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Biomedical datasets are increasing in size, stored in many repositories, and face challenges in FAIRness 
(findability, accessibility, interoperability, reusability). As a Consortium of infectious disease researchers 
from 15 Centers, we aim to adopt open science practices to promote transparency, encourage 
reproducibility, and accelerate research advances through data reuse. To improve FAIRness of our 
datasets and computational tools, we evaluated metadata standards across established biomedical 
data repositories. The vast majority do not adhere to a single standard, such as Schema.org, which is 
widely-adopted by generalist repositories. Consequently, datasets in these repositories are not findable 
in aggregation projects like Google Dataset Search. We alleviated this gap by creating a reusable 
metadata schema based on Schema.org and catalogued nearly 400 datasets and computational 
tools we collected. The approach is easily reusable to create schemas interoperable with community 
standards, but customized to a particular context. Our approach enabled data discovery, increased the 
reusability of datasets from a large research consortium, and accelerated research. Lastly, we discuss 
ongoing challenges with FAIRness beyond discoverability.

Introduction
Code and data sharing is becoming the norm in the biomedical sciences as scientists promote open science to 
facilitate reproducibility, to enable collaborative science and meta-analyses, and to maximize research invest-
ments from sponsoring agencies. As a result, an increasing number of publishers1–6 and funders7–11 require data 
management plans, open source code, and open access to data upon publication. Many of these requirements 
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are codified in the improved NIH Data Sharing Policy, which went into effect on 25 January 20237,8. To fulfill 
these mandates, a sea of biomedical research repositories have sprung up, creating a data sharing landscape that 
is difficult and time-consuming to navigate. In many cases, compliance is met by simply stating that data would 
be available upon request even without any mechanisms for enforcing data availability12–14. For research data 
and code to be shared and reused effectively, they must be Findable, Accessible, Interoperable, and Reusable 
(FAIR)15–17. However, findability requires useful, complete descriptions of the contents, known as metadata. 
Metadata allows researchers to discover and evaluate whether the dataset or code is suited for their purposes, 
provides helpful context for third party analysis, and enables sponsoring agencies to track compliance with open 
data policies. Comprehensive metadata are critical to facilitate the understanding, use and management of data 
and to support reproducible research18–21.

A lack of standardization of metadata is a primary hurdle in making research data and code more adherent 
to FAIR practice. Numerous biomedical researchers and domain-specific consortia have tried to address the 
standardization issue, resulting in a proliferation of best practices and data sharing recommendations21–33, which 
have contributed to confusion on which standards to adopt and how to implement their adoption. Even when 
standards are adopted, the standardized structured metadata is often unexposed and not reusable. The prolifera-
tion and fragmentation of incomplete data repositories, lack of organization of data in endless Data Lakes34 or in 
repositories with insufficient metadata, and the lack of common metadata standards make it difficult to combine 
separate data resources into a single searchable index. While standardizing metadata will not be sufficient to 
fully combine research data and code from different sources and enable meta-analyses, it is nevertheless a crucial 
first step towards this goal.

Encouraging metadata standardization has improved the findability of information on the web and enabled 
more informative displays and intuitive visualization of search results. Schema.org is an open-source project 
supported by Google, Microsoft, Yahoo, and Yandex to develop vocabularies to describe information across 
the internet. By creating a communal set of standards for information identification and organization, web 
crawlers can automatically access data and use it for a specific purpose. For instance, Google Dataset Search 
attempts to create an easy-to-search interface to find data by indexing datasets across the web that expose 
Schema.org-compliant metadata through HTML markup35–37. Analysis of such datasets can enable discover-
ies undetected in an individual dataset, including genotypic, epigenetic, phenotypic and epidemiologic cor-
relates of disease or immunity to disease to improve human health. To this end, the NIH supports efforts to 
enhance biomedical data FAIRness and encourages the use of open domain-specific repositories, generalist 
repositories, and knowledge bases for broad sharing of data with the larger research community24. While some 
NIH-recommended repositories use Schema.org standards, Google Dataset Search does not yet fulfill the needs 
of biomedical researchers for reasons that include: the limitations of a broad schema not developed for biologi-
cal data, divergence in formatting, coding and units of experimental data, limited features in the user interface, 
and lack of an Application Programming Interface (API). Ongoing efforts such as Bioschemas38,39 exist to create 
more biologically-relevant schemas, but those efforts currently focus on developing properties across many 
different researchers and working groups to be integrated within Schema.org which may need to be further 
customized to a particular research context. Given these issues, the specific metadata standardization needs of 
National Institute of Allergy and Infectious Diseases (NIAID)-sponsored researchers, and the increasing num-
ber of available research datasets, we developed a Dataset and software (ComputationalTool) schema tailored for 
infectious and immune-mediated disease research.

Here, we describe our approach to develop this schema to aid in cataloging datasets across diverse research 
areas with shared interests in infection and immunity. Our goal was to develop a reusable process and frame-
work that is compatible with large-scale FAIR data efforts, tailored to infectious and immunological disease 
datasets, and that is easy-to-adopt and extend to lower the barrier for metadata collection and secondary analy-
sis. First, we performed a landscape analysis to understand how pervasive Schema.org standards are within the 
biomedical community and compare how these schemas are used. Next, we applied what we learned to develop 
a Dataset and ComputationalTool schema tailored for research outputs in the infectious disease research space. 
To help researchers easily collect and publish these metadata, we developed a guide to help identify dataset 
repositories and extended a form-based mechanism to easily collect dataset metadata based on our proposed 
standards when no community repository exists. In developing the minimalistic schema for infectious and 
immunological disease research, we demonstrate a process for improving domain-specific data FAIRness that 
may be generalizable. Our process is broadly extendable to other domains of biomedical research and serves as 
a reusable process for other research communities to create interoperable schemas that help make their research 
outputs more FAIR.

