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Abstract

Objective: We survey clinical document corpora, with a focus on German textual data. Due to rigid data privacy legislation in Germany, these
resources, with only few exceptions, are stored in protected clinical data spaces and locked against clinic-external researchers. This situation
stands in stark contrast with established workflows in the field of natural language processing, where easy accessibility and reuse of (textual)
data collections are common practice. Hence, alternative corpus designs have been examined to escape from data poverty. Besides machine
translation of English clinical datasets and the generation of synthetic corpora with fictitious clinical contents, several types of domain proxies
have come up as substitutes for real clinical documents. Common instances of close proxies are medical journal publications, therapy guide-
lines, drug labels, etc., more distant proxies include medical contents from social media channels or online encyclopedic medical articles.

Methods: We follow the PRISM (Preferred Reporting ltems for Systematic reviews and Meta-analyses) guidelines for surveying the field of
German-language clinical/medical corpora. Four bibliographic databases were searched: PubMed, ACL Anthology, Google Scholar, and the
author’s personal literature database.

Results: After PRISM-conformant identification of 362 hits from the 4 bibliographic systems, the screening process yielded 78 relevant docu-
ments for inclusion in this review. They contained overall 92 different published versions of corpora, from which 71 were truly unique in terms
of their underlying document sets. Out of these, the majority were clinical corpora—46 real ones from which 32 were unique, 5 translated ones
(3 unigue), and 6 synthetic ones (3 unigue). As to domain proxies, we identified 18 close ones (16 unique) and 17 distant ones (all of them
unique).

Discussion: There is a clear divide between the large number of non-accessible real clinical German-language corpora and their publicly accessi-
ble substitutes: translated or synthetic datasets, close or more distant proxies. So, at first sight, the data bottleneck seems broken. Intuitively,
yet, differences in genre-specific writing style, lexical or terminological diction, and required medical background expertise in this typological
space are also obvious. This raises the question how valid alternative corpus designs really are. A systematic, empirically grounded yardstick for
comparing real clinical corpora with those suggested substitutes and proxies is missing until now.

Conclusion: The extreme sparsity of real clinical corpora in almost all non-Anglo-American countries worldwide, Germany in particular, has trig-
gered an active search for alternative, publicly accessible data resources laid out in this survey. However, the utility of these substitutes com-
pared with real clinical corpora and their semantic and genre-specific distance to real clinical corpora is still under-researched so that their value
remains to be assessed properly. Furthermore, corpus descriptions are often incomplete with respect to relevant descriptional attributes. This
paper bundles these observations and proposes a template for a so-called corpus card to improve adequate corpus documentation.

Lay Summary

Corpora, that is, collections of textual, audio, or visual data, are crucial for training and evaluating language models, which are the backbone of
down-stream application tasks, such as information extraction, text mining, or document classification. Due to ethical concerns and correspond-
ing legislation, access to clinical corpora is severely restricted world wide. Particularly high distribution hurdles have been implemented in Non-
Anglo-American regions of the world, especially Europe. To illustrate this dilemma, we focus on the current situation in Germany. We review in-
depth real, that is, authentic German-language clinical corpora and find that, with only very few exceptions, their public accessibility is prohib-
ited. Therefore, we widen our scope to alternative corpus designs intended to break this data bottleneck. Several substitutional approaches
have been pursued, such as translations from English clinical datasets to German, the construction of synthetic corpora with fictitious contents,
and close as well as more distant domain proxies. The latter 2 incorporate documents with medical themes yet feature entirely different text
genres and writing styles, such as medical journal articles, therapy guidelines, or drug labels as close domain proxies, and medical social media
contents as well as online encyclopedic medical articles as more distant domain proxies. Unlike real clinical corpora, almost all these potential
substitutes are publicly available and, thus, alleviate data sparsity. An open empirical research question remains though: at what costs (eg, in
terms of system performance) can these alternative corpus designs substitute real clinical documents?
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Background

Corpora are collections of so-called unstructured textual,
audio, or visual data in contrast to structured, mostly tabular,
information stored in databases or spreadsheets. Whereas
structured data are readily interpretable and thus actionable
by computers, unstructured data are not. To computationally
interpret unstructured data, language models are automati-
cally learned, which capture and represent the data’s structure
and contents so that computers can reason on the models’ rep-
resentation structures. This learning process is either organized
in an unsupervised way, just relying on typically huge masses
of raw corpus data and the distributional patterns they
embody, or in a (semi-)supervised manner where metadata
attached to the raw corpus data explicitly inform the machine
learning engine with crucial (syntactic and) semantic interpre-
tation hints.

Such metadata are usually supplied by humans as the result
of annotation processes that lead to gold standard data (so-
called ground truth); automatic tagging may replace humans
in the loop and yields (mostly lower quality) machine-
generated annotations, a computational process that gener-
ates silver standard data. Annotations mimic the human
understanding process of unstructured data by requiring
human annotators to strictly follow interpretation rules laid
down in carefully crafted annotation guidelines. The outcome
of annotation processes is quality-checked in terms of inter-
annotator agreement metrics, whose scores indicate how
close annotators adhere to annotation guidelines as language
understanders; for comprehensive surveys on the role of cor-
pora for machine learning and natural language processing
(NLP), see Storks et al.' and Paullada et al.,” and for intro-
ductions to the organization of and methodology underlying
annotation campaigns, see Lu® and Ide and Pustejovsky.’
Annotated corpora are typically built with specific purposes
in mind, for example, down-stream applications, such as text
classification, named entity recognition, or relation/event
extraction. Consequently, they normally address only 1 spe-
cific target layer of (language) understanding rather than its
whole multi-dimensional spectrum.

Over the years, corpora have turned into an indispensable
prerequisite for NLP since they serve 2 purposes. First, they
provide the input for machine learning algorithms to learn
structural and content properties from unstructured data.
Second, annotated corpora constitute a common ground for
evaluation experiments to measure the quality of systems
operating on unstructured data in terms of (community-con-
sensual) benchmarks. Hence, well-designed, reasonably sized,
and publicly shared corpora are the foundation for the repro-
ducibility of research results in that they allow the solid com-
parison of different types of language models, different sets
of (hyper)parameters within the same model family, their
effect on the outcomes of down-stream tasks, alternative sys-
tem architectures, etc.

