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Executive Summary

On June 4-5, 2025, the Health and Environmental Sciences Institute (HESI Global) convened a two-day in-person
workshop “Building a Roadmap for Al-Enabled Human and Environmental Health Protection” in Washington, DC, to
explore the strategic use of artificialintelligence (Al) in advancing human and environmental health protection within
a One Health framework. The workshop gathered over 150 participants from more than 10 countries, representing
a wide range of sectors including academia, government, industry, and nonprofit organizations. A novel element of
the workshop was the deployment of a customized generative Al model (Workshop GPT), designed to synthesize live
inputs and identify key thematic focus areas—referred to as Guiding Pillars—that serve as strategic destinations on
the path toward Al-enabled health and environmental systems. Drawing from expert presentations, moderated
discussions, and real-time polling, the Workshop GPT produced five Guiding Pillars: Connected Data, Trust and
Validation, Real-World Use Cases, Capacity Building, and Responsible Design. These Guiding Pillars define critical
areas for the practical and responsible implementation of Al across biological, ecological, and regulatory domains.
The report that follows presents these outputs, combining Al-generated content with extensive review and
refinement by the HESI Global scientific team.

Introduction

The accelerating complexity of global environmental and public health challenges has underscored the urgent need
for integrative, scalable, and adaptive solutions. Artificial Intelligence (Al) and Machine Learning (ML) technologies
offer powerful opportunities to enhance the capacity to model, monitor, and manage risks across biological and
ecological systems. In recent years, Al has emerged as a transformative force, enabling novel approaches across
these scientific and regulatory domains. However, the field is still actively evolving, and there is a critical need to
evaluate where Al can be most effectively applied and how to bridge traditionally siloed human, animal, and
environmental health domains across a One Health platform through Al-enabled connections.

This report summarizes the outcomes of a two-day experimental workshop organized by HESI Global to identify
challenges and opportunities in the application of Al-enabled tools for human and environmental health protection.
Held on June 4-5, 2025, at the National Academy of Sciences in Washington, DC, the workshop “Building a
Roadmap for Al-Enabled Human and Environmental Health Protection” convened 151 registrants, including 139 in-
person attendees from 11 countries, and featured 23 invited expert speakers. Participants represented a range of
disciplines—including toxicology, computational biology, regulatory science, public health, engineering, ecology,
and ethics—drawn from academia, government, industry, and nonprofit sectors. The objective was to explore the
role of Al in human, ecological, and environmental health protection systems, and to define areas where progress
could be made.

A defining feature of the workshop was the integration of generative Al technologies in the execution and output of
the event. A customized Generative Pre-Trained Transformer (GPT) instance of OpenAl’s ChatGPT was developed
and deployed to support real-time synthesis and documentation. GPTs, developed from large language models, can
be pre-trained on existing testing data and have the ability to generate text based on specific inputs and requests.
This specialized model was trained on a curated dataset (see methods and appendix) and used throughout the
workshop to identify thematic focus areas, called Guiding Pillars. The Guiding Pillars represent core areas where
investment is necessary to advance the effective and responsible use of Al for human and environmental health
assessment. The workshop agenda was structured using an Outcome Pathway (OP) framework (Figure 1) and
organized into four thematic sessions: (1) Molecular Initiating Events and Cellular Responses, (2) Organism and
Population Responses, (3) Ecosystem and One Health, and (4) Exploring the Last Mile of Implementation.
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Figure 1: Outcome Pathway Framework upon which workshop sessions were organized, scaling from molecular initiation
events to the ecosystem and community. Figure adapted from the Adverse Outcome Pathway (AOP) framework.

Each session included expert presentations, moderated discussions, and real-time polling, all of which were used
to support the GPT-generated synthesis of Guiding Pillars. The outputs were generated through an iterative process
combining Al-driven synthesis with active human guidance, including detailed review, editing, and refinement of the
Guiding Pillars by the HESI Global scientific staff to ensure clarity, accuracy, and alignment with workshop content.
The Guiding Pillars were developed by analyzing the workshop’s aggregated outputs and are expected to be ‘major
destinations’ on the road to Al-enabled human and environmental health protection. Ongoing discussions will help
define how, when, and by whom these destinations should be explored. Recognizing that the positioning of these
Guiding Pillars on a ‘map’ will vary by organization, application, and geography, this work and the workshop products
are shared freely with the scientific community, with a request for citation and an invitation to adapt and build upon

them. We also welcome feedback and examples of how this work is being used (contact: hesi@hesiglobal.org).