Results
Fragmented application of schemas results in inconsistent use of standardized proper-
ties.  First, we sought to understand how widespread Schema.org standards are in common data reposito-
ries. We found that general purpose repositories, sources not limited to biological data, were more likely than 
specialized repositories to use Schema.org-compliant markup (Fig. 1a). The broader data sharing community, 
represented by 78% of generalist sources surveyed, has coalesced on the Schema.org standard, but biological 
repositories lag in migrating to a single data standard. Although some more specialized sites included Schema.org  
markup, they were in the minority, with only 18% of repositories surveyed using the Schema.org standard. As 
a result, the vast majority of biomedical data repositories are neither findable in dataset projects such as Google 
Dataset Search, nor interoperable with dataset metadata from other sources.

To further investigate how Schema.org Dataset profile was being applied by general-purpose and special-
ized repositories, we compared the property utilization/prevalence across eight sources of biomedical datasets 
(Fig. 1b). While Schema.org does define a set of properties to describe datasets, it is less specific regarding the 
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structure (data type) of these properties or their relative importance. Indeed, the Schema.org Dataset specifies 
124 properties, but in our survey of 7 different repositories, only 34 (27.4%) of the properties were used at all.

The adoption of the Schema.org Dataset properties was associated with usage by metadata harvesters. Name 
and description were almost universally provided, and are the only two fields required by Google Dataset 
Search. Of the remaining available properties, very few are actually relevant to promoting findability in bio-
medical datasets. In fact, the Bioschemas community selected only 13 (10.4%) out of 124 available proper-
ties from Schema.org’s Dataset as useful for describing a Dataset in the life sciences40. This may simply be a 
reflection of the fact that the Schema.org Dataset profile derives and inherits properties from the Schema.org 
CreativeWork profile, which has many general properties irrelevant to biological sciences. The prevalence of 
values for a particular property illustrates how these repositories prioritize certain properties over others. For 
example, ImmPort and OmicsDI prioritize the sameAs property, which tracks either datasets cross-listed on 
other sites or reference web pages, compared to Zenodo, or Harvard Dataverse. Even if a property is shared 
between two different repositories, they may implement the property differently. For instance, is a publisher 
a string (“NIAID Data Dissemination Working Group”) or an object ({name: “NIAID 
Data Dissemination Working Group”, sponsor: “NIAID”})? Is it a single publisher or 
many? Moreover, what is meant by publisher – the dataset collector(s), the host lab, the host institution, or 
the repository which publishes the data? This diversity – both in structure and semantic meaning – complicates 
efforts to find datasets between sources. Thus, analyzing the prevalence is helpful to inform the creation of our 
own schema by highlighting commonly used properties and resolving ambiguities for selecting between two 
semantically-equivalent properties (e.g., publication vs. citation).

Designing a Dataset schema based on our analysis of Schema.org usage.  Based on our anal-
ysis of commonly used Schema.org Dataset properties (Fig. 1b), we developed a minimalistic-but-extendable 
schema tailored for infectious disease datasets. The NIAID Division of Microbiology and Infectious Diseases 
(DMID) Systems Biology (NIAID SysBio) Dataset schema contains 7 required fields, 7 recommended fields, and 
1 optional field (File 2 available on Zenodo41). The schema uses Schema.org as a base and introduces four main 
changes: (1) the addition of infectious disease-specific properties, encompassing those pertaining to the pathogen 
and/or the host; (2) the addition of whether a property is required, recommended, or optional (marginality);  
(3) a more defined structure for the properties, including more specific types, whether one or many values are 
allowed (cardinality), and (4) linking to ontologies and controlled vocabularies to define what values are allowed 
for that property. By extending the Schema.org standard, we focus the metadata on properties tailored for 

Fig. 1  Distribution of Schema.org standards in common data repositories. (a) Schema.org compliance 
in common biomedical repositories (see File 1 available on Zenodo41). (b) Within Schema.org-compliant 
repositories, each source used the standard differently. While description and name were almost universally 
provided for each dataset, other metadata properties were more inconsistently used within and between 
sources. Google Dataset Search marginality is provided in ref. 87.
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immune-mediated and infectious diseases, while also allowing these datasets to be findable in Schema.org-based 
data discovery projects like Google Dataset Search.

We prioritized including properties which were commonly used within the community already (Fig. 1b). 
For instance, author and creator are two similar fields used to express authorship of a dataset; however, 
the community, including Google Dataset Search, tends to prefer creator. Additionally, based on our goal 
of reducing collection burden on the researcher to promote uptake, we focused on developing a parsimonious 
schema to capture a key set of defining properties for biological datasets without being exhaustive. Two aspi-
rational properties which generally have been neglected, but are important in the context of infectious disease 
research were also included: temporalCoverage and spatialCoverage. We created four new proper-
ties that do not exist within Schema.org Dataset to customize the schema for our needs. We added one required 
property, funding (now a pending property in Schema.org), and three optional infectious disease specific 
properties: infectiousAgent, healthCondition, and species. To encourage the capture of meta-
data provenance, we included the pending property sdPublisher, which tracks the original generator of 
metadata. Since funding is an essential property to allow funders to track research outputs and for data users to 
understand provenance, we define the source of funding as a required property. While available in Schema.org, 
funding information is not generally captured by repositories, and some providers like Harvard Dataverse col-
lect funding information42 but do not standardize or expose it43. To promote compatibility with other commonly 
used schemas, we provide a crosswalk between our NIAID SysBio schema, Schema.org, and Google Dataset 
Search (File 2 available on Zenodo41), as well as a more extensive table (File 3 available on Zenodo41) which 
compares our schema to an analysis of data schemas including DataCite and Dublin Core by the RDA Research 
Metadata Schemas Working Group44.