The dire need for specialized clinical corpora arises from
the fact that medicine, as many other sciences, has established
a highly diversified sublanguage on its own, diverging
strongly from other scientific disciplines beyond the life scien-
ces and, in particular, common language use patterns in
everyday verbal communication.>® Even worse, clinical lan-
guage is not homogeneous but splits into numerous subdo-
mains and text genres,” also differing from each other in
many ways. Therefore, the utility of a given clinical/medical
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corpus must be carefully assessed in the light of various
descriptive dimensions:

* Medical subdomains are often incompatible at the termi-
nological level and follow different reporting standards.
Consequently, documents from oncology are different
from cardiology or radiology, and vice versa, both in
terms of document structure and the verbalization of con-
tents. This raises the issue whether a multitude of homo-
geneous subdomain corpora have to be supplied as an
adequate pool for model training or, when such a large
spectrum of subdomain corpora is lacking, whether mod-
els trained on, say, oncology data lead to poor(er) cardiol-
ogy or radiology models, and vice versa.
Liang et al.,'’ eg, report on domain transfer learning
experiments where PubMed-based generic medical lan-
guage models (derived from medical journal abstracts) are
applied to oncology data (the Bronco corpus)'' and neph-
rology data (the Ex4CDS corpus),'* respectively. Their
results yield preliminary evidence that much of the enor-
mous variance in the classification results can be attrib-
uted to the semantic alignment of (merged) named entity
types to harmonize the corpora involved. In a follow-up
study,'? the authors tackle this problem of semantic diver-
sity by proposing a multi-layered semantic annotation
scheme.
Similar discrepancies can be observed for different clinical
text genres. Their diversity is truly amazing. A de facto
standard for the categorization of clinical documents in
Germany, Klinische Dokumentenklassen-Liste, distin-
guishes more than 400 different genre types (https://sim-
plifier.net/kdl/kdl-cs-2025) (We owe this information to
Frank Meineke (personal communication).). Discharge
summaries, for instance, differ significantly from pathol-
ogy reports, radiology reports, operative reports, or nurs-
ing notes, both in terms of document structure and the
verbalization of contents. Again, the question pops up
whether homogeneous genre-specific corpora are needed
for model training or, put the other way around, whether
models trained on, say, discharge summary data lead to
poor(er) pathology or radiology report models, and vice
versa.

* Another crucial source of variance relates to site-specific
documentation standards. For instance, discharge sum-
maries from clinic A may deviate from those produced in
clinic B and C, both in terms of document structure and
verbal realization. This raises the question whether homo-
geneous site-specific corpora have to be generated for
proper model training (even for the same clinical domain
and clinical report genre) or, phrased alternatively,
whether models trained on discharge summaries from
clinic A are valid, at all, for discharge summaries from
clinic B or C, and vice versa.

Bohringer et al.'* conducted experiments to automatically
infer ICD-10 codes in ophthalmologic departments of 3
different German hospitals and found that common eye
disorders were mostly accurately classified by a language
model trained in one of these hospitals and rolled out in
the other 2 hospitals, whereas others, rare diseases in par-
ticular, varied considerably in classification accuracy. The
authors also noted diverging local terminological stand-
ards and reporting habits, for example, the use of uncom-
mon abbreviations that only make sense and are only
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understood in the local hospital environment. Such local
“dialects” add an additional level of complexity to
corpus-building initiatives that are hard to cope with.

Perhaps the most problematic issue with clinical/medical
corpora is tied to the quest for prioritizing individual data
privacy and security over distributability, which leads to
extremely high hurdles, if not a non-negotiable blockade, to
make such corpora publicly available. The underlying ethical
concerns'® have been translated into legal protection regula-
tions worldwide. These are intended to avoid individual
patients’ re-identification once clinical documents leave safe-
guarded, hospital-internal data spaces, such as the patients’
Electronic Health Record (EHR). Criteria deserving such pro-
tection efforts have been spelled out most explicitly in the US
HIPAA legislation act (https://www.hhs.gov/hipaa/index.
html) and cover 18 privacy-sensitive attributes, so-called Per-
sonally Identifiable Information (PII; https://www.directives.
doe.gov/terms_definitions/personally-identifiable-informa-
tion-pii), which carry information about the patients’ and
other clinical actors’ identity (see, eg, Table 2 in Seuss
et al.'®) HIPAA’s safe harbor rules require that such data
items be neutralized by de-identification processes prior to
allowing use by or disclosure to clinic-external individuals or
institutions. Under these provisions, data distribution allow-
ance usually requires signing a Data Use Agreement (DUA)
between data owners (typically, a hospital) and external data
users, which spells out detailed protective conditions for data
storage and use and access at external sites. In Europe, the
conditions of the General Data Protection Regulation
(GDPR; https://gdpr.eu/) and national Germany data protec-
tion laws (eg, “Gesundbeitsdatennutzungsgesetz” [GDNG;
For a detailed discussion of German data protection regula-
tions pertaining to clinical corpus distribution, see Lohr
et al.’” [section 3]]) are less explicit in that they lack a compa-
rable list of PII attributes. Instead, they require the explicit
informed consent of data subjects for any external use. These
requirements have the following implications:

* Clinical corpora may, under no circumstances, be made
publicly available without complete and certified de-
identification of PIIs. Certification and clearance are usu-
ally administered by the ethical board of the local hospital
the data originate from.

* The features or attributes to be identified are explicitly
enumerated for the US clinical NLP community (HIPAA’s
PIls). Such a clarification is missing in European law
(GDPR) and national German law (GDNG). GDPR posits
that data subjects have to express explicit consent that
their de-identified data can be used for subsequent infor-
mation processing; German law vaguely states that de-
identified data can only be made publicly available when
privacy can be broken with “unreasonable efforts” (what
unreasonable efforts really are is not spelled out).

* The allowance for (fully de-identified) clinical corpora to
be publicly distributed is always bound to the consent of
the ethics board of the local hospital the corpus emerged
from. This decision is based on verified adherence to the
current legal data security ecosystem in Germany, as well
as local hospital rules and best practices. Clinical adminis-
trations in Germany are extremely cautious to avoid
potential juridical measures against data clearance and
thus usually block corpus distribution.

Given this legal frame of reference, only very few German-
language clinical corpora have been released for public use
up until now. Consequently, the clinical NLP community in
Germany has made immense efforts to replace real clinical
corpora by reasonable substitutes or domain proxies. All
these efforts are documented in detail in the Supplementary
Material section of this article and will be summarized in the
Results section.

Objective

This review sheds light on corpus developments in the clinical
and, more broadly, medical domain for the German language
(spoken primarily in Germany, Austria, and parts of Switzer-
land by roughly 100 million native speakers). We will report
on various real clinical corpora, almost all of them locked in
safeguarded clinical data silos. Due to legal privacy protec-
tion regulations in Germany, clinic-external distribution of
these corpora is usually forbidden, even after strict HIPAA-
style de-identification, so that they remain inaccessible to the
wider (clinical/medical) NLP community. Such rigid access
restrictions violate established routines in NLP R&D work-
flows in which the (re-)usability of corpora is common prac-
tice for training and evaluating language models. Corpus
developers have thus investigated several alternatives to
bypass this data bottleneck. Hence, we will also review these
potential substitutes for real clinical corpora in depth (for
alternative surveys of German clinical corpora, see Starlinger
et al.'® and Zesch and Bewersdorff'®).
This review targets the following objectives:

* We provide a comprehensive survey of German-language
corpora in the clinical domain and complement this nar-
row view by corpora with a wider medical scope.

