
Research data management – chances, challenges and
solutions for audiology

Forschungsdatenmanagement – Chancen, Herausforderungen und
Lösungen für die Audiologie

Abstract
This short report addresses relevant aspects of sharing, pooling and
publishing audiological research data. We discuss legal frameworks
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Introduction
In recent years, research data management (RDM) ac-
cording to the FAIR principles [1] throughout the entire
data lifecycle — from collection to publication and reuse
— has gained increasing importance across all fields of
research. The reasons for this are manifold. Firstly, the
desire to enhance the transparency and reproducibility
of research is a response to the reproducibility crisis [2].
This is reflected in an increase in external requirements.
Many research funding institutions now require a detailed
research datamanagement plan at the application stage,
and most publishers demand that the data underlying a
scientific publication be made available. Secondly, pub-
lishing research data can increase its reach and thus
enhance a researcher's reputation. On the other hand,
publishing research data can increase the reach of re-
search and thus enhance the reputation of a researcher.
Finally, many current researchmethods such asmachine
learning and artificial intelligence require large amounts

of data (big data), so there are hardly any alternatives to
reusing third-party data.
To boost reusability of data, it is crucial to enrich data
with extensive machine readable metadata. Metadata,
typically defined as information describing the actual
data, may encompass a broad variety of structured infor-
mation that is used to organize and discover data. The
metadata should follow established community standards,
and should be made findable for others, for example in
a community-specific repository. This allows researchers
to discover and identify data that are relevant and suit-
able or applicable for their own research.
For pooling data from different sources, it is furthermore
essential to establish interoperability of the raw data.
This can be achieved e.g. by using the same data format
during collection or by converting the data to the same
target format. Data standards enable interoperability by
complete documentation of data and metadata [1], but
to date only starting points of audiological data standards
are available. One future candidate could be the openEHR
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format [3]. In openEHR audiological standards (arche-
types) are still missing, but an international research
group at the European Federation of Audiology Societies
(EFAS) is currently working on the definition of those
standards [4].
This report highlights some legal issues concerning data
sharing and pooling, presents the Oldenburg Hearing
Health Record (OHHR) [5], [6] as an example of open
access publication of audiological data, and describes
the application of federated learning in audiology.

Exchange and pooling of data –
regulatory frameworks and
technical-organizational solutions
A common challenge in data usage is the integration of
different data sources. Local information systems and
data repositories typically only cover a small part of the
big picture, that would be needed to gain insights about
general mechanisms. Integrating health data from differ-
ent data sources may follow two different paradigms —
(a) record linkage to get a holistic view on the health
status and development across different stations in the
patient path and (b) data pooling, also called data feder-
ation, to get a broad view on the inter-individual variability.
Record linkagemay combine clinical documentation from
out- and inpatient care with imaging, sensory, genetic or
reimbursement data of a person. The integration of in-
and outpatient data along the patient path is currently
piloted by the Digihubs as part of theMedical informatics
initiative [7]. Integration of cohort studies and health in-
surance data has been recently proposed by the Network
University Medicine [8]. Data pooling may combine the
same data type from different health institutions, regis-
tries and studies. However, both methods require ex-
change of data across institutional borders, facing several
challenges. In particular regulatory aspects regarding
data protection plays a critical role in biomedical research.
In Europe, the General Data Protection Regulation (GDPR),
prohibits usage of health data with article 9 — among
other data types classified as sensitive — unless there is
a legal basis at all. Some legal bases are for example
explicit informed consent, medical diagnostics and care
[9]. Further legal specifications encompass data collection
due to the infection protection law, cancer and transplant
registries and statutory health insurance regulations. Use
of health data for research has therefore been typically
made possible through the informed consent. Research
with health data was in principle possible through article
89 of the GDPR, but has been rarely used at least in
Germany. Data Protection officers typically argued that
the barriers should be very high. The required proof that
the intended research could not be realized with informed
consent on one hand or anonymization, which would bring
the data outside the scope of the GDPR on the other
hand, had been considered in the research community
as very difficult to convince data protection officers. Fur-

