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Legal and technical developments drive data sharing via federated infrastructures, especially in the field 
of human omics. This requires interoperability across technical, syntactic, organizational, and semantic 
layers. The German Human Genome-Phenome Archive (GHGA) has been building a national, federated 
infrastructure for secure sharing of human omics data. As part of its mission to enhance interoperability 
and to promote reliable data sharing, a detailed crosswalk analysis was conducted comparing the GHGA 
metadata model with four other domain-relevant standards and metadata models: EGA (Submission 
API and model draft), FAIR Genomes and ISA-tab. The analysis aimed at identifying semantic 
consensus fields to define datasets in the context of human omics by forward mapping (GHGA model to 
external models). Backward mapping (external models to GHGA) focused on spotting gaps in GHGA’s 
semantic metadata representation. Forward mapping showed overall similar property coverage across 
models, aligning with MINSEQE. Backward mapping showed greater model heterogeneity. None of 
the identified information gaps spanned across all models. These findings highlight the detail and 
adaptability of the GHGA metadata model.

Introduction
Genomic research has made remarkable strides in recent years, driven by advancements in high-throughput 
sequencing, artificial intelligence (AI), and integrative multi-omics approaches. These innovations have 
expanded the understanding of genetic diseases, enabled precision medicine, and facilitated the development of 
targeted therapies. Whole-genome sequencing (WGS) and transcriptomics, coupled with AI-driven analytics, 
have significantly improved diagnostic accuracy and treatment personalization, making genomic medicine a 
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cornerstone of modern healthcare1. These developments have transformed biomedicine into a data intensive 
discipline. Vast, heterogeneous datasets now drive discovery and clinical decision-making, but they also pose 
substantial challenges in data management and interpretation. Large datasets can only be put into meaningful 
context when shared beyond institutional and national borders. These requirements have lately given rise to 
a global focus on FAIR research data2. However, these advances have also exposed a critical challenge, many 
existing metadata infrastructures are not equipped to handle the scale, complexity, and privacy requirements of 
modern omics data.

Metadata, i.e., data about data, is crucial to meaningfully describe data and to provide necessary context. 
The differentiation between data and metadata is context-specific and varies with the use case. The definition 
of the term “metadata” itself is also ambiguous and used inconsistently, adding another layer of non-uniformity 
that needs a solution in order to achieve interoperability3. In the realm of biomedical omics, “data” is often con-
sidered to be the output of a sequencing experiment and the subsequent downstream analysis, and the “meta-
data” is the context in which the data were created, such as origin, experimental protocols, or even clinical data 
describing the case. Metadata can also cover administrative information explaining consent information and 
access conditions4.

Robust and interoperable metadata frameworks are essential to harness the full potential of real-world omics 
data in personalized medicine. A major challenge lies in the rapid technological advances that require continu-
ous adaptation of metadata models (e.g., for new sequencing methods) and in the fragmented landscape of exist-
ing standards that capture only partial metadata (e.g., only clinical data or only experimental metadata). While 
multiple standards with defined classes and attributes exist for clinical data (e.g. OMOP CDM (Observational 
Medical Outcomes Partnership Common Data Model5) and HL7 FHIR (Fast Healthcare Interoperability 
Resource)6,7), or for single experimental approaches (e.g. minSCe for single-cell RNAseq experiments8) there 
is no overarching metadata standardization for genomics experiments that goes beyond minimum informa-
tion recommendations (e.g. MINSEQE9). Further guidelines, such as the GA4GH Experiments Metadata 
Standard, are currently under development (https://www.ga4gh.org/product/experiments-metadata-standard/). 
Traditional metadata schemas, often tailored to a certain experimental approach or use case, therefore struggle 
with interoperability, standardization, and scalability, limiting their ability to support emerging technologies. 
This includes machine learning-driven genomic analysis and federated data sharing10,11 or collecting data from 
multiple repositories, which further reinforces the fragmentation of data into isolated silos.

In the European landscape, alignment with ethical and legal principles is central to enabling responsible 
data exchange. Metadata models for human omics data often fall short due to differences in use cases, meta-
data model scopes, and inconsistent implementation of opening and/or closing clauses of the General Data 
Protection Regulation (GDPR), leading to additional challenges in cross-border data exchange12. Researchers 
have expressed concerns that the GDPR’s emphasis on individual consent and data protection mechanisms 
discourages institutions from participating in open data-sharing initiatives. For example, in pediatric cancer 
research, scientists have found that GDPR restrictions limit access to vital datasets, hampering research13. The 
reluctance to share data due to legal and ethical concerns further exacerbates the challenge, particularly when 
studying rare diseases that require extensive international collaboration. The lack of a unified interpretation 
of GDPR across EU member states leads to inconsistencies in data governance, making it difficult to establish 
large-scale collaborative projects in genomics14. At the same time, GDPR remains essential for protecting indi-
vidual privacy and is thus an essential foundation for safe, legally sound, and trustworthy data infrastructures15.

The absence of standardized metadata models across European countries also hampers interoperabil-
ity in large-scale European initiatives. Despite efforts such as the 1 + Million Genomes (1 + MG) Initiative16, 
which aims to create a federated infrastructure for secure genomic data sharing, different national regula-
tions and data governance frameworks continue to hinder seamless integration across borders. The European 
Genome-phenome Archive (EGA)17 and the European Genomic Data Infrastructure (GDI) have made efforts 
to establish federated, interoperable solutions, but differences in governance models, metadata frameworks, 
and data access regulations still create obstacles. Another challenge is the emerging trend towards data-driven 
personalized medicine and secondary use data from routine health care, often referred to as “real-world data”, 
in addition to controlled study cohort data18. These data structures vary significantly in their granularity and 
standardization measures, both of which tend to be higher for cohort data than for real-world data. Despite 
being less standardized and harder to access, real-world data, and especially real-world omics data, are essential 
for robust data analysis, real-world evidence and to drive personalized medicine19. For data portals in the health 
sector and their metadata models, it is imperative to be able to incorporate data from clinical studies, as well as 
real-world data18.

The German Human Genome-Phenome Archive (GHGA) aims to tackle the shortcomings of existing 
metadata issues such as lack of semantic interoperability and adaptability by building a federated, secure, and 
standardized infrastructure that enables efficient metadata management and data sharing while complying with 
European regulations such as GDPR. The GHGA serves as the German node within the Federated European 
Genome-Phenome Archive (FEGA)20, a network designed to enable secure and jurisdictionally compliant shar-
ing of sensitive genomic and phenotypic data across national borders. GHGA aims to establish modern research 
data management across academic disciplines through systematic data organization, long-term storage, backup, 
and accessibility.

Although metadata models for biomedical omics data exist, GHGA decided to develop its own EGA-based 
metadata framework to tackle the limitations mentioned previously and to ensure a scalable implementation 
that can be adapted to upcoming technologies, whether experimental (e.g., spatial omics, multi omics) or analyt-
ical (e.g., standardized pipelines, explorative approaches, machine learning). GHGA adopts an EGA-compatible 
metadata model to ensure interoperability in the FEGA context and the framework is designed to be operational 
within the German research and governance context. The model initially focused on cancer and rare diseases, 
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but its design supports submissions from studies across all disease domains. This flexibility is achieved through 
enhancements informed by comparisons with domain-specific models (e.g. European Joint Programme on Rare 
Diseases (EJP-RD)21, International Cancer Genome Consortium-Accelerating Research in Genomic Oncology 
(ICGC-ARGO)22), disease-agnostic models (European Nucleotide Archive (ENA)23, database of Genotypes and 
Phenotypes (dbGaP)24, ClinVar25), experiment-specific metadata standards (minSCe)8, and in continuous col-
laboration with GHGA Data Hubs (e.g., a survey for the prototype model, regular meetings). This approach 
enables national and international alignment while retaining independence of specific methods or applications.

To assess interoperability and completeness, we conducted a crosswalk analysis comparing GHGA with four 
established metadata models in human genomics. The crosswalk includes the current EGA Submitter API model 
and the future EGA metadata model, which is currently under development. Further, we compared the ISA-tab 
serialized model26 and the metadata model developed and implemented by FAIR Genomes Netherlands27. The 
crosswalk is focused on the information content of the respective schemas instead of the entity relations or the 
captured vocabulary. We aim to identify interoperable fields across the frameworks that can be used to define 
a consensus on the information necessary to describe human omics data. This work builds on and extends 
MINSEQE9, an established minimum information standard for high-throughput sequencing experiments. The 
comparison with the selected models also allows us to identify possible information gaps. Ultimately, the defini-
tion of shared metadata across repositories drives interoperability in cross-consortia settings and is an important 
step in breaking down data silos.