* The corpora included in this review deal with written ver-
bal data only. As far as multi-media data (eg, images in
radiology reports) are concerned, only the written portion
is dealt with. Speech corpora with spoken language as pri-
mary verbal data (eg, audio recordings of doctor—patient
conversations) and any other modality complementing
language behavior (visual information via deictic pointing
gestures, body movements, facial expressions, etc.) will be
excluded from this survey.

We cover (hopefully) all corpora that have been published

under peer review policy in the past quarter of a century,

namely from 2000 until December 2024.

Abstracting away from the specifics of the individual cor-

pora we survey, we introduce a generic template, we call

corpus card, to guide future corpus descriptions (see the

Supplementary Appendix, Table A1). This recommenda-

tion is language-independent and may be useful, in gen-

eral, for the international medical informatics community
to promote higher data science standards for corpus
documentation.

Materials and methods

We followed the PRISM (Preferred Reporting Items for Sys-
tematic reviews and Meta-analyses) guidelines for surveying
the field of German-language clinical/medical corpora.?’
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Study identification

Since the topic of this review lies at the intersection of (clini-
cal) medicine and NLP, we considered a medical biblio-
graphic resource (PubMed®, which comprises more than 37
million citations for biomedical literature from the biblio-
graphic database Medline) and an NLP-focused one (ACL
Anthology, with up to 100 000 bibliographic units from the
most authoritative institution in the field of NLP, the Associ-
ation for Computational Linguistics). As a third resource, we
took Google Scholar (whose focus is on thematically uncon-
strained scholarly publications). Finally, the author’s own
bibliographic database, ABib (with more than 66 000 biblio-
graphic units covering [biomedical] NLP publications), was
searched as well. The following queries were evaluated on
August 24, 2024, on all 4 bibliographic databases (in addi-
tion, we conducted a final search on ABib on January 15,
20235, to collect the latest publications from 2024):

PubMed
Query:
(corpus)
Hits: 89
ACL Anthology

Query: (German) AND (clinical OR medical) AND
(corpus)

Hits: 5510 (ordered by relevance)

Google Scholar

Query: (German) AND (clinical OR medical) AND
(corpus)

Hits: ~ 443 000 (ordered by relevance)

ABib

Query: (language: German) AND (domain: medicine OR
domain: clinic) AND (text corpus)

Hits: 70 (+3) =73

(German) AND (text OR document) AND

¢ PubMed (n=89)
¢ ACL Anthology (n=100 ; down from 5,510 hits)
* Google Scholar (n =100; down from 443k hits)

(=
o
=}
©
o
=
P
=
[}
=

# of records identified through database searching:
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All hits were checked for PubMed (89) and ABib (73),
whereas only the first 100 hits could be screened for ACL
(the list was truncated after 100 hits by the search engine and
could not be expanded) and Google (to mimic the procedure
for ACL). The PRISM flowchart for the document selection
process is depicted in Figure 1, while the distribution of all
relevant articles and their overlaps for the 4 different search
engines are displayed in Figure 2.

Eligibility criteria

Only German-language clinical/medical corpora were eligible
for this review; mixed-language corpora (eg, parallel corpora)
were included if they contained a significant German portion
(see criteria below). Publications that reused already existing
corpora for down-stream applications were excluded, as well
as corpora featuring spoken language, that is, audio data,
whereas written chats, blogs, and tweets from social media
channels or written doctor-patient conversations were
included. Tiny corpora with less than 100 documents or less
than 10 000 tokens were discarded (unless they are publicly
shareable), as well as corpora portraying the history of medi-
cine. Overly under-documented corpora lacking fundamental
descriptive data (eg, number of documents or tokens) were
also eliminated. We focused on human medicine only. The 4
independent searches yielded 362 hits altogether from which
78 were considered relevant and, thus, form the basis for this
review (The spreadsheet for the relevance assessments of all
362 publications identified by the literature search is avail-
able from the author on demand.).

Results

The following presentation of results is based on the division
of corpus descriptions into 5 tables that can be found in the
Supplementary Material (see Tables S2-S6). We distinguish
between 3 types of clinical corpora (namely, real, translated,

# of additional records identified through other
data sources:
* ABib(n=73)

'
[ # of records after duplicate removal (32): 330]

Screeming

[# of full text articles assessed for eligibility: 93]

i

[# of studies included in qualitative analysis: 78]

Figure 1. PRISM flowchart.

[ # of records screened via abstracts: 330 J—|_> * speech corpora/spoken language (n = 15)

ﬁof records excluded (based on abstracts): 237 \
* non-Germandata (n=62)
* non-medical data (n =59)
* notacorpus (n=55)
e corpusreuse study (n =25)

* non-naturallanguage data (n=9)
¢ history of medicine (n =8)

¢ ambiguity of the term ,,corpus® (n=2)
knon-human data (n=2) /

~

# of full texts excluded,: 15

e tiny corpus (n=9)

* under-specified corpus (n=4)
* non-Germandata (n =2)
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Figure 2. Distribution and overlap of relevant hits.

and synthetic ones) and 2 types of non-clinical medical cor-
pora as domain proxies (mainly built from scholarly medical
publications on the one hand and social media data and ency-
clopedic articles on the other hand). For all § categories of
corpora, we distinguish between:

* the number of publications in which the individual cor-
pora are described per category,

* the number of distinct (or document-unique) corpora per
category, that is, ones with zero intersection of their docu-
ment sets, or, alternatively, where different versions of the
same corpus are genealogically aligned (this criterion
merges identical document sets or sets of documents
where one corpus is a superset of another one), and

* the number of annotation-unique corpora per category,
that is, ones to which different types of metadata have
been assigned (corpora lacking any metadata are

excluded).

A summary table of all German-language clinical/medical
corpora in which these three distinctions will be made con-
crete is provided in Table 1.

Clinical corpora

Real clinical corpora

Real clinical corpora are composed of original clinical reports
or notes written by professional clinical staff who report
about individual patients during their hospital stay. We
found 46 publications for such corpora, from which 32 are
distinct (document-unique), whereas 40 corpora are
annotation-unique, that is, annotated with different types of
metadata. Table S2 in the Supplementary Material section
gives a detailed overview of these 46 corpora.

Clinical corpus construction efforts for the German lan-
guage started in 2004 with FraMed.”' This corpus is
medium-sized (100k tokens), annotated with low-level lin-
guistic information only, and (due to the inclusion of clinical
and copyrighted textbook material) non-sharable as a data-
set. Language models for sentence and token splitting as well
as part-of-speech tagging were made publicly available in the

™M
I

78

JCoRe model release 10 years later.”>”* From 2007 to 2016,
various clinical corpora were developed as a by-product of
application-focused studies, with Miiller-07,>* Kreuzthaler-
11,>* and Bretschneider-14,%° constituting, at that time,
quantitatively outstanding datasets (roughly 30 000 docu-
ments [no token count], 3500 documents, 84k tokens, and
2700 documents, 347k tokens, respectively); Miiller-07 and
Kreuzthaler-11 come without any medically relevant meta-
data, whereas Bretschneider-14 has 148k tokens semantically
annotated with domain-specific RadLex terms for radiology
reports.