thermore, in Germany data protection is regulated on the
level of the states. The heterogeneity of the state’s data
protection regulations made it very difficult to share
health data across the federal states [10]. While anony-
mization is a measure to enable reuse of health data
without consent, this might be difficult to realize in prac-
tice. It requires that the data does not contain any “per-
son-related” data and cannot be “reidentified”. For high
dimensional data with many data items, the proof of full
anonymity is difficult to provide, and data protection of-
ficers regularly have questioned it [11]. Furthermore, re-
cord linkage is no longer possible with anonymized data,
limiting the usefulness of such data sets.
However, the open science movement has demanded
better accessibility of data used in research. So, in recent
years, ways have been explored to fulfill this demand —
by publication of anonymized data and to enable sharing
of health data based on a consent that explicitly allows
for usage in future research, the so-called broad consent.
Anonymized open health data can be found fromGerman
initiatives, such as the National Pandemic Cohort and
the research data center of the Federal Institute for Drugs
and Medical Products [12]. Another way to use health
data without consent is federated analysis, where only
aggregated data is shared (see chapter 3, “Federated
learning in audiology”).
Broad consent has been pioneered by cooperative health
research projects such as the German Center for Cardio-
vascular Research [13]. A major step forward was the
approval of the broad consent for healthcare data, de-
veloped within the Medical informatics initiative, by the
conference of the independent state’s data protection
officers in 2020. The consent allows transfer of pseudo-
nymized — i.e. there exist a mapping of the pseudonym
to identifying data, typically held by a trusted party — data
for ethically reviewed research questions [14]. However,
the implementation into the care process is complex and
is currently mainly realized at university hospitals.
Therefore, the German Health Data Usage Act (Gesund-
heitsdatennutzungsgesetz — GDNG) [15] is an important
milestone, as it allows for research for healthcare institu-
tions on pseudonymized data of their patients in terms
of self-research, but also in funded cooperative research
projects. The GDNG has become effective inMarch 2024.
It has been developed with anticipation of the European
Health Data Space (EHDS) that demands comprehensive
health data sharing for research, policy and innovation
within the European Union. The EHDS has become effec-
tive in March 2025 [16]. The members of the EU now
have two years to define the implementation acts, and
most data categories — from electronic health records to
clinical studies — are planned to be available fromMarch
2029 on.
With the recent developments exchange and pooling of
health data in particular for research purposes are becom-
ing easier to realize.
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The OHHR (Oldenburg Hearing
Health Record) as an example on
data re-organization, anonymization
and tooling
The OHHR provides a publicly accessible dataset that can
be used to advance hearing health research. It includes
hearing related data collected from 581 participants
(aged 18–86 years; 255 female; mean age=67.31 years;
standard deviation=11.93 years) between 2013 and
2015 at the Hörzentrum Oldenburg in collaboration with
the Cluster of Excellence “Hearing4all”.
The OHHR contains audiological measures (pure tone
audiogram, categorical loudness scaling, speech-in-noise
tests), multiple subjective questionnaires and a detailed
expert interview (anamnesis), different cognitive mea-
sures and demographic information for each subject. Due
to the large diversity of data from different domains, the
dataset is particularly suitable for multimodal analysis.
The original data were collected in multiple Excel tables,
each containing direct identifiers of the subjects and the
raw data in many multimodal columns. To publish the
dataset according to the FAIR principles the data have
been prepared in several steps:
Anonymization: The General Data Protection Regulation
(GDPR) requires informed consent for the publication of
personal data. Since a signed consent form was not
available for all subjects, the data was converted into
non-personal data through anonymization in collaboration
with a data protection officer. All direct identifiers were
removed, demographic datawere checked for amaximum
number of contained indirect identifiers (e.g. locations,
gender, religion) of three. Afterwards a K-anonymity of 4
was applied to the data [17]. This was achieved by omit-
ting some data fields (e.g. year of birth was kept, month
was removed) and grouping values into more vague
categories (e.g. some net income groups were combined).
Two subjects with unique characteristics had to be re-
moved from the dataset. Finally, a unique anonymous
identifier was assigned to each subject to allow the
identification within the different tables of the dataset.
Data conversion/re-organization: To enable the reusability
and interoperability of data, open data types and file
formats should be preferred over proprietary and/or
platform-dependent formats (e.g. EXCEL). Furthermore,
the data structures should allow data aggregation and
evaluation as well as import or conversion into different
systems. For the OHHR the JSON [18] was used because
it is at least partial type safe and offers the possibility of
creating table definitions in schema files [19]. The data
were re-organized into relational structured JSON data
tables. These can be imported seamlessly into the
openEHR format using the inbuilt ETL processes (Extract,
Transform, Load) after the corresponding archetypes are
available. Metadata were added in two formats: table
definitions with descriptions of all data fields and allowed
value ranges are stored in JSON schema files to allow the
validation of data records against the corresponding

schemas. Additionally, detailed descriptions of all tables
and fields are available in RTF text format.
Finally, the publication of the dataset was supplemented
by a collection of software tools to facilitate the reusability
of the data: EXCEL tables demonstrate how to use JSON
tables as data sources and define queries to join the re-
lated tables. MATLAB and Python scripts show examples
of reading and joining the different JSON tables. A SQL
tool script creates a complete database and imports all
tables into the corresponding SQL tables.
The OHHR was published on Zenodo [5] under the Crea-
tive Commons License CC-BY [20] to grant accessibility
and maximum flexibility for the reusage of the data.
Zenodo was selected as repository in favour to other ex-
istingmedical data repositories for two reasons: currently
there is no particular repository available for audiological
or other hearing related medical data. The cluster of ex-
cellence “Hearing4all” is planning to set up an “Open
Dataspace for Audiology” in the upcoming funding period,
which might close this gap in the future. Additionally, we
think the reach of the Hearing4all community on Zenodo
can increase the visibility of the data record considerably.
Nevertheless, the decision to use a particular repository
should always be reconsidered before publishing data
sets.
This type of procedure can be particularly useful for in-
ventory data for which no declaration of consent has been
obtained, provided that this data can be anonymized.