GHGA metadata model.  The GHGA metadata model comprises 16 entities and a total of 161 properties. 
Conceptually, the entities can be grouped into Research Metadata and Administrative Metadata, based on the 
information that is being captured within each group. As indicated in Fig. 1, five subgroups emerge within the two 
categories, reflecting the different parts of an omics experiment (dark green: Individual / Sample, middle green: 
Experiment, blue green: Analysis, light green: Dataset, bright orange: Study). Entities and properties are designed 
to capture non-personal metadata, which is not subject to the GDPR (Recital 2628). Additionally, they cover nec-
essary information to make the process of data generation reproducible and allow data findability.

In addition to being assigned to specific classes, properties in the schema can also be categorized based on 
their purpose within the model. On a broad scale, we differentiate between properties that are needed for rela-
tional data model functionality and class linkage (‘alias’), properties to ensure FEGA compatibility (‘ega acces-
sion’), properties needed for ontology term validation (e.g., ‘diagnosis ids’), indicators whether files are included 
in a submission (‘included in submission’), standardized properties to submit metadata for findable and reusable 
datasets, and custom properties to capture any additional, non-standardized information (‘attributes’).

Research metadata.  Structurally, the metadata model mirrors the design of a typical wet lab experiment, 
following a bottom-up approach that begins with the Individual — the subject of the study. Each Individual is con-
nected to one or more Sample(s) through a one-to-many relationship, reflecting the experimental reality where 
multiple samples can be derived from a single individual. The Sample is defined as the entity that is used for con-
ducting an omics experiment but also includes non-required details about the biospecimen it was derived from. 
This design allows defining biospecimen-specific details while keeping the model simple. One Sample is subject 
to one or more Experiments, where each Experiment links to exactly one Experiment Method. The Experiment 
Method, in turn, can link to one or more Experiment(s), indicating multiple experiments can follow the same 
experimental protocol.

Each Experiment is connected to one or more Research Data Files capturing the raw files, such as FASTQ 
files or BAM files containing unmapped reads. The linkage from Research Data File to Experiment follows a 
many-to-many relationship, allowing to also represent multiplexed files, an approach commonly used in single 
cell sequencing experiments29.

Further processing of the Research Data File necessitates linking the latter to the Analysis class, however, 
submitting processed data is optional, as indicated by the zero-to-many cardinality. Whilst each Analysis follows 
exactly one Analysis Method, it produces one or more Process Data File(s). These contain processed data, such 
as variant calls (VCF files), alignment maps (BAM or CRAM), or any other file format originating from down-
stream bioinformatic data processing. Contrary to the many-to-many relationships between Research Data File 
and Experiment, Process Data File and Analysis are linked via a one-to-many relationship, indicating that one 
Analysis produces one or more Process Data Files, while each Process Data File originates from only one Analysis.

To capture additional, non-standardized information, submitters are encouraged to include supporting 
files, which are supported for the Individual (Individual Supporting File), the Experiment Method (Experiment 
Supporting File) and the Analysis Method (Analysis Method Supporting File).

Administrative metadata.  All five file types (Research Data File, Processed Data File, Individual Supporting 
File, Experiment Method Supporting File, Analysis Method Supporting File) must be linked to a Dataset. Submitters 
have the flexibility to define Dataset(s) according to their needs, for example, by distinguishing between raw and 
processed data, different experimental methods (such as various sequencing techniques), or participant group-
ings (e.g., case vs. control, diseased vs. healthy). Each Dataset is governed under one Data Access Policy, however 
one Data Access Policy can refer to multiple Dataset(s). Similarly, each Data Access Policy is governed by one Data 
Access Committee, which can manage multiple policies. Further, each Dataset is linked to one Study and one 
Study must contain one or more Dataset. If available, submitters can indicate any related publications using the 
Publication class.

Property status.  As with entities, properties in the GHGA schema are categorized as required, rec-
ommended, or optional. This classification is based on their importance for database functionality, data 
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discoverability, and reusability. It was defined in alignment with the EGA metadata model and considering user 
feedback.

Across all 16 classes, a total of 88 properties is required. These mainly cover class aliases, which are necessary 
to link the data, as well as titles, names, and descriptions, which are presented on the data portal. Further, prop-
erties that ensure data reusability, such as the individual’s sex and age, information about the sequencing library 
and instrument, and the bioinformatics pipeline used to process data, ensure that data is reusable for other pur-
poses. Administrative metadata, such as Data Use Ontology (DUO)30 terms and Data Access Committee emails, 
are necessary for data access management.

Recommended properties carry additional information that increases the findability and reusability of a 
dataset. Accordingly, the majority of the 36 recommended properties can be found in the Sample and Experiment 
Method classes, where they capture details about the biospecimen that was used to generate the Sample, or fur-
ther information about the sequencing library kit and the flow cell that was used for sequencing. The Individual 
and Analysis Method classes also carry recommended properties, such as the phenotypic features and diagnoses 
associated with an Individual, or details about the workflow and reference annotation that were used to process 
data.

Finally, the metadata schema contains 37 optional properties. These cover geographical and ances-
try information about the data subject, external references for biosamples, or GHGA-specific fields, such as 
EGA-accessions.
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Fig. 1  Overview of the GHGA v2 Metadata Model. The overview includes 16 schema classes, their cardinality, 
and number of properties. Classes are colored based on their classification in the workflow of a high-throughput 
sequencing experiment (Individual entities: dark green, Experiment entities: middle green, Analysis entities: 
blue green, Dataset entities: light green, Study entities: bright orange).
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Standardization is achieved by controlling properties by either utilizing existing and widely used ontologies, 
or defining custom-controlled vocabularies. An overview of all defined vocabularies can be found in the schema 
(https://github.com/ghga-de/ghga-metadata-schema/blob/2.2.0/src/schema/submission.yaml#L1410) or the 
GHGA data dictionary (https://docs.ghga.de/metadata/data_dictionary/00_overview/). A total of 66 proper-
ties are controlled, where 44 only accept values from defined vocabularies. These word lists are either aliases to 
ensure proper linkage, or were generated following EGA vocabularies, Laboratory Information Management 
System (LIMS) readouts from GHGA data hubs, and other domain experts. Further, 14 properties are controlled 
using ontologies, namely the Human Phenotype Ontology (HPO)31 for phenotypic features, ICD-10 for diagno-
ses (https://icd.who.int/browse10/2019/en), the National Cancer Institute Thesaurus (NCIt)32 for the geographic 
region, Human Ancestry Ontology (HANCESTRO)33 for the ancestry, BRENDA tissue ontology (BTO)34 for the 
biospecimen tissue, and DUO to code data access permissions and modifiers. The remaining eight properties are 
controlled by the definition of the slot type as a Boolean or an integer.

Architectural and legal framework.  Architectural framework and submission tools.  The GHGA meta-
data model is implemented in the Linked Data Modelling Language (LinkML)35. The model is rooted in the 
Submission class. For every class an identified slot (primary key) named ‘alias’ is defined which can then be used 
to create references across entities. Users are enabled to extend the given model with additional metadata items 
through a generic slot definition that consists of key-value pairs (‘attribute’). Repetitive slot definitions across the 
model are reduced by utilizing Mixins.

GHGA offers data submitters an Excel Workbook, auto-generated from the schema and serving as a 
user-facing submission template, providing a human-readable format that is better suited for users without 
a programming background. The direct submission of metadata using a JSON is also possible. Prior to meta-
data submission to GHGA’s downstream backend tools, the metadata is processed with command-line tools 
developed in-house, ghga-transpiler (https://github.com/ghga-de/ghga-transpiler) and ghga-validator (https://
github.com/ghga-de/ghga-validator).

As shown in Fig. 2, the transpiler tool converts the submission Excel workbook into a JSON file, a 
machine-readable data format. It is agnostic to the workbook structure but relies on a configuration file to 
import the workbook settings. The transpilation routine includes auto-processing of data values into model 
conforming data types and formats using built-in functions specific to GHGA metadata models. After transpi-
lation, the validator tool checks whether the metadata is valid based on the GHGA metadata model. This step 
includes structural validation, checks for completeness, and verification of the uniqueness of aliases. The vali-
dator accepts the metadata as JSON and the metadata model as YAML and generates a report in JSON format, 
which is user-friendly and easy to interpret.

Privacy considerations.  A key challenge in developing an effective metadata model is recognizing that metadata 
can qualify as personal data under Art. 4 GDPR. Personal data relates to identifiable, living individuals, even if 
identification is only possible through combining data with other sources. This presents a dilemma: metadata 
must be detailed enough to support FAIR principles and aid research, yet it must not reveal the identities of Data 
Subjects, which could breach Art. 5 GDPR.

