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AI-READI: rethinking AI data collection,  
preparation and sharing in diabetes research  
and beyond

AI-READI Consortium

Here, we introduce Artificial Intelligence 
Ready and Equitable Atlas for Diabetes 
Insights (AI-READI), a multidisciplinary 
data-generation project designed to create 
and share a multimodal dataset optimized 
for artificial intelligence research in type 2 
diabetes mellitus.

The AI-READI project is one of four Data Generation Projects (DGPs) 
funded by Bridge2AI (https://commonfund.nih.gov/bridge2ai), a 
new NIH Common Fund Program aimed at setting the stage for the 
widespread adoption of AI in healthcare research. The primary goal 
of AI-READI is to collect and publicly share a multimodal, AI-ready 
dataset for studying the pathogenesis and salutogenesis (that is, the 
pathway from disease to health) of type 2 diabetes mellitus (T2DM).

T2DM is a growing public health threat, affecting >6% of the 
world’s population, and at increasingly younger ages. Certain popu-
lations experience a greater burden of disease, exacerbating health 
disparities. Our data collection effort is centred around the prin-
ciple of collecting a large multimodal dataset uniformly balanced 
for T2DM severity from a diverse group of participants so as to bet-
ter understand this complex multifactorial disease using AI. Given 
the complexity of T2DM, AI-based approaches and multimodal 
model development may improve our understanding of T2DM.  

However, a major barrier has been the lack of diverse datasets that are 
AI ready1 for training AI models, which the AI-READI project is designed 
to address.

Here, we present the AI-READI dataset, give preliminary insights 
into our blueprint for making data AI-ready and provide our ongoing 
strategies for training a diverse workforce at the intersection of AI  
and biomedical research.

Introduction to the AI-READI dataset
AI-READI is enrolling 4,000 participants at three study sites over 4 years 
(2022–2026) (Supplementary Fig. 1). We plan to balance the racial and 
ethnic diversity of participants to address the under-representation in 
past research studies of groups that bear a higher burden of the disease. 
Having three data collection sites will increase geographic represen-
tation. Participants with a range of health states will be included to 
facilitate AI-based research into salutogenesis.

The recruitment process consists of a selection of individuals 
based on the available clinical diagnosis using ICD-10 codes and demo-
graphic data from the electronic health records of study sites. Each 
participant completes the study protocol, which includes question-
naires, on-site data collection and at-home data collection (Fig. 1). 
Blood is being collected to establish a large repository of participant 
plasma, serum and buffy coats at the University of Alabama at Birming-
ham. In addition, we are collecting PaxGene RNA tubes for future RNA 
isolation and cryopreserving peripheral blood mononuclear cells for 
future studies that could include functional immunologic studies or 
generation of induced pluripotent stem cells.

 Check for updates

Vision testing
(lensometer, autorefraction
best corrected visual acuity,

letter contrast sensitivity)

Retinal imaging
(undilated/dilated fundus 
photography, FLIO, OCT, 

OCTA)

Physical assessment
(height, weight, waist and hip

circumferences, blood pressure,
heart rate)

Physical activity monitoring
(heart rate, respiration rate, activity type, SpO2, 

stress level, sleep phases)

Environmental measurements
(temperature, humidity, light spectrometry, PM1.0, 

PM2.5, PM4.0, PM10.0, NOx, volatile organic 
compounds)

Blood test
(NT-proBNP, C-peptide, troponin-T,

HbA1c, lipid panel, CRP, CMP12)

Current medicine list

Monofilament test

Cognitive screening

Continuous glucose monitoring

Driving record
(accident report)

Biospecimen
(blood)

Urine test
(albumin, creatinine)

ECG

Self-reporting surveys
• Initial screening
• Demographic
• Center for Epidemiological Studies

Depression Scale (CES-D)-10
• Problem areas in diabetes questionnaire (PAID-5)
• Diabetes score
• Diet
• Smoking history
• Alcohol use, vaping and marijuana use
• General health
• Social determinants of health (SDoH)
• Visual impairment and eye care access

On-site visit
(3 to 4 hours)

Data collection

Post-visit
(10 days, at home)

Pre-visit
(1 hour, at home)

Fig. 1 | Data collection protocol for each participant in AI-READI.  
Each participant who enrols in the AI-READI study completes the study  
protocol, which includes pre-visit questionnaires, on-site data collection  
and post-visit data collection for 10 days using a Dexcom G6 for continuous 
glucose monitoring, Garmin Vivosmart 5 for physical activity monitoring and 

a custom-built environmental sensor for indoor environmental parameter 
measurements. ECG, electrocardiogram; FLIO, fluorescence lifetime imaging 
ophthalmoscopy; OCT, optical coherence tomography; OCTA, optical coherence 
tomography angiography ; PM, particulate matter.
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ready8. After testing FAIRhub for the AI-READI dataset, we anticipate 
making the platform available for future DGPs desiring to manage and 
share AI-ready clinical research datasets.

American Indians and Alaska Natives (AI/AN) are unique and highly 
identifiable groups that could benefit from precision health AI studies. 
Through engagement with the Native Biodata Consortium, this project 
will provide a co-learning opportunity for understanding challenges 
specific to AI/AN communities and evaluating tools for addressing 
them, such as data usage agreements, contracts negotiations, transpar-
ent access agreements and some form(s) of assured return of benefit 
and sustainable input, control and monitoring of Tribal data.

Training future AI researchers
Concerns regarding bias and inequity in AI have been partially attrib-
uted to the lack of diversity in the AI workforce. In particular, women 
and racial and ethnic minority groups are under-represented.

The Bridge2AI Program has therefore defined workforce devel-
opment as one of its key pillars. AI-READI hosts a year-long research 
internship programme (https://shileyeye.ucsd.edu/research/ai_readi) 
to provide immersive training for individuals interested in working at 
the nexus of biomedicine and AI. The programme includes a 2-week 
data science/programming bootcamp followed by a yearlong curricu-
lum of didactic lectures and mentored research. Interns are mentored 
by one or more AI-READI investigators and are involved in various 
aspects of the project, including developing healthsheets to describe 
the AI-READI data, mapping project data into common data models, 
and analysing equity and ethical issues. The inaugural cohort in aca-
demic year 2023–2024 consisted of 10 interns, among whom 70% were 
women, 30% were Black and, overall, 50% were from under-represented 
backgrounds based on NIH criteria. The programme is continuing 
broad outreach and recruitment efforts and is disseminating its strate-
gies to serve other similar programmes.

Discussion
The AI-READI project is ambitious in scope and may be viewed as a 
milestone in the field of big data and AI health research. We expect 
that the flagship dataset will lead to novel discoveries into the T2DM 
pathogenesis and salutogenesis while benefiting a broader population, 
given the diversity of the study participants. In addition, our blueprint 
has the potential to remove one of the major bottlenecks to the wide-
spread use of AI in healthcare: the availability of data that is off-the-shelf 
ready for AI-based analysis.

AI-READI Consortium*
*A list of authors and their affiliations appears at the end of the paper. 
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Each data collection site uploads data at regular intervals to a 
cloud-based data management platform (FAIRhub) that is being devel-
oped for this project. Data are released annually, and each version is 
accessible through FAIRhub. At each release, two datasets are made 
available: a controlled-access set and a publicly accessible set with 
fewer requirements for access. The public set is stripped of Protected 
Health Information (PHI), as defined by the HIPAA (Health Insurance 
Portability and Accountability Act) Privacy Rule via the “Safe Harbor” 
method, as well as information related to the sex and race/ethnicity of 
the participants to prevent stigmatization of findings. The first version 
of the public set was recently shared using a new licence developed 
as part of this project that allows reuse for any purpose but includes 
restrictions to protect participant privacy2.

Blueprint for future data-generating projects
An additional aim of the AI-READI project is to share our blueprint for 
collecting and sharing AI-ready datasets so that future DGPs can follow 
them (Supplementary Fig. 2), including guidelines for project manage-
ment, as well as data collection, management and sharing (https://
zenodo.org/communities/aireadi; https://github.com/AI-READI; 
https://aireadi.org).

The integration of multiple disciplines has become a cornerstone 
for discoveries and innovation in biomedical research, so the successful 
preparation of an AI-ready dataset must be a multidisciplinary team 
effort3,4. Therefore, an essential component of AI-READI is to imple-
ment team science strategies to understand the interaction patterns 
of our multi-team systems and then disseminate our findings (Sup-
plementary Fig. 3).

We believe that, at a high level, making data AI ready involves two 
main sets of considerations: technical and ethical. The FAIR (find-
able, accessible, interoperable, reusable) principles provide high-level 
instructions for making data technically ready for reuse by AI systems2. 
As part of the project, we are developing guidelines for making data 
types from the AI-READI project FAIR. We are using existing standards 
when available and working with their maintainers to extend them 
when necessary (Supplementary Table 1). We are also developing new 
standards, such as the Clinical Dataset Structure (CDS), a simple and 
intuitive way to organize clinical research datasets and include struc-
tured metadata (https://cds-specification.readthedocs.io).

Data used in developing AI systems are often a major source of 
downstream ethical issues5. To prevent such issues, ethical, legal and 
social implications are considered at every stage of the project cycle. 
Documenting practices regarding the creation, use and maintenance 
of clinical research datasets is critically important so that AI developers 
can easily understand the provenance and intended use of the data. We 
are reviewing existing documentation approaches such as datasheets 
and healthsheets to identify the most suitable one for biomedical 
data6,7. Al algorithms can infer individual patient characteristics and 
could facilitate individual-level identification. To prevent reidentifi-
cation attempts, we are implementing a robust data dissemination 
system, a strict licence agreement and data watermarking for both 
public and controlled sets.

Preparing and sharing AI-ready datasets can rapidly become time 
consuming and difficult for data-collecting researchers. To address this 
problem, we are developing a cloud-based data management, curation 
and sharing platform called FAIRhub (https://fairhub.io/). Inspired by 
existing user-friendly ‘FAIRification’ tools, the platform is being devel-
oped to include intuitive user interfaces and a suite of tools to simplify 
and automate the implementation of our guidelines for making data AI 
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