Around 20135, several new tendencies can be observed for
corpus building in the German-language clinical NLP com-
munity. First, corpora, once created, undergo continuous
quantitative augmentation, qualitative curation, and, in gen-
eral, profit from iterative refinement in follow-up studies.
Furthermore, the annotations feature fine-grained semantic
information in terms of clinically relevant named entity and
semantic relation types, as well as linguistic information cov-
ering, eg, negation and uncertainty signals. A typical example
of this move are the activities of the Roller group,>'™** who
developed a homogeneous corpus of discharge summaries in
the nephrology domain (about 1725 [1360] documents, with
some 158k [111k] tokens). It excels in the richest semantic
type repertoire up until now (around 46k named entity anno-
tations for 17 types and 17k relation annotations for 9 types
in the latest, slightly downsized release).>® For the first time
ever, also a DUA-based access option for pre-trained infor-
mation extraction models is provided. The approach taken
by the 3000PA team®”~* is perhaps even more ambitious,
since their work (based on more than 6600 clinical docu-
ments, mainly discharge summaries, from 3 different national
university hospitals, with 7.3 million tokens)*” aims at the
broad coverage of very diverse annotation layers ranging
from medication information (1 entity type, 5 relations),*” 18
section heading types,*’ 13 PII entity types,** 3 medical
named entity types (Symptom, Finding, Diagnosis),** various
semantic relations, as well as factuality and temporal infor-
mation.>” All this accumulates in slightly more than 2 million
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Corpus type

Different corpus versions

Document-unique corpora

Annotation-unique corpora

Clinical—real

Clinical—translated

FraMed?!
Miiller-07%2
Spat-08%°
Kreuzthaler-1
Fette-12%°
Bretschneider-14%°

124

Bretschneider-1327
Toepfer-15%
Lohr-16%°
Lépprich-16°
Roller-16>!
Roller-20%*

Roller-2233
Cotik-16%*
Roller-183°
Kreuztaler-163°
Seuss-171'¢
Oleynik-17°7
Krebs-1738
3000PA 5.0%°

3000PA 1.0%°

3000PA 2.0
3000PA 3.0%?
3000PA 4.0*3
Becker-19**
Cardio:DE*

CardioAnno*®

Richter-
Pechanski-19*7
Konig-19*8
Bressem-24*°

Bressem-20°°
Grundel-21°1
Bronco!!
MedCorplnn®?

MedCorplnng,;,>>

Karbun®?
Madan-22%*
[Ex4CDS]'?
Trienes-22%°
Llorca-23%¢
GeMTeX®”
Béhringer-24'*
Idrissi-Yaghir-24°%
RadQA>®

DMP “HerzMobil”*°
Plagwitz-24°°

X: 46

Becker-16°"
N2c2-German 2.0%2

N2c2-German 1.03¢4
Idrissi-Yaghir-24°®
%5

FraMed*!
Miiller-07%2
Spat-08%°
Kreuzthaler-1
Fette-12%°
Bretschneider-14%°
SuperSet-of
Bretschneider-1

Toepfer-152

Lohr-16%°

Lopprich-16%°

Roller-163!

= Roller-203?

SuperSet-of

Roller-2233
Cotik-16**
Roller-183°

124

327

Kreuztaler-163°
Seuss-171°
Oleynik-17%"
Krebs-17%%
3000PA 5.0%°
SuperSet-of
3000PA 1.0%°
SuperSet-of
3000PA 2.0*!
3000PA 3.0*
3000PA 4.0%
Becker-19**
Cardio:DE*
SuperSet-of
CardioAnno*®
SuperSet-of
Richter-
Pechanski-19*"
Konig-19*8
Bressem-24*°
SuperSet-of
Bressem-20°°
Grundel-21°"
Bronco'!
MedCorpInn®?
SuperSet-of
MedCorplnng,,>>
SuperSet-of
Karbun®?
Madan-22°*
[Ex4CDS]'?
Trienes-22%°
Llorca-23°¢
GeMTeX?”
Béhringer-24'*
Idrissi-Yaghir-24°%
RadQA’®
DMP “HerzMobil**
Plagwitz-24°°
%: 32
Becker-16°1
N2c2-German 2.0%2
SuperSet-of
N2c2-German 1.03¢*
Idrissi-Yaghir-24°%
2:3

FraMed?!

Spat-08%°
Kreuzthaler-1
Fette-12%°
Bretschneider-14%°

124

Bretschneider-13%7

Toepfer-152®
Lohr-16%°
Lépprich-16°
Roller-163*
Roller-2032

Roller-2233
Cotik-16*
Roller-183°
Kreuztaler-163°
Seuss-17'°

Krebs-1738
3000PA 5.0%°

3000PA 1.0%°

3000PA 2.0*!
3000PA 3.0%?
3000PA 4.0*3
Becker-19**
Cardio:DE**

CardioAnno*®

Richter-
Pechanski-19*”
Konig-19*8
Bressem-24*

Bressem-20°°
Grundel-21°1
Bronco'!

Madan-22%*
[Ex4CDS]'?
Trienes-22%°
Llorca-23°¢
GeMTeX>”
Bohringer-24'*

RadQA®®

DMP “HerzMobil”*®
Plagwitz-24°

2: 40

Becker-16°1
N2c2-German 2.0%2

N2c2-German 1.063:¢4

23

(continued)
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Table 1. (continued)

Corpus type

Different corpus versions

Document-unique corpora

Annotation-unique corpora

Clinical—synthetic

Close domain proxies

Distant domain proxies

JSynCC 2.0%°

JSynCC 1.0
GraSCCo 1.0%°
GraSCCo 2.0%°
GraSCCo 3.01)[_"17
Frei-23%7

2:6

Brown-02°%
MuchMore®’
Springer-Link”°
Springer”!
MedTitle”!
FraMed?!
Morin-1272
Mantra [Silver]”?
Mantra GSC™*
HimL 1.07°
EFSG-UVigoMED”®
Villena-20"7
GGPOnc 2.078

GGPOnc 1.07°
BTC?
ChaDL3°
Bressem-24*’
Idrissi-Yaghir®®
X: 18
FraMed?!
Lohr-16%°
ML-UVigoMED”®
WikiSection®!
TLC-Med1**
RSS#
Beck-21%4
Fang-Covid®
Lifeline 1.0%
BTC?
ChaDL8°
Bressem-24*’
Lifeline 2.0%7
Heinrich-24%

JSynCC 2.0%°
SuperSet-of
JSynCC 1.0%°

GraSCCo 1.0%°

= GraSCCo 2.0*°

= GraSCCo 3.Op]_[[17

Frei-23%7

%:3

Brown-02°%

MuchMore®’

Springer-Link”°

Springer”!

MedTitle”!

FraMed?!