In GHGA’s case, metadata like sex, age, ancestry, and diagnosis helps researchers assess data relevance before 
applying for access. However, rare combinations of such attributes could make individuals identifiable. For instance, 
a 24-year-old male from a minority group with breast cancer is highly identifiable due to the rarity of that profile.

Metadata 
XLSX

Transpiler Metadata 
JSON

Validator Metadata 
Report

Data Stewart DSKit GHGA Archive

Fig. 2  Flow of metadata validation in the GHGA Architecture. Incoming metadata excel sheets are transpiled 
into JSON-format using the GHGA Transpiler. The GHGA Validator validates the JSON against the GHGA 
metadata model and generates a report in JSON format. A data steward forwards the validated metadata JSON 
to the GHGA Archive using the Data Steward Kit (DSKit).
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A report by Weichert and Schuler from Netzwerk Datenschutzexpertise showed how combining variables 
such as sex, postcode, and diagnosis can lead to patient identification, even in anonymised hospital data36. This 
underlines the need to treat indirectly identifying metadata as personal data if linkage is reasonably likely – a 
standard clarified in Recital 26 GDPR, which considers cost, time, and technology involved in re-identification.

In developing the GHGA Data Portal, ensuring metadata was non-personal was critical, especially given 
the inclusion of health-related data, which falls under special category data (Art. 9 GDPR). GHGA conducted a 
Privacy Impact Assessment to evaluate identifiability risks. It revealed that demographic variables in the GHGA 
model overlapped with those in the hospital data identified by Weichert and Schuler as leading to potential 
re-identification. However, a number of key changes have been made:

	 1.	 Low-level geographic information remains private
The inclusion of a postcode or other forms of low-level geographic information has the effect of reducing the 
size of the possible population within which the Data Subject exists, as well as narrowing down the geograph-
ic area in which a Data Intruder would have to search for further information. Germany has a population of 
approximately 84 million people, whereas a postcode area will usually have a population of a few thousand 
people. Assuming that incidence rates are consistent across postcode areas, the number of cases in any post-
code area is likely to be low, particularly for less common phenotypes. Data deposited at GHGA will usually 
have been generated in Germany, but no further geographic information is presented in the public metadata.

	 2.	 Banded age
Rather than presenting the Data Subjects’ exact ages or dates of birth, the GHGA Metadata Model uses 
banded ages. For example, a Data Subject’s age recorded in categories of ten years: age 20–30, rather than 
24 years. A similar approach was taken in the hospital data analysed by Weichert and Schuler36. However, 
in the analysed hospital data, age was banded to five-year increments, which Weichert and Schuler consid-
ered to be insufficient.

	 3.	 Amalgamated diagnoses
The GHGA Data Portal does not utilise the full ICD-10 code, and instead amalgamates different pheno-
types together that share the same top-level ICD-10 code (e.g., U31.0, U31.1, U31.2 become U31). By only 
utilising the letter and two numbers, the ability to isolate rarer variations of a phenotype, a likely vector 
of an attack, is reduced, and so the level of protection for any individual Data Subject is increased. This 
approach was not used in the hospital data analysed by Weichert and Schuler.

As a result of these protections, despite the similarity of certain fields with the hospital data analysed 
by Weichert and Schuler, the metadata contained with the GHGA Data Portal can be considered to be 
non-personal within the meaning of Recital 26 GDPR. To support this classification, GHGA produced a Privacy 
Impact Assessment to examine whether the metadata captured in its model could reasonably be regarded as 
non-personal data, taking into account its expected contents and the additional data protection measures in 
place. As the model itself does not contain metadata, it is not possible to provide formal privacy guarantees, such 
as assurances regarding compliance with k-anonymity, since such tests require the presence of actual metadata. 
Instead, the GHGA metadata model has been deliberately designed to reduce the likelihood of such violations, 
which, combined with GHGA’s broader data protection measures, led to the conclusion that the publicly dis-
played metadata can be reasonably considered non-personal. The metadata remains at the individual-level, to 
better enable discovery, but the model has sufficient reductions in precision that the effort required to identify 
a Data Subject would be unreasonable. In this way, it strikes a balance between findability and data protection.

Results
The full GHGA metadata model37 was used as the basis to perform the semantic crosswalk analysis to selected 
biomedical models. For each of the other models, the latest schema versions were retrieved from their respec-
tive GitHub repository or the EGA Submission API. Properties within each model were included or excluded 
based on the mapping rules clarified in the methodology. During the mapping analysis, instances were identified 
where a single property corresponded to multiple fields in the target model. Plots will depict only one connec-
tion to enhance visual representation.

Forward mapping between GHGA and related models.  The crosswalk analysis between the GHGA 
metadata model and four external frameworks revealed generally consistent property coverage. After applying 
mapping rules, 96 GHGA properties were analyzed. FAIR Genomes achieved the most matches (50), followed 
by EGA (42), ISA-tab (36), and the EGA Submission API (36). Most correspondences were exact matches, while 
EGA-based models showed more lexical alignments. Statistical analyses found no significant association between 
model type or GHGA class and mappability (p > 0.3). Coverage varied across GHGA classes, with Study and 
Analysis showing the highest alignment (up to 88%), while Experiment Method and Research Data File showed 
lower rates. All GHGA classes had at least one equivalent property in external models, confirming the model’s 
interoperability. Additional statistical data and full mappings are provided in the Supplement.

Identification of consensus omics metadata properties.  Based on the mapping analyses performed 
between the GHGA model and the EGA Submission API model (Fig. S1a), FAIR Genomes metadata model 
(Fig. S1c), the EGA model (Fig. S2a) and the ISA-tab model (Fig. S2c), we identified overlapping properties 
(Fig. 3a,b). A presence-absence matrix was derived from the mappings to indicate recorded connections for each 
property in the GHGA metadata model. A property was declared as “common” if it was present in at least three 
out of the four models that were compared to the GHGA model.
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Out of 96 total properties included in the mapping, 25 were identified as common fields of information, 
spread across nine classes in the GHGA model. The most overlapping fields were identified for the Sample (five 
properties), followed by Study, Experiment Method, Analysis (four each), Individual (three), Analysis (two), and 
lastly Data Access Committee and Experiment with one common property each. The three supplementary file 
types, Data Access Policy, Dataset and Publication had no common fields.

While 10 properties were present in all five metadata frameworks, 15 were present in GHGA and three other 
models. ISA-tab had the most missing fields (nine), followed by EGA with three missing properties and FAIR 
Genomes with two, whereas only one field was absent in the EGA Submission API model.

The identified common properties can be classified based on the possibility to control data entries using defined 
vocabularies, ontologies, or regular expressions, which is possible for 15 fields. These fields capture standardiz-
able information about a genomics experiment, namely methodological classifications (Analysis Method ‘type’, 
Experiment Method ‘type’, Study ‘types’), procedural details (Experiment Method ‘library type’, Experiment Method 
‘instrument model’) and file format information (Research Data File ‘format’). Further controllable fields capture 
information to describe samples (Sample ‘disease or healthy’, ‘case control status’, ‘biospecimen tissue term’) or sam-
ple donor characteristics (Individual ‘phenotypic features terms’, ‘diagnosis terms’, ‘sex’). Additionally, information 
about study affiliations (Study ‘affiliations’) and contact details (DAC ‘email’) are among the consensus properties.

The remaining 10 consensus fields capture information to uniquely identify entities within one study (‘name’ 
or ‘title’) or to describe them for data reusers (‘description’). Due to their heterogeneous nature, they cannot be 
controlled using vocabularies, ontologies or pattern identification mechanisms. Properties serving identification 
and description purposes are present for the Analysis (‘title’, ‘description’), Analysis Method (‘name’, ‘description’, 
‘workflow name’), Experiment (‘title’), Experiment Method (‘name’), Sample (‘name’, ‘biospecimen name’) and the 
Study (‘title’, ‘description’).

All identified common properties, except for Analysis ‘description’, are either required or recommended in 
the GHGA metadata schema. A majority of 19 consensus fields are required. Among these are fields to identify 
and describe entities, methodological type and procedural specifications, as well as contact and affiliation details. 
Further, Individual ‘sex’ and Sample ‘case control status’ are required information. The recommended properties 
are amassed in the Sample and Individual entities and capture information about a person’s phenotypic features 
or diagnoses, and a sample’s disease or healthy status, as well as a biospecimen identifier and the tissue.