Developing a ComputationalTool schema to link datasets and software.  To derive optimal mean-
ing from datasets and promote reanalysis, we wanted to be able to facilitate linkage of datasets to the computational 
tools and software used to generate and analyze them. Although previous standardization efforts like CodeMeta 
have generated mappings across different software schemas, a single community agreed schema has yet to be 
developed for scientific software, let alone biomedical scientific software. To leverage existing efforts to expand 
and standardize how software in biological research is cited, we turned to Bioschemas, an ELIXIR-supported 
effort for applying Schema.org standards to the life sciences. We reviewed Schema.org’s SoftwareSourceCode 
schema and the Bioschemas ComputationalTool profile and generated a minimal set of properties to describe and 
link relevant computational tools. This schema was extended from the Bioschemas ComputationalTool and has 6 
required, 10 recommended, and 4 optional properties (File 4 available on Zenodo41). As with the Dataset schema, 
the ComputationalTool schema includes additional properties designed for the NIAID research community: 
funding, infectiousAgent, healthCondition, and species. To improve consistency within 
categorical metadata properties, we used the same default ontologies for infectiousAgent, healthCon-
dition and species across ComputationalTool and Dataset. A biomedically-relevant default ontology was 
inherited from Bioschemas for the featureList and applicationSubCategory properties, and biolog-
ical ontologies were tied to the measurementTechnique property of the Dataset and ComptuationalTool 
schemas (see Methods). Similar to our Dataset schema, the ComputationalTool schema is intentionally minimalis-
tic; however, as it inherits features from the Bioschemas:ComputationalTool and Schema.org:SoftwareApplication 
classes, properties like input (defining the data inputs to the tool) could also be included, depending on the 
application.

Encouraging metadata standardization, deposition, and registration through the Data 
Discovery Engine.  After creating schemas to capture metadata for infectious disease datasets and computa-
tional tools, the next challenge is collecting metadata which conforms to these standards. One key barrier to using 
community standards like Schema.org for the deposition of data in a repository is identifying which of the 200+ 
available repositories provide metadata in the most discoverable format. To facilitate this process, we created a 
dataset registration flowchart (Fig. 2a) based on our landscape analysis of biological repositories (File 1 available 
on Zenodo41) that advises data providers how to register their dataset with minimal effort. If the dataset is stored 
in a Schema.org-compliant repository, the registered metadata can automatically be ingested via pre-existing 
markup crawlers like Google Dataset Search. Should the repository not be Schema.org-compliant, the data pro-
vider can register the deposited dataset by submitting the appropriate metadata via the NIAID SysBio Dataset 
Guide, as described below. To help users determine whether or not a data repository is Schema.org-compliant, 
we also built a web-based data portal/repository compatibility checker (Fig. 2b). The data portal compatibility 
checker includes the more than 200 data repositories and portals commonly used by the biomedical research 
community we analyzed in our landscape analysis (File 1 available on Zenodo41).

For datasets deposited in repositories that are not Schema.org-compliant, or for data providers who want 
to add additional infectious disease-specific metadata, we leveraged the infrastructure of the Data Discovery 
Engine (DDE)45 to allow users to register their own metadata. The Discovery Guide creates easy-to-use forms 
which can be filled out manually or via imports from files stored on GitHub or on a local machine. These forms 
validate the input to ensure compliance with the schema and controlled vocabularies, improving the standardi-
zation and findability of the inputted metadata. The resulting pages46–52 for the registered datasets and tools con-
tain embedded structured metadata, which automatically allow projects like Google Dataset Search to identify 
and index them.

The DDE also contains tools to improve ease of creation, use, and adoption of the schema. To enable oth-
ers to reuse or extend our schemas53, we created and registered them using the DDE’s Schema Playground. 
Developing a schema is often a time-consuming process; the DDE contains tools which allow you to develop 
a schema in a Schema.org-compliant JSON for Linking Data (JSON-LD) graph format and share the resulting 
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schema with others. Additionally, the Schema Playground includes tools allowing resource providers to easily 
extend and customize an existing schema based on a pre-existing schema (e.g., Schema.org Dataset or NIAID 
SysBio ComputationalTool) to suit their needs. Our minimalistic NIAID SysBio Dataset schema is designed to 
be customized for particular use cases. For instance, in the Center for Viral Systems Biology Data Portal54, which 
focuses on collecting and publishing systems biology data from Lassa Fever, Ebola, and COVID-19 patients, we 
extended the NIAID SysBio Dataset schema to include additional properties to track within the consortium, 
including measurementCategory, publisher, and variableMeasured for specific enumerated 
values55. The tools within the DDE facilitate finding existing schemas and adapting them for new purposes, 
lowering the barrier to adoption and discouraging the creation of yet another bespoke schema which is incom-
patible with commonly used schemas.