Morin-1272

Mantra [Silver]”?
SuperSet-of
Mantra GSC™*

HimL 1.07°

EFSG-UVigoMED”®

Villena-20"7

GGPOnc 2.07®
SuperSet-of
GGPOnc 1.07°

BTC*

ChaDL?¥

Bressem-24*°

Idrissi-Yaghir®®

X: 16

FraMed?!

Lohr-16%°

ML-UVigoMED”®

WikiSection®!

TLC-Med1*?

RSS®?

Beck-21%

Fang-Covid®

Lifeline 1.0%

BTC

ChaDL¥

Bressem-24*°

Lifeline 2.0%7

Heinrich-245%8

JSynCC 2.0%°
JSynCC 1.0%°

GraSCCo 2.0%°
GraSCCo 3.Op]_[[17
Frei-23%7

%5

MuchMore®’
Springer-Link”®

FraMed?!

Mantra [Silver]”?

Mantra GSC™*

EFSG-UVigoMED”®
GGPOnc 2.07®

GGPOnc 1.07°

2: 8

FraMed?!
Lohr-16%°
ML-UVigoMED”®
WikiSection®!
TLC-Med1%?
RSS®3

Beck-21%4
Fang-Covid®
Lifeline 1.0%¢

Lifeline 2.0%7
Heinrich-24%8

HealthFC*® HealthFC*’ HealthFC*’

Pedrini-24"° Pedrini-24"° -

Frei-24°1 Frei-24°1 Frei-24°1

17 x: 17 x: 13
Overall >:92 >: 71 >: 69

annotation items in the final release,”

a metadata resource

benchmarks, can be distributed.*” These studies, fully com-

unmatched in quantity and breadth so far. Work on Cardio:
DE (formerly named CardioAnno)*® features 500 clinical
reports (993k tokens) in the cardiology domain,* with 12
cardiovascular entity types (1.6k annotation units),*® 14 sec-
tion heading types (116.9k annotation units), 2 named entity
types for medication, and 7 relation types (26.6k annotation
units).** Unlike all the previously built corpora, Cardio:DE is
publicly available on a DUA basis. Finally, the work of Bres-
sem et al.’” features 6000 radiology reports (estimated 850k
tokens), with annotations relating to 9 Finding types (15k
annotation units), the presence/absence of 4 pathologies, and
4 different types of therapy devices.*” The radiology core of
this corpus remains locked, yet the RadBert language model
for extracting Finding types,’® as well as pretrained model
weights for the medBert language model and radiology

pliant with mainstream non-medical NLP, also mark a funda-
mental change of the role of corpora in clinical NLP—
originally conceived as a side issue of application-centered
research their design and realization now has become a
respected research theme on its own.

Judging the potential value of clinical corpora merely in
terms of the number of documents or tokens is only a weak
quality indicator. For instance, the largest corpora in terms of
the number of documents, Idrissi-Yaghir-24,°® with slightly
more than 25 000k documents, MedCorplnn,** with 5000k
documents, Grundel-21,°" with 40.5k documents, and Oley-
nik-17,%” with 30k documents, all suffer from the lack of any
clinically relevant metadata (Grundel-21 inherits gold stand-
ard data from the structured part of the parallel EHR from
which the documents were extracted). Within this group of



very large corpora, only DMP “HerzMobil”,’” with roughly
36k documents, carries medically relevant semantic annota-
tions, yet these are automatically generated and thus form a
silver standard corpus. Also, due to the nature of different
clinical document genres (eg, discharge summaries being
much longer than clinical notes), the number of tokens does
not necessarily increase with the number of documents. As a
more expressive yardstick for content-based corpus assess-
ment, one might consider the numbers of semantically rich,
medically relevant annotations. On that scale, the following
corpora are top-ranked:

* 3000PA 5.0, with 6600 documents (7300k tokens),
composed of discharge summaries from multiple clinical
sites, with 2093k multi-level annotation units,

* Cardio:DE,* with 500 documents (993k tokens), com-
posed of clinical reports from the cardiology domain,
with 143.5k named entity and relation annotations,

* Roller-20,>? with 1725 documents (158k tokens), com-
posed of discharge summaries from the nephrology domain,
with 77.4k named entity and relation annotations.

Sheer numbers relating to documents, tokens, and medical
metadata are but one side of the coin for corpus assessment.
On the flipside, their accessibility to a wider R&D community
is even more important for data-driven scientific progress.
Here comes the bad news—out of 32 document-unique cor-
pora, only 5 are externally accessible at all, yet with different
clearance policies. A historical breakthrough was achieved
with Bronco,'" a collection of 200 discharge summaries (90k
tokens), with annotations for section headings and 3 named
entity types, namely, Diagnosis, Treatment, and Medication,
plus their grounding in ICD-10, OPS, and ATC terminologies,
respectively. Unfortunately, this pioneering work, formally
accessible via DUA, is devalued by the fact that the 11k sen-
tences in this corpus were arbitrarily shuffled (for increased
privacy protection) so that the entire document structure has
been intentionally spoiled. Hence, Cardio:DE composed of
500 clinical reports from the cardiology domain can be con-
sidered the first and only German-language clinical corpus
whose structure is left intact (after de-identification) and
whose accessibility is implemented via DUA as well.* Since
Bronco and Cardio:DE follow a formalized DUA-based clear-
ance policy, they strictly adhere to internationally established
distribution standards for privacy-sensitive medical corpora.

Bohringer-24, composed of 300 ophthalmologic phys-
icians’ letters from 3 different hospitals and annotated with
2800 diagnoses from ICD, is the third in this line but raises
concerns because potential clearance requires informal pri-
vate negotiations, which may end up in a formal DUA if per-
mission is finally granted.'* Ongoing work on GeMTeX,>” a
currently active major national corpus-building initiative, tar-
gets an even larger (>150k documents) and more heterogene-
ous collection of clinical report types covering 4 medical
areas (cardiology, pathology, pharmacy, and neurology)
from 6 different national clinical sites. This corpus is still in
statu nascendi and thus currently not ready for distribution
in a routine manner. Interestingly and for the first time ever
in Germany, all documents entering GeMTeX require
GDPR-conformant “informed consent,” that is, the explicit
agreement of patients that their clinical documents can be
used (in de-identified form) for research purposes; however,
potential clearance will still require some sort of DUA.
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Whereas these 4 corpora all feature standard clinical text gen-
res (mostly discharge summaries), the fifth one, Ex4CDS,"?
stands out as a non-standard clinical corpus. It is composed
of 720 physicians’ justifications supporting their estimated
likelihood of future possible negative patient outcomes after
kidney transplantations. This genre heavily drifts away from
standard reporting formats we see in common clinical reports
and notes, and, thus, might be of minor relevance compared
with Cardio:DE, Bronco, GeMTeX, and Bohringer-24.
Summarizing, only 15% (5) of all document-unique real
German-language clinical corpora (32) out of a total of 46
publications are open for the scientific community under
most optimistic assumptions, yet only 6% (2) are currently
ready for distribution under a standardized formal DUA pro-
tocol (comparable, eg, with Mimic distribution standards;
https://physionet.org/content/mimiciii/1.4/).