Backward mapping from related models to GHGA.  Before the crosswalk analysis, properties were 
filtered according to mapping rules, leaving between 30% and 45% of properties per model for comparison. EGA 
and its Submission API showed the strongest overlap with GHGA (48 and 35 matched properties, respectively), 
while FAIR Genomes (33) and ISA-tab (25) displayed lower alignment. Most connections were exact matches, 
with only a few narrow or unmatched properties observed. EGA Submission API achieved the fewest unmatched 
entries (two) and the highest mean coverage with GHGA (97%), followed by EGA (79%), ISA-tab (71%), and 
FAIR Genomes (40%). Statistical testing confirmed a significant relationship between model and property map-
pability (p < 0.001). GHGA classes such as Analysis Method, Experiment Method, Sample, and Study were repre-
sented in all models, while auxiliary files had no equivalents. Median mappability of common classes was highest 
for EGA-API and ISA-tab, underscoring their closer conceptual alignment with GHGA.

Knowledge gap identification.  Out of the 232 properties analyzed across the four related metadata mod-
els, 91 properties could not be mapped to the GHGA model. To identify potential knowledge gaps, we examined 
these unmapped properties by cross-mapping them and organizing them into information complexes based on 
their content (Fig. 4). This analysis revealed that no single information complex was present and required across 
all four related models while simultaneously being absent in the GHGA model. Additionally, none of the proper-
ties in the absent information groups were designated as required in their respective schemas.

However, we identified one information complex that was mappable across three of the four models. These 
are information about the time of sampling, which is present in EGA (Sample ‘collection date’), FAIR Genomes 
(Material ‘Sampling timestamp’ and ‘Registration timestamp’) and ISA-tab (Process ‘date’) (Fig. 4a). While FAIR 
Genomes and ISA-tab have no information on the requirement status of their properties, this type of informa-
tion is optional in the EGA schema. FAIR Genomes’ Material ‘Registration timestamp’ only maps to ISA-tab 
process ‘date’ but not to the other two properties in this group.

The other four information complexes stretch across two of the four models. Figure 4b depicts properties 
defining information about a contact name. These properties are present in the ISA-tab model (Person ‘midini-
tials’, ‘firstName, ‘lastName’) and FAIR Genomes (Study ‘Principal Investigator’). The latter property maps to all 
three ISA-tab properties, whereas there is no recorded mapping among the ISA-tab properties.

Further, the GHGA model does not capture information about excluded diseases or phenotypes, as well as the 
date of sequencing. This information is collected both in the EGA (Individual ‘excluded diseases’, ‘excluded pheno-
typicAbnormalities’; Assay ‘assayDate’, respectively) and FAIR Genomes (Clinical ‘unobserved phenotype’; Sequencing 
‘sequencing date’, respectively) models (Fig. 4c, d). In both cases, this information is optional in the EGA schema. 
Lastly, EGA and ISA-tab both capture information about the dataset release date (EGA: Dataset ‘approximate release 
date’, ISA-tab: Study ‘public release date’). Similar to the previous fields, submitting this property is optional (Fig. 4e).

Discussion
The GHGA metadata model provides a flexible and extensible foundation for describing biomedical and genom-
ics data across diverse research contexts. Its adaptable design extends existing models, such as the EGA model, 
while being developed in close collaboration with GHGA stakeholders and aligned with international standards. 
GHGA ensures interoperability with major international genomics initiatives by adopting single properties from 
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ICGC-ARGO and dbGaP and by integrating controlled vocabularies from ontologies such as ICD-10, HPO, 
and NCIt. The model incorporates domain conventions from initiatives including EJP-RD, distinguishing phe-
notype from diagnosis, and integrates selected properties from ENA, ICGC ARGO, GDC, and dbGaP to sup-
port semantic interoperability. GA4GH standards such as DUO codes and crypt4GH are embedded within the 
framework, while Phenopackets can be submitted as supplementary files to enhance phenotype representation.

The crosswalk analysis between GHGA as source and EGA Submission API, EGA, FAIR Genomes, and 
ISA-tab as target models allowed us to define a consensus to collect information about experiments in the field 
of biomedical omics. Forward mapping (from GHGA to the related models) and backward mapping (from the 
related models to GHGA) proved effective for identifying shared information, uncovering potential knowledge 
gaps, and highlighting structural differences across the selected models.

The high number of exact lexical matches in both forward and backward mapping directions highlights 
the overall similarity between the five compared models and alignment to domain best practices. Only GHGA 
Sample ‘biospecimen name’ and Experiment Method ‘target regions’ were repeatedly mappable based on back-
ground knowledge, which was the case in the crosswalks to the EGA Submission API and EGA models.

Forward mapping reveals cross-model alignments and similarities.  As expected, mapping 
the GHGA model to four related metadata models revealed no significant differences in overall mappability, 
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confirming its broad interoperability. While GHGA was initially aligned with the EGA Submission API, it has 
since expanded to support complex biomedical omics use cases. The comparable mappability rates among models 
reflect this balanced design, enabling integration across diverse standards.

Lower alignment observed for the EGA-API can be attributed to its smaller and more technically focused 
scope, whereas the more general ISA-tab model demonstrated broader compatibility due to its flexible, less 
domain-specific classes. EGA and FAIR Genomes showed similarly high match rates but differed in empha-
sis: EGA overlapped with GHGA in technical domains such as analysis and experiment metadata, while FAIR 
Genomes aligned more closely in administrative domains like data access and study information.

Several GHGA properties, particularly those within the Experiment Method and other highly specialized 
classes, did not align with external models. These fields capture detailed experimental metadata such as sequenc-
ing platform or library kit that, while optional, can help trace potential batch effects and ensure more reproduc-
ible analyses.

Defining a consensus for biomedical omics metadata models.  All five models cover basic informa-
tion about the overarching study, sample characteristics, such as sex and phenotype, the process of sequencing, 
such as library and sequencer, downstream analysis workflows, and contact details. Further, all models in the 
crosswalk store information about the file type or format that was produced during the experiment. Among these, 
several fields are controllable using either defined vocabularies or ontology validation, allowing for standardi-
zation across metadata models. The identified consensus aligns with other widely used data portals that are not 
included in the analysis, such as GEO38,39 or ArrayExpress40. However, the information content in both differs and 
is not fully standardized, requiring metadata curation efforts prior to data re-use38,39.

Consensus blind spots.  The information captured in the consensus can be utilized for basic re-use cases 
and machine-learning approaches. However, it does not collect enough metadata for in-depth analyses integrat-
ing multiple datasets. Next to detailed clinical information, the consensus lacks standardized information about 
library preparation protocols, preprocessing pipelines and file formats of processed data files. While protocols in 
clinical routine scenarios might not differ from manufacturer recommendations, academic experiments often 
divert from standardized protocols, testing new techniques or combinations of single library preparation work-
flow elements. For reasons of reusability and interpretability, it is necessary to record this information. Although 
the selected frameworks focus on bulk approaches, the GHGA model is also capable of capturing metadata of 
transcriptomics experiments on the single cell level. Since this approach massively increases the granularity of 
observable differences within a dataset, more details about the experiment have to be collected in order to cor-
rectly identify sources of confounders, for example the storage temperature41,42. This detailed information cannot 
be found in the consensus.

Applying the consensus to MINSEQE and beyond.  Although additional information beyond the basic 
necessary fields is not present in the consensus, the comparison of five models serving different use cases solidifies 
the importance of the identified common fields and offers a resource to define metadata models in alignment 
with established standards. Additionally, the consensus fully aligns with MINSEQE9, the Minimum Information 
about a high-throughput Sequencing Experiment, which mandates descriptions of five elements of an omics 
experiment. Sample details, sequence read data, information about the study or experiment, and protocols are 
directly covered in the consensus fields, while processed or summary data are not mentioned in the common 
fields. However, all five compared models offer linking properties to capture both sequencing and processed or 
summary files. File identifiers are not explicitly part of the standardized information captured in the semantic 
consensus fields.

Beyond MINSEQE the consensus eases alignment to other health-related domains, such as biobanking 
standards or clinical trial registries. On the national level, the study-level consensus fields are mappable to the 
mandatory items of the NFDI4Health metadata schema core module43. Internationally, the consensus properties 
allow a high-level mapping to MIABIS (descriptions of samples, datasets, research resources, and collection)44. 
These alignments enable cross-domain linking in the context of studies and increase the FAIRness of the depos-
ited data.

Backward mapping reveals significant model differences.  The backwards mapping of the four 
related models to the GHGA model revealed a significant difference with regards to general mappability. The 
EGA Submission API and ISA-tab models had the highest mappability rates. While none of the missing fields 
are universally required, several, such as sampling or sequencing date, could be prioritized in future iterations, 
following a privacy assessment of the combinations of dates and age ranges.