Applying the schemas to build a catalogue of NIAID Systems Biology datasets & soft-
ware.  After creating a schema tailored to infectious and immunological data, we used the Data Discovery 
Engine infrastructure to register datasets created by the NIAID/DMID Systems Biology Consortium for Infectious 
Diseases56. While the NIAID Systems Biology program has been prolific in generating publicly available datasets 
and open source computational tools, these research assets are challenging to find, as they are hosted in a combi-
nation of diverse repositories, including specialist data and software repositories, generalist ones, and custom data 
portals. As a result, accessing these datasets and computational tools becomes extraordinarily difficult. To address 
this limitation, the Systems Biology Consortium members across 15 different Centers individually registered 345 
Datasets57 and 49 ComputationalTools58 in the DDE as of July 2022 (Fig. 3). The datasets and software, encom-
passing host and pathogen relationships, come from over 18 diverse repositories, including specialist repositories, 
generalist, and custom data portals. These datasets also span a range of experimental techniques, from omics 
(genomics, metagenomics, transcriptomics, lipidomics, proteomics) to immunological (flow cytometry, Systems 
Serology) to clinical. Importantly, we were cognizant of the potential burden on researchers to collect this infor-
mation and sought to design an interface which minimized effort. All researchers we surveyed reported that the 
form-based submission made data registration easy and took on the order of a few minutes for each submission.

Building a registry that allows the adoption of a common data schema to existing datasets provides a number 
of benefits to the data producer, data consumer, and research community at large. First, rapid data dissemi-
nation in this format increases the likelihood of secondary analyses on these datasets by others. Moreover, it 
has the potential to increase the number of citations to the dataset, benefiting both the user and the broader 
scientific community. For example, datasets registered on the DDE have their metadata exposed in a common 
format, making them findable via Google Dataset Search (Fig. 3c) or other metadata harvesters. Second, data 
registry allows for the tracking of publicly available data directly by project sponsors, which would otherwise 
be difficult since data deposition often does not require the project funding as required metadata. Third, the 
metadata generated using this form has increased standardization along three axes: enforcing the collection of 
required information, enforcing consistent structure and format of fields, and ensuring consistency of terms via 
controlled vocabularies or ontologies for measurementTechnique, species, infectiousAgent, 
and healthCondition. For instance, the healthCondition field for COVID-19 has a number of 
synonyms or different spellings (e.g., COVID-19, Covid, Coronavirus disease 2019, nCoV-19); in the DDE, 
these are all standardized to a single value tied to an entry in the Mondo Disease Ontology59,60 (COVID-19, 
MONDO_0100096). This standardization should streamline data discovery and consequently promote dataset 
reuse. However, it is important to note that this effort represents a use case at this time, and the full impact of this 
standardized research catalogue has yet to be realized.

Fig. 2  (a) The DDE Dataset registration flowchart illustrates how to register a dataset with minimal effort.  
(b) The portal compatibility checker tool helps identify Schema.org-compliant repositories. Available at https://
discovery.biothings.io/compatibility.
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Fig. 3  NIAID Systems Biology Consortium Dataset and ComputationalTool Catalog. The metadata is 
registered and available through the Data Discovery Engine (DDE). (a) The DDE provides an interface to search 
for Datasets and ComputationalTools registered according to the NIAID SysBio schemas. (b) Example metadata 
page88 for a Dataset registered on the DDE according to the NIAID SysBio schema. (c) The same dataset in  
b viewed in Google Dataset Search after its registration in the DDE. The standardized metadata is exposed as 
structured data markup, allowing web crawlers such as Google Dataset Search to discover them, increasing their 
findability. (d) Summary statistics for the Datasets and ComputationalTools registered by the NIAID Systems 
Biology groups. (e) Comparison of measurement techniques by pathogen in registered datasets89–92.
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Use case: How a standardized registry benefits NIAID program sponsors.  The registry gener-
ated by the Systems Biology Consortium (Fig. 3) is currently being used to directly track and communicate the 
benefit of the research program by the NIAID sponsors. NIAID is committed to ensuring widespread access to 
all digital assets (publications, data, and analysis tools) that result from experimental approaches to exploit their 
full value and incentivize novel discoveries. While processes are established to track publications associated with 
specific grants and contracts (Research Performance Progress Reports, RPPR, which feeds into NIH RePORTER 
and MEDLINE/PubMed Central), datasets often require self-reporting from scientists to NIAID. In an ideal 
world, this information would be pulled automatically from repositories and/or PubMed, similar to publications; 
however, repositories do not always directly cite funding sources and/or critical metadata linking datasets to 
publications (and thus funding sources) are missing. Self-reporting limits the FAIRness of datasets by placing the 
reporting burden on the grantees, resulting in static snapshots of dataset availability which requires continuous 
updating. Additionally, in many instances, these reports are not visible to the scientific community, curtailing the 
ability of researchers to find and use these datasets in their research. As NIH implements its new data sharing 
policy in Fiscal Year 20237, the Systems Biology Program, through its generation of large datasets and tools, serves 
as a model for data sharing best practices.

The NIAID SysBio Dataset schema enables landscape analysis of infectious disease and immunological data-
sets for both science administrators (i.e., program officials) and the scientific community (i.e., researchers). For 
a specific dataset, the DDE highlights the pathogen, associated experimental techniques, corresponding publi-
cations, repository location, and funding information such as grant and/or contract number (File 5 available on 
Zenodo41). The DDE allows program sponsors to evaluate datasets based on pathogen, linking pathogen-specific 
datasets, experimental techniques, and repositories. The DDE also connects experimental techniques (genomics, 
transcriptomics, proteomics, lipidomics, etc.) to specific pathogens enabling one to determine whether or not 
datatypes exist for particular pathogens (Fig. 3e). Using the data collected through the registry, program spon-
sors can analyze the open data and open source tool contributions of research outputs from their program as a 
potential metric to measure program impact. It is important to note, however, that the scale of a dataset varies: a 
dataset can represent only a few samples/patients, or it could encompass tens of thousands of samples or more. 
As a result, the number of datasets or computational tools is merely the starting point to describe and evaluate 
the outputs of a research program. Taken together, the DDE harmonizes disparate datasets across repositories 
informing the community and program sponsors about infectious disease datasets.