Once more and more single clinical/medical corpora become
publicly available, potential synergies arising from their combi-
nation can be explored. Llorca et al.>® describe such an
approach for 4 corpora (Bronco, Cardio:DE, GGPOnc 2.0,
and GraSCCo; the latter 2 will be introduced below) using the
BigBIO framework for (meta)data harmonization.”

It is also worth noting that several attempts have been
made to distribute language models (rather than the original
non-distributable clinical raw text data) that were derived
from classified local clinical resources (see FraMed,?! Bres-
sem-20,°° Roller-20,3? Roller-22,3> and Bressem-24*’) Still
these options open unexplored legal territory and face prob-
lems on their own (we will touch upon the entailed data
security issues below).

Translated real clinical corpora

Translated real clinical corpora are derived from real clinical
reports and notes routinely written by professional clinical
staff yet have been automatically translated from (easier to
get) US-American English sources to German. We found 5
publications for such corpora, from which 3 are document-
unique and, also, 3 corpora are annotation-unique (actually,
only 2 corpora, since one of them—N2¢2-German 2.0—dif-
fers only in terms of the number of annotated items in its
most current version, not type-wise). Table S3 in the Supple-
mentary Material section gives a detailed overview of these 5
corpora.

Becker-16°" relies on ShARe/CLEF eHealth 2013 Shared
Task 1 resources” that reused Mimic-II data, whereas the
n2c2-German corpus®*~* builds on n2c2 2018 Shared Task
Track 2 data’® that exploited Mimic-III data. Their size is
moderate (200°! and 400 documents,®* respectively, the lat-
ter with almost 370k tokens). Discharge summaries prevail,
and the annotations relate to named entity (Disorders, Drugs)
and relation extraction (Medication/Adverse Drug Events)
tasks, with up to 63.4k annotation units. Idrissi-Yaghir-24°*
makes use of a much larger segment of Mimic-III, with
695 000k tokens after translation into German (yet without
specification of the basic number of documents and without
any metadata). Not as a surprise, all these corpora are pub-
licly accessible (they inherit Mimic’s liberal DUA policy) and
both versions of n2¢2-German also offer a free named entity
recognition model.

There are 3 issues with this approach. First, the quality of
the automatic translation needs thorough human review by
medical experts. Second, the proper alignment of the meta-
data must be manually validated, since begin/end positions of
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metadata are likely to change from English to German docu-
ments. Beyond these translation-focused issues, at a more
“cultural” level, the writing style of American doctors tends
to deviate from that of German ones reflecting a different
reporting culture embedded in incompatible health care eco-
systems. Initial experimental results on the effects of trans-
lated English documents for German clinical language models
are reported by Idrissi-Yaghir et al.,’® although clinical data
(from Mimic-III) and non-clinical ones (from PubMed) are
indistinguishably intertwined in their experimental design.

Synthetic clinical corpora

Synthetic clinical corpora feature invented clinical reports
and notes that look like those written by professional clinical
staff in terms of genre, style, and terminology but describe
entirely fictitious patients and artificially constructed or mas-
sively altered medical cases. Synthetic documents are typically
authored by medical experts of the same professional caliber
as those authoring real ones, either by manually writing them
from scratch or by manually re-writing original exemplars.
With the increasing power of large language models (LLMs)
rooted in the deep learning (DL) paradigm, the advent of
ChatGPT®”>?® in particular, the automatic generation or
automatic paraphrasing of clinical documents has become a
feasible machine alternative based on prompts (instructions
issued by human users that control and help tailor LLM sys-
tem output). We found 6 publications for such corpora, from
which 3 are document-unique and 5 are annotation-unique.
Table S4 in the Supplementary Material section gives a
detailed overview of these 6 corpora.

JSynCC 1.0°° was the first of its kind for the German clini-
cal language and consists of 400 operative reports and 470
case reports/descriptions extracted from e-book versions of
introductory textbooks for medical students. Since this cor-
pus cannot be shared directly due to Intellectual Property
Rights held by the publishers, the developers bypassed this
restriction by distributing the code to reliably re-create
JSynCC copies at any other physical site (including selected
metadata). As a prerequisite, the e-books incorporated in
JSynCC need to be licensed by that local institution. In the
meantime, JSynCC 2.0’ contains 343k annotation units cov-
ering various named entities, such as Findings, Diagnoses,
Procedures, and PII.

GraSCCo can be considered a true representative of the re-
writing paradigm. Despite its tiny size (63 documents, 44k
tokens only), the original version, GraSCCo 1.0,°° has devel-
oped into GraSCCo 2.0°° with different kinds of named enti-
ties, semantic relations, temporal relations, certainty, and
negation tags, amounting to nearly 180k annotation units
altogether. It is publicly accessible without any restrictions,
and its most recent version, GraSCCo 3.0PHI,17 also incorpo-
rates 1.4k PII annotation units. GraSCCo is based on real dis-
charge summaries and web-crawled clinical documents that
were massively linguistically edited, with iterative changes at
the lexical, syntactic and semantic level. Furthermore, medical
noise (new data items, new attribute-value sets, etc.) was
intentionally injected for reasons of camouflage so that re-
identification of individual patients seems virtually impossible.

As to automatic text generation based on LLM:s, Frei-23%7
uses a prompt-based approach to generate (roughly 10k) new
single sentences (not full-fledged documents!), which amount
to slightly more than 120k tokens. An automatically gener-
ated silver standard includes 3 named entity types

(Medication, Dose, and Diagnosis) comprising roughly 23k
silver annotation units. As with GraSCCo, Frei-23 is publicly
available without any constraints.

The motivation for and general advantage of synthetic cor-
pora is that they circumvent the data protection problem as
virtual patients and artificial cases are constructed and ver-
balized. However, one may question whether synthetic docu-
ments, either written by medical experts or DL engines,
sufficiently correspond with much more heterogeneous real
ones and thus can really replace them without substantial
analytic biases. For instance, case descriptions, in particular
those published in textbooks, deviate from authentic clinical
reports in terms of a more narrative, often verbose style and
non-expert language use whereas clinical case reports resem-
ble scholarly articles, i.e., unlike clinical reports they use
well-formed grammatical language and standardized expert
terminology.

