, B-LABEL, I-LABEL). How-
ever, invalid outputs were set to -inf prior to the
final token decoding.

B.2.3 Second-stage NER on Imputed Dataset
For the training on the imputed dataset using
SpaCy (Montani et al., 2023), the initial default
configuration was created with the CLI command:

7https://query.wikidata.org/

https://query.wikidata.org/
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python3 -m spacy init config base.cfg -l
de -p ner -G -o accuracy. The following
modifications were made to the base configuration:

• In [components.transformer.model], set
name = "GerMedBERT/medbert-512"

• In [training.optimizer.learn_rate],
set initial_rate = 5e-5

• In [training], set max_epochs = 10

• In [training], set max_steps = -1

• In [training], set seed = 0

The final configuration was created with the
CLI command: python3 -m spacy init
fill-config base.cfg final.cfg. Similar to
the first-stage NER training, the entire dataset was
split into train+dev set (90%) and test set (10%),
and the train+dev set was split into train set (80%)
and dev set (20%). After training, the best model
was picked according to the best (internal) F1 score
on the dev set, as this is the default SpaCy ap-
proach.

C Data Versioning

C.1 NLP Tools

The Python libraries from pypi.org in the following
versions were used for the experiments:

• Huggingface Transformers: transformers:
4.36.2

• SpaCy: spacy: 3.7.4

• SpaCy-Transformers:
spacy-transformers: 1.3.4

C.2 Wikipedia and WikiData Dumps

The dumps for WikiData and Wikipedia were ac-
cessed by the web references at the following time:

• Wikipedia / German: https:
//dumps.wikimedia.org/dewiki/latest/
dewiki-latest-pages-meta-current.
xml.bz2 on February 22, 2024.

• Wikipedia / English: https:
//dumps.wikimedia.org/enwiki/latest/
enwiki-latest-pages-meta-current.
xml.bz2 on February 26, 2024.

• Wikipedia / French: https://dumps.
wikimedia.org/frwiki/latest/
frwiki-latest-pages-meta-current.
xml.bz2 on February 26, 2024.

• Wikipedia / Spanish: https:
//dumps.wikimedia.org/eswiki/latest/
eswiki-latest-pages-meta-current.
xml.bz2 on February 26, 2024.

• WikiData: https://dumps.wikimedia.
org/wikidatawiki/entities/ on February
23, 2024.

D Annotated Text Samples

To visualize the effect of the annotation imputation
stage, several samples from the datasets are shown
in Table 4. The datasets are based on the SPARQL
query which applies the ATC code assignment filter.
While in most instances, the added entities can be
considered correct, some ambiguities persist even
after manual inspection. For instance, the words
"calcium-" and "magnesiumhaltigen" may refer to
"calcium carbonate" (Q23767) and "magnesium
carbonate" (Q407931) and ATC codes are assigned
to their corresponding WikiData entities. However,
the correspondent WikiData items for "calcium"
(Q706) and "magnesium" (Q660) lack any ATC
code.

https://dumps.wikimedia.org/dewiki/latest/dewiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/dewiki/latest/dewiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/dewiki/latest/dewiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/dewiki/latest/dewiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/enwiki/latest/enwiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/enwiki/latest/enwiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/enwiki/latest/enwiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/enwiki/latest/enwiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/frwiki/latest/frwiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/frwiki/latest/frwiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/frwiki/latest/frwiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/frwiki/latest/frwiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/eswiki/latest/eswiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/eswiki/latest/eswiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/eswiki/latest/eswiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/eswiki/latest/eswiki-latest-pages-meta-current.xml.bz2
https://dumps.wikimedia.org/wikidatawiki/entities/
https://dumps.wikimedia.org/wikidatawiki/entities/
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Setup Text Sample

raw (neg)
Dabei wird das Kollagen des Fleischbindegewebes durch Säuren, Tannine und weitere

Bestandteile des Weins angegriffen, gelockert und teilweise gelatiniert, wodurch das Fleisch zarter
wird und Geschmack freigesetzt wird.

raw (pos)
Dabei wird das Kollagen des Fleischbindegewebes durch Säuren, Tannine und weitere

Bestandteile des Weins angegriffen, gelockert und teilweise gelatiniert, wodurch das Fleisch zarter
wird und Geschmack freigesetzt wird.

