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Abstract
Data is the foundation of AI. Poor-quality data drive up costs and can lead to
hidden problems for AI models, especially in complex fields such as healthcare
andmanufacturing.Meanwhile, biased data negatively affect the performance of
AI models, and untested evaluation datasets can result in false positives or over-
estimates of model accuracy. For data publishers to realize their true potential
in supporting the AI ecosystem and its impacts, they should take measures to
ensure that their datasets support AI practitioners’ needs; in other words, their
data should be made AI-ready. In this article, we present a framework for data
publishers to follow to make their datasets AI-ready. The framework provides
specific, actionable guidance based on previouswork and experience at theOpen
Data Institute and augmented with insights from literature and discussions with
a range of experts. We first define AI-ready data before briefly discussing a selec-
tion of frameworks in the literature and where they are insufficient. We then
provide a visual snapshot of our framework for AI-ready data, and a subsequent
in-depth discussion of its criteria. Finally,we demonstrate the usage of our frame-
work with a number of example datasets. We conclude by discussing the further
steps that should be taken for the entire open data ecosystem to bemadeAI-ready
in order to realize its true potential in supporting an innovative future.

INTRODUCTION

Data have a foundational role in artificial intelligence,
meaning any inadequacies in datasets can have dispropor-
tionately large negative effects on AI development, perfor-
mance, and reliability. Subtle quality issues such as mis-
matches in formatting can lead even themost sophisticated
AI systems astray via “data cascades”, an effect discussed
by Sambasivan et al. (2021), in which small data-level
errors compound into strong, downstream impacts on the
training of a model that undermine its subsequent perfor-
mance and trustworthiness in high-stakes domains. Simi-
larly, biases present in training data will inevitably surface
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as biases in AI model behavior (Mehrabi et al. 2021), and
poor quality evaluation datasets can lead to overestimates
of models’ accuracy and abilities (Niven and Kao 2019).
The “garbage in, garbage out” paradigm, therefore,

holds: Usage of datasets with inadequate oversight of their
propertieswill result in inadequateAImodels and systems.
The organizations that train models therefore employ staff
and resources to focus on data quality, cleanliness, and
assurance, aiming to mitigate any data cascades. However,
data publishers should also take steps to ensure that their
datasets are designed and packaged in ways that support
the needs of the AI ecosystem; in other words, they should
ensure that their data are AI-ready.

AI Magazine. 2026;47:e70054. wileyonlinelibrary.com/journal/aaai 1 of 19
https://doi.org/10.1002/aaai.70054

https://orcid.org/0009-0008-3969-2514
mailto:neil.majithia@theodi.org
http://creativecommons.org/licenses/by/4.0/
https://wileyonlinelibrary.com/journal/aaai
https://doi.org/10.1002/aaai.70054


2 of 19 AI MAGAZINE

With institutional experience spanning decades of
research, our consensus at the Open Data Institute (ODI)
defines the AI-readiness of a dataset along several dimen-
sions. It involves the dataset’s technical suitability for
machine learning (ML) (such as being in a proper for-
mat and structure), its overall quality and adherence to
standards (to ensure robustness, consistency, and reliabil-
ity), its legal compliance (addressing licensing, privacy,
and consent requirements), and its responsible collec-
tion (so that the data are representative and gathered in
a transparent, accountable way).
However, these dimensions present nothing more than

a definition; they do not represent actionable guidance for
enhancing the AI-readiness of a dataset. In this article, we
propose a framework for AI-ready data that provides con-
crete steps for data publishers and repository providers to
take to achieve genuine, holistic AI-readiness.
In the following sections, we first evaluate the current

landscape of data frameworks and their adequacy for the
AI ecosystem. We then introduce our framework, built
from the combined insights of literature, interviews with
domain experts, and our own experience as researchers in
the field of data-centric AI. We demonstrate the usage of
our framework on a selection of datasets, evaluate it, and
finally conclude with a discussion about further steps that
should be taken for the entire open data ecosystem to be
made AI-ready.

FAIR AND OTHER FRAMEWORKS FOR
DATA READINESS

Existing frameworks that offer guidance on organizational
data practices across various domains could be adopted
for AI-readiness, but many lack actionable specificity or
topical relevance to AI (Table 1).
Take, for example, the FAIR data principles (Wilkinson

et al. 2016), arguably the most renowned guidelines for
data practices. The principles state that data, metadata,
and surrounding infrastructure should be made Find-
able, Accessible, Interoperable, andReusable for the global
digital ecosystem to truly enable data-led research. Under-
neath each of these principles, specific criteria are laid out,
advocating for data publishers to, for instance, describe
their data with rich metadata.
Although the FAIR principles present valuable guide-

lines for data preparation and publishing, discussions with
AI practitioners generally reveal a consensus that the
principles are aspirational goals rather than actionable
guidance for publishers of AI data, telling users what to
aim towards but not how to get there in practice. For
example, Koesten et al. (2020) learn a series of GitHub-
based publication practices that improve the reusability
component of FAIR datasets to provide concrete recom-

mendations for data holders sharing their data on that
platform. Furthermore, the principles cannot address AI-
specific concerns such as ensuring data is formatted for
ML pipelines, addressing dataset bias, or tracking versions
of a continuously updated dataset. FAIR was not built
for these purposes and, importantly, although the princi-
ples therefore do not constitute AI-readiness, they are still
important objectives for modern digital infrastructure to
design towards.
Recognizing FAIR’s insufficiencies in AI contexts, vari-

ous groups have proposed extensions or new frameworks
to build on the principles. For example, the FAIR-R princi-
ples were recently introduced by Verhulst, Zahuranec, and
Chafetz (2025) to explicitly address AI-readiness, adding
another “R” (standing for AI-readiness) principle to the
FAIR acronym. The criteria underneath this fifth principle
remain conceptual in the paper, offering high-level dis-
cussion topics without concrete operational guidance and
thereby limiting their applicability.
While FAIR was not created for AI-readiness, more

explicit AI-readiness frameworks also face similar lim-
itations. For example, Hiniduma et al. (2025) combine
traditional data quality metrics (such as completeness
or duplication) with AI-specific ones (such as fairness)
into a quantitative assessment for AI-ready data, but this
assessment cannot be used as actual guidance for dataset
design and publication. Similarly, the Afzal et al. (2020)
Data Readiness Report and the Castelijns, Maas, and Van-
schoren (2020) ABC framework both provide dimensions
for AI-readiness assessment rather than design, with the
latter focused specifically on datasets themselves rather
than metadata or surrounding infrastructure.
AI-readiness frameworks with more explicit guidance

are often designed specifically for application in cer-
tain domains and subject matters. For example, the
Bridge2AI task force offers actionable, practical guidelines
for biomedical datasets to be made AI-ready (Clark et al.
2024) with helpful advice for data publishers, albeit focus-
ing on the sociotechnical environment around a dataset
rather than its specific properties. The Schwabe et al.
(2024) METRIC framework is also in the field of medical
data, although diametrically opposite to Bridge2AI, cen-
tring on intrinsic data qualitymetrics found acrossmedical
literature (specifically in the context of bias) rather than
taking a holistic view of data practices. Finally, a report by
the U.S. Department of Commerce (2025) provides specific
action items for making open government data holistically
AI-ready; though the report’s recommendations are strong
and well evidenced, they are limited to their context in
government rather than their application to enterprise or
scientific data.
In conclusion, despite the number of data frame-

works (whether concerned with AI-readiness or not) that
have been published, none offer actionable, holistic, and
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TABLE 1 Comparison of AI data readiness frameworks and their criteria.

Framework Criteria for data to follow Critique
FAIR Principles (Wilkinson et al.
2016)

Findability, Accessibility, Interoperability,
Reusability

High-level guidelines rather than
actionable guidance, especially
for nuances of AI data

FAIR-R (Verhulst, Zahuranec,
and Chafetz 2025)

FAIR principles; provenance and transparency;
quality assurance; interoperable infrastructure;
annotation and enrichment; ethical and legal
compliance; equitable access, data commons, and
AI integration considerations

Remains conceptual rather than
actionable

AIDRIN (Hiniduma et al. 2025) Quality; understandability; structural quality;
value; fairness and bias; governance;
AI-application-specific metrics

Assessment mechanism rather
than guidance for publishers

Data Readiness Report (Afzal
et al. 2020)

Various quality and readiness metrics Outlines data characteristics and
quality transformations without
specific instructions

ABC Framework (Castelijns,
Maas, and Vanschoren 2020)

Understandability; trustworthiness; optimization;
transparency

Focused on properties of datasets
rather than metadata or
surrounding infrastructure

Bridge2AI recommendations
(Clark et al. 2024)

FAIRness; provenance; characterization;
premodel explainability; ethics; sustainability;
computability

Focused on the sociotechnical
environment surrounding a
dataset rather than the
dataset/metadata/infrastructure
themselves

METRIC Framework (Schwabe
et al. 2024)

Timeliness; representativeness; informativeness;
consistency; measurement process

Explicit focus on mitigating
biases

AI & Open Government Data
Assets (U.S. Department of
Commerce 2025)

Documentation; data and metadata format; data
storage and dissemination; data licensing and
usage; data quality and integrity

Focus on government context

All frameworks were reviewed for relevance, scope, and applicability in AI contexts. FAIR-R and Bridge2AI include AI-specific enhancements over
traditional principles.

domain-agnostic guidance for the purposes ofmaking data
more AI-ready.
The consequence of this gap is that organizations still

struggle with convenient questions: How can we publish
our dataset so that anAI engineer can plug it into a training
pipeline with minimal friction? How do we structure and
annotate our data so that a future researcher (or even an
automated AI agent) can understand its contents and lim-
itations at a glance? How do we keep our published data
up-to-date and version-controlled so that AI models built
on it remain relevant as the data evolves? These are the
kinds of questions not fully answered by existing high-level
frameworks. There is a need for a more actionable frame-
work that bridges the divide between high-level principles
and the day-to-day reality of preparing data for AI.

OUR FRAMEWORK FOR AI-READY DATA

To address this need, we have developed a practical frame-
work for AI-ready data (Figure 1) that builds on earlier
ideas, focusing on concrete steps that data publishers

can take. In creating this framework, our team combined
insights from multiple sources: We reviewed the growing
literature on data readiness and responsible AI, we inter-
viewed five domain experts (including data scientists, data
infrastructure engineers, and AI ethicists), and we drew
on over a decade of ODI’s experience in open data across
various sectors. The result is a framework that centers on
making data “AI-ready by design.” In other words, instead
of treating AI compatibility as an afterthought (something
to worry about after data is collected or when a data
scientist runs into problems), the framework encourages
publishers to bake AI considerations into the entire lifecy-
cle of a dataset—from how it is collected and formatted, to
how it is documented and made accessible to others.
A key characteristic of the ODI’s AI-ready data frame-

work is its holistic structure. Earlier, we noted themultiple
dimensions of dataset readiness, including technical, qual-
ity, legal, and ethical aspects. In practice, these dimensions
intersect and influence one another. Rather than treating
them as separate silos, the ODI framework organizes
recommendations into three interconnected compo-
nents: Dataset Properties, Metadata, and Surrounding
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F IGURE 1 Overview of the AI-readiness framework.
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Infrastructure. These components group related require-
ments but are not independent checkpoints—each rein-
forces the others. For instance, having an excellent tech-
nical infrastructure (like an API or portal) will not make a
dataset AI-ready if the data are poorly structured or lacks
documentation. Conversely, a pristine dataset in CSV for-
mat is useless if no one can find it or trust its provenance.
Therefore, the framework’s three parts should be seen as
a triad of practices that ensure a dataset can be effectively
used in AI. Importantly, our interviews with experts rein-
forced this point: Actual AI readiness comes from aligning
data content,metadata, and infrastructure cohesively. Pub-
lishers are encouraged to take a “big picture” view of their
data practices, rather than checking off isolated boxes.
Another strongly emerging theme is the value of clos-

ing the gap between data publishers and data users. Often,
those who collect and publish data (e.g., a government
open data portal or a research institution) operate at
arm’s length from the AI practitioners who ultimately use
that data. Our framework emphasizes fostering a dialogue
between these groups. Publishers can iteratively improve
their datasets to better serve AI applications by engaging
with the AI community, such as soliciting feedback on
what formats or fields are needed or observing how the
data are utilized in AI projects. This feedback loop makes
AI-readiness an iterative process that can be progressively
refined. In practical terms, the framework’s recommen-
dations encourage providing clear channels for users to
report issues or request enhancements, and being transpar-
ent about dataset limitations so that users can account for
them in modeling.
In the following sections, we outline the core com-

ponents of the ODI’s AI-ready data framework. For
each element (Dataset, Metadata, and Infrastructure), we
describe the key considerations and actionable practices
that make a dataset AI-ready (and related to FAIR or other
frameworks from Table 1). We then illustrate how these
components come together in two real-world examples.
By adopting these practices, data publishers can signifi-
cantly lower the barrier for AI developers to find, access,
understand, and trust their data, ultimately accelerating
innovation and ensuring that AI systems are built on a
solid foundation of quality data.

Dataset properties

The first component of the framework focuses on the prop-
erties of the dataset. This concerns the raw material: The
data that AImodels interact with. To be AI-ready, a dataset
should have specific characteristics that optimize it for ML
tasks and avoid commonpitfalls. Key aspects of theDataset
pillar include:

Following international standards and norms:
AI-ready datasets followwell-established data stan-
dards, schemas, or ontologies relevant to their
domain. Using standard formats and codes (e.g.,
adhering to international standards like ISO date
formats, or domain-specific standards for scien-
tific data) makes data more interoperable imme-
diately. Data consumers and AI tools can more
easily interpret data that uses shared conven-
tions. Using standardized encodings and reference
codes (for instance, a protein dataset using UniProt
IDs for proteins, or a bibliographic dataset using
ISBN/ISSN for publications) also means models
can readily link or integrate the data with other
sources. Conformance to standards reduces friction
and errors when ML pipelines process data later,
in the context of FAIR principles allowing data
to be Interoperable (especially according to FAIR
principle I1).

Semantic and logical consistency: High-quality
datasets maintain semantic and logical consis-
tency throughout their contents. This means that
terms and labels are used consistently and unam-
biguously throughout the data. For example, if
a dataset uses the term “USA” in one part and
“United States” in another to denote country, or
mixes numerical codes with text labels inconsis-
tently, an AI model could misinterpret categories
or fail to reconcile identical values. Consistency
also extends to how data relationships are repre-
sented; if hierarchies or linked records exist, these
should be noncontradictory and described clearly.
Ensuring internal consistency of this kind helpsML
systems to recognize patterns in the data more eas-
ily by making them explicit. Assuring this aspect
may involve validation rules or checks during data
preparation, such as verifying that all entries con-
form to best practice formats like uniform resource
identifiers (URIs) (Berners-Lee, Fielding, and Mas-
inter 2005) for data labels andResourceDescription
Framework (RDF) for expressing data relation-
ships. Alternatively, as raised by FAIR principle
I2, data should follow a vocabulary that is itself
Findable, Accessible, Interoperable, and Reusable.

Identifiable class and source imbalance: Datasets
intended for AI must accurately reflect real-world
populations or phenomena, or at least document
their limitations. In practice, most datasets have
some degree of imbalance or bias. For instance, a
collection of images might have many more exam-
ples of one category than another, or a dataset
of economic indicators might heavily feature cer-
tain regions of the world over others (in medical



6 of 19 AI MAGAZINE

contexts, Schwabe et al. (2024) also raise timeli-
ness as a source of imbalance that leads to bias).
AI-ready data practices call formaking these imbal-
ances (called class imbalances) explicit and, where
possible, mitigating their effects. For example, a
dataset should ideally come with basic summary
statistics and breakdowns (how many records of
each class, distributions of key variables, etc.) so
that an AI data publisher can immediately gauge
if there is a class imbalance or sampling bias. If
certain groups or categories are underrepresented,
this should be identified, and the data publisher
may take corrective action, such as augmenting
the dataset or flagging the issue for AI engi-
neers. In cases where data are intentionally limited
(a dataset focuses on a specific demographic or
period), that context should be conveyed so that any
AI model’s applicability is not overstated beyond
the data’s scope. Not all biases can be eliminated,
but knowing they exist allows AI data publishers to
compensate, adjust models, or avoid deployment in
inappropriate contexts.

De-identification and anonymization: The
responsible collection of data is crucial for the
properties of datasets involving human or sensitive
data. AI-ready data should be vetted for privacy,
confidentiality, and ethical considerations. This
might mean that personal identifiers are removed
or anonymized where appropriate (e.g., in a health
dataset, patient names and IDs would be stripped
or encoded). If a dataset contains personal data,
publishers should ensure they have the necessary
rights to share it and comply with regulations
such as the General Data Protection Regulation
(GDPR). Even beyond legal compliance, ethical
best practices include obtaining informed consent
if data were collected from individuals, or at least
being transparent about data sources and potential
harms. In an AI context, privacy safeguards are
essential not just for legal reasons but also to
enable broader use of the data. If data are ade-
quately anonymized or aggregated, it can often be
shared more freely, allowing more researchers to
benefit without risking individual privacy (Curzon
et al. 2021). For data with no personal aspect (for
instance, a dataset of scientific measurements or
machine logs), this criterion may be less about
privacy and more about the ethical use of data.
Ultimately, an AI-ready dataset should not inad-
vertently expose sensitive information, and its
publishers should communicate any steps taken to
protect the individuals represented in the data.

AI-ready file format: Lastly, the practicality of using
the dataset in AIworkflows depends on the formats

and packaging of the data. AI-ready datasets are
provided in formats that facilitate ML processing
and in amanner that can handle the scale required.
For example, large datasets might be offered in a
chunked or partitioned format (such as a collection
of compressed files or a cloud bucket of images) that
data pipelines can stream or download selectively.
Tabular data might be provided in Excel or PDF
format (human-friendly) and CSV (GOV.UK 2023)
or Parquet format (machine-friendly) (Vohra 2016).
In some cases, offering multiple formats is ideal:
One rich, original format for completeness and
fidelity, and another simplified format for quick
ingestion into common ML frameworks. Addition-
ally, considerations such as using compression and
ensuring reasonable file sizes fall under this cate-
gory. Of course, if a single file is large (as is so often
the case with AI datasets), it may be difficult for
local systems to process and display it efficiently.
Providing data in a database or via an API can be
a solution to this—similarly, recent work on Model
Context Protocol architectures may facilitate better
data management and access for modern AI work-
flows (Anthropic 2024). In summary, AI datasets
should be packaged for convenience, allowing any
AI data publishers to spendminimal effort convert-
ing or restructuring the files before model training.
Choosing modern, widely supported file formats
(and providing documentation about the format)
goes a long way toward that goal. Note, in this cri-
terion, two interlinked considerations that must be
made. First, domain dictates format: Data should
be published in a format that is well-established
in the topical domain it sits in, respecting indus-
try standards and what users are accustomed to.
Second, and relatedly, file formats are intrinsically
linked with research software used to either build
the dataset or use it. Intentional design rather than
ad hoc publishing means data publishers can take
in these considerations and produce data products
that are AI-ready in the unique contexts they are in.

This pillar is about making the data as clean, structured,
and informative as possible at the source, so downstream
AI projects do not have to do heavy lifting to make the
data usable.

Metadata

Even the best raw data can be misused or underutilized
without context. That is why the second core component
of the framework is Metadata, that is, the information
about the data. Comprehensive and well-structured
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metadata turns a dataset from a mere collection of num-
bers or text into a self-describing resource that others
can understand, evaluate, and trust. Key practices for the
metadata component include the following:

Machine-readablemetadata format: AI-ready data
comewithmetadata in standard,machine-readable
formats. This could be as simple as a CSV file
accompanied by a JSON or XML metadata file,
or a more domain-specific schema, such as an
RDF description for a linked dataset. The cru-
cial point is that metadata should be parseable by
software, not just human-readable prose. Estab-
lished metadata standards or vocabularies, such as
MLCommons’ Croissant (Akhtar et al. 2024), can
facilitate this, supporting the use, reuse, and discov-
erability of datasets. For example, publishing meta-
data in JSON-LD or RDF enables search engines
and AI agents to discover the relationships and
attributes of the dataset automatically. Machine-
readable metadata may include the dataset title,
description, keywords, column definitions, units
of measurement, and other relevant details. Pre-
dictably, structuring this information means tools
can ingest it; imagine an AI system that can auto-
matically decide if a dataset is suitable for a task by
reading its metadata profile.

Metadata attached to the dataset: It is essential
to serve metadata alongside the data for users—
whether human data scientists or AI agents—to
have appropriate awareness of the context sur-
rounding a dataset and guide their work accord-
ingly. In practice, this means that when someone
accesses or downloads the dataset, they should
immediately have access to its documentation and
descriptive information. Many open data reposi-
tories accomplish this by providing a data cata-
logue page (including all themetadata), embedding
markup in the HTML of that page, and bundling
a README or schema file with downloads of the
dataset. AI-ready data takes it a step further; wher-
ever the data are stored (portal, API, etc.), the
metadata is either embedded or directly linked,
unlike in some repositories, such as the Hugging
Face datasets API, which requires a separate query
method for users to retrievemetadata. For instance,
each API endpoint for data could also return meta-
data about the fields. Or if data are provided as
files, including a metadata JSON and a data dictio-
nary ensures that a data scientist does not have to
hunt for a separate report or contact the provider
just to understand what each column means. In
short, the delivery of the dataset always includes its

metadata as an attached or easily accessible compo-
nent. This practice saves time and reduces errors,
because users will not mistakenly use a field with-
out knowing its definition or misinterpret codes
in the data. FAIR principle A2 provides an impor-
tant addition to this criterion: Metadata should be
accessible even when data it represent are not. This
is essential for archiving, provenance, and repro-
ducibility of research, especially in caseswhere data
access is limited (or could, in the future, be limited).

Basic technical specifications: High-quality meta-
data should capture the technical specifics and con-
text that AI practitioners need to know. This means
the metadata should record details such as the
dataset’s structure and size (eg, number of records,
number of features, data modality, such as “this is a
time-series dataset” or “this is geospatial data with
these coordinate reference systems”). It should also
include summary statistics or properties that give
a snapshot of the dataset’s contents. For example,
minima, maxima, averages of numeric fields, or
counts of categories, as this helps quickly assess
suitability. Critically, metadata is where important
flags and notes should live. If the dataset has known
biases or is missing specific information segments,
this should be explicitly noted (e.g., “This survey
under-sampled rural areas; the data is primarily
urban”). Suppose data in the set has been synthet-
ically generated or augmented (which is increas-
ingly common in AI training sets). In that case, the
metadata should indicate which parts are synthetic
or how the synthetic data were created. Addition-
ally, metadata can outline quality assurance steps,
such as error-checkingmethods or validation splits.
These technical details serve as a user manual for
the dataset, enabling an AI engineer to quickly
understand how the data may behave during train-
ing or what preprocessing might be required. All
of these attributes can or will be described through
the Croissant vocabulary in its v1.0 (Benjelloun
et al. 2024) or upcoming v1.1 (Benjelloun et al.
2025) releases. Themore a dataset “describes itself,”
the less guesswork for the user, which ultimately
means faster and more reliable AI development.
Reflecting FAIR, these subcriteria specifically tie in
with principle R1, requiring meta(data) to be richly
described with a plurality of accurate and relevant
attributes.

Supply chain information: Trust in data often stems
from knowing its origin and how it has evolved. AI-
ready datasets, therefore, supply rich provenance
information and version tracking as part of their
metadata, like in Croissant. Provenance informa-
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tion includes the data’s origin (who collected it,
using what methods or instruments, and when).
It might outline the data generation process. For
example, “these sensor readings were collected by
X agency every 10 minutes via satellites and then
cleaned with Y method.” Clear provenance, like
that in the CommonCorpus dataset published by
Pleias (PleIAs and Hugging Face 2024), enables
users to assess the reliability and potential biases of
the data source. Version history is equally impor-
tant, especially for datasets updated regularly or
corrected over time. If a dataset is static (one-off),
at least a publication date and any revisions should
be noted. If it is dynamic, themetadata should indi-
cate the release or update schedule (e.g., “monthly
snapshots”), and ideally provide unique identifiers
or version numbers for each release. This way, an
AI practitioner can ensure they use the most recent
version or can reproduce results by using the same
version later on. In more advanced implementa-
tions, datasets may have changelogs that highlight
changes between versions, such as new records
added, errors removed, and other notable updates.
Providing this within the metadata (or via links
in metadata to a version control system) means
that anyone using the data for AI can be aware
of changes that might affect model performance.
It also supports broader governance, as regulators
or auditors can track whether data used in an AI
system have been collected, created, or altered, par-
ticularly by outsourced entities (Casilli et al. 2024),
which is essential for accountability. FAIR isolates
the importance of provenance information in the
context of reusability with principle R1.2.

Legal and socio-technical information: Lastly,
metadata should convey the legal and social context
for the dataset’s use. An AI-ready dataset clearly
states the dataset’s license or terms of use in its
metadata (Carey-Wilson et al. 2025). Rather than
burying licensing in fine print or on a separate
webpage, the metadata might include a field like
“License: CC BY 4.0” and a link to the full license
text. This is important because AI developers need
to know if they can legally use the data for commer-
cial purposes, such as creating derivative works,
especially when training models that might them-
selves be distributed. Clarity here prevents misuse
and encourages (re-)use as per FAIR principle R1.1;
an open license signals to the community that the
dataare available for innovation. Beyond licensing,
metadata can note other relevant societal or policy
information: for example, if the data have any usage
restrictions (“not to be used for credit decisions”

or “only valid for research purposes”), or if there
are ethical considerations (“participants consented
for non-profit research use”). It is also helpful to
include references to any governance frameworks
or data protection measures applicable (e.g., “An
ethics board reviewed this dataset” or “Data is
anonymised as per GDPR guidelines”). Embed-
ding this socio-technical information in metadata
ensures that AI practitioners and any automated
systems processing the dataset are immediately
alerted to obligations and context. The Croissant
RAI extension (Jain et al. 2024) recommends not-
ing things like preferred data access protocols and
known data protection notes in the metadata, as
does the Responsible AI Licenses initiative (RAIL
Initiative 2025). All of these help paint a compre-
hensive picture around the data, allowing it to be
responsibly integrated into AI projects.

Overall, the Metadata component of the framework is
designed to make the dataset self-describing, transparent,
and easy to evaluate. Good metadata tells anyone who
encounters the datasetwhat it contains, how it can be used,
andwhy it can be trusted (or what limits to heed). This rich
contextual layer is indispensable for AI readiness; it lets
human practitioners and even AI-driven data catalogues
automatically reason about the suitability of data, ensuring
that models are built on a well-understood foundation.

Surrounding infrastructure

The third component of the AI-ready data framework
looks beyond the data and its documentation to the envi-
ronment in which the data are made available. Even
high-quality data with excellent metadata can falter if the
mechanisms to discover, access, and maintain data are not
AI-friendly. The surrounding infrastructure encompasses
the tools, platforms, and services that connect users (or
AI systems) with the dataset. An AI-ready infrastructure
ensures that data are released and actively supported in
a way that aligns with AI workflows. Key elements of an
AI-ready data infrastructure include the following:

Accessibility via auser-centric data portal: Awell-
established approach for publishing AI-ready data
is via a well-designed data portal or platform that
puts user needs front and center. “User-centric”
means that the portal makes it as easy as pos-
sible to find relevant datasets and interact with
them (Costa, Walker, and Simperl 2020). Specifi-
cally, an AI-ready data portal will provide flexible
search and browsing capabilities (possibly with



AI MAGAZINE 9 of 19

conversational, LLM-based elements), enabling
users to quickly locate the data they need through
various means. It will also provide tools to preview
or visualize the data directly on the platform. For
example, a portal might allow a user to view a snip-
pet of a dataset, plot a few fields, or generate basic
statistics without requiring a download. In the case
of complex data, such as 3Dmolecular structures or
geospatial maps, the portal may include specialized
viewers or integration with notebooks to dynam-
ically explore the data. The portal should also
present all the dataset’s metadata and documen-
tation alongside the download options; essentially
co-locating data and its description, so one does
not have to search elsewhere for how to use it.
A good portal will also consider accessibility and
interoperability as per the 10 principles outlined by
Costa, Walker, and Simperl (2020): following web
standards, ensuring the site is navigable (possibly
even providing a multilingual interface targeting
global users), and adopting interoperability stan-
dards for data exchange. data.europa, for instance,
is often cited as a model that incorporates many
of these principles. It provides interactive tools to
evaluate data quality and relevance. Ultimately, a
user-friendly portal lowers the barrier to entry: A
data scientist can transition from discovery to ini-
tial analysis in minutes, and an AI agent (such as a
crawler or automated model trainer) can program-
matically retrieve information through standard
interfaces and well-structured pages. The Research
Data Alliance (RDA) introduces Data Discovery
Paradigms (RDA Data Discovery Paradigms Inter-
est Group 2024; Wu et al. 2019) that provide clear
principles for a user-centric research repository to
take.

Accessibility via an API: AI-ready data should be
available through both machine-friendly access
points and human-friendly portals. The most com-
mon form of this is an API (Application Program-
ming Interface) that allows developers to query
or download data via code. From an AI perspec-
tive, an API can be transformative. Instead of
manually downloading and updating a file peri-
odically, a practitioner can write a script to fetch
the latest data or pull just the needed subset for
training. Well-known AI datasets, such as those
hosted by platforms like Kaggle or large text and
image datasets, provide a simple Python API call
or command-line tool to access the data. Data
publishers should aim to provide ease of access
by offering a RESTful API or other modern data
access services for their datasets (Fielding 2000).

An API for an AI-ready dataset should ideally
allow for flexible queries (for instance, filtering by
date range, retrieving specific fields, or streaming
data in chunks) so that users can obtain precisely
what they need without unnecessary bandwidth
consumption. Performance considerations include
avoiding restrictive pagination or very low rate lim-
its, which can hinder AI usage when large volumes
are required quickly. Interview feedback from AI
engineers suggests that truly AI-friendlyAPIs avoid
needless complexity: A straightforward REST API
returning JSON or CSV (or even direct binary data
streams for extensive data) is preferred, as it can
be easily integrated with data science libraries. In
some cutting-edge scenarios, publishers leverage
emerging data access frameworks, such as data
spaces or cloud data warehouses, to enhance their
capabilities. A “data space” is a federated infras-
tructure where data publishers and consumers
connect through standardized protocols, allowing
data to be accessed in situ (e.g., via secure connec-
tors) rather than copied over (Open Data Institute
2024b). For instance, a language dataset might be
accessible through a shared data space that mul-
tiple NLP researchers can tap into, ensuring they
always have access to the latest version. Whether
via traditional APIs or newer data sharing models,
the principle is the same: Make it effortless for AI
tools to talk to the data. Users should be able to
write a one-liner or use a standard library (such
as “Pandas” in Python or a HuggingFace Datasets
loader) to import the dataset directly into their
analysis or training pipeline.1The RDA Artificial
Intelligence and Data Visitation (AIDV) Work-
ing Group advocates for “data visitation” (RDA
Artificial Intelligence and Data Visitation Work-
ing Group 2025) models—where algorithms travel
to the data rather than downloading it—requiring
infrastructure that supports secure processing envi-
ronments and embedded ethical review protocols.
An AI-ready infrastructure must therefore opera-
tionalize these community standards, ensuring that
APIs and portals are not only accessible to human
researchers but are also compliant with emerging
automated governance workflows.

Version control infrastructure: The infrastructure
surrounding a dataset should support the fact
that data are often a living asset; it may evolve, be
corrected, or change over time. For AI systems,
keeping track of these changes is vital (imagine a
model that needs retraining on the latest data, or
an audit trail to see what data version informed
a particular model decision). Thus, AI-ready
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infrastructure includes robust version control and
update infrastructure for datasets (Sajid 2024).
In practice, every time a dataset is updated or
modified, there should be a straightforward way to
identify that update, such as a new version number,
timestamp, or unique identifier. The infrastructure
might automatically maintain older versions or
their diffs, so one can roll back or compare changes.
Many modern data platforms are adopting tools
analogous to software version control, such as
technologies like DVC (Data Version Control),
which track data file changes like how Git tracks
code changes (European Commission 2025). Using
such tools, data publishers can expose a history
of changes: for example, “20 new records added
on 2025-05-01; 5 records updated on 2025-06-01
to correct errors.” While the needs of the AI
ecosystem may be more complex, this basic level
of transparency is beneficial for AI practitioners,
enabling models to be updated or checked against
evolving data. Additionally, if the dataset is updated
in real-time or frequently, the infrastructure may
support streaming updates or notifications, such
as webhooks or feeds that announce new data
availability. These features ensure thst the pipeline
can continuously incorporate fresh data for AI
applications that require the most current data,
such as an AI system analyzing social media trends
or real-time satellite imagery. Newly generated or
continuously updated datasets also play a crucial
role in the benchmarking of AI performance. In
summary, treating data with the same discipline
as software (i.e., managing versions, documenting
changes, and enabling updates) is a hallmark
of an AI-ready data infrastructure. It gives both
confidence and flexibility: confidence that one can
reproduce old results if needed (using the same
data version) and flexibility to seamlessly integrate
improvements or new information into AI models
as the data evolves.

These three elements (user-centric portals, easy pro-
grammatic access, and strong version/update support)
form the backbone of an AI-ready data infrastructure. In
essence, they ensure that once a dataset exists (with suit-
able properties and metadata), it can be found, accessed,
and kept in sync with the needs of AI developers. A
publisher might achieve this via a single platform that
encompasses all (for instance, a well-designed open data
portal that offers web UI, API, and tracks versions), or
through a combination of tools (maybe hosting data on a
repository like GitHub or DataVerse for versioning, while
providing an API endpoint for queries, etc.). The exact

implementation can vary, but the goals remain consistent.
An essential outcome of building such infrastructure is
that it fosters a community and ecosystem around the data,
allowing users to engage, provide feedback, and contribute
to improvements (e.g., suggesting data corrections through
the portal or adding notebooks and examples).
Before moving on, it is worth noting that investing

in infrastructure pays dividends beyond AI. It generally
improves data accessibility for all kinds of users. How-
ever, it is particularly crucial for AI because of the scale
and speed at which AI projects operate. AI researchers
may need to train across millions of data points or rapidly
experiment with different slices of data; a clunky down-
load process or unclear update policy can significantly
slow this process down. Conversely, a smooth infras-
tructure can accelerate AI development; consider how
well-packaged image datasets, with easy-to-use download
APIs and clear documentation, have accelerated computer
vision research. The same can be true for any field of data.
Thus, building an AI-ready infrastructure is about creating
the pipelines that let data flow efficiently from the pub-
lisher’s hands into theAI applications that can derive value
from it.

USING THE FRAMEWORK: THREE
EXAMPLES

Evaluating the AI-readiness of
Re-LAION-2B

LAION-5B, unveiled in 2022 by the nonprofit LAION,
broke ground as the first openly licensed web-scale cor-
pus of 5.85 billion image–text pairs scraped from Common
Crawl (LAION 2022). Roughly 2.3 billion entries were
English while the remainder spanned more than a hun-
dred languages, giving the dataset unmatched coverage
for multilingual retrieval and zero-shot transfer stud-
ies (Schuhmann et al. 2022). Each row consisted of the
image–text pair and an array of measurements, includ-
ing embedding vectors for the pair, scores in NSFW and
aesthetic classifiers, and image metadata like height and
width. These measurements would allow researchers to
programmatically slice high-quality or safe subsets of the
dataset and build custom training corpora for their mod-
els. Such functionality meant that LAION-5B enabled the
training of Stable Diffusion (Wiggers 2022), arguably the
first mainstream image generation AI model.
The dataset was later found to contain toxic and illegal

content (Birhane et al. 2023; Birhane, Prabhu, and Kahem-
bwe 2021), prompting its takedown and in-house analysis
by LAION. LAION released Re-LAION-5B (LAION 2024)
in August 2024, a full re-crawl that blocked certain URL
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matches, applied a stronger nude-content model, and
removed duplicates in the dataset via perceptual hashes
and CLIP embeddings. The cleanup trimmed several hun-
dred million unsafe or near-identical pairs, leaving ≈5
billion high-confidence examples and ships reproducible
Docker logs for end-to-end auditing.
Re-LAION augments each image–text pair with ISO-

639-3 language tags, OCR scores, and caption-length statis-
tics, further enriching the feature space for data-centric
analysis. Licensing moved to Apache-2.0, eliminating
share-alike constraints, and the dataset is now hosted on
Hugging Face (rather, a collection of 2B versions (Hugging
Face 2025) is hosted instead of a 5B dataset).
LAION has already contributed plenty to the AI world,

but the feature-rich, assuredly safe, and (most importantly)
open nature of Re-LAIONmeans the dataset could be used
to expand the capabilities of image-native or multimodal
generative AI in the future. However, its full potential will
only be reached if it is published in an AI-ready way.
Here, we use the AI-readiness framework to eval-

uate Re-LAION-2B (specifically, laion/relaion2B-multi-
research Hugging Face 2025). We check technical docu-
mentation, published literature, LAIONblog posts, and the
dataset itself for evidence of adherence to each require-
ment. Annotations describe the extent of any adherence,
coding whether a requirement was met, partially met, or
not met.

Dataset properties

International standards and norms—met: Sam-
ples are annotated with three-letter ISO 639 codes
for their language. All image embeddings are gen-
erated with CLIP, a generic image embeddings
model.

Semantic and logical consistency—met: All
annotations are made with the same, consistent
methodology. Embeddings are generated with
CLIP, while p_unsafe measurements are generated
with LAION’s open source NSFW detection model.

Identifiable class and source imbalance—met:
The feature-rich nature of the dataset facilitates
exploration of imbalances via histogram, although
note that no histograms are served to users in
the data card or elsewhere. Source imbalance is
identifiable via the URL on each row of the dataset.

De-identification and anonymization—not met:
Re-LAION’s safety focus was mostly focused on
CSAM. Privacy problems regarding faces, licence
plates, and personally identifiable information are
not explicitly addressed, making the dataset’s use
for AI a legal difficulty.

Appropriate file format—met: On Hugging Face,
all datasets are converted to Apache Parquet
shards.

Metadata

Machine-readable format—partially met: Via
publishing on Hugging Face, the dataset auto-
matically has a basic Croissant metadata record.
However, there is no concerted effort to pub-
lish more in-depth, machine-readable metadata
elsewhere.

Dataset served with attached metadata—not
met: The Hugging Face repository does not have a
data card, nor a README.md file.

Basic technical specifications—partially met:
Each data point has a host of technical metadata
that contributes to the overall feature space of the
dataset. However, due to the lack of metadata over-
all, basic technical specifications about the overall
dataset are not available.

Supply chain information—partially met:
LAION blog posts and published literature con-
tain full methodologies about data collection
and annotation. This fits with the organization’s
general approach to openness. This is not in
the actual metadata that accompanies the data,
though.

Legal and sociotechnical information—met: The
dataset’s licence is stated on its Hugging Face page,
within keywords. Information is also available on
the LAION website.

Surrounding infrastructure

User-centric portal—met: The landing page on
laion.ai directs to the Hugging Face repository.
Hugging Face is a platform that has been built from
the ground up as a user-centric portal for AI prac-
titioners, meaning it provides all the functionality
necessary for a data portal.

API accessibility—met: Usage with Hugging Face
is simple via the Hugging Face Datasets API. It
should be noted that, with this API, metadata is
not served alongside the dataset upon query: In
fact, calls to different APIs are necessary for both
datasets and their metadata to be brought into a
developer’s programming environment.

Version control infrastructure—met: Hugging
Face has built-in versioning functionality based on
git.
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Overall assessment

Re-LAION-2B meets a lot of AI-readiness requirements
solely from being published on Hugging Face, a testa-
ment to the ease by which data can be made available
and suitable for AI practitioners. However, on metadata,
the dataset falls short, not supplying enough information
for practitioners to make responsible, well-evidenced deci-
sions about usage. As a result, the dataset is not AI-ready.

Evaluating the AI-readiness of a dataset on
the Protein Data Bank

Proteins, fundamental molecules for all known life, are
composed of long chains of amino acids, their sequences
determined by DNA. The interactions among these amino
acids cause the macromolecule to twist, fold, and coil into
distinct three-dimensional configurations, each suited to
its biological function.
Understanding the relationship between protein struc-

ture and function is central to bioinformatics. This knowl-
edge is crucial for the design and synthesis of functional
proteins, which hold promise for medical therapies. The
Protein Data Bank (PDB) serves as a globally accessible,
open repository, archiving nearly every protein sequence
and molecular structure elucidated over the past five
decades. Its contributions to biomedical advancements
have been significant, notably serving as training data for
the Nobel Prize-winning AI model, AlphaFold.
As an example from the PDB, consider the dataset for

the human insulin protein. This mmCIF dataset provides
granular information, including the following: the pro-
tein’s classification; its organism of origin (e.g., Homo
sapiens); the expression system utilized in its experimen-
tal sequencing (e.g., E. coli); the fundamental amino acid
sequences of the protein; the outcomes of the sequencing
experiment and external validation metrics; the protein’s
mutational status relative to its original, wild-type form;
and relevant associated literature references.
Following the methodology of the preceding example,

we assessed the AI-readiness of this dataset by examining
the dataset itself, its presentation on the PDB data portal,
and its accompanying technical documentation.

Dataset properties

International standards and norms—met: Strict
adherence to the widely recognized mmCIF stan-
dard for macromolecular crystallographic data
(PDBx/mmCIF dictionary v5.398) is observed. The

dataset employs standardized biochemical conven-
tions (e.g., three-letter amino acid codes like Ala for
alanine), and UniProt accession codes are used for
macromolecule identification.

Semantic and logical consistency—met:
Labels and nomenclature consistently follow
IUPAC/IUBMB biochemical standards, ensur-
ing semantic clarity across all dataset entries.
Furthermore, uniform definitions and notations
are applied for biochemical modifications and
structural elements.

Identifiable class and source imbalance—
partially met: Protein sources and expression
systems are explicitly documented. While class
imbalance (e.g., the prevalence of proteins versus
other molecular entities like water molecules) is
implicitly discernible, its explicit quantification
or summarization in the metadata would be
beneficial.

De-identification and anonymization—N/A: As
the dataset intrinsically lacks identifiable or sensi-
tive personal data, concerns regarding anonymiza-
tion are not applicable.

Appropriate file format—partially met: Data is
provided in the mmCIF file format, which is
optimized for molecular data and internation-
ally accepted. However, AI-readiness could be
enhanced by offering supplementary formats (e.g.,
providing the amino acid sequence in a CSV along-
side the mmCIF dataset) to streamline integration
with various AI workflows.

Metadata

Machine-readable format—partially met:
The mmCIF standard is structured, inherently
machine-readable, and well-suited for bioinfor-
matics applications. Nevertheless, incorporating
AI-specific metadata formats (such as JSON-LD)
could further improve interoperability and utility
within broader AI contexts.

Dataset served with attached metadata—met:
Data and its associated metadata are integrated
within the PDB files, ensuring that metadata is
delivered alongside data entries.

Basic technical specifications—met: The dataset
documents dimensionality and provides essential
summary statistics (resolution, R-factor). More-
over, refined experimental structure information
(e.g., method: x-ray diffraction and resolution
details) is explicitly included.
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Supply chain information—partially met: Data
collection methods and refinement processes (e.g.,
via software such as Phenix and DENZO) are doc-
umented. However, the metadata could be further
enhanced by providing more explicit traceabil-
ity for preprocessing details beyond experimental
conditions. This information is typically found in
referenced literature, a standard practice in the
biomedical field, but less ideal for AI practitioners
without specialized subject matter expertise.

Legal and sociotechnical information—partially
met: Although the dataset’s usage license is not
explicitly detailed within the metadata, it is clearly
specified on the official PDB website.

Surrounding infrastructure

User-centric portal—met: The dataset is readily
accessible through a dedicated page on a trans-
parent and user-friendly data portal. This portal
facilitates straightforward searching, downloading,
visualization (including in 3D), and detailed data
exploration, such as grouping structures and per-
forming pairwise structure alignment.

API accessibility—met: The dataset is accessible
via a robust, standard API provided by the PDB,
enabling efficient programmatic access.

Version control infrastructure—met: The PDB
website supports auditing and revisions, with
updates automatically recorded under “audit revi-
sion history” on the dataset’s web page and within
its metadata.

Overall assessment

In conclusion, the PDB, as exemplified by the human
insulin dataset, demonstrates AI-readiness in its adher-
ence to established international standards and its data
accessibility. However, there remain opportunities for
improvement, particularly in diversifying file formats,
enriching metadata clarity and scope, and explicitly doc-
umenting legal information within the metadata itself.
Based on this evaluation, the PDB (specifically, the human
insulin example) is deemed AI-ready.

Evaluating the AI-readiness of ERA5

In the domain of climate science and meteorology,
the ERA5 dataset produced by the European Centre
for Medium-Range Weather Forecasts (ECMWF) repre-

sents the state-of-the-art in global atmospheric reanalysis.
Released operationally in 2019, ERA5 provides hourly esti-
mates of a vast array of atmospheric, land, and oceanic
climate variables from 1940 to the present day (Hersbach
et al. 2020).
The dataset is generated by assimilating historical obser-

vations into a numerical weather prediction model (IFS
Cycle 41r2), creating a coherent, physics-consistent record
of the Earth’s atmosphere on a 31-kmglobal grid (Hersbach
et al. 2020). ERA5 has recently become the foundational
bedrock for the “AI revolution” in weather forecasting; it
served as the primary training corpus for breakthrough
models such as NVIDIA’s FourCastNet (Pathak et al.
2022), Huawei’s Pangu-Weather (Bi et al. 2023), andGoogle
DeepMind’s GraphCast (Lam et al. 2023).
Its pivotal role in enabling these systems makes it an

ideal candidate for evaluating “strong” AI-readiness in a
complex scientific domain. We assess ERA5 below using
our framework.

Dataset properties

International standards and norms—met: The
dataset adheres strictly to World Meteorologi-
cal Organization (WMO) standards. Variables are
encoded using standard GRIB and NetCDF con-
ventions, and parameters (such as geopotential
height or specific humidity) map to globally recog-
nized meteorological definitions and units (World
Meteorological Organization 2019).

Semantic and logical consistency—met: As a
reanalysis product, ERA5 is generated by a physi-
cal model that enforces internal consistency across
variables (e.g., ensuring wind speed and pressure
fields are physically consistent with one another).
This “physics-enforced” consistency is a key reason
for its success in training AI emulators (Rasp et al.
2020).

Identifiable class and source imbalance—met:
While the observational inputs (satellite data,
weather stations) vary over time and geography,
the output is “regridded” to a complete, gap-free
global grid. The “imbalance” of input observations
is well-documented in the accompanying qual-
ity assurance reports, which detail the changing
observational network from 1940 to the present
(Hersbach et al. 2020).

De-identification and anonymization—N/A: The
dataset contains physical measurements of the
Earth system and does not involve personally iden-
tifiable information.

Appropriate file format—met: Data are natively
available in GRIB and NetCDF formats, which
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are standard in the domain. Crucially, to support
cloud-nativeAIworkflows, “Analysis-Ready, Cloud
Optimized” (ARCO) versions of ERA5 (stored
in Zarr format) have recently been made avail-
able, specifically designed to streamline inges-
tion into ML pipelines (Rasp et al. 2024; Stern
et al. 2022).

Metadata

Machine-readable format—met: The Climate Data
Store (CDS) provides metadata in a structured,
machine-readable format accessible via API. Fur-
thermore, the GRIB and NetCDF files themselves
contain rich self-describing headers (defining coor-
dinate systems, units, and time steps) that soft-
ware libraries like xarray can parse automatically
(Hoyer and Hamman 2017).

Dataset served with attached metadata—met:
Metadata regarding variable definitions, units, and
temporal validity is embedded directly within the
data files, ensuring that the data never become
“orphaned” from its context.

Basic technical specifications—met: The dataset is
exhaustively documented with regards to dimen-
sionality (hourly intervals, 137 vertical levels, 31-km
horizontal resolution), spatial coverage, and unit
specifications (Hersbach et al. 2020).

Supply chain information—met: The provenance
is transparent: The specific version of the generat-
ing model (IFS Cy41r2) and the data assimilation
methodology (4D-Var) are public knowledge. The
distinction between the consolidated “ERA5” prod-
uct and the preliminary “ERA5T” (near real-time)
product is explicitly managed and labeled in the
metadata (ECMWF 2020).

Legal and sociotechnical information—met: The
data are released under the Copernicus License,
which functions similarly to a Creative Commons
Attribution (CC-BY) license. This open licensing
is clearly stated on the portal and allows for com-
mercial use, a critical enabler for the thriving
ecosystemof privateAIweather startups (European
Commission 2019).

Surrounding infrastructure

User-centric portal—met: The CDS acts as a highly
user-centric portal. It provides web-based tools for
browsing, subsetting, and

plotting data without downloading, alongside com-
prehensive documentation and a “toolbox” for
server-side processing (Raoult et al. 2017).

API accessibility—met: The dataset is supported
by the cdsapi, a robust Python client that allows
users to programmatically request and retrieve
specific slices of data. This API is the stan-
dard entry point for AI researchers and is widely
integrated into open-source data loaders (Raoult
et al. 2017).

Version control infrastructure—met: The infras-
tructure supports versioning and updates. When
errors are discovered (such as stratospheric tem-
perature biases in the 2000–2006 period), corrected
versions (e.g., ERA5.1) are released and clearly dis-
tinguished in the catalogue, allowing AI practition-
ers to choose the appropriate version for training
(Simmons et al. 2020).

Overall assessment

ERA5 exemplifies a dataset that is “AI-ready by design,”
even if it predates the current generative AI boom. Its
adherence to strict scientific standards, combined with
modern infrastructure (the CDS API and ARCO formats),
removes almost all friction for AI developers. The ability
for researchers to write a simple script to fetch petabytes of
consistently formatted, physics-checked training data have
directly enabled the creation of models like GraphCast.
Consequently, ERA5 is deemed AI-ready.

Note: Maturity versus AI-readiness

The PDB has been an established data repository for
half a century yet exceeds in our measurement of its AI-
readiness, while the much more recent Re-LAION-2B,
released with the explicit intention of supporting AI, does
not (Table 2). Perhaps temporal maturity is the reason: The
PDB’s structure, contents, metadata, and infrastructure
have evolved over time with the help of domain experts
that use it and engage in dialogue with the repository
developers, in turn solidifying it as an invaluable resource
that will support innovation for decades more. The young
Re-LAION-2B can offer no comparison here. However,
the strong AI-readiness of ERA5, despite its comparatively
recent release, suggests this is not the deciding factor. Tem-
poral maturity should not be conflated with AI-readiness;
a newly published dataset is not inevitably “weak,” nor is
an older, more mature dataset automatically “strong” (nor
vice versa).
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TABLE 2 Summary of AI-readiness evaluations across the three case study datasets. Ratings indicate the extent to which each dataset
adheres to the framework criteria.

Criteria Re-LAION-2B PDB (human insulin) ERA5
1. Dataset properties
Int. standards & norms Met Met Met
Semantic consistency Met Met Met
Class/Source imbalance Met Partially met Met
De-identification Not met N/A N/A
Appropriate file format Met Partially met Met
2. Metadata
Machine-readable format Partially met Partially met Met
Attached metadata Not met Met Met
Basic tech. specifications Partially met Met Met
Supply chain info. Partially met Partially met Met
Legal & sociotechnical Met Partially met Met
3. Surrounding infrastructure
User-centric portal Met Met Met
API accessibility Met Met Met
Version control infra. Met Met Met
Overall assessment Not AI-ready AI-ready AI-ready

PROPOSITIONS FOR THE AI-READY
FUTURE OF THE OPEN DATA
ECOSYSTEM

We conclude by discussing the further steps that should
be taken for the entire data ecosystem to be made AI-
ready in order to realize its true potential in supporting an
innovative future.
First, metadata practices must be standardized to

support data discoverability and interoperability. When
datasets are combined, robust provenance and lineage
metadata are essential for tracing data elements to their
origins. For instance, this can substantially help to under-
stand which licences apply to different parts of a dataset.
What’s more, machine-readable metadata can make
licensing termsmore immediately understandable, though
the ecosystem currently struggles to represent licensing
information accurately in metadata (Carey-Wilson et al.
2025). The ethics of web-scraping and adherence to terms
of service also demand attention. Scraping web data for AI
training has led to legal disputes, particularly when copy-
righted material or data violating the terms of service is
used.While robots.txt files offer a technical restriction, not
all web scrapers comply (Longpre et al. 2024). The concen-
tration ofmarket power among large entities (Gans 2024) is
also leading to closed-door data-sharing agreements with
opaque terms (Bestall 2024). This trend limits open access
and requires countermeasures.2
Second, for this reason, collaborative governance and

community engagement in the ecosystem around AI

datasets must be furthered (Massey et al. 2024). Critical
AI datasets require clear governance, not an absence of
it, with institutional norms currently shaping its content,
structure, and access (Fumega 2024). Data repositories and
platforms play a key role in guiding users towards respon-
sible practices, such as providing comprehensivemetadata
(Costa, Walker, and Simperl 2020). This responsibility
extends from data publishers to platform providers and
data consumers. For this reason, feedback loops between
data publishers and AI practitioners must be strength-
ened. Infrastructure should support these mechanisms to
enable iterative dataset improvements based on the AI
community’s evolving needs. Finally, the ecosystem must
promote equitable access and mitigate data monopolies
as noted earlier. The move towards private data-sharing
agreements, driven by legal concerns and market power,
could stifle innovation by restricting access to essential
datasets. Active promotion of open and nondiscrimina-
tory data access (OECD 2025) is necessary, aligning with
initiatives like the EU Data Act.
Third, data infrastructure must mature to handle AI’s

scalability and usability requirements. The demand for
large, diverse, and high-quality datasets (Samborska 2025)
has increased the importance of open data portals, reposi-
tories, and APIs. These platforms, including government
open data sites, data science platforms like Kaggle, and
model/data hubs like Hugging Face, are central to the
AI data ecosystem (Open Data Institute 2024a). To better
serve AI, this infrastructure must evolve. Platforms need
to expand their support for diverse data types, such as



16 of 19 AI MAGAZINE

video and audio, and AI-optimized formats like Apache
Parquet. Parquet supports efficient columnar storage and
complex data relationships, which are critical for AI
model training. Such advancements complement existing
efforts by scientific data portals (as well as governmental
open data initiatives) to provide data in semantic for-
mats like RDF. Discoverability and semantic richness also
need improvement; AI systems require rich, standardized
metadata to automatically find, understand, and integrate
data.
Addressing these points requires cooperation between

data publishers, research institutions, businesses, stan-
dards bodies, and policymakers. The goal is to transform
the entire open data ecosystem so that data are AI-ready
by design, promoting responsible innovation.

CONCLUSION

As AI continues to advance, the importance of founda-
tional data only grows. The case studies demonstrate that
making data AI-ready can dramatically increase its value
and impact. Our framework for AI-ready data provides a
roadmap for data publishers to elevate their datasets across
three key fronts: the quality of the data, the richness of its
metadata, and the support of the infrastructure surround-
ing it. Data publishers can ensure that their data are usable
and trustworthy for AI applications by taking a holistic
approach that addresses all these components.
One of the clear lessons is that AI-readiness does not

happen by accident or just via a one-time effort. It is a
deliberate process and, often, an ongoing commitment.
It means thinking about the end-user (or end-model) at
every step of the data lifecycle: from adopting standards
at collection time, to documenting context when pub-
lishing, to maintaining channels for access and feedback
after release. It alsomeans breaking down silos—technical
teams, documentation teams, and platform teams need to
work in concert. Encouragingly, many of the practices we
have discussed are also simply data best practices. They
lead to better data management and higher data quality
in general, not only for AI scenarios. In fact, by making a
dataset AI-ready, publishers inevitablymake itmore useful
for all kinds of analysis, not just ML.
It is also important to acknowledge that AI-readiness

is a spectrum, not a binary state. A few datasets will be
perfect for every criterion, and that is okay. The goal is to
push towards greater readiness. Perhaps a team begins by
enhancing metadata and adding a license file this quar-
ter; next quarter, they focus on setting up an API, and
so on. Even modest improvements, such as providing a
data schema or an example of a Jupyter notebook with
the dataset, can lower the barrier for AI practitioners. Over

time, these enhancements compound.Moreover, data pub-
lishers can gain valuable insights into what to prioritize by
engaging with the AI community and enabling a continu-
ous dialogue that can inform their iteration and updates of
their datasets.
In conclusion, AI-ready data practices enable datasets

to reach their full potential. In an era where AI is hun-
gry for high-quality data, providing such data can catalyze
new research discoveries, power innovative applications,
and inform better decision-making. Organizations like the
ODI are helping translate lofty principles into action-
able checklists and guidance that anyone can apply. The
frameworks will undoubtedly evolve. For instance, spe-
cific domains, such as healthcare or climate data, may
impose additional requirements, including ethical consid-
erations or domain-specific metadata standards. However,
the core idea remains: If we want robust, fair, and effec-
tive AI, we must begin with strong, well-prepared, and
well-documented data.

ONGOINGWORK

In December 2025, the ODI produced a v2 of the Frame-
work for AI-ready data (Massey, Simperl, and Majithia
2025), introducing “governance” as a fourth category,
informed by feedback from users. Criteria within this cat-
egory include “governance policy-as-code,” “documented
roles and responsibilities,” “publicly identifiable points of
contact,” and “clear data access processes.”
The framework was adapted and applied for research on

the AI-readiness of data held by local governments in the
United Kingdom (Simperl et al. 2025).
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ENDNOTES
1Accessibility criteria here are distinctly different from those present
in the FAIR principles.

2We note that an agentic AI version of the worldwide web
will expound certain aspects of dataset discoverability. Agents
autonomously searching for datasets, downloading them, and
using them for analysis will require strong infrastructural stan-
dards regarding metadata to ensure accuracy, trustworthiness,
and responsibility.
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