Concerning synthetic datasets, Serbetci and Leser”” report
preliminary evidence that models trained on the synthetic
data from Frei-23 do not transfer well to authentic clinical
data from Bronco and Cardio: DE. A bunch of alternative
experiments considering other natural languages, however,
consistently reveal contrary evidence. For instance, Kweon et
al.'% demonstrate that synthetic English clinical notes (i.e.,
coherent long texts) generated from an LLM can serve as via-
ble substitutes for real ones by comparing models trained on
these synthetic data with ones trained on real clinical data
(synthetic data showing only a slight decrease in performance
relative to real data). Similar encouraging results for synthetic
document sets (again, showing slight performance drops
when models are trained on synthetic data and tested on real
data) are reported by Hiebel et al.'®" for French named entity
recognition and Brekke et al.'%% for the extraction of family
history information from Norwegian clinical notes. Li et
al."® and Ive et al.'®* also report on English data where the
synthetic corpus shows a high degree of usability as a substi-
tute for real clinical corpora. The negative result for German
might presumably be traced to the complete lack of document
structure in the collection of single clinical sentences provided
in Frei-23. Hence, one may summarize that ample empirical
evidence has been gathered in favor of synthetic clinical data-
sets as valid substitutes for real ones with low, almost negli-
gible penalty costs, though not for German, so far. Despite
these good news, there is a caveat. Privacy attack experiments
also revealed that reverse engineering from embeddings
allows read-outs of sensitive factual data (eg, PII) from LLMs
via training data extraction attacks'®>*'°®—even in their de-
identified form via a similarity search attack'®’—and there-
fore bears an unwanted potential for data privacy breach.

Close domain proxies: pseudo-clinical corpora

Domain proxies for clinical corpora are collections of docu-
ments that deal with medical topics but differ from clinical
reports mostly in terms of style and genre. We further refine
this category in this subsection as close domain proxies when
clinical topics are dealt with from a scholarly perspective at
an expert medical level; they constitute the class of pseudo-
clinical corpora. Perhaps the largest source of such docu-
ments is housed in PubMed-style bibliographic databases or
publishers’ Web portals hosting titles, abstracts, or full texts
of academic journal articles. Additional material comes from
medical PhD theses, clinical guidelines, clinical trial reports,
drug labels, or patent claims. We found 18 publications for
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such corpora from which 16 are document-unique and only 8
are annotation-unique. Table S5 in the Supplementary Mate-
rial section gives a detailed overview of these 18 corpora.

By far the largest group, composed of 14 corpora (Brown-
02,°® MuchMore,*” SpringerLink,”® Springer + MedTitle,”’
Morin-12,”* Mantra Silver + Mantra GSC,”*’* HimL 1.0,”
EFSG-UVigoMED,”® BTC,** ChaDL,*° Idrissi-Yaghir-24,°%
and Bressem-24*°) makes a second-hand use of collections
from bibliographic databases, such as PubMed/Medline or
Livivo, or commercial publishers’ websites. Eight of them are
parallel/comparable multilingual corpora, with German as
one of the featured languages (Brown-02, MuchMore,
Springer and MedTitle, Morin-12, Mantra Silver + Mantra
GSC, and EFSG-UVigoMED). These proxies typically excel
in huge data volumes—Idrissi-Yaghir-24 offers the largest
dataset with roughly 6m documents (about 1,7b tokens), fol-
lowed by Mantra Silver with some 4.3m documents (more
than 60m tokens), and HimL 1.0 with roughly 2.7m docu-
ments (slightly less than 60m tokens). Not surprisingly, these
massive data volumes come at the price of lacking annota-
tions. Whereas Idrissi-Yaghir-24 and HimL 1.0 contain no
metadata at all, Mantra Silver introduced the notion of a sil-
ver standard corpus, that is, a huge number of automatically
generated annotations as the result of harmonizing the contri-
butions of ensembles of named entity taggers.

A second, much smaller group of corpora contains textual
data from drug labels and patent claims (Mantra Silver +
Mantra GSC, HimL 1.0, and ChaDL). The third one is con-
stituted by GGPOnc, which consists of clinical guidelines for
oncology.”®”” It not only stands out as a unique guideline
corpus publicly available via DUA but is large-sized (about
10k text segments from the complete set of 30 German oncol-
ogy guidelines, with roughly 1900k tokens) and excels in
annotations with either 7 named entity types (GGPOnc
1.0)”” taken from the UMLS Semantic Groups (with around
73.8k annotation units) or 3 Snomed CT-anchored named
entity types (GGPOnc 2.0)”® currently summing up to
roughly 450k curated annotation units.>*>”®

Scholarly writing is fundamentally different from clinical
writing—not only in terms of genre and style but also in
terms of language use characteristics. Whereas scholarly
articles mostly adhere to linguistic well-formedness, termino-
logical canonicity, and definitional rigor, clinical reports
abound with paragrammatical syntax, spelling errors, and
local clinical jargon (exemplified by in-house abbreviations
or acronyms) typical of language performance under high
workload and, thus, heavy time pressure, as well as closed
language community conventions. Perhaps the main differ-
ence, however, lies in their diverging communicative inten-
tion—whereas academic writing usually addresses the
generalizability of observables (eg, the effect of a drug or a
medical procedure within a patient cohort), clinical reports
focus on individual patients only. Whether these considera-
tions have a measurable impact on training or adapting lan-
guage models remains an issue of further research.

Distant domain proxies: non-clinical medical corpora

Distant domain proxies for clinical corpora are sets of docu-
ments covering medical topics from a non-clinical perspec-
tive, targeting mainly non-expert comprehensibility, here
referred to as non-clinical medical corpora. In this group, the
genre-specific style of clinical reporting vanishes completely,
although lexical adherence to medical terminology is sought
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for, though often at a layman level (eg, “Blinddarment-
zitndung” is preferred over “Appendicitis,” “Blutvergiftung”
over “Sepsis”). We found 17 publications for such corpora
from which all 17 are document-unique, whereas 13 are
annotation-unique. Table S6 in the Supplementary Material
section gives a detailed overview of these 17 corpora.

The dominant group of distant domain corpora is com-
posed of 10 resources in which social media data are
assembled, either incorporating medically focused chats
extracted from general social media platforms, such as Twit-
ter or Telegram,®*8%%8 or from thematically specialized pub-
lic health portals, for example, dealing with diabetes, obesity,
drug misuse, adverse drug events, or depression. Though a
layman language attitude prevails in this dialogical data,
medical expert statements can be found here as well, particu-
larly in public health portals, but rigorous medical expert jar-
gon is typically avoided or, if it pops up, translated into more
understandable layman language. Exemplars of social media
medical corpora are TLC-Med1,** which collects excerpts
from the German Med1.de health portal, LifeLine,®%” which
contains threads thematically related to adverse drug reac-
tions, BTC,>® Bressem-24,*’ and HealthFC®® (a claim—evi-
dence—verdict triple dataset for fact checking). The data
volume varies a lot in this category—from half a million
tokens in TLC-Med1, Beck-21, or HealthFC via 9m tokens in
Bressem-24 up to 32m tokens in Fang-Covid.

A second class of distant domain corpora is formed by §
resources composed of (monological) online encyclopedic
articles dealing with medical topics as available, for example,
from Wikipedia. Typical examples of this approach are Wiki-
Section (basically a disease corpus),®’ ChaDL,*° Bressem-
24,* or Frei-24.”" These are also high-volume datasets, with
2-4k documents (2-3m tokens), ChaDL with more than 20m
tokens being the largest one.