ωunk = 0.01 (imp)
Dabei wird das Kollagen des Fleischbindegewebes durch Säuren, Tannine und weitere

Bestandteile des Weins angegriffen, gelockert und teilweise gelatiniert, wodurch das Fleisch zarter
wird und Geschmack freigesetzt wird.

ωunk = 0.2 (imp)
Dabei wird das Kollagen des Fleischbindegewebes durch Säuren, Tannine und weitere

Bestandteile des Weins angegriffen, gelockert und teilweise gelatiniert, wodurch das Fleisch zarter
wird und Geschmack freigesetzt wird.

ωunk = 1.0 (imp)
Dabei wird das Kollagen des Fleischbindegewebes durch Säuren, Tannine und weitere

Bestandteile des Weins angegriffen, gelockert und teilweise gelatiniert, wodurch das Fleisch zarter
wird und Geschmack freigesetzt wird.

raw (neg)
Die klinische Entwicklung bei Depression wurde jedoch eingestellt, da Rolipram im Vergleich zu

herkömmlichen Antidepressiva keinen Zusatznutzen zeigen konnte.

raw (pos)
Die klinische Entwicklung bei Depression wurde jedoch eingestellt, da Rolipram im Vergleich zu

herkömmlichen Antidepressiva keinen Zusatznutzen zeigen konnte.

ωunk = 0.01 (imp)
Die klinische Entwicklung bei Depression wurde jedoch eingestellt, da Rolipram im Vergleich zu

herkömmlichen Antidepressiva keinen Zusatznutzen zeigen konnte.

ωunk = 0.2 (imp)
Die klinische Entwicklung bei Depression wurde jedoch eingestellt, da Rolipram im Vergleich zu

herkömmlichen Antidepressiva keinen Zusatznutzen zeigen konnte.

ωunk = 1.0 (imp)
Die klinische Entwicklung bei Depression wurde jedoch eingestellt, da Rolipram im Vergleich zu

herkömmlichen Antidepressiva keinen Zusatznutzen zeigen konnte.

raw (neg) Durch die Gabe von calcium- und magnesiumhaltigen Antacida nach oraler Überdosierung von
Ofloxacin kann die Resorption infolge Bildung schwerlöslicher Komplexe verzögert werden.

raw (pos) Durch die Gabe von calcium- und magnesiumhaltigen Antacida nach oraler Überdosierung von
Ofloxacin kann die Resorption infolge Bildung schwerlöslicher Komplexe verzögert werden.

ωunk = 0.01 (imp) Durch die Gabe von calcium- und magnesiumhaltigen Antacida nach oraler Überdosierung von
Ofloxacin kann die Resorption infolge Bildung schwerlöslicher Komplexe verzögert werden.

ωunk = 0.2 (imp) Durch die Gabe von calcium- und magnesiumhaltigen Antacida nach oraler Überdosierung von
Ofloxacin kann die Resorption infolge Bildung schwerlöslicher Komplexe verzögert werden.

ωunk = 1.0 (imp) Durch die Gabe von calcium- und magnesiumhaltigen Antacida nach oraler Überdosierung von
Ofloxacin kann die Resorption infolge Bildung schwerlöslicher Komplexe verzögert werden.

raw (neg) Bei einer Überdosierung von Fenetyllin werden große Mengen der Neurotransmitter
Noradrenalin und Dopamin aus den Speichervesikeln im zentralen Nervensystem freigesetzt.

raw (pos) Bei einer Überdosierung von Fenetyllin werden große Mengen der Neurotransmitter Noradrenalin
und Dopamin aus den Speichervesikeln im zentralen Nervensystem freigesetzt.

ωunk = 0.01 (imp) Bei einer Überdosierung von Fenetyllin werden große Mengen der Neurotransmitter
Noradrenalin und Dopamin aus den Speichervesikeln im zentralen Nervensystem freigesetzt.

ωunk = 0.2 (imp) Bei einer Überdosierung von Fenetyllin werden große Mengen der Neurotransmitter
Noradrenalin und Dopamin aus den Speichervesikeln im zentralen Nervensystem freigesetzt.

ωunk = 1.0 (imp) Bei einer Überdosierung von Fenetyllin werden große Mengen der Neurotransmitter Noradrenalin
und Dopamin aus den Speichervesikeln im zentralen Nervensystem freigesetzt.

Table 4: Original text samples (raw) and their annotation-imputed instances for certain ωunk values. The text in
bold denotes the annotated entities. The samples were chosen for illustration purposes. The annotation granularity
reflects the token structure from the subword tokenizer of the GottBERT model.
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