bioRxiv preprint doi: https://doi.org/10.1101/2024.10.23.619844; this version posted October 25, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

Al-readiness for Biomedical Data: Bridge2Al Recommendations

Authors: Timothy Clark’, Harry Caufield?, Jillian A. Mohan®, Sadnan Al Manir’, Edilberto Amorim*, James
Eddy®, Nayoon Gim®, Brian Gow’, Wesley Goar®, Melissa Haendel®, Jan N. Hansen'®, Nomi Harris?, Henning
Hermjakob'!, Marcin Joachimiak?, Gianna Jordan'?, In-Hee Lee'®, Shannon K. McWeeney', Camille
Nebeker®, Milen Nikolov'?, Jamie Shaffer®, Nathan Sheffield', Gloria Sheynkman', James Stevenson?, Jake Y.
Chen'®, Chris Mungall?, Alex Wagner®, Sek Won Kong'?, Satrajit S. Ghosh’, Bhavesh Patel'®, Andrew
Williams'’, Monica C. Munoz-Torres*'®

Institutional Affiliations: (1) University of Virginia, (2) Lawrence Berkeley National Laboratory, (3) University
of California San Diego, (4) University of California San Francisco, (5) Avantigor, (6) University of Washington,
(7) Massachusetts Institute of Technology, (8) Nationwide Children’s Hospital, (9) University of North Carolina
at Chapel Hill, (10) Stanford University, (11) European Molecular Biology Laboratory - European
Bioinformatics Institute, (12) Sage Bionetworks, (13) Boston Children’s Hospital, (14) Oregon Health and
Science University, (15) University of Alabama at Birmingham,(16) California Medical Innovations Institute, (17)
Tufts University, (18) University of Colorado Anschutz Medical Campus.

* Corresponding Author: Monica C Munoz-Torres (monica.munoz-torres@cuanschutz.edu)

On behalf of the Bridge to Atrtificial Intelligence (Bridge2Al) Consortium members.

Abstract

Biomedical research and clinical practice are in the midst of a transition toward significantly increased use of
artificial intelligence (Al) and machine learning (ML) methods. These advances promise to enable qualitatively
deeper insight into complex challenges formerly beyond the reach of analytic methods and human intuition
while placing increased demands on ethical and explainable artificial intelligence (XAl), given the opaque
nature of many deep learning methods.

The U.S. National Institutes of Health (NIH) has initiated a significant research and development program,
Bridge2Al, aimed at producing new “flagship” datasets designed to support Al/ML analysis of complex
biomedical challenges, elucidate best practices, develop tools and standards in Al/ML data science, and
disseminate these datasets, tools, and methods broadly to the biomedical community.

An essential set of concepts to be developed and disseminated in this program along with the data and tools
produced are criteria for Al-readiness of data, including critical considerations for XAl and ethical, legal, and
social implications (ELSI) of Al technologies. NIH Bridge to Artificial Intelligence (Bridge2Al) Standards
Working Group members prepared this article to present methods for assessing the Al-readiness of biomedical
data and the data standards perspectives and criteria we have developed throughout this program. While the
field is rapidly evolving, these criteria are foundational for scientific rigor and the ethical design and application
of biomedical Al methods.

1. Introduction

Artificial intelligence (Al) may constitute one of the most impactful advances of the early 21st century. Its
innovations arrive at a crucial moment for biomedicine '. Scientific research produces more data than ever: a
single project may generate petabytes or even exabytes of data annually in a dizzying array of types, formats,
and scales 2. The contents of electronic health records (EHRS), to cite one example, though increasingly
computable ** and widely adopted °, continue to pose challenges due to their scale, complexity, heterogeneity,
and missingness ®®. The increase of electronic health data is often complemented by diverse data types (e.qg.,
‘omics, survey data, voice, video, geolocation, actigraphy) collected from varied wearables, smartphones,
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tablets, and instruments that capture human behavior and physiology at multiple temporal scales. The types
and scale of laboratory datasets available on cells and subcellular components are constantly increasing. How
to best apply newly emerging Al technologies to biomedical data is a question with evolving answers.

Applicable definitions of what constitutes Al-readiness for biomedical data have been elusive, as et al. °
pointed out in a recent review. Ng et al."® found that ethical acquisition and societal impact with transparency
and ethical reflection against pragmatic constraints were critical criteria not described in prior frameworks,
which needed to fully integrate healthcare-specific Al-readiness criteria. Hiniduma et al. describe data as the
critical fuel for Al models. Al system outputs are strongly associated with data readiness, a crucial point in Al
systems performance, fairness, and reliability. However, neither of these reviews contemplate preparation for
reuse as a primary goal of data generation and tend to assume that data, as presented, are ground truths.

Availability for reuse is an essential component of the FAIR (Findable, Accessible, Interoperable, Reusable)
principles for scientific data."' Data transformation is most often a significant feature in biomedical Al pre-model
pipelines that occurs before any study-specific feature selection and engineering. Therefore, we assume a
potential range of use cases and emphasize the provision of comprehensive descriptive metadata to enable
the assessment of dataset fithess for particular use cases based on complete transparency.

We provide here a set of criteria for biomedical data’s Al-readiness and an evaluation method to assess
dataset compliance. Our work incorporates prior scientific literature results and significant lessons learned in
the Bridge to Artificial Intelligence (Bridge2Al), a flagship $130 million program of the U.S. National Institutes of
Health (NIH). Bridge2Al’s goal is to produce Al-ready datasets comprised of curated cross-domain laboratory,
clinical, and behavioral data to enable the advancement of Al and its use in tackling complex biomedical
challenges'?. Bridge2Al datasets must be ethically acquired, FAIR, fully reliable, robustly defined, and
computationally accessible to promote use in the broader biomedical informatics Al/ML community. Along with
such datasets, Bridge2Al is developing associated standards, software, tools, resources, and training materials
to accelerate biomedical Al research. This program has provided a unique opportunity for Al-readiness criteria
to be explored, derived, and analyzed against our own large-scale biomedical datasets for multiple types of
analysis in a broad set of use cases. We define and explore these criteria here.

We also included a self-evaluation of Bridge2Al Grand Challenges projects in their current state of progress.
These should not be interpreted as measures of relative excellence in achieving Al readiness. The whole focus
of our effort is to provide useful points to aid in the standardization and metadata strategies for data generation
efforts intended to support Al algorithm development.

Al-readiness of biomedical data is defined herein as a set of characteristics of a dataset and its associated
metadata that permit reliable, ethical analysis by Al methods within defined use cases and operational limits,
with sufficient metadata to support reliable, appropriate post-model explainability analysis. Further:

e Reliability of datasets in Al requires clearly defined, robust, transparent data acquisition and preparation
methods, with adequate definition of dataset characteristics sufficient to support statistical robustness
and analytic repeatability.

e Quality of datasets in Al demands precise, comprehensive, and unbiased data collection, with
transparent metadata documentation of data origins and consistent protocols for labeling and
preprocessing while minimizing bias and errors in model performance.

e FEthical constraints on biomedical Al datasets concern the scientific integrity of pre-model data
acquisition and processing, adherence to best practices in human and animal subject protection, and
proper licensing and distribution with barriers against misuse.

e Explainability means the ability to show how data and results were obtained with verifiable
transparency, sufficient richness, and enough clarity to inspire confidence in the intended use.
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Bridge2Al consists of a coordinating Bridge Center (BC) and four Grand Challenges (GCs) in Functional
Genomics (Cell Maps for Al, CM4Al), Al/ML for Clinical Care (Collaborative Hospital Repository Uniting
Standards, CHoRUS), Precision Public Health (Voice as a Biomarker of Health, Bridge2Al-Voice), and
Salutogenesis (Artificial Intelligence Ready and Equitable Atlas for Diabetes Insights, AI-READI), with
participation from over 40 U.S., Canadian, and European institutions and more than 400 researchers. The GCs
are diverse, each producing unique multimodal data. The Bridge2Al Standards Working Group (SWG)
supports the Grand Challenges in establishing common approaches for defining and achieving Al-readiness
and promoting data and software interoperability. The value of Al-readiness criteria and evaluation methods for
datasets produced beyond the Bridge2Al program should be readily apparent. We believe the criteria specified
here will broadly support the ongoing large-scale transition to the development and use of Al methods in
biomedical research. This transition has already created big impacts in education '3, finance ", and drug
discovery '°, which have experienced widespread adoption of predictive computational systems. AlphaFold '
and other revolutionary Al products are indicative of more to come. To the greatest extent feasible, dataset
characterizations across these criteria should be available as machine-readable metadata.

In the remainder of this article, we outline practices and criteria contributing to the Al-readiness of any dataset
for future AI/ML applications. The NIH has provided general guidance regarding data sharing and
dissemination requirements and strategies to develop and publish criteria for ML-friendly datasets . The 2019
Report of the Advisory Committee to the Director Working Group on Al (ACD Al WG) suggested that Al-
readiness criteria should concern several categories, including Provenance, Description, Accessibility, Sample
Size, Multimodality, Perturbations, Longitudinality, and Growth . Our final list of Al-readiness criteria (see
Fundamental Requirements of Al-Readiness below) reflects the integration, reorganization, and clarification of
these foundational ideas in light of initial experiences of the Bridge2Al program and published
recommendations of Grand Challenge researchers'®. We also clarify preliminary definitions (Box 1) and
discuss the relationship between FAIRness, Al explainability, and ethical, legal, and social Implications (ELSI)
to Al readiness.

A set of preliminary definitions follows (Box 1), with references.

Box 1 — Definitions

Artificial Intelligence (Al): Artificial Intelligence is the ability of a computer to perform tasks
commonly associated with intelligent beings. Al is an umbrella term encompassing many rapidly
evolving interdisciplinary subfields, including knowledge graphs, expert systems, and machine
learning, and has many applications such as speech recognition and natural language processing,
image processing, robotics, and intelligent agents'®22,

Al-ready Data: Al-ready Data is data that has been prepared such that it can be considered
ethically acquired and optimally used for training, classification, prediction, text/image generation, or
simulation, and having explainable results based upon it, using appropriate Al and/or machine
learning methods in biomedical and clinical settings. The degree and nature of such preparation
and requirements placed upon it depends upon the specific type of data, its ownership and
derivation, and the set of use cases to which it will be applied. The realm of biomedical research is
one set of such use cases®.

Al System: An Al system is a machine-based system that, for explicit or implicit objectives, infers,
from the input it receives, how to generate outputs such as predictions, content, recommendations,
or decisions that can influence physical or virtual environments. Different Al systems vary in their
levels of autonomy and adaptiveness after deployment.?*
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Biomedical Data: Biomedical data is laboratory, clinical, omics, environmental, or behavioral data
obtained to study and/or intervene in the biology, psychology, ecosystems, health, clinical care, and
other characteristics of biological systems®.

Data: (a) Information in a specific representation, as a sequence of meaningful symbols?®; (b)
(Computing) The quantities, characters, or symbols on which operations are performed by a
computer, being stored on various media and transmitted in the form of electrical signals?’.

Data Element: A basic unit of information that has a unique meaning; an attribute, field, feature, or
property in a dataset®.

Dataset: A collection of data and metadata in a computer file, set of files, or set of datasets,
constituting a body of structured information describing some topic(s) of interest®®.

Explainable Artificial Intelligence (XAl): In Al systems and applications, XAl is the availability of
sufficient information, tools, and methods to enable an Al/ML classification, simulation, or prediction
to be explained based on inputs to the model and model methods. XAl aims to explain the
information grounding the Al model’s decisions or predictions™®.

FAIR, FAIRness: A set of defined characteristics of data, tools, and infrastructures that aid
discovery and reuse by third parties®. Compliance with the FAIR (Findable, Accessible,
Interoperable, Reusable) Principles “is a prerequisite for proper data management and data
stewardship” and is strongly recommended by NIH'""=3",

Machine Learning: Machine learning is a set of techniques that generates models in an automated
manner through exposure to training data, which can help identify patterns and regularities, rather
than through explicit instructions from a human?.

Metadata: Data that describes and gives information about other data?®?’. In Al-readiness contexts,
metadata are structured digital object descriptions that facilitate the implementation and
interpretation of Al/ML algorithms.

Provenance: Provenance is a record of the history, authorship, ownership, and transformations of
a physical entity or information object, such as data or software. Provenance provides an essential
basis for evaluating the validity of information and the nature of physical entities®.

2. Approach

The recommendations in this article resulted from an extensive collaborative process conducted within the
Bridge2Al Standards Working Group (WG), which is composed of domain experts in Al/ML, relevant data and
software standards, ethics, and data generation and preparation tasks, across the four Bridge2Al Grand
Challenges (GC) and the coordinating Bridge Center. Recommendations were developed from (a) analysis,
approaches, and conclusions from each GC including extensive problem-focused domain expertise; (b) special
expertise from Bridge Center and GC participants in development of ontologies and data standards; (c) review
and synthesis of relevant recommendations from the technical literature, with special emphasis on FAIRness,
Ethical Al, and Al Explainability; (d) lessons learned from prior Al-Readiness framework development by GC
participants®*~3, and (e) systematic analysis of the GC’s datasets against the resultant Al-readiness criteria.

While we do not include a detailed discussion on items like “sample size” and “multimodality,” which are study-
dependent, we urge users to ensure these issues are considered in preparing their own project-specific
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datasets. Likewise, study-specific techniques of pre-modeling data engineering (e.g. feature engineering,
feature extraction) are omitted, but must be documented by the data users for their specific study.

3. Fundamental Requirements of Al-Readiness

Datasets produced without consideration for emerging computational applications may pose technical barriers
at best and create ethical challenges and threats to research integrity, privacy, or security concerns at worst.

We assert that it is not enough for data to be usable in creating some prediction; its provenance must also be
well-documented to ensure that usability, reliability, privacy, attribution, data quality, and trust are maintained.
Attributes of what is termed “pre-model explainability”*® must also be satisfied, including consideration of
biases and assumptions inherent to the data. We have integrated these and other requirements of Al-ready
data based on the data’s properties, the practices used to achieve those properties, and examples of the
practices. Al-ready data may not be completely devoid of biases, skewness, and assumptions, but must be
accompanied by documentation and metadata that describe these characteristics for downstream reuse.

We stress the importance of documentation and metadata in enhancing the capabilities of both, automated
processes and human researchers when interpreting, evaluating, and validating a dataset. Datasets must have
clearly defined labels, provenance, and characterization to be minimally Al-ready, i.e., the meaning and
derivation of each value in the data, and the datasets as a whole, must be interpretable to both human
researchers and computational processes.

3.1 FAIRness and Al-Readiness

The FAIR principles were presented in 2016 as a set of defined characteristics of data, tools, and
infrastructures that aid discovery and reuse by third-parties®*#%'". They are increasingly recognized as
essential to digital scholarship, long-term sustainability, and reuse of datasets. The zeroth-order reuse case for
scientific data is their assessment for validity. As a collection of datasets designed for long-term reuse by
biomedical researchers, all Bridge2Al datasets must be FAIR. In particular, they must be assigned persistent
IDs, resolvable to rich descriptive metadata. The metadata must be searchable in a public resource (subject to
any applicable sensitivity restrictions), and sustained beyond the life of the data itself. Since its publication, it
has become clear that there will be levels of FAIRness, a spectrum ranging from simple “Findability and
Accessibility” characteristics with essentially bibliographic-style machine-readable metadata, to very rich
dataset and provenance descriptions in machine and human readable presentation®’. In developing Al-
readiness criteria and working to make Bridge2Al datasets compliant, we find that a number of criteria
originally defined as FAIR require a great deal of additional depth and specialization, particularly along the
dimensions of Provenance, Characterization, and Sustainability. Simple FAIRness is not enough. However, it
does provide a useful starting point and a reliable framework to integrate datasets, software, and other
research objects with the literature through direct citation*'°, bind metadata to data, and separate full
accessibility from simple dataset characterization.

Deep provenance and data characterization requirements, which we elaborate on independently, flow from the
FAIR Principles. However they take on such an important role in Al-Readiness that— as will be seen later —we
treat them as criteria in their own right. A recent investigation by Science magazine into purported fabrication of
neuroscience data in over one hundred publications by a prominent Alzheimer Disease researcher*®, in which
the publications in question promoted what appear to be false directions in pharmaceutical development and
failed clinical trials, points sharply to the importance of these requirements. Data used for Al model training and
analysis should always be capable of being traced back to the original, unmodified version from experiments,
clinical trials, electronic health records, surveys, or other sources, for verification.
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3.2 Pre-model Explainability and Al-readiness

Al/ML applications require structured and well-described data to ensure the conclusions drawn from analyses
are understandable and interpretable. This includes explaining the data acquisition and preparation processes
prior to model training and use.

Explainability refers to the ability to understand and interpret the decisions and behaviors of Al systems. It is
key to supporting research integrity, ensuring compliance with regulations, facilitating debugging and
improvement of Al/ML models, and informing assessments of the trustworthiness of model predictions/outputs,
especially for clinical decisions or therapeutic recommendations involving patients®*®4"=*°. Importantly, the
explanations must be tailored to the purposes and comprehension of a particular intended audience (e.g.,
clinicians vs. computer scientists vs. patients). Ultimately, Al explainability enhances model reliability and
acceptability for ethical use in critical domains like healthcare.

Fundamentally, any analytic prediction or classification is the assertion of a computational argument®'. The
grounds for this assertion must be shown to compel sufficient belief in the conclusion’s reliability so that
important actions (those with a cost or impact) are justified at the time they are made given the information
available, even if ultimately the assertion turns out to be only partly correct or disproven®2. An assertion without
adequate grounds is not epistemically justified®. That is, it is difficult to know if belief in the assertion is justified
and likely to be true. If the assertion cannot stand up to counterarguments supported by adequate evidence, it
cannot be scientifically convincing®°*®°. This is as true for an analytic prediction as it is for a textual argument.

Bridge2Al recognizes the need for multiple Al/ML applications to operate on data generated by its four Grand
Challenges, and that complete explainability for Al is an end-to-end property dependent on more than just data
description. However, Al/ML applications and systems are founded on data®®, and therefore any data
explainability issues propagate through the system. The five stages of Al explainability can be broadly
summarized as follows, extending from Khaleghi 2019%:

e Pre-Modeling Stage: This stage involves ensuring that the data and design choices made before
model training are transparent and understandable. It includes data sourcing and production
transparency (provenance), feature engineering, and model selection. Clear documentation about data
sources, collection methods, preprocessing steps, and the rationale behind feature selection and model
choices are essential for transparency®’.

e In-Model Stage: This stage focuses on making the inner workings of the model more transparent and
understandable. It involves providing a clear description of the model architecture, documenting the
training process, and interpreting intermediate outputs. Understanding the structure of neural networks
or decision trees, hyperparameter choices, and techniques like regularization and data augmentation
are key components.

e Post-Modeling Stage: This stage involves interpreting the outputs and decisions made by the model
after it has been trained. Techniques such as feature importance, local explanations (e.g., LIME®®,
SHAP®® saliency-based approaches® ), and global interpretability methods (e.g., summary plots, rule
extraction) help explain individual predictions and provide a holistic understanding of the model's
behavior across different inputs.

e Post-Deployment Stage: This stage involves monitoring and interpreting the model's performance and
decisions in a real-world setting. Continuous monitoring of performance metrics, maintaining audit trails,
and collecting user feedback are crucial for detecting drifts, facilitating audits, and understanding user
perceptions, i.e., Quality Control.

e Continuous Improvement Stage: This stage focuses on using insights gained from the explainability
processes to improve the model. It includes refining the model based on feature importance, error
analysis, and user feedback, and regularly updating documentation and explainability tools to reflect
changes and improvements.
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Given that Bridge2Al is a data generation program, pre-model XAl is the predominant stage discussed herein.
The other four stages of XAl mentioned above, while important, are outside of the scope of this discussion.

Our fundamental objectives are to support Bridge2Al datasets that are as comprehensively FAIR, explainable,
ethical, sustainable, and computable as possible. To this end, we define several dimensions of Al-readiness
(Box 2) which may be used to guide data generation efforts and to classify interim and final results. The
dimensions are composed of criteria for evaluation, and specific practices we recommend to satisfy the criteria.
Compliance with these criteria and supporting practices is a goal for Al-readiness of datasets in Bridge2Al.

While our projects focus primarily on the machine learning subfield of Al, it is our expectation that other forms
of Al may also leverage these datasets. With this in mind, we are seeking to build the best possible foundation
for pre-model explainability across multiple studies over a long period of time, and to support long-term viability
and evolution of the data generation processes we endorse.

3.3 Ethical Practices and Sustainability

Preparing biomedical data to train AI/ML models requires careful consideration of the associated ethical, legal,
and social implications (ELSI)®'~®%. The impact, evaluation, and treatment of ELSI may vary by use case. Data
acquisition and governance conditions must therefore be documented in metadata to allow ELSI
considerations to be assessed by prospective data users and given proper weight.

Accepted ethical principles that guide much of biomedical research in the US are described in the Belmont®+
and Menlo Reports ®. The latter builds off of the Belmont principles of respect for persons, beneficence and
justice applied in the context of information and communication technologies. If there is a desire to include
Indigenous Peoples’ data, the CARE principles®” should be used to guide ethical practices. Key ethical issues
specific to acquisition, management, and use of Al in biomedical research include identification and
management of biases, practices for obtaining or waiving informed consent, privacy considerations, and
practices that promote trust and trustworthiness. Identification and management of ELSI across the biomedical
Al lifespan requires the adoption and implementation of an appropriate governance framework®%. Specifically:

e FEthical practices should be outlined and their implementation managed by a governing body with
representation appropriate to the nature of the projects. This could include varying selections of
scientists, clinicians, ethicists, patients and, in some cases, the public. To promote transparency of
governance practices, access to governance documentation should be included in data release
metadata. Features of governance include decisions that map to: 1) data acquisition, 2) data
management, including the collection, curation, storage, access and use, and 3) sustainability of the
dataset for ongoing use in advancing knowledge of human health.

e Data acquisition and handling metadata should include sufficient details that indicate where, from whom
(i.e., what participant/patient group(s)), and how samples or subject data were obtained and processed.
Use Research Resource Identifiers (RRIDs) to document the reagent or strain IDs for data sourced
from banked cell lines or model organisms, linking to the provider’s data sheets. Use anonymized
subject IDs for data from human subjects, linking to the non-identifying subject characteristics relevant
for analysis. Use the provenance graph to provide data acquisition and processing information.

e (Governance metadata should indicate data licensing and/or data use, including privacy requirements,
conditions and specify contact information if negotiated data use agreements (DUAs) are required.
Data license metadata, if any, should reference commonly understood licenses such as Creative
Commons licenses °. Do not use the CCO public domain disclaimer (this is not a license), which
disempowers any further controls over data use. Other data reuse conditions must be clearly specified
if they exist, or contact information for negotiated data use agreements indicated.

e Sustainability considerations must be addressed for long term benefit. To be consistent with FAIR
principles, data must be deposited in sustainable archives for reuse. Longer term support may require a
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diverse portfolio of funding to include corporate sponsors, foundations and philanthropic partnerships.
Where possible, ongoing feedback from data users should be enabled. Sustainability planning should
commence as early in the project as feasible.

3.4. Al-ready Data Quality

Data quality assessment critically influences the performance and reliability of AI/ML models in biomedical
applications. Poor data quality, characterized by inaccuracies, incompleteness, and inconsistencies, can lead
to incorrect results and negatively impact clinical implementation and decision support ""72. Incorporating data
quality information into metadata supports the reliability and reproducibility of AI/ML models in biomedical
research. It enhances transparency, facilitates data sharing, and enables researchers to assess the suitability
of datasets for specific AI/ML applications Detailed metadata annotations, including data provenance and
quality indicators, are important for accurately interpreting Al/ML model outputs. Large-scale data sets for
which quality control/quality assurance has been conducted support training robust Al systems capable of
effective generalization. Kahn and colleagues proposed a harmonized data quality assessment terminology
and framework specifically designed for EHR data, enabling systematic evaluation of data quality
dimensions’®. Adhering to standards like ISO’s Data Quality Management (ISO 8000-61) "“— which offers a
structured methodology for ensuring data reliability and integrity — ensures that data quality information is
systematically recorded and universally understood, critical for collaborative Al/ML research. Recording data
quality within metadata is crucial for the effective application of Al/ML in biomedical research. It promotes
transparency, enhances dataset utility, and contributes to the development of reliable and trustworthy Al
models that can improve patient outcomes. Meticulous documentation of data quality would maximize the
value of data collection efforts and better enable future data reusability by providing context and
interpretability. As the predictive task for which the data will be used is often unknown for resources like
Bridge2Al, detailed metadata rather than filtering out data is critical to ensure maximal usage.

3.5 Dimensions of Al-Readiness

Al-readiness is a dynamic property of specific data sets. It is context-dependent and developmental. We do not
score it pass-fail as a whole, but along multiple dimensions based on readiness scores for major components.
Achieving it in any particular use case is a collaborative, developmental, research-driven task®">7

Our vision is to answer the question: What does it mean for a biomedical dataset to be Al-ready? We hope
these criteria will be helpful to others.

Ultimately, what we are seeking in Al-Readiness extends beyond simple utility, convenience, or tractability for
computer scientists and informaticians. We seek to enable data that are reusable and results that are ethical,
scientifically valid, explainable, interpretable, and sustainable. Our criteria for Al-readiness are in direct service
of these goals. We consider scientific validity as part of ethics, having to do with research integrity. Ultimately,
our principal goal is data that are available, deeply characterized, standardized where possible, and which
provide foundational support for ethical explainability of results.

4. Al-Readiness Criteria

4.1 Fundamental Criteria

We outline the following criteria for biomedical Al-readiness:
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Biomedical data must be FAIR. Fundamental FAIRness is a “level 0” NIH requirement for this program. While
the original 2016 FAIR Principles defined a general framework for many properties more fully elaborated on
here, Al-readiness of data also imposes further properties beyond basic FAIRness compliance, requiring more
complete specification of some general FAIRness criteria, and extending beyond FAIRness.

Al-readiness therefore implies that data must be FAIR, Provenanced as fully as feasible, Characterized in
depth, Pre-model Explainable, Ethical, Sustainable, and Computable (Box 2 and Figure 1).

Box 2 — Basic Criteria for Al-Readiness in Bridge2Al

FAIRness: Digital objects are Findable, Accessible, Interoperable, and Reusable at a basic level.
Provenance: Origins and transformational history of digital objects are richly documented.
Characterization: Content semantics, statistics, and standardization properties of digital objects are well-
described for datasets, and software, used to prepare the data, including any quality or bias issues.
Pre-Model Explainability: Supports explainability of predictions and classifications based on the data with
regard to metadata, fit for purpose, and data integrity.

Ethics: Ethical data acquisition, management, and dissemination, are documented and maintained.
Sustainability: Digital objects and their metadata stored in FAIR, long-term, stable archives.
Computability: Standardized, computationally accessible, portable, and contextualized.

Computability FAIRness
Standardized Findable
Computational Accessiblity Accessible
Portable Interoperable

Contextualized Reusable

Provenance

Transparent

| Dﬂ | Traceable
Interpretable

Key Actors Identified

Sustainability
Persistent
Domain-appropriate
Well-governed
Associated

Al Readiness
Criteria

Ethics g)hartacterlzatlon
Ethically Acquired Sia,ggt’;cfs
Ethically Managed Standards
Ethically Dlssengnated Potential Sources of Bias
ecure

Data Quality

Pre-Model Explainability
Data Documentation Templates

Fit for Purpose

Verifiable

Figure 1. Seven overarching Al-readiness criteria developed for Bridge2Al datasets, along with their relevant
subcriteria (italics) as detailed in Table 1.

4.2 Detailed Al-Readiness Criteria

To provide more precise implementation guidance, we developed the following detailed criteria and supporting
practices. We have reviewed these practices against a related but less comprehensive effort in another
domain, Earth and Space Sciences, as a consistency check ”’. Table 1 describes the criteria and relevant
practices that aid in achieving the criteria.

Table 1 — Al-readiness Criteria and Practices
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ID Criterion
0 FAIRness

0.a Findable

0.b Accessible

0.c Interoperable

0.d Reusable

1 Provenance

1.a Transparent

1.b Traceable

1.c Interpretable

1.d Key Actors Identified

2 Characterization

2.a Semantics

2.b Statistics

2.c Standards

Potential Sources of
2d ..
Bias

2.e Data Quality

Pre-model
Explainability

available under aCC-BY-ND 4.0 International license.

Practicef

Deposit datasets in a searchable FAIR-compliant data
repository providing globally unique persistent identifiers
(Datacite DOIs, N2T ARKs, CNRI HDLs) resolvable to
searchable, machine-readable, richly-descriptive metadata,
including a link to the dataset if available’®8. Datasets may be
subject to access restrictions.

Descriptive metadata should always be available and
accessible, even if the dataset is restricted, unavailable, or de-
accessioned. Ensure metadata conforms to standards like
DCAT (Data Catalog Vocabulary) or schema.org.

Wherever possible, provide data and metadata using formally
defined specifications for digital objects.

Attach a clear and accessible data usage license that allows
the responsible use of Al/ML applications. Alternatively, for
restricted datasets, define a Data Use Agreement (DUA) and
provide a means for automated acknowledgment and tracking
of this agreement by data users.

Identify sources of data back to reasonable ground-truth, e.g.
clinical data from EHR at a given hospital, clinical trials, or
laboratory data.

Identify important data transformation steps, with links to
software, at an appropriate level of detail, ideally using a
machine-readable representation, such as W3C PROV-O or
EVI.

Make software for key data transformation and analysis steps
available in a sustainable repository 88 .

Identify the people and organizations responsible for obtaining
and processing the data, along with the samples and subject
groups involved in producing the data. Reference these parties
along with other dataset metadata.

Use full descriptive metadata for datasets, including a detailed
abstract, dataset keywords, and subject-specific vocabularies
(e.g., MeSH for biomedical data) to enable detailed search and
discovery.

Provide appropriate statistical characterizations of key features
of the dataset (e.g. demographics) where appropriate, to assist
in planning analyses. Ensure missing values are encoded
consistently.

Provide a machine-readable data dictionary or schema for
each dataset, linked to the dataset metadata, and referencing
any important applicable standards.

Describe known sources of bias in the data and assumptions
made in collecting, processing, or interpreting the data. Include
any known explanations regarding missing values, including
methodological reasons for missingness, as well as the degree
to which the data represents a state of interest vs. a control
(e.g., disease state vs. healthy state).

Have quality control procedures been applied? If so, provide a
link to a description.

10

Suggested resources

NIH GRElI-participating
repositories &'

RDF, JSON LD

Creative Commons
licenses 7° (other than
CC0)

OMOP 8, RRID 885

W3C PROV %, EVI &

Zenodo &, Software
Heritage %°, Github

ORCID *', ROR

Datacite schema 9,
Schema.org %
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Data Documentation

3.a Template

3.b Fit for Purpose

3.c Verifiable

4 Ethics

4.a Ethically Acquired

4.b Ethically Managed

c Ethically
~~ Disseminated

4.d Secure
5 Sustainability

5.a Persistent

5.b Domain-appropriate

5.c Well-governed

5.d Associated
6 Computability

6.a Standardized

6.b Computationally
"~ Accessible

6.c Portable

6.d Contextualized

available under aCC-BY-ND 4.0 International license.

Machine-readable metadata and/or a linked human-readable
document should support a domain-appropriate subset of the
information in Datasheets® or Healthsheets®®. Reference the
specific information items supplied for this dataset.

Identify appropriate and inappropriate use cases for a given
data set in Al applications. Link to any previously published
analyses using this data.

Provide a mechanism for ensuring the integrity of each raw or
processed dataset, such as a checksum.

Datasheets,
Healthsheets

Describe ethical data acquisition consistent with accepted
principles (i.e. Belmont ReportPrinciples 845°, sufficient for its
proper evaluation in context of intended use, along with a
management plan.

Belmont principles,
Menlo principles 8,
CARE principles ¢

Data management, including processing, storage and access
and use are expected to align with ethical principles throughout
the health Al lifecycle. Indicate privacy-protection processing, if
any, sufficient to evaluate ethical status for intended use, e.g.
"anonymized" vs. "limited data set" vs. "non-PHI dataset".
Specify a licensing agreement and/or data use agreement
(DUA), or contact information to establish a DUA, on as open
terms as ethical and sustainability considerations permit.
Specify contact information for a data access committee, if
needed to review requests for controlled data.

Specify security requirements for storing and accessing this

data, e.g. “public”, “controlled access only”, etc.

HL7 privacy protection
metadata %

Ensure that unprocessed data is preserved in an archive
adhering to privacy laws and retention guidelines, enabling
future reprocessing and updated publishing of revised data.

Ensure single domain raw or processed data (as appropriate)
is deposited in a FAIR domain-appropriate specialist repository
if available.

Select a repository that facilitates how data will be stewarded
in the future and governance that accounts for maintenance,
terms and policy changes, and fairness.

Document project-level connections between data components
and elements in a machine-readable manner.

NIH GRElI-participating
repositories 7

RO-Crate 98-100

Datasets follow established, documented standards and their
adherence to standards may be validated deterministically.

Provide a mechanism to access data either through
established exchange protocols or a well-documented API.
Maximize portability across computational resources where
possible. If working with the data requires specific resources,
provide machine-readable documentation defining these
resources.

Include any considerations regarding splits of the data,
including any information withheld at any point of data
collection and processing. If possible, provide examples of
data components to facilitate understanding of their general
structure and content.

NIH GRElI-participating
repositories 7

T Practices may impact multiple criteria; the most relevant relationship is shown for brevity
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5. Al-Readiness Evaluation

We evaluated Al-readiness for each Bridge2Al Grand Challenge along the major dimensions established in
Table 1 by treating each criterion as an axis in a radar plot. If a sub-criterion is addressed in satisfactory form
it was given a score of “1”; a score of “0” was assigned if the sub-criterion was not addressed by the DGP. We
then computed the overall criterion score, on a scale of 0-100% satisfaction, by totaling the number of sub-
criterion scored as “1” and dividing by the total number of sub-criterion. For example, scoring three out of four
total sub-criteria as “1” would produce an overall score of 75% satisfaction for that criterion. Figure 2 shows
radar plot evaluations for each Bridge2Al GC in its current state, as well as the target (“goal”) Al-readiness
scores that each GC will strive to attain by the end of the project.

A B

Functional Genomics (CM4Al) —Current Al/ML for Clinical Care (CHoRUS)

FAIRness Goal FAIRness Goal
100 100

——Current

80

Computability 60 Provenance Computability Provenance
40
20
0
Sustainability Characterization Sustainability Characterization
. Pre-model . Pre-model
Eth S
ics Explainability Ethics Explainability
C Precision Public Health (Voice) Salutogenesis (AI-READI) —Current
FAIRness — Current FAIRness Goal
100 Goal 100, oa
80
Computability 60 Provenance Computability Provenance
40
20
0
Sustainability Characterization Sustainability Characterization
. Pre-model Pre-model
Ethics S : re-mode|
Explainability Ethics Explainability

Figure 2: Al-readiness radar plots for Bridge2Al Grand Challenges: (A) Functional Genomics (CM4Al);
(B) Al/ML for Clinical Care (CHoRUS); (C) Precision Public Health (Voice); (D) Salutogenesis (Al-
READI). The blue lines indicate how well each GC’s data and metadata practices currently meet the seven Al-
readiness criteria, for the data collected as of the end of Year Two of the program, with the orange line
representing the Al-readiness goals across all criteria that each GC will try to reach by the end of the project.

Figure 2 indicates that each GC has unique opportunities and challenges to address in order to ensure that
their data are Al-ready by the end of the Bridge2Al program. These radar plots help visualize Al-readiness
features that would benefit the most from further development, improvement, discussion, and implementation.
Completed data collection forms with detailed ratings for each criteria are available in Supplemental Data.
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6. Challenges and Limitations

Preparation of valid Al-ready biomedical datasets requires additional effort beyond simply capturing
measurements or observations for statistical analysis. This effort is increased when datasets are intended, as
in Bridge2Al, to meet multiple use cases and be sustainable over time, rather than addressing one-off highly
focused research questions. Al-readiness data preparation requires significant understanding of the data itself,
the predictive task for which the data will be used, the scientific domain of the data, statistical methods, Al
technologies, biomedical data standards, and appropriate ethical practices. It also requires at least some
attention, depending upon the project scope and intended longevity, to sustainability within the biomedical data
ecosystem. Our approach respects the need for pre-model explainability (XAl) by clearly defining provenance
using four unique, stand-alone sub--criteria (1.a-1.d; see Table 1).

In clinical studies, ethical treatment of human subjects data can be a significant concern, requiring attention to
proper de-identification techniques (anonymization), privacy preservation practices, and responsible data
stewardship. This further emphasizes the need for the Provenance and Ethics criteria to ensure that data use
limitations, compliance, intellectual property and other restrictions are clearly stated and followed in
downstream use of the data.

Additionally, there are certain inherent limitations implied by the time- , place- , technology-, and culture-
boundedness of our efforts. Al/ML applications and capabilities are a very rapidly progressing, revolutionary
scientific and societal development. Our understanding of data ethics and the ability of society to
democratically control and adapt Al technologies for the widest possible social benefit must surely evolve.
Cultural, ethnic, and gender role definitions of today, used in these datasets, may seem archaic in ten or
twenty years, and what we do not conceive of as biases today may seem biased tomorrow. Thus, it is
important that best practices continue to evolve alongside the field of biomedical Al/ML.

Limitations and challenges like these require teamwork and demand a Team Science approach, the more so
as the project ambition and scope increases '°'.

7. Conclusions and Future Directions

Al-ready data preparation and evaluation requires a set of practices focused on establishing data and software
FAIRness, detailed provenance, statistical characterization, support for pre-model explainability, ethical
characterization, sustainability, and computability. These practices should be reflected in the metadata
associated with an Al-ready dataset, and of course in the data itself. In this article, we have outlined a set of
criteria reflecting our recommended practices, with methods for evaluating adherence. The criteria we propose
here are currently in use in NIH’s Bridge2Al program. We believe these datasets and their associated deep
metadata and technologies will enable many novel, significant, and transformational discoveries. Developing
these data resources has enabled and required the participating investigators to look deeply and
comprehensively into the requirements for Al-readiness, and sparked the need to develop the criteria and
evaluation methods described herein.

Beyond the datasets themselves, we believe the standards defined and evaluated herein will benefit the
biomedical AI/ML community at large. Particularly, ensuring that data are Al-ready sets the stage for
downstream users to apply the rapidly emerging capabilities of Al toward vastly improving our understanding of
disease and the development of new treatments and technologies.

Our contributions in this article include:
e defined practices and criteria for Al-readiness of biomedical data;
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e a formal evaluation approach against these criteria;
e detailed evaluation of the Bridge2Al Grand Challenge datasets;

Additional tools supporting Al-readiness developed in Bridge2Al include the LinkML translators; formal
schemas in LinkML for Datasheets; and the FAIRSCAPE Al-readiness framework. These tools will continue to
be developed along directions indicated in this article.

It should be noted that the criteria we established require significant additional metadata beyond what is
required, e.g., for a Datacite DOI registration. We believe this effort will vary with the use case envisioned for a
particular dataset, and may be significantly reduced by using tools we provide or are currently developing.

We welcome comments on this article and collaborations with other biomedical Al/ML researchers, including
both users of the Bridge2Al datasets and those wishing to collaborate on similar projects. Our team would be
grateful to users of our datasets who communicate their experiences to us, and who cite this article in their
work. The ideas presented here reflect the perspectives of people embedded in the work of producing datasets
that are intended to be flagship examples that embody best practices. The Bridge2Al datasets are intended to
be broadly used. As users employ the data to develop impactful Al algorithms, we will learn where the ideas in
this article succeed and areas for future improvement. We welcome these metrics being used by other data
generators to improve Al-readiness of their products, and by those who re-use datasets produced by others, to
assess their suitability.

8. Data and Software Availability Statement

The Ai-Readiness evaluation data are available in Zenodo as

Al-readiness Evaluation Data for Bridge2Al Grand Challenges
e Mohan J. 2024 - Al-Readiness Self-Evaluation Worksheet. Zenodo.
https://doi.org/10.5281/zenodo.13961091

Al-readiness Evaluation Worksheet
e Mohan, J, et al. 2024 - Bridge2Al Grand Challenge Al-Readiness Evaluations at Year 2 of 4.
Zenodo. https://doi.org/10.5281/zenodo.13961091

Bridge2Al-funded assistive tools are available here:

LinkML Datasheets for Datasets Schema:
e Joachimiak, MP; Caufield JH; Mungall CJ. 2024 - Datasheets for Datasets Schema (v0.1.0).
Zenodo. https://doi.org/10.5281/zenodo.13964135

LinkML Translators:
e Moxon et al. 2024. LinkML (v1.8.4). Zenodo. https://doi.org/10.5281/zenodo.13871320

FAIRSCAPE Al-readiness Framework:
e Niestroy et al. 2024 - FAIRSCAPE GUI Client (v1.0.0). Zenodo.
https://doi.org/10.5281/zenodo.13951906
e Levinson et al. 2024 - FAIRSCAPE-CLI: A utility for packaging objects and validating metadata
for FAIRSCAPE. (v1.0.0). Zenodo. https://doi.org/10.5281/zen0do.13952342
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e Levinson et al. 2024 - FAIRSCAPE Server, version 0.7.0. Zenodo.
https://doi.org/10.5281/zenod0.13971502
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