Finally, perhaps the most distant, collections of general
newspaper/newswire articles are assembled in corpora deal-
ing with medical themes, such as Lohr-16,> RSS,** and
Fang-Covid.®* These corpora are typically supersized, with
(tens up to hundreds of) millions of tokens, yet without any
metadata; Lohr-16 is top-ranked here reaching 126m tokens.

Not surprisingly, all these corpora are publicly available,
although care should be taken when social media data are
chosen, for example, from health consultation or disease
community portals, where privacy issues easily pop up.'?%1%?
Distant domain proxies are typically large-sized, with mil-
lions of tokens, but often lack expressive medical metadata
(WikiSection, TLC-Med1, Beck-21, Lifeline 2.0, Heinrich-
24, HealthFC, and Frei-24 being notable exceptions from this
rule). Fundamental concerns may be raised whether these
sources can reasonably be used, at all, as a substitute for clini-
cal data due to heavily divergent genre, style, argumentation,
and vocabulary patterns.

Discussion

Corpora are an indispensable prerequisite for training, tun-
ing, adapting, and evaluating (large) language models (Activ-
ities related to generating clinical German-language models
that make use of many of the corpora introduced in this
review are reported in, for example [1* 1314, 3% 80, 110-1131 3
In the clinical domain, however, these resources are hard to
get because of ethical concerns that have been translated into
rigorous data protection laws worldwide. In Germany, for
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instance, at the time of this writing (January 2025) 27 non-
distributable, yet often richly annotated clinical datasets are
kept in closed local data silos inaccessible for clinic-external
researchers. This constitutes not only an enormous waste of
money and human resources but also a serious loss of medi-
cal opportunities for better diagnosis and treatment—not to
mention the reduction of costs for the health care system.
Fortunately, this (over-)protective siloing strategy is starting
to become more permeable, as witnessed by the strictly
DUA-formalized accessibility of the Cardio:DE* and
Bronco'! clinical report corpora. Three additional corpora
may be counted as potential alternatives—Bohringer-24'*
(though the access option rests on an informal distribution
offer), GeMTeX>” (a corpus-building initiative just launched,
the results of which will only be available in the course of
2025 but are fully compliant with EU regulations [GDPR]
based on informed consent), and Ex4CDS,'? whose domain
of discourse (risk justifications after kidney transplantations)
is somewhat off-topic compared with standard clinical
reports and notes.

Several researchers offer a bypass in that they do not dis-
tribute locked clinical raw data or associated metadata but
rather allow the language models generated from these origi-
nal data to be distributed. One caveat must be made—data
privacy issues may pop up here since evidence has been
reported that individual patients’ data can indeed be read out
from the models’ representation structures and thus bear the
danger of patient re-identification demanding further safety
measures against hostile attacks.'*~1%7

That said, we also looked at alternative corpus designs that
have been investigated to escape from clinical text data spar-
sity. We organized these efforts in a taxonomy based on quali-
tative considerations. For real clinical corpora, we found 2
ways to circumvent data access restrictions. The first one is to
pick up DUA-accessible English data and translate them auto-
matically. The second strategy is to generate, manually or
automatically, synthetic clinical reports with fictitious content.

As another alternative, we identified domain proxies for
clinical reports. They deal with clinical or, more general,
medical, topics written by medical experts or laymen, yet
depart from standard clinical report writing in terms of genre,
style, and terminology to a varying degree, though. The cate-
gory of close domain proxies is constituted by pseudo-clinical
documents, such as the whole range of scientific medical liter-
ature (abstracts and full texts from journals), therapy guide-
lines, clinical trial reports, drug labels/leaflets, or patent
claims. Also, more distant domain proxies play a role here,
namely those that deal with medical themes without clinical
phrasing, because their target is a general, non-expert audi-
ence. This category is filled either by chats, threads, or tweets
from generic social media channels or specialized health por-
tals, or by encyclopedic articles from Wikipedia. Altogether
(see Table 1), we identified 71 distinct, that is, document-
unique, and 69 annotation-unique German-language corpora
from 92 publications (Some corpora were assigned to more
than one of the 5 categories. Therefore, this publication count
(92) is higher than the number of relevant hits (78)).

Idrissi-Yaghir-24°® is currently by far the largest of all
German-language medical corpora, with slightly more than
25m documents and 3.0b tokens from its clinical segment,
plus the translated Mimic-III clinical segment (695m tokens),
plus the translated PubMed segment (6000k abstracts with
1 700m tokens)—roundabout more than 31m documents

1

with 5.4b tokens. The vast clinical portion of this corpus is
used for in-house training of the clinical language model—a
recent trend leading to hospital-specific language models
without the need for de-identification and data sharing. Bres-
sem-24*" is even more heterogeneous and the second-largest
medical German-language corpus, a hybrid conglomerate of
clinical reports, embedded public corpora (GGPOnc,
GraSCCo), a PubMed subset, publisher-provided scientific
papers, and medical PhD theses—overall, more than 4.7m
documents (1.1b tokens).

Their sheer amount of tokens is truly impressive, but when
it comes to the supply of clinically relevant metadata, other
corpora deserve at least equal credit. On this dimension, we

find:

* 3000PA 5.0,*” with 6600 documents (7.300k tokens) and
2093k multi-level annotation units, including section,
named entity and relation annotations, as well as annota-
tions involving temporality and factuality,

¢ Cardio:DE,** with 500 documents (993k tokens) and
143.5k named entity and relation annotations,

* Roller-20,’* with 1725 documents (158k tokens) with
77.4k named entity and relation annotations.

Among these 3 corpora, Cardio:DE stands out as the only
one that is accessible on a formalized DUA basis (together
with the smaller and less richly annotated Bronco corpus).

Still, the taxonomy we introduced leaves open an impor-
tant issue: How close/distant, in a metrical sense, are poten-
tial substitutes when compared with real clinical reports in
terms of genre, style, jargon, and diction? This stylometric
question should be complemented by a functional one: How
good are these substitutes in terms of classification perform-
ance when compared to real clinical documents? Initial
attempts at answering these emerging research questions
have already been made. Modersohn et al.°® compared a syn-
thetic clinical corpus (GraSCCo) with a real one (3000PA) by
clustering syntactic and semantic features, whereas Lohr and
Hahn''* developed DoPA Meter, a stylometric toolkit with
more than 120 style metrics covering lexical, syntactic, and
semantic expression layers, and ran it on synthetic as well as
on close and distant domain proxies. However, a comprehen-
sive functional comparison is still lacking, although first
experiments have been reported for Cardio:DE, Bronco,
GGPOnc 2.0, and GraSCCo by Llorca et al.’® and Serbetci
and Leser.”” Stylometric analyses could highlight descriptive
differences in terms of linguistic variance, whereas an experi-
mental comparison of the (classification) performance of lan-
guage models trained on real clinical corpora with ones
trained on translated, synthetic, and proximal substitutes
could lead to an empirically founded “cost model” for corpus
substitution.
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