Non-mappable properties in the ISA-tab model can be separated into two distinct information groups: dates, 
such as Investigation ‘submissionDate’, and personal information, such as person ‘lastName’ and excluded phe-
notypes or diseases. Further, the Material class (‘name’ and ‘type’) and Publication ‘status’ were not mappable to 
the GHGA model. The GHGA metadata model operates under the assumption of anonymity, excluding any 
potentially identifiable personal information, such as individual names or personal addresses. Although it does 
not carry personal information, excluded phenotypes and excluded diseases can serve as quasi-identifiers in 
combination with other metadata attributes and are therefore excluded from the model. ISA-tab defines the 
Material class to describe any consumables during the experimental process, and Sample as specification of the 
Material class (https://isa-specs.readthedocs.io/en/latest/isamodel.html). The ISA-tab Material class can there-
fore be linked to the GHGA Sample, but as both models carry a dedicated Sample class, linking only between 
these specialized classes is semantically more appropriate. Since ISA-tab’s use case is to offer a serialized model 

https://doi.org/10.1038/s41597-026-06575-y
https://isa-specs.readthedocs.io/en/latest/isamodel.html


1 1Scientific Data |          (2026) 13:242  | https://doi.org/10.1038/s41597-026-06575-y

www.nature.com/scientificdatawww.nature.com/scientificdata/

that can be adapted to many different use cases by customizing Comment, Factor, and different attribute and 
value classes, the content of the GHGA metadata model can also be encoded there.

The Kruskal-Wallis test revealed a significant difference of the mappability rates of common classes among 
the four models. This difference was most pronounced in the mapping of FAIR Genomes to GHGA, whose 
median mappability rate was 0.46. This finding is in line with FAIR Genomes’ use-case. While all the other ana-
lysed models are designed to capture study-centric information about an omics experiment freely designable by 
the researcher, FAIR Genomes collects data about genomics approaches in a precision medicine setting, using a 
human-centric relationship modelling. As such, this model includes detailed information about consent forms 
and dates, as well as further clinical information about the individual under study. The information content of 
the FAIR Genomes model is comparable to Genomdatenverordnung (GenDV, https://www.gesetze-im-internet.
de/englisch_gendv/englisch_gendv.html), specifying type and scope of data collected, stored, and processed 
under the Modellprojekt Genomsequenzierung45. The GHGA model is not designed to capture consent form 
information, especially not on the individual level, but important information from the consent form for one 
study might be included in the data access policy text. Still, details about both the consent form signed by the 
individual and clinical or demographic data can be submitted to GHGA using the Individual Supplementary 
File. Operating under the assumption of anonymity under the GDPR made it necessary to select the most com-
mon confounders of data analyses in the field of biomedical research (disease, sex, age, phenotype, country of 
residence, ancestry) on a broader level (banded age, low-level geographic information, aggregated diagnosis), 
leaving out other information of interest, such as comorbidities, year of birth, age at disease onset, medication, 
or information that would most likely be limited due to data minimisation according to Art. 5c GDPR28, such as 
gender identity data. In the same context, model design choices were affected by similar privacy considerations. 
Patient-centric models require stronger privacy safeguards when metadata are publicly displayed or searchable, 
as they link more data to individuals and increase re-identification risk across studies. They also demand net-
worked data architectures rather than isolated submissions. While such designs exist (for example, the 4D nucle-
ome project46), GHGA adopted a study-centric approach aligned with FEGA and common omics repositories 
like EGA and GEO to ensure feasibility and familiarity for submitters.

GHGA covers all mandatory metadata fields.  None of the properties that were absent in GHGA were 
present in all four related models. We identified information groups common across two to three compared 
models, highlighting room for improvement in future GHGA model releases. Nevertheless, three out of five 
information types can currently be submitted to the GHGA infrastructure using custom attributes for Sample 
(Time of sampling), Experiment Method (Date of sequencing), and Study (Dataset release date). Contact names 
and excluded diseases or phenotypes on the level of individual patients were deliberately left out of the GHGA 
metadata model to comply with the assumption of anonymous data collection. The Individual Supplementary File 
allows to append details about individuals to the dataset without this information being shown in the GHGA data 
portal.

Of the four models, only EGA API and EGA differentiate between required and optional properties. While 
the GHGA metadata schema covers all required slots in the EGA Submission API model, Individual ‘organism-
Descriptor’, as well as Sample ‘organismDescriptor’ and ‘sampleGroupBoolean’ of the EGA mandatory fields are 
not mappable to GHGA. In GHGA, both EGA ‘organismDescriptor’ instances default to ‘NCBITaxon:9606’ and 
‘homo sapiens’47 because GHGA only collects data from human individuals. In the EGA model, ‘sampleGroup-
Boolean’ is used to indicate whether a sample object corresponds to an individual sample or a sample group. 
The GHGA model does not differentiate sample grouping on this level but it is possible to infer the distinction 
programmatically by counting unique occurrences of ‘individual alias’, used to link samples to individuals, in 
the Sample class. In conclusion, all required fields can be filled using the GHGA model, although directly corre-
sponding fields are not always present in the model.

Conclusion and future perspectives.  As discussed in the previous section the GHGA metadata model 
is suitable for many use cases with regards to common sequencing approaches (WGS, WES, bulk and single-cell 
RNAseq) in clinical settings or biomedical studies. It is mappable to relevant European initiatives (EGA, FAIR 
Genomes) and models that are implemented on a global scale (ISA-tab). The identification of a consensus across 
all five models in the crosswalk emphasizes the importance of metadata interoperability and the alignment to 
accepted standards, such as MINSEQE for high-throughput or minSCe8 for single-cell sequencing experiments. 
While a comparison of accepted controlled vocabularies or ontologies was not part of the analysis presented here, 
standardization across models also needs to take vocabularies into account to be fully interoperable48. As in all 
databases that operate on ontology implementation, an important aspect that needs a solution is the version-
ing of ontologies and the subsequent translation to metadata model values that have already been stored in the 
database49,50.

Comparing our model with other models in the field allowed us to identify possible gaps in the information 
collected by the metadata model. While none of the identified additional fields are present in all of the compared 
frameworks, underlining the overall completeness of the GHGA metadata model, further adjustments could 
include a sampling date in the Sample class and the sequencing date in the Experiment Method.

The GHGA metadata model in its current version was developed to capture research and administrative 
metadata mostly from bulk DNA or RNA sequencing experiments. As the neighboring fields are steadily evolv-
ing, it will become necessary to develop the model further into the direction of other state-of-the-art tech-
niques, such as proteomics51, ATAC (Assay for Transposase-Accessible Chromatin) or spatial omics52. All of 
these methods come with unique data and metadata requirements; for example the connection of sequencing 
data and imaging data in spatial omics, or a combination of multiple omics layers. The increasing complexity 
of experimental and analytical approaches, in combination with recent technical developments in the field of 
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federated data processing and data visiting, such as trusted research environments or swarm learning53, neces-
sitate a progression to increasingly flexible metadata models that can handle even more diverse use cases. The 
GHGA metadata model offers a sound basis, both on a technical and legal level, for further advancements and 
illustrates how FAIR sharing of omics data and GDPR-compliance can go hand in hand.

Furthermore, the current metadata model has a great potential to fully harness the emerging technologies in 
healthcare. Future metadata frameworks must evolve towards greater flexibility, adaptability, and interoperabil-
ity, incorporating AI-driven schema evolution, supporting decentralized architectures, and enabling seamless 
integration of multimodal datasets. Addressing these challenges is imperative to ensuring that metadata remains 
a robust foundation for next-generation healthcare innovations.

Methods
Calculations and visualizations were performed using R54 and the R packages dplyr55, tidyr56, ggplot257, circlize58, 
and pheatmap59.

Semantic mapping.  Schema representations from EGA (https://github.com/EbiEga/ega-metadata-schema/
tree/b82f410b184084a326d7eaffd1feb729f46676a1/schemas), the EGA Submission API v3.0 (https://submission.
ega-archive.org/api/spec/#/), the FAIR Genomes (https://github.com/fairgenomes/fairgenomes-semantic-model/
blob/e17e51e4b79f8a1498cefaf305c8cb8cf8f6340e/fair-genomes.yml), ISA-tab (https://github.com/ISA-tools/
isa-api/tree/95a788c50a0b908118c2d16ad342478d3f5ef064/isatools/model), and GHGA (https://github.com/
ghga-de/ghga-metadata-schema/blob/2.2.0/src/schema/submission.yaml) were converted into a long tabular 
format. Mappings between source and target properties were recorded in accordance with the SSSOM stand-
ard60. Connections were labelled using the Semantic Mapping Vocabulary (semapv) introduced by SSSOM60 and 
Simple Knowledge Organisation System (SKOS) vocabulary (https://www.w3.org/TR/skos-reference/). Mapping 
predicates were defined as one of exactMatch or closeMatch, indicating that object and subject can be used inter-
changeably across a wide range of (exactMatch) or some (closeMatch) information retrieval applications, broad-
Match or narrowMatch, in which the object is either a narrower or a broader concept than the subject. Mapping 
justifications were defined using lexicalMatch and Background Knowledge Based Mapping (BKBM). Properties 
with no corresponding match were recorded as noMatch.