Use case: Adapting the NIAID SysBio Dataset and ComputationalTool schema to track COVID-
19 research via the outbreak.info Research Library.  One primary advantage of the minimalistic 
NIAID SysBio Dataset and ComputationalTool schemas is the ease with which they can be adapted and extended. 
By making the schemas available within the DDE, the time to develop a schema is lowered (reusability), the sche-
mas are easier to combine with each other (interoperability), and the resulting metadata are easier to search or 
develop tools (findability). At the start of the COVID-19 pandemic, we noticed that an unprecedented number 
of research groups were sharing their research (publications, datasets, computational tools, and more) in near 
real-time, with thousands of items being shared every week61. While this shared knowledge has the potential to 
accelerate the pace of research, keeping track of the changing landscape is a challenge, with datasets, publications, 
and tools being published in dozens of different repositories, each with its own data schemas.

To address this challenge, we built the outbreak.info Research Library61, a standardized searchable platform 
of COVID-19 research. The Research Library harvests metadata from 16 sources every day and standardizes 
them to a schema62 based on the NIAID SysBio schemas, enabling querying across data platforms and across 
resource types. For instance, searching for “Omicron” allows researchers to simultaneously find publications, 
preprints, clinical trials, datasets, and websites related to the Variant of Concern without having to search the 
individual data sources. In this emerging health crisis, time was of the essence to develop a tool that could 
unify metadata from different sources. By using the NIAID SysBio schemas as our base, we accelerated the 
development of the system to enable rapid prototyping, testing, and deployment. Moreover, since the schemas 
share common parent classes, they naturally can be combined with data harvested according to the NIAID 
SysBio schemas, such as the Systems Biology Datasets and ComputationalTools. The flexibility of the system also 
allowed us to add additional properties customized to the goals of the Research Library. For instance, we added a 
property called topicCategory, based on machine learning on the metadata name and description, 
to group the datasets and publications into topics to support exploration of COVID-19-specific topics such as 
“Epidemiology” or “Public Health Interventions”. The outbreak.info Research Library has been accessed over 
40,000 times in the past year from approximately 10,000 users in over 140 countries, demonstrating the com-
munity interest in searching standardized research metadata as well as the reach of projects which use or extend 
the NIAID SysBio schema.

Similarly, the NIAID SysBio Dataset and ComputationalTool schemas are in the process of adoption by 
the Centers for Research in Emerging Infectious Diseases (CREID) Network, a group of 10 Research Centers 
in regions around the globe where emerging and re-emerging infectious disease outbreaks are likely to occur, 
to catalogue their data assets. The schemas are also being used as the backbone63,64 in the development of the 
NIAID Data Ecosystem, a platform developed by NIAID to help immune-mediated and infectious disease 
researchers to discover and analyze data from diverse data sources. As more data projects adopt the core base of 
the NIAID SysBio and Schema.org schemas, their interoperability will increase and it will be easier to combine 
data from across sources.
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Discussion
The primary barriers to widely sharing and reusing data are a set of interrelated challenges (see companion 
Commentary on Addressing barriers in FAIR data practices for biomedical data65), including: (1) lack of incen-
tives for researchers to share information in a timely and transparent manner; (2) logistical challenges with 
collecting, sharing, and finding data; and (3) lack of documentation and interoperability conflicts which make 
it difficult to reuse data. As a result, our main goal in this work was to tackle the logistical barrier: collecting 
sufficient metadata that promotes easily discovering datasets, the first step in reusing public data.

Within the vast history of dataset sharing efforts, countless schemas have been developed and continue to 
be created. Previous efforts to improve the findability of disparate biomedical resources typically focused on 
developing exhaustive but often difficult-to-implement schemas66. These approaches often aggregated a spe-
cific type of research outputs such as Datasets67,68 or Experiments69, or applying Natural Language Processing 
(NLP) algorithms to improve the searchability of insufficiently described research outputs70–73. For example, 
DataMed67,68, a biomedical research dataset index funded through the Big Data to Knowledge initiative, indexed 
and mapped metadata to core Data Tag Suite (DATS) elements, conducted user experience studies74, and applied 
NLP algorithms to improve the searchability of the indexed Datasets68. Despite the solidity of this approach, 
however, there is limited evidence of uptake of their schema, possibly due to the barriers in sharing data and 
reusing metadata schemas. As a result, the DataMed site is still a beta version and the metadata has not been 
updated since 2017.

Our goal in creating the NIAID SysBio Dataset and ComputationalTool schemas was not to create yet 
another schema (which may or may not be widely adopted). Instead, we sought to develop a process, reusable 
across diverse areas of biomedical investigation, to create a schema which is interoperable with community pro-
jects but tailored for a specific purpose. Given the diversity of data that exists, it is unlikely that the community 
will ever settle on a single schema; as a result, our approach focuses on highlighting the core properties shared 
between schemas and developing crosswalks to translate between schemas. In this respect, we are following a 
model similar to the infrastructure of PubMed, where each journal can develop its own data model, but must 
contain a common set of properties to be findable within PubMed.