This report should be viewed as a prototype—an exploratory demonstration of how Al, paired with expert curation
and review, can accelerate the development of strategic perspectives on emerging science. While Al expedited
certain elements of the workshop synthesis process, significant time and expertise were required for initial Al
training and development phases, technical curation of transcripts, slides, reports, and inputs during the meeting,
and the extensive review and revision of the outputs. The final product reflects both Al-generated content and
extensive refinement by the HESI Global staff. A detailed peer-reviewed methods paper describing this process is
forthcoming.

Methods

GPT Configuration and Experimental Framework
A custom-configured instance of OpenAl’s GPT-40 model (Workshop GPT) was deployed to support real-time

synthesis of expert insights into structured Guiding Pillars representing thematic focus areas. This model followed
a three-stage, prompt-governed workflow developed by HESI Global staff specifically for the context of this
workshop.

The Workshop GPT followed a staged output process based on sequential input (Figure 2). Before the workshop, it
was loaded with foundational materials, including the roadmap title, intended audience, speaker background
papers [1-46], the full agenda, themes to guide alignment, and contextual information about HESI Global. During
the live event, the model continuously received real-time transcripts from speaker presentations and panel
discussions, along with live polling data from our Mentimeter polls and staff notes. With each new input, the
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Workshop GPT reassessed and refined the set of Guiding Pillars in an iterative loop, updating the outputs until no
additional content was available, and a final version was confirmed.
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Figure 2: Staged GPT process, highlighting the pre-workshop and live workshop inputs loaded and iteratively refined to produce
the live workshop output. Figure credit - Dr. Alexandra Taraboletti

Pre-Deployment Testing

Prior to deployment, the Workshop GPT underwent structured stress testing using historical workshop transcripts
and simulated input data thematically aligned with One Health, exposure, toxicology, and Al governance. This
process included testing roadmap generation against prior transcript sets and hypothetical polling results and
introducing partial datasets (e.g., missing speaker biographies or agenda context) to observe model flexibility and
structural adherence. Based on these tests, HESI Global staff refined the Workshop GPT’s prompt architecture to
improve the consistency of output structure and ensure that the model appropriately weighted key content inputs.

Live Workshop Testing

Configuration variations of the Workshop GPT were deployed live to evaluate the contribution of different input
types—for example, runs excluding speaker background papers, runs with and without staff notes, and a
benchmark run using Anthropic’s Claude model with identical prompts. Each variation generated a distinct version
of the Guiding Pillars, though with much overlap. The final Guiding Pillars were derived from the combination of run
outputs and were presented live during the concluding session of the workshop. This live integration enabled direct
audience feedback on the accuracy and relevance of Al-synthesized content, closing the loop between input,
analysis, and collective review.



Guiding Pillars

The Guiding Pillars presented here reflect a synthesized collection of outputs generated through Al-enabled analysis
and edited by HESI Global Staff (Figure 3). Per Figure 2 above, they were developed by integrating speaker
transcripts, panel discussions, polling data, staff notes, and workshop background materials. While care was taken
to ground each Guiding Pillar in source content, the resulting framework inevitably mirrors the emphasis and
perspectives of participating speakers and attendees. As such, this section should be viewed as a cross-section of
collective priorities identified and discussed at the time of the workshop and in pre-meeting materials.

Goal

Objective

Key Actions

CONNECTED
DATA

Al-ready data
ecosystems

Create standardized,
machine-readable, FAIR
data systems.

» -Cross-domain data
harmonization

« FAIR principles

* Legacy data
digitization and
structure

PRIORITY FOCUS AREAS

TRUST &
VALIDATION

Transparency,
validation, and
reliability
Ensure explainable,
validated, and
trustworthy Al

« Alvalidation
benchmarks

* Model explainability
and reproducibility

+ Regulatory and
privacy standard
alignment

REAL-WORLD
USE CASES

Development driven
via real-world needs

Anchor Al tools in health,
ecological, and
regulatory applications.