Properties in the models were mapped based on their description, ensuring that they capture the same infor-
mation, even though property naming conventions might differ. In cases where descriptions or property names 
were unclear, we compared controlled vocabularies, if they were available. Properties were always mapped to 
a property in the target model; mapping properties to classes only (e.g., EGA DAC ‘objectTitle’ to GHGA Data 
Access Committee) was not possible. All mappings are human-curated.

Several properties were excluded from the mappings. These are non-defined properties, such as GHGA 
‘attributes’, ISA ‘comments’ or EGA API ‘extra attributes’, linking properties, such as ‘aliases’ or entity IDs, and 
framework-specific properties that are needed for schema functionality, such as GHGA ‘ega accessions’ and 
ontology term IDs, or EGA API provisional IDs. By excluding these properties, we ensured that the mapping 
focuses on the fully standardized model parts. This allowed the comparison of the information content irrespec-
tive of the model structure or entity relationships.

Information gap identification.  To identify gaps in the GHGA model, properties that were present in the other 
four models (related models) but absent in the GHGA model were collected and mapped amongst the four compared 
models. The cross-model mapping only included those properties that were not present in the GHGA model. Mappable 
properties were grouped based on the captured information to investigate knowledge gaps within the GHGA model.

Coverage calculations and statistics.  Mean coverage percentages were calculated for each class (PC) and 
model (Pi) in both mapping directions (forward and backward) based on the mappability rate per class. The value 
is determined by dividing the number of mappable properties per source model class to a target model (mC,i) by 
the total number of properties in that class (tC,i), excluding those omitted from the analysis based on the applied 
mapping rules (eC,i) (see Eq. 1).

P
m C i

t C e C
( , )

( ) ( ) (1)
C i, =

−

Where

•	 P: mapping percentage
•	 C: a source model class
•	 mC,i: number of mapped properties for class C in model i
•	 tC: total number of properties for class C
•	 eC: number of excluded properties for class C

For forward mapping from GHGA to the related models, the mean coverage for each GHGA class (PC) was 
calculated by adding the mapping percentages for one class to each of the four target models (PC,i) and dividing 
the sum per class by the number of models (Eq. 2).
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P P1
4 (2)C i C i1

4
,∑=

=

Where

•	 P: mapping percentage
•	 C: a source model class
•	 ∈i {1,2,3,4}: index of a target model

For backward mapping, the mean coverage per model (Pi) was calculated by summing the mapping 
percentage of each class within the model (PC,i) and dividing the sum by the number of classes in the model 
(Eq. 3). The calculation omitted classes that were excluded from the mapping based on the defined map-
ping rules.

∑=
∈

P
n

P1
(3)

i
i

c C C i,
i

Where

•	 P: mapping percentage
•	 C: the set of included classes
•	 ∈i {1,2,3,4}: index of a model
•	 ni = ∣C,i∣: Number of included classes in model i

To compare mappability rates in the backwards mapping, standard classes were identified and classes in 
the model assigned to them. The standard classes were Study, Sample source, Experiment and Analysis. Classes 
included in the backwards mappability comparison were EGA API’s StudyRequest (Study), SampleRequest 
(Sample source), ExperimentRequest (Experiment), and AnalysisRequest (Analysis), EGA’s Study (Study), Sample, 
Individual (both Sample source), Experiment, Assay (both Experiment), Protocol and Analysis (both Analysis), 
FAIR Genomes’ Study (Study), Personal, Clinical, Material (all Sample source), Sample preparation, Sequencing 
(both Experiment) and Analysis (Analysis), and ISA-tab’s Study (Study), Source, Sample (both Sample source), 
Assay (Experiment), Process and Protocol (both Analysis).

Statistical tests were employed to test mapping differences for both mapping directions. A Pearson’s 
Chi-squared test was used to test whether mappability rates are independent of the compared model. Differences 
between class mappability rates were tested using a subsequent Kruskal-Wallis test. In the backwards mapping, 
the Kruskal-Wallis test was only applied to the previously defined standard classes.

Data availability
The complete crosswalk data is available on Zenodo61.

Code availability
The code to generate figures and perform statistical evaluation is available in the GHGA Metadata Crosswalk 
Analysis repository (https://gitlab.dzne.de/ag-ulas/ghga-metadata-model-crosswalk-analysis).

Received: 8 September 2025; Accepted: 7 January 2026;
Published: xx xx xxxx

References
	 1.	 Brlek, P. et al. Implementing whole genome sequencing (WGS) in clinical practice: advantages, challenges, and future perspectives. 

Cells. 13(6), https://doi.org/10.3390/cells13060504 (2024).
	 2.	 Wilkinson, M. D. et al. The FAIR Guiding Principles for scientific data management and stewardship. Sci Data 3, 160018, https://doi.

org/10.1038/sdata.2016.18 (2016).
	 3.	 Ulrich, H. et al. Understanding the nature of metadata: systematic review. J Med Internet Res. 24(1), e25440, https://doi.

org/10.2196/25440 (2022).
	 4.	 Doniparthi, G., Mühlhaus, T. & Deßloch, S. Integrating FAIR Experimental Metadata for Multi-omics Data Analysis. Datenbank-

Spektrum 24(2), 107–115 (2024).
	 5.	 Hallinan, C. M. et al. Seamless EMR data access: Integrated governance, digital health and the OMOP-CDM. BMJ Health Care 

Inform. 31(1), e100953, https://doi.org/10.1136/bmjhci-2023-100953 (2024).
	 6.	 Ayaz, M., Pasha, M. F., Alzahrani, M. Y., Budiarto, R. & Stiawan, D. The fast health interoperability resources (FHIR) standard: 

Systematic literature review of implementations, applications, challenges and opportunities. JMIR Med Inform. 9(7), e21929, https://
doi.org/10.2196/21929 (2021).

	 7.	 Martínez-García, A. et al. Fairness for FHIR: towards making health datasets FAIR using HL7 FHIR. Stud Health Technol Inform. 
290, 22–26, https://doi.org/10.3233/SHTI220024 (2022).

	 8.	 Füllgrabe, A. et al. Guidelines for reporting single-cell RNA-seq experiments. Nat Biotechnol. 38(12), 1384–1386, https://doi.
org/10.1038/s41587-020-00744-z (2020).

	 9.	 Brazma, A. et al. MINSEQE: Minimum Information about a high-throughput Nucleotide SeQuencing Experiment - a proposal for 
standards in functional genomic data reporting. Zenodo, https://doi.org/10.5281/zenodo.5706412 (2012).

	10.	 Willis, C., Greenberg, J. & White, H. Analysis and synthesis of metadata goals for scientific data. J Am Soc Inf Sci. 63(8), 1505–1520, 
https://doi.org/10.1002/asi.22683 (2012).

	11.	 Ranchal, R. et al. Disrupting Healthcare Silos: Addressing Data Volume, Velocity and Variety With a Cloud-Native Healthcare Data 
Ingestion Service. IEEE J Biomed Health Inform. 24(11), 3182–3188, https://doi.org/10.1109/JBHI.2020.3001518 (2020).

https://doi.org/10.1038/s41597-026-06575-y
https://gitlab.dzne.de/ag-ulas/ghga-metadata-model-crosswalk-analysis
https://doi.org/10.3390/cells13060504
https://doi.org/10.1038/sdata.2016.18
https://doi.org/10.1038/sdata.2016.18
https://doi.org/10.2196/25440
https://doi.org/10.2196/25440
https://doi.org/10.1136/bmjhci-2023-100953
https://doi.org/10.2196/21929
https://doi.org/10.2196/21929
https://doi.org/10.3233/SHTI220024
https://doi.org/10.1038/s41587-020-00744-z
https://doi.org/10.1038/s41587-020-00744-z
https://doi.org/10.5281/zenodo.5706412
https://doi.org/10.1002/asi.22683
https://doi.org/10.1109/JBHI.2020.3001518


1 4Scientific Data |          (2026) 13:242  | https://doi.org/10.1038/s41597-026-06575-y

www.nature.com/scientificdatawww.nature.com/scientificdata/

	12.	 Molnár-Gábor, F. et al. Harmonization after the GDPR? Divergences in the rules for genetic and health data sharing in four member 
states and ways to overcome them by EU measures: Insights from Germany, Greece, Latvia and Sweden. Semin Cancer Biol. 84, 
271–283, https://doi.org/10.1016/j.semcancer.2021.12.001 (2022).