An overarching challenge to meaningful data dissemination is the lack of a core set of properties for describ-
ing data, contributing to the fragmented data landscape and making data hard to find. In our survey of over 200 
generalist and biological repositories, only 18% of biological repositories used a common standard to describe 
their metadata, the widely adopted Schema.org Dataset standard (Fig. 1). As a result, data consumers are forced 
to search for different information in each data source, making datasets more challenging to find. Furthermore, 
cross-repository searching projects like Google Dataset Search or the NIAID Data Ecosystem are often forced to 
either undergo time-consuming metadata standardization projects or ignore potentially valuable metadata that 
cannot easily be standardized.

Based on this survey of existing dataset metadata schema usage, we developed a minimalistic, extenda-
ble schema tailored to infectious and immune-mediated disease datasets/software (Files 1 and 2 available on 
Zenodo41). To promote interoperability, we chose to base our schema on Schema.org to ensure compatibility 
with data cataloging projects like Google Dataset Search and BioSchemas. As our goal was not to create a new 
standard, but to generate links between standards, our approach was to extend existing classes with new proper-
ties to promote findability of infectious and immune-mediated disease assets. Essential to promote translation 
between standards, we developed a crosswalk to other common schemas, based on the work of the Research 
Metadata Schemas Working Group of the Research Data Alliance44 (see File 3 available on Zenodo41).

A core driver of our approach for developing a standard was to focus on practicality to decrease the barrier 
for research groups to collect metadata. While exhaustive schemas provide a full set of information about a 
dataset or computational tool, in practice, they can be inefficient to use. Indeed, if a Schema.org Dataset used 
every available property, a research group would need to capture over 124 pieces of information – a time con-
suming task, particularly when many of the properties are irrelevant for biological datasets. By collecting a small, 
core set of metadata properties, we focused data collection efforts – which can be quite time consuming – on 
essential fields to capture the gestalt of the dataset. We identified the minimum amount of information needed 
to understand what a dataset contains based first on understanding what Dataset properties are commonly 
used across dataset providers (Fig. 1). Such properties were then supplemented with a relatively small number 
of infectious and immune-mediated disease-specific fields based on discussions within the Systems Biology 
Data Dissemination working group, which contains experimentalists, computational biologists, clinicians, and 
NIAID program staff. Additionally, to decrease effort in post-processing of metadata, such as the efforts to 
use Natural Language Processing to improve metadata FAIRness by categorizing and classifying unstructured 
text68,71, we leverage existing key ontologies for properties to minimize variability in categorical metadata values.

To test how this schema could be deployed in a real-world situation, we leveraged the 15 Centers within the 
NIAID Systems Biology Consortium for Infectious Diseases, representing research groups from over 30 differ-
ent institutions, to register Datasets and ComputationalTools created by their center. Using the Data Discovery 
Engine (DDE) registry guide, the centers registered nearly 400 datasets and tools, which are physically stored in 
over 18 different sources (Fig. 3). The resulting registry57,58, therefore, provides a single searchable interface of 
the research output of the Systems Biology program and exposes its structured metadata for data indexing pro-
jects such as Google Dataset Search to find. As the DDE registration enforces type, metadata structure, and links 
to ontologies or controlled vocabularies, the metadata is more easily searched. For example, the standardized, 
centralized metadata enables funding agencies to track research outputs and monitor sharing compliance. Such 
transparency will be essential as the NIH launches its new Data Sharing Policy7. A centralized metadata registry 
also decreases the burden of manual data reporting to funding agencies and enables funding agencies to rapidly 
respond to congressional requests.
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Our approach of creating a common schema with core interoperable elements that can be extended 
to particular use cases has also been replicated in other projects, increasing the opportunities to promote 
cross-resource searching. Already, the NIAID SysBio Dataset and ComputationalTool schemas have been used 
in a variety of other infectious disease data sharing projects, including a consortium-specific Data Portal (Center 
for Viral Systems Biology Data Portal54,55), a searchable COVID-19 research platform (outbreak.info Research 
Library61), and an immune-mediated and infectious disease Discovery Portal (NIAID Data Ecosystem).

Standardizing metadata properties is an important first step for improving data FAIRness, but does not solve 
all problems associated with making data findable, accessible, interoperable, and reusable. In particular, organiz-
ing, managing, combining, and interpreting large datasets – especially across different research areas and groups 
– remain core challenges. While artificial intelligence and machine learning may provide avenues to address 
some of these issues72, those methods rely on having sufficient and unbiased data to supply as inputs, necessi-
tating researchers to invest in collecting sufficient metadata and data. Our work here aims to lower the barriers 
to register datasets with a core set of metadata to address challenges in findability, which will then stimulate 
iterative improvements on the downstream aspects of data sharing, including data interoperability.