Federated learning in audiology:
supervised and unsupervised
applications on audiological
databases
Audiological data are typically collected in local, decen-
tralized databases, exhibiting different data structures,
choice of tests, or varying data quality. The same or sim-
ilar audiological tests are conducted in clinical and re-
search contexts. If these data were analyzed together,
knowledge about many patients worldwide could be ex-
ploited to obtain a representative overview of existing
patient patterns, and classifications into hearing loss or
hearing device categories could support clinical decision-
making. This can ultimately lead to a clinical decision-
support system (CDSS) for audiology, as proposed by Buhl
et al. [21]. To incorporate population-representative data
in a CDSS or in general AI methods for knowledge extrac-
tion, these tools have to operate on large amounts of in-
teroperable data. Federated learning is a suitablemethod
if databases cannot be pooled.
Federated learning (FL) is an approach for training a
machine learning model on data from distributed data-
bases without the need for individual data exchange [22].
The general principle is to train a local model on every
database (“the model comes to the data”), send learned
parameters to a central server to combine the local
models to a global model, and apply the global model on
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every database for (e.g.) classification [23]. Thereby, only
aggregated data is shared.
FL methods are able to work on heterogeneous data
sources due to properties such as dealing with different
distributions or unbalanced data sets [23]. In audiology,
this refers for example to including audiological data from
hearing aid acousticians and cochlear implant databases,
which typically contain different degrees of hearing loss
and may have a different number of patient data avail-
able. Global models can be updated with additional local
data sources and be retrained in several communication
rounds to improve the global model [22].
Different medical disciplines successfully applied FL, e.g.,
for lung cancer tumor staging and survival based on data
from eight institutions complying with the FAIR principles
[24], and for mortality prediction for hospitalized Covid-19
patients based on electronic health record data from five
institutions [25].
Towards integrating knowledge from databases for audi-
ological decision-support, two studies will be presented
that introduce FL to audiology, for unsupervised clustering
and supervised classification.

Study 1: Auditory profiling for
unsupervised characterization of
audiological databases

Auditory profiles are a data-driven, unsupervisedmethod
to characterize patients in audiological databases by the
combination of different audiological test results, such
as audiogram, speech test, and loudness scaling [26].
The generation of profiles is based on model-based
clustering, resulting in most distinct groups of patients
according to their data. Saak et al. [27] developed an
approach for merging the generated profiles obtained
from several databases, while only considering informa-
tion about distributions of the features per DB within the
profiles, which corresponds to parameters of localmodels.
The merged profile set corresponds to the global model.
It was shown that the resulting profiles from two data-
bases (from Hörzentrum Oldenburg, one of them being
the OHHR [5]) plausibly extend the previous set of profiles,
e.g., by capturing more severe hearing loss patterns in
additional profiles. This principle can be expanded to
more databases to eventually achieve a population-rep-
resentative profile set. If databases contain different
features (audiological tests), the merging step is per-
formed based on the common features, and knowledge
from additional, DB-specific features is maintained as
distributions per profile. To show that the AP approach
quantifies to a full FL approach, future work has to disen-
tangle the influence of common and DB-specific features
in a classification into profiles.

Study 2: Kernel-based federated learning
for supervised classification in hearing
loss categories

For a supervised classification based on several audiolo-
gical databases, i.e., into hearing loss or hearing device
categories, a federated learning approach needs to cap-
ture the properties of the databases, and include a suit-
able and interpretable design of features. Kernels provide
the potential to optimize the features from audiological
databases by projecting the features in a higher-dimen-
sional vector space [28]. Kernel matrices can be derived
for categories contained in databases, and flexibly com-
bined by linear combination [29]. Such a framework can
then be used to establish classification on single, as well
as combined databases in a federated learning context.
Auditory profiling and kernel-based federated classifica-
tion contribute to characterizing the hearing-impaired
population based on decentralized audiological data-
bases, which contain important statistical knowledge that
can be exploited to support audiological diagnostic de-
cisions. Both approaches will provide important explain-
able learnings about differences between databases,
even if data can be pooled.

Summary and conclusion
Research data management has become increasingly
important over the last decade, and notable progress in
health data sharing and reuse on regulatory and technical-
organizational level has been made in Germany and
Europe.
The OHHR provides a good example of how auditory data
can be made available for research and reuse according
to the FAIR principles and can serve as a best practice
example, on open data, providing a good structure without
yet relating to a standard (later possible due to extensive
metadata already provided in the OHHR dataset).
Federated learning provides an alternative to pooling if
this is not possible, but also content-related advantages
to learn about individual data and relationships between
databases.
Taken together, improving RDM and sharing of research
data provide important research opportunities for audi-
ology, for example, related to data-driven audiological
decision-support.
The growing RDMcommunity as well as extensive national
and international funding programs on datamanagement
support the efforts to improve RDM.
However, as for now the field of audiology seems to be
underrepresented in the relevant initiatives and consortia
such as NFDI4Health. Thus it will be important in the fu-
ture to better link audiological research with these initia-
tives.
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