	13.	 Vassal, G. et al. The impact of the EU General Data Protection Regulation on childhood cancer research in Europe. Lancet Oncol. 
23(8), 974–975, https://doi.org/10.1016/S1470-2045(22)00287-X (2022).

	14.	 Molnár-Gábor, F. et al. Bridging the european data sharing divide in genomic science. J Med Internet Res. 24(10), e37236, https://doi.
org/10.2196/37236 (2022).

	15.	 Morley, J. & Rocher, L. Building infrastructure is key to unifying UK health data. BMJ. (December 10, 2024):q2735. https://doi.
org/10.1136/bmj.q2735

	16.	 Saunders, G. et al. Leveraging European infrastructures to access 1 million human genomes by 2022. Nat Rev Genet. 20(11), 
693–701, https://doi.org/10.1038/s41576-019-0156-9 (2019).

	17.	 Freeberg et al. The European Genome-phenome Archive in 2021. Nucleic Acids Res. 50(D1), D980–D987, https://doi.org/10.1093/
nar/gkab1059 (2022).

	18.	 Swertz, M. et al. Towards an Interoperable Ecosystem of Research Cohort and Real-world Data Catalogues Enabling Multi-center 
Studies. Yearb Med Inform. 31(1), 262–272, https://doi.org/10.1055/s-0042-1742522 (2022).

	19.	 Legido-Quigley, C. et al. Data sharing restrictions are hampering precision health in the European Union. Nat Med. https://doi.
org/10.1038/s41591-024-03437-1 (2025).

	20.	 Gadelha, L. & Eufinger, J. German Human Genome-Phenome Archive in an International Context: Toward a Federated 
Infrastructure for Managing and Analyzing Genomics and Health Data. Proc Conf Res Data Infrastr. 1, https://doi.org/10.52825/
cordi.v1i.394 (2023)

	21.	 Mimouni, Y. et al. The European joint programme on rare diseases: building the rare diseases research ecosystem. Rare Dis Orphan 
Drugs J. 3(3) https://doi.org/10.20517/rdodj.2024.06 (2024).

	22.	 Zhang, J. et al. The international cancer genome consortium data portal. Nat Biotechnol. 37(4), 367–369, https://doi.org/10.1038/
s41587-019-0055-9 (2019).

	23.	 Yuan, D. et al. The european nucleotide archive in 2023. Nucleic Acids Res. 52(D1), D92–D97, https://doi.org/10.1093/nar/gkad1067 
(2024).

	24.	 Tryka, K. A. et al. NCBI’s Database of Genotypes and Phenotypes: dbGaP. Nucleic Acids Res. 42(Database issue), D975–9, https://doi.
org/10.1093/nar/gkt1211 (2014).

	25.	 Landrum, M. J. et al. ClinVar: public archive of relationships among sequence variation and human phenotype. Nucleic Acids Res. 
42(Database issue), D980–5, https://doi.org/10.1093/nar/gkt1113 (2014).

	26.	 Rocca-Serra, P. et al. ISA software suite: supporting standards-compliant experimental annotation and enabling curation at the 
community level. Bioinformatics. 26(18), 2354–2356, https://doi.org/10.1093/bioinformatics/btq415 (2010).

	27.	 van der Velde, K. J. et al. FAIR Genomes metadata schema promoting Next Generation Sequencing data reuse in Dutch healthcare 
and research. Sci Data 9(1), 169, https://doi.org/10.1038/s41597-022-01265-x (2022).

	28.	 European Union. Regulation (EU) 2016/679 of the European Parliament and of the Council of 27 April 2016 on the Protection of 
Natural Persons with Regard to the Processing of Personal Data and on the Free Movement of Such Data, and Repealing Directive 
95/46/EC (General Data Protection Regulation) (2016).

	29.	 Zhang, Y. et al. Sample-multiplexing approaches for single-cell sequencing. Cell Mol Life Sci. 79(8), 466, https://doi.org/10.1007/
s00018-022-04482-0 (2022).

	30.	 Lawson J. et al. The Data Use Ontology to streamline responsible access to human biomedical datasets. Cell Genomics. 1(2):None. 
https://doi.org/10.1016/j.xgen.2021.100028 (2021).

	31.	 Köhler, S. et al. The human phenotype ontology in 2021. Nucleic Acids Res. 49(D1), D1207–D1217, https://doi.org/10.1093/nar/
gkaa1043 (2021).

	32.	 Fragoso, G., de Coronado, S., Haber, M., Hartel, F. & Wright, L. Overview and utilization of the NCI thesaurus. Comp Funct 
Genomics. 5(8), 648–654, https://doi.org/10.1002/cfg.445 (2004).

	33.	 Morales, J. et al. A standardized framework for representation of ancestry data in genomics studies, with application to the NHGRI-
EBI GWAS Catalog. Genome Biol. 19(1), 21, https://doi.org/10.1186/s13059-018-1396-2 (2018).

	34.	 Gremse, M. et al. The BRENDA Tissue Ontology (BTO): the first all-integrating ontology of all organisms for enzyme sources. 
Nucleic Acids Res. 39(Database issue), D507–13, https://doi.org/10.1093/nar/gkq968 (2011).

	35.	 Solbrig, H. et al. LinkML. Zenodo https://doi.org/10.5281/zenodo.10070666 (2023).
	36.	 Weichert T. & Schuler K. Krankenhausentgeltdaten-Nutzung Verstößt GegenDatenschutzrecht. Netzwerk Datenschutzexpertise 

(2024).
	37.	 Iyappan, A. et al. Metadata Schema for the German Human Genome-Phenome Archive. Zenodo. https://doi.org/10.5281/

zenodo.8341223 (2023).
	38.	 Wang, Z., Lachmann, A. & Ma’ayan, A. Mining data and metadata from the gene expression omnibus. Biophys Rev. 11(1), 103–110, 

https://doi.org/10.1007/s12551-018-0490-8 (2019).
	39.	 Chen, G. et al. Restructured GEO: restructuring Gene Expression Omnibus metadata for genome dynamics analysis. Database 

(Oxford). https://doi.org/10.1093/database/bay145(2019).
	40.	 Rustici, G. et al. ArrayExpress update–trends in database growth and links to data analysis tools. Nucleic Acids Res. 41(Database 

issue), D987–90, https://doi.org/10.1093/nar/gks1174 (2013).
	41.	 Yang, J. et al. The effects of storage temperature on PBMC gene expression. BMC Immunol. 17, 6, https://doi.org/10.1186/s12865-

016-0144-1 (2016).
	42.	 Fendl, B. et al. Storage of human whole blood, but not isolated monocytes, preserves the distribution of monocyte subsets. Biochem 

Biophys Res Commun. 517(4), 709–714, https://doi.org/10.1016/j.bbrc.2019.07.120 (2019).
	43.	 Abaza, H. et al. Toward a Domain-Overarching Metadata Schema for Making Health Research Studies FAIR (Findable, Accessible, 

Interoperable, and Reusable): Development of the NFDI4Health Metadata Schema. JMIR Med Inform. 13, e63906, https://doi.
org/10.2196/63906 (2025).

	44.	 Eklund, N. et al. Extending the minimum information about biobank data sharing terminology to describe samples, sample donors, 
and events. Biopreserv Biobank. 18(3), 155–164, https://doi.org/10.1089/bio.2019.0129 (2020).

	45.	 Till, A. et al. Germany’s national genomDE strategy. Nat Med. https://doi.org/10.1038/s41591-025-03991-2 (2025).
	46.	 Dekker, J. et al. The 4D nucleome project. Nature 549(7671), 219–226, https://doi.org/10.1038/nature23884 (2017).
	47.	 Schoch, C. L. et al. NCBI Taxonomy: a comprehensive update on curation, resources and tools. Database (Oxford) 2020, baaa062, 

https://doi.org/10.1093/database/baaa062 (2020).
	48.	 Vogt, L. et al. Suggestions for extending the FAIR Principles based on a linguistic perspective on semantic interoperability. Sci Data 

12(1), 688, https://doi.org/10.1038/s41597-025-05011-x (2025).
	49.	 dos Reis, J. C., Pruski, C., Da Silveira, M. & Reynaud-Delaître, C. Understanding semantic mapping evolution by observing changes 

in biomedical ontologies. J Biomed Inform. 47, 71–82, https://doi.org/10.1016/j.jbi.2013.09.006 (2014).
	50.	 Cardoso, S. D. et al. Leveraging the impact of ontology evolution on semantic annotations. In: Blomqvist E., Ciancarini P., Poggi F., 

Vitali F., eds. Knowledge Engineering and Knowledge Management: 20th International Conference, EKAW 2016, Bologna, Italy, 
November 19-23, 2016, Proceedings. Vol 10024. Lecture notes in computer science. Springer International Publishing; 68–82, 
https://doi.org/10.1007/978-3-319-49004-5_5 (2016).

https://doi.org/10.1038/s41597-026-06575-y
https://doi.org/10.1016/j.semcancer.2021.12.001
https://doi.org/10.1016/S1470-2045(22)00287-X
https://doi.org/10.2196/37236
https://doi.org/10.2196/37236
https://doi.org/10.1136/bmj.q2735
https://doi.org/10.1136/bmj.q2735
https://doi.org/10.1038/s41576-019-0156-9
https://doi.org/10.1093/nar/gkab1059
https://doi.org/10.1093/nar/gkab1059
https://doi.org/10.1055/s-0042-1742522
https://doi.org/10.1038/s41591-024-03437-1
https://doi.org/10.1038/s41591-024-03437-1
https://doi.org/10.52825/cordi.v1i.394
https://doi.org/10.52825/cordi.v1i.394
https://doi.org/10.20517/rdodj.2024.06
https://doi.org/10.1038/s41587-019-0055-9
https://doi.org/10.1038/s41587-019-0055-9
https://doi.org/10.1093/nar/gkad1067
https://doi.org/10.1093/nar/gkt1211
https://doi.org/10.1093/nar/gkt1211
https://doi.org/10.1093/nar/gkt1113
https://doi.org/10.1093/bioinformatics/btq415
https://doi.org/10.1038/s41597-022-01265-x
https://doi.org/10.1007/s00018-022-04482-0
https://doi.org/10.1007/s00018-022-04482-0
https://doi.org/10.1016/j.xgen.2021.100028
https://doi.org/10.1093/nar/gkaa1043
https://doi.org/10.1093/nar/gkaa1043
https://doi.org/10.1002/cfg.445
https://doi.org/10.1186/s13059-018-1396-2
https://doi.org/10.1093/nar/gkq968
https://doi.org/10.5281/zenodo.10070666
https://doi.org/10.5281/zenodo.8341223
https://doi.org/10.5281/zenodo.8341223
https://doi.org/10.1007/s12551-018-0490-8
https://doi.org/10.1093/database/bay145
https://doi.org/10.1093/nar/gks1174
https://doi.org/10.1186/s12865-016-0144-1
https://doi.org/10.1186/s12865-016-0144-1
https://doi.org/10.1016/j.bbrc.2019.07.120
https://doi.org/10.2196/63906
https://doi.org/10.2196/63906
https://doi.org/10.1089/bio.2019.0129
https://doi.org/10.1038/s41591-025-03991-2
https://doi.org/10.1038/nature23884
https://doi.org/10.1093/database/baaa062
https://doi.org/10.1038/s41597-025-05011-x
https://doi.org/10.1016/j.jbi.2013.09.006
https://doi.org/10.1007/978-3-319-49004-5_5


1 5Scientific Data |          (2026) 13:242  | https://doi.org/10.1038/s41597-026-06575-y

www.nature.com/scientificdatawww.nature.com/scientificdata/

	51.	 Dai, C. et al. A proteomics sample metadata representation for multiomics integration and big data analysis. Nat Commun. 12(1), 
5854, https://doi.org/10.1038/s41467-021-26111-3 (2021).

	52.	 Jain, S. et al. Advances and prospects for the Human BioMolecular Atlas Program (HuBMAP). Nat Cell Biol. 25(8), 1089–1100, 
https://doi.org/10.1038/s41556-023-01194-w (2023).

	53.	 Warnat-Herresthal, S. et al. Swarm Learning for decentralized and confidential clinical machine learning. Nature. 594(7862), 
265–270, https://doi.org/10.1038/s41586-021-03583-3 (2021).

	54.	 Team RC. R: A Language and Environment for Statistical Computing (2025).
	55.	 Wickham, H., François, R., Henry, L., Müller, K. & Vaughan, D. dplyr: A Grammar of Data Manipulation. The R Foundation, https://

doi.org/10.32614/cran.package.dplyr (2023).
	56.	 Wickham, H., Vaughan, D. & Girlich, M. tidyr: Tidy Messy Data. The R Foundation, https://doi.org/10.32614/cran.package.tidyr 

(2024).
	57.	 Wickham, H. Ggplot2: Elegant Graphics for Data Analysis (Use R!). 2nd ed. 276 (Springer; 2016).
	58.	 Gu, Z., Gu, L., Eils, R., Schlesner, M. & Brors, B. circlize Implements and enhances circular visualization in R. Bioinformatics 30(19), 

2811–2812, https://doi.org/10.1093/bioinformatics/btu393 (2014).
	59.	 Kolde, R. pheatmap: Pretty Heatmaps. The R Foundation, https://doi.org/10.32614/cran.package.pheatmap (2024).
	60.	 Matentzoglu, N. et al. A simple standard for sharing ontological mappings (SSSOM). Database (Oxford) https://doi.org/10.1093/

database/baac035 (2022).
	61.	 Mauer, K., Iyappan, A. & Ulas, T. GHGA Metadata Model Crosswalk. Zenodo https://doi.org/10.5281/zenodo.17573575 (2025).

Acknowledgements
This work was funded by the Deutsche Forschungsgemeinschaft (DFG, German Research Foundation) as part 
of GHGA – The German Human Genome-Phenome Archive (www.ghga.de, Grant Number 441914366 (NFDI 
1/1)). K.M. acknowledges funding by Helmholtz Information & Data Science Academy (HIDA). S.N. is funded by 
the Deutsche Forschungsgemeinschaft (DFG, German Research Foundation) as part of the Excellence Strategy of 
the Federal Government and the States – EXC 2180 - 390900677 (iFIT) and EXC 2124 – 390838134 (CMFI). T.U. 
and J.L.S are funded by the Deutsche Forschungsgemeinschaft (DFG, German Research Foundation) as part of 
the Excellence Strategy of the Federal Government and the States – EXC 2151 - 390873048 (ImmunoSensation2). 
T.U. and S.N. both supervised the work.

Author contributions
K.M., A.I., T.U. and S.N. conceptualized the study. K.M. performed the analysis, designed the figures, and drafted 
the manuscript. A.I. verified the analysis and edited the manuscript. K.M., A.I., B.S., G.T., P.M., L.K., S.P. and K.K. 
developed the GHGA metadata model. All authors provided critical feedback, contributed to and approved the 
final version of the manuscript.

Funding
Open Access funding enabled and organized by Projekt DEAL.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains supplementary material available at https://doi.
org/10.1038/s41597-026-06575-y.
Correspondence and requests for materials should be addressed to T.U.
Reprints and permissions information is available at www.nature.com/reprints.
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2026

https://doi.org/10.1038/s41597-026-06575-y
https://doi.org/10.1038/s41467-021-26111-3
https://doi.org/10.1038/s41556-023-01194-w
https://doi.org/10.1038/s41586-021-03583-3
https://doi.org/10.32614/cran.package.dplyr
https://doi.org/10.32614/cran.package.dplyr
https://doi.org/10.32614/cran.package.tidyr
https://doi.org/10.1093/bioinformatics/btu393
https://doi.org/10.32614/cran.package.pheatmap
https://doi.org/10.1093/database/baac035
https://doi.org/10.1093/database/baac035
https://doi.org/10.5281/zenodo.17573575
http://www.ghga.de
https://doi.org/10.1038/s41597-026-06575-y
https://doi.org/10.1038/s41597-026-06575-y
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Semantic alignment of the German Human Genome-Phenome Archive metadata model in Europe’s genomics field

	Introduction

	GHGA metadata model. 
	Research metadata. 
	Administrative metadata. 
	Property status. 
	Architectural and legal framework. 
	Architectural framework and submission tools. 
	Privacy considerations. 


	Results

	Forward mapping between GHGA and related models. 
	Identification of consensus omics metadata properties. 
	Backward mapping from related models to GHGA. 
	Knowledge gap identification. 

	Discussion

	Forward mapping reveals cross-model alignments and similarities. 
	Defining a consensus for biomedical omics metadata models. 
	Consensus blind spots. 
	Applying the consensus to MINSEQE and beyond. 
	Backward mapping reveals significant model differences. 
	GHGA covers all mandatory metadata fields. 
	Conclusion and future perspectives. 

	Methods

	Semantic mapping. 
	Information gap identification. 
	Coverage calculations and statistics. 

	Acknowledgements

	﻿Fig. 1 Overview of the GHGA v2 Metadata Model.
	Fig. 2 Flow of metadata validation in the GHGA Architecture.
	Fig. 3 Property presence / absence matrix based on the GHGA Metadata model.
	Fig. 4 Overview of information types not present in the GHGA model.