We hypothesize that these two factors – a user friendly minimalistic dataset registration and the enforced 
standardization of the metadata using a schema containing a common core of elements – will promote data 
dissemination, improved findability of datasets (eventually leading to increased dataset citations), and accelera-
tion of research. We further hypothesize that this process is self-reinforcing: as data sharing and reuse becomes 
easier, the incentives to provide better quality metadata and data will increase, driven by use cases and reuse of 
data (quantified through citations). In this manner, metadata registration of datasets scattered across reposito-
ries is analogous to Open Access research articles, which have been shown to be more immediately recognized 
and cited by peers than non-Open Access articles, even if that journal is widely available75. As such, the registry 
represents a step towards promoting a cultural shift to rapid data dissemination and findability. By lowering the 
barrier to finding data, the metadata registry has the potential to motivate scientists to share data in repositories 
as data digital object identifiers (DOI) can be cited during secondary data analysis. This strategy also enables 
funding agencies to identify (and potentially reward) grants and grantees that represent exceptional data sharing 
best practices. Ensuring that datasets are disseminated following the FAIR Data Principles represents a challenge 
beyond data collection and analysis, and is essential to ensure that publicly available data is reproducible and 
interpretable for secondary analyses by investigators who did not generate the data. As has been abundantly 
evidenced by the necessity to readily share and analyze large datasets arising during the COVID-19 pandemic, 
integrative sharing of complex and diverse datasets is imperative to advance research focusing on human health. 
The effort from this Working Group has started to address these challenges and demonstrates “big data” can be 
incorporated across research programs, will generate meaningful results, and will continue to be an integral 
component of research activities across infectious diseases. Taken together, FAIR data, analytical software, com-
putational models, protocols, and reagents represent invaluable resources for the infectious disease community 
as we continue to understand and respond to the impacts of existing and emerging pathogens on human disease.

We have developed a reusable process for improving the FAIRness of scientific research outputs which lever-
ages the flexibility of Schema.org while being adaptive to the needs of specific research communities. Our goal 
was not to create yet another bespoke schema which may or may not be adopted, but to focus on developing a 
process to create a schema which can be easily integrated with metadata based on other common schemas. To 
achieve this goal, we evaluated Dataset repositories for Schema.org compliance, created interoperable Dataset 
and ComputationalTool schemas that considers the needs of the Systems Biology research consortia and its 
stakeholders, and identified additional challenges to FAIRness that have yet to be addressed. We leveraged exist-
ing open source infrastructure and utilized our process to create a data portal which improves FAIRness of 
Allergy and Infectious Disease datasets and tools. In doing so, we lower the barrier to reuse of datasets and tools 
in this research space, enable meta-analyses in this area, and provide a reusable process and working example for 
improving data FAIRness to other research communities.

Methods
Survey of schema.org adoption across repositories.  We undertook a survey of biomedical repos-
itories to try to understand current usage of the Schema.org Dataset schema across generalist and biological-
ly-focused sources. To begin, we identified over two hundred repositories recommended by NIH24, other donor 
agencies9,10,76, journals3–6,77–79, and on FAIRSharing.org80. We then analyzed whether a randomly selected dataset 
from each repository contained Dataset metadata markup that was Schema.org-compliant using Google’s Rich 
Results Test Tool (https://search.google.com/test/rich-results). For a subset of these repositories, we harvested all 
Dataset metadata available from 7 sources using custom metadata harvesting infrastructure. This custom meta-
data harvesting infrastructure consists of an extendable metadata crawler that could be used seamlessly within the 
BioThings81 and Data Discovery Engine45 frameworks. The crawler consists of three primary components which 
include source-specific spiders, analytical scripts, and uploaders that help load the resulting crawled metadata 
into a BioThings-based API81. The source-specific scrapers act like BioThings plugins for a particular source or 
repository of interest. If a sitemap is already available, the sitemap scraper ingests the sitemap URL, the sitemap 
rules, and any recommended user agents to systematically crawl through and apply the content scraper to parse 
out Schema.org-compliant metadata. If a sitemap is unavailable, the content scraper needs to include helper 
functions for calling the API (if the resource provides its metadata via API), paginating through a source to crawl 
and parse each page, or render and parse dynamically generated pages. Once a spider has been generated for each 
source, a corresponding uploader will be needed to map the results from the spider to the Elasticsearch index to 
enable querying of the metadata from a BioThings-based API. The metadata crawler is built in Python using the 
Scrapy library and can be found at https://github.com/biothings/biothings.crawler.
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Converting survey results to overall schema design decisions.  As part of the NIAID Systems Biology 
Data Dissemination Working (DDWG) group, we identified the minimal metadata fields needed to describe a 
resource within a dataset or software class based on our survey of utilization of Schema.org Dataset properties 
(Fig. 1), comparison to other commonly used community standards like Bioschemas (Files 2 and 3 available on 
Zenodo41), and our own data collection and reuse experience. The NIAID/DMID Systems Biology Consortium 
for Infectious Diseases is a cross-section of the immune-mediated and infectious disease community. It consists 
of a group of interdisciplinary scientists that bridge disparate scientific disciplines including microbiology, immu-
nology, infectious diseases, microbiome, mathematics, physics, bioinformatics, computational biology, machine 
learning, statistical methods, and mathematical modeling. These teams work together to integrate large-scale 
experimental biological and clinical data across temporal and spatial scales through computational and mod-
eling tools to better understand infectious diseases. The research findings drive innovation and discovery, with 
the goal of developing novel therapeutic and diagnostic strategies, and predictive signatures of disease to allevi-
ate infectious disease burden and provide solutions to complex public health challenges and disease outbreaks. 
Within this Consortium, the Data Dissemination Working Group includes representatives from the 15 Systems 
Biology Centers. The members of the DDWG are bench scientists, bioinformaticians, computational biolo-
gists, and clinicians whose research spans multiple scientific domains, pathogens, and experimental techniques  
(File 5 available on Zenodo41). The DDWG’s mission is to establish best practices for disseminating systems 
biology data in a way that is consistent with the NIAID Data Management and Sharing Guidelines82 and with 
the FAIR principles15 Community consultations to develop this schema were first discussed internally within 
the DDWG as described below, then more broadly within each Research Center as the DDWG representative  
consulted with their colleagues, and lastly with data-related Working Groups across NIAID.

Based on our survey of utilization of Schema.org Dataset properties, we identified the minimal metadata 
fields needed to describe a resource within a dataset or software class. Using our survey, we calculated the preva-
lence of properties within a source and then obtained the average prevalence for each property across the seven 
sources surveyed. Properties with an average prevalence of greater than 70 percent were assigned as minimal. 
We then supplemented these core properties with additional properties prioritized for infectious disease discov-
erability based on our experience finding and reusing datasets and computational tools. Given the importance 
of funders as key stakeholders in data access, we included funding as a minimal property as well. Although 
measurementTechnique did not make the prevalence cutoff, it was determined to be invaluable towards 
future aspirations for linking datasets and computational tools, and developing integrated analytical pipelines. 
Given the importance of spatial/temporal data in the infectious disease research space, we included properties 
to structure and store this information, even if its inclusion in the schema is currently mostly aspirational. The 
properties included in our schemas are not intended to be a comprehensive set of properties that any biomedical 
dataset could have, but rather a prioritized set of fields to promote reuse in biomedical research. Schema.org  
SoftwareSourceCode schema has issues similar to those we observed with Schema.org’s Dataset schema, 
including too many irrelevant properties and lacking missing needed properties to cite and reuse software. To 
address the issues for code, we leveraged the Bioschemas ComputationalTool profile which was developed by the 
Bioschemas Tools Working Group, a community that works to develop and maintain specifications on life sci-
ence tools. Additionally, since our schemas are derived from Schema.org and Bioschemas properties, additional 
properties from those schemas can be inherited in derived schemas.

Going beyond the Schema.org standard, we reviewed whether each property should be required, recom-
mended, or optional (marginality), and whether the value of a property should be single or multiple (cardi-
nality) to ensure consistency in the application of our schema. Fields are only required if absolutely necessary 
to minimize metadata collection time, and we were intentionally parsimonious about what we selected. To 
further improve consistency, interoperability, and linkage between the classes, we added validations for con-
trolled vocabularies based on standard ontologies, including NCBI Taxonomy83, NCI Thesaurus84, EDAM - 
Bioscientific data analysis ontology85, and the Mondo Disease Ontology59.

Cataloguing NIAID sysbio datasets and computational tools within the Data Discovery 
Engine.  To register Dataset and ComputationalTool metadata, we used the Data Discovery Engine’s45 
Metadata Registry Guide. The Guide (Datasets: https://discovery.biothings.io/guide/niaid, ComputationalTools: 
https://discovery.biothings.io/guide/niaid/ComputationalTool) enables users to submit metadata according to 
the NIAID SysBio schema and validate their inputs. Representatives from across the NIAID SysBio consortium 
collected metadata for datasets and computational tools they had generated and registered them on the DDE 
using a combination of form-based entry and .csv-based bulk uploads. The registered metadata can be viewed 
at https://discovery.biothings.io/dataset?guide=/guide/niaid,/guide/niaid/ComputationalTool. Code used to 
analyze the prevalence of Schema.org properties and create figures is available at GitHub (https://github.com/
Hughes-Lab/niaid-schema-publication) and archived on Zenodo (https://doi.org/10.5281/zenodo.6816052): 
https://zenodo.org/record/681605286.

Data availability
All Tables and data associated with this work are available in a Zenodo Dataset at https://zenodo.org/
record/7530501 (https://doi.org/10.5281/zenodo.7530501)41. The NIAID SysBio Dataset and ComputationalTool 
schemas are available in the Data Discovery Engine (https://discovery.biothings.io/view/niaid), in a Zenodo 
Dataset https://zenodo.org/record/7530501 (https://doi.org/10.5281/zenodo.7530501), and crosswalks between 
these schemas and other commonly used schemas are available in File 3. Schema.org-compliant repositories are 
available in File 1 in https://doi.org/10.5281/zenodo.7530501 (Fig. 1a). The harvested metadata from 6 selected 
repositories (Fig. 1b) is available through the Metadata Crawler API (https://crawler.biothings.io, https://crawler.
biothings.io/api/query). NIAID Systems Biology Consortium Datasets and ComputationalTools registered on the 
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Data Discovery Engine using the NIAID SysBio schemas are available on the DDE at and within the underlying 
API, https://discovery.biothings.io/api/dataset/query?q=_meta.guide:(%22/guide/niaid%22%20OR%20%22/
guide/niaid/ComputationalTool%22)). The summary File 5, displaying an overview of these datasets, is available 
on Zenodo.

Code availability
Code used to analyze the prevalence of Schema.org properties and create figures is available at GitHub (https://
github.com/Hughes-Lab/niaid-schema-publication) and archived on Zenodo (https://doi.org/10.5281/
zenodo.6816052): https://zenodo.org/record/68160529286. Code used to harvest metadata via Metadata Crawler 
(https://crawler.biothings.io/, https://github.com/biothings/biothings.crawler) and Metadata Plus (https://
metadataplus.biothings.io/, https://github.com/biothings/metadataplus) are available on GitHub, and the code 
to create the Data Discovery Engine, including the NIAID SysBio Dataset and ComputationalTool registration 
guides, is available on GitHub (https://github.com/biothings/discovery-app). Code to dynamically generate File 5 
is available at https://github.com/Hughes-Lab/niaid-schema-publication/blob/main/figures-code/Table%203%20
-%20Datasets%20by%20Grant.qmd.
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