Holistic, cross-
domain applications
Multimodal
approach integrating
structured and
unstructured data
Predictive tools for
One Health

CAPACITY
BUILDING

Al collaboration
networks

Expand workforce
readiness through

training and leadership.

» Interdisciplinary
training

» Leadership and
governance roles

* Global and cross-
secter networks

RESPONSIBLE
DESIGN

Equity, inclusivity, and
sustainablity

Embed ethics, fairness,
and justice in all Al
systems.

» Fairness and hias
mitigation within
design

» Diverse voices in
governance

* Environmental
justice alignment

Figure 3: Summary of Guiding Pillars. The Guiding Pillars represent priority focus areas identified during the workshop. Figure
credit-Dr. Julie Krzykwa

The following pages provide a detailed overview of each of the five Guiding Pillars. These summaries capture the
core themes, objectives, and feasibility considerations discussed during the workshop and synthesized through

the Workshop GPT and expert review process.



PILLAR 1: Connected Data

Establish comprehensive, interoperable, and context-specific data ecosystems that enable robust real-world Al solutions

across health, environmental, and population scales.

Al applications in health and environmental sciences require seamless access to data from diverse domains,

including molecular, clinical, environmental, and population levels. Participants across sessions consistently

emphasized that fragmented, non-interoperable, and poorly structured data limit the potential of Al systems. The

highest ranked polling option across all sessions was the need for better machine-readable and harmonized data.

A consistent theme emerged around building an integrated, standardized, and FAIR (findability, accessibility,
interoperability, and reusability)-aligned data infrastructure as a foundation for trustworthy and effective Al

deployment.

Objectives & Key Actions

Support Machine-
Readable Data
Development

Accelerate the creation of structured, machine-readable datasets by prioritizing the
digitization and annotation of experimental, clinical, and environmental data using
ontologies and controlled vocabularies aligned with Al model requirements.

Improve Data
Harmonization and
Interoperability

Establish cross-sector data standards and interoperable metadata frameworks [e.g.,
HL7 Fast Healthcare Interoperability Resources (FHIR), Open Biological and Biomedical
Ontologies (OBO) Foundry] to enable seamless integration of toxicology, biomedical,
environmental, and exposure datasets for model training and reuse.

Implement FAIR
Data Principles

Enforce adherence to FAIR (Findable, Accessible, Interoperable, Reusable) principles
through mandatory metadata tagging, persistent identifiers, and open-access data
portals to ensure Al models can discover and leverage diverse data sources.

Standardized

Develop and disseminate consensus-based protocols for consistent data collection,

Acquisition including time-point sampling, sensor calibration, assay documentation, and version
Protocols control, to ensure comparability across studies and sites.

Legacy Data Implement automated digitization pipelines using natural language processing and
Utilization

image recognition to extract structured data from legacy records (e.g., PDFs, scanned
lab notes), enabling retrospective analyses and Al training on previously siloed
information.

Feasibility Rating: The following action areas were identified within this Guiding Pillar as high impact and high to

moderate feasibility:

e Launch machine-readable data initiatives (top-rated recommendation across all sessions)

e Develop FAIR-aligned infrastructure

o Initiate legacy dataset conversions (deemed high feasibility and of immediate utility)

The following key needs will be challenging to address (i.e. ‘low to moderate’ feasibility)

e Promoting increased data harmonization standards and certifications

e Supporting the development of consolidated data repositories with cross-sector and geographically

diverse participation



PILLAR 2: Trust and Validation

Establish rigorous, transparent, and continuous validation frameworks that build confidence in Al systems among users,
regulators, and communities through demonstrated real-world value.

Stakeholders from all sectors highlighted the critical need for transparency, explainability, and model validation.
Fromthe challenge of prompt sensitivity in large language models to real-world discrepancies in toxicity predictions,
there is a growing demand for models that are not just high-performing but understandable and reproducible.
Panelists emphasized trust-building mechanisms like public case studies, regulatory alignment, and stakeholder
engagement as critical.

Objectives & Key Actions

Develop Al-Specific

Design rigorous validation protocols tailored to Al workflows—including cross-

Validation validation, stress testing, and external benchmarking—that assess model robustness,
Frameworks generalizability, and domain-specific performance before deployment.

Prom9te Advance algorithmic transparency by integrating techniques such as attention maps,
Explainable and feature importance ranking, or counterfactual explanations to ensure users can
Interpretable Al understand, audit, and trust Al outputs in high-stakes scientific decisions.

Engage with Collaborate with regulatory agencies to co-develop and pilot model acceptability
Regu.le'atory criteria—such as reliability thresholds, reproducibility standards, and decision-support
Qualification boundaries—for preclinical, clinical, and environmental Al applications.

Processes

Develop Real-World
Use Cases

Generate independent, peer-reviewed demonstration projects that apply Al to real-
world problems—such as in silico trials, predictive toxicology, or outbreak forecasting—
to establish empirical evidence of benefit, reproducibility, and usability.

Enhance Built-In
Security/Privacy

Integrate federated learning, differential privacy, and encryption-by-design into Al
systems to ensure compliance with the Health Insurance Portability and Accountability
Act (HIPAA), General Data Protection Regulation (GDPR), and other data governance
standards, while preserving analytical power and fostering user adoption.

Feasibility Rating: The following action areas were identified within this Guiding Pillar as of high impact and high

to moderate feasibility:

e Build Al-specific validation protocols and regulatory pathways

e Launch real-world validation case studies with public release plans

o Develop explainable Al toolkits for toxicology and exposure science

They noted that the following key needs will be challenging to address (i.e. ‘low to moderate feasibility)

e Embedding security/privacy co-design in early-stage Al research and development

e Securing sustained regulatory engagement for iterative qualification processes



PILLAR 3: Real-World Use Cases

Develop and validate Al solutions driven explicitly by real-world health, environmental, and regulatory scenarios to ensure

practical impact and stakeholder alignment.

Participants stressed the need to move from abstract model development to real-world use case implementation.
Sessions 2 and 3 in particular emphasized examples like digital twins, early warning biosurveillance, and public
health simulation tools. The emphasis was on holistic, cross-domain applications of Al—spanning human, animal,
and ecosystem health, and multimodal approaches that integrate structured and unstructured data.

Objectives & Key Actions

Develop Multi-
Scale Modeling

Develop clinically validated digital twin platforms that integrate multi-scale
physiological modeling (from molecular pathways to whole organs) with real-world
patient data (e.g., Electronic Healh Records, wearables) to enable in silico simulations
for diagnostics, treatment planning, and regulatory submissions.

Improve Cross-
Species/Domain
Extrapolation

Train Al systems on harmonized mechanistic datasets to accurately predict
toxicological and pharmacological responses across species and regulatory sectors,
using standardized ontologies and embedded uncertainty metrics to flag low-
confidence inferences.

Advance
Ecosystem-Level
Applications

Deploy Al-driven One Health models that integrate environmental, wildlife, and human
surveillance data to forecast health threats from ecosystem disruptions, zoonotic
spillover, or environmental exposures, enabling cross-agency preparedness and
response.

Deploy
Geospatial/Tempor
al Models

Integrate geospatial mapping, satellite data, and time-series health/environmental
records into Al tools that model region-specific exposure risks and support targeted
interventions for at-risk populations.

Design Multi-Modal
Al Platforms

Build interpretable Al platforms capable of fusing diverse data types—scientific
literature, clinical images, genomics, and sensor feeds—into unified models for toxicity
prediction and public health decision-making across the human-environment interface.

Feasibility Rating: The following action areas were identified within this Guiding Pillar as of high impact and high

to moderate feasibility:

e Develop multiscale models (high feasibility, real-world applications ready, e.g. Digital Twins)

e Begin ecosystem-level modeling for integrated health and environment systems.

e Enable geospatial and temporal data alignment across domains

e |ntegrate diverse modalities (e.g., -omics, clinical, environmental) into single modeling systems



PILLAR 4: Capacity Building

Expand global and cross-sector capacity to implement, understand, and sustainably leverage Al solutions through networks,

training, and interdisciplinary collaboration.

Human capacity emerged as a foundational enabler across all sessions. As Al technologies evolve rapidly, there is

an urgent need for scalable and inclusive training infrastructure, leadership frameworks, and communications

pathways. From toxicologists to data scientists to regulators, multiple user groups need tailored upskilling and

alignment. Cross-sector networks were also highlighted as vital for shared innovation and implementation.

Objectives & Key Actions

Design and
Implement Training
Programs

Launch curriculum-integrated programs and microcredential tracks that train life and
environmental scientists in foundational Al concepts—such as machine learning, data
ethics, and model validation—while immersing data scientists in regulatory,
toxicological, and biological contexts.

Advance Novel
Leadership and
Governance Models

Develop institutional frameworks that delineate roles and responsibilities for Al
implementation—including chief Al ethics officers, interdisciplinary advisory boards,
and designated decision authorities—to ensure accountability and alighment with
strategic goals.

Promote Public and
Interagency
Communication

Design multilingual, audience-specific communication toolkits and digital interfaces
that translate Al outputs—like confidence scores or predicted risk levels—into
accessible narratives for stakeholders, including the public, policymakers, and
regulators.

Support Workforce Establish apprenticeship, fellowship, and reskilling programs in Al for public health,

Development environmental protection, and biomedical research fields, linked to real job placements
and industry needs across government, non-profits, and private sectors.

Catalyze Globaland  Formalize collaborative hubs and consortia that enable knowledge sharing, joint

Regional Networks

infrastructure development, and harmonization of standards across continents,
leveraging regional strengths while aligning with international Al governance and
scientific objectives.

Feasibility Rating: The following action areas were identified within this Guiding Pillar as of high impact and high to

moderate feasibility:

e Stand up interdisciplinary training and cross-sector fellowships

e Develop cross-agency leadership structures for Al deployment of governance

e Create shared communication frameworks and public engagement guidance

e Pilotinternational and multi-agency coordination mechanisms



PILLAR 5: Responsible Design

Implement robust ethical frameworks and governance mechanisms that ensure inclusive, equitable, and responsible Al

deployment while addressing fears and building community trust.

Polls and transcripts revealed deep concern about whether Al systems will reinforce existing disparities or create
new ones. From model bias to data center energy use, ethical implications span social, environmental, and
technical dimensions. This Guiding Pillar consolidates cross-cutting calls for inclusive governance, early-stage
ethical design, and community engagement as central tenets of responsible Al.

Objectives & Key Actions

Advance “Ethics by
Design”

Embed frameworks such as value-sensitive design and impact assessments into every
stage of Al system development—from data selection to model deployment—to
proactively ensure fairness, accountability, and social benefit.

Deploy Bias
Mitigation and
Fairness Tools

Deploy algorithmic auditing protocols and fairness-enhancing interventions (e.g.,
counterfactual fairness testing, re-weighting techniques) throughout model training and
monitoring pipelines to detect and reduce disparities in performance across
demographic groups.

Encourage
Inclusive
Governance

Establish multi-stakeholder advisory boards and participatory review panels that
include historically marginalized communities, ensuring their perspectives shape
policy, data governance, and resource allocation tied to Al systems.

Expect Community
Co-Design

Implement structured co-development processes where affected populations actively
contribute to the design, testing, and feedback loops of Al models—especially those
deployed in public health, environmental monitoring, and clinical contexts.

Promote More
Equitable
Distribution of
Costs and Benefits

Coordinate with energy regulators and sustainability experts to ensure Al infrastructure
(e.g., data centers, edge devices) is equitably distributed, energy-efficient, and aligned
with regional goals for environmental health and social equity.

Feasibility Rating: While participants agreed that this Guiding Pillar is a high priority and has high potential
impact, they noted that the following key needs will be challenging to address (i.e. ‘low to moderate feasibility)

e Establishing enforceable ethical guardrails and cross-border governance mechanisms

e Creating long-term oversight boards, including affected communities and regulators

e Developing metrics for bias, equity, and inclusion in Al deployment



Conclusion and Next Steps

This report represents an exploratory effort to use generative Al in co-creating strategic directions at the intersection
of human and environmental health. The Guiding Pillars presented here reflect a synthesized view of shared
priorities and insights from the workshop, shaped by Al-enabled processing of speaker content, polling responses,
and supporting materials, with significant oversight, revision, and refinement by the HESI Global scientific team.
Designed to follow the logic of an Outcome Pathway (Figure 1), the workshop addressed a wide range of topics from
the understanding of toxicity at the molecular scale, to population environmental stress response, to the protection
of ecosystems, and overarching ethical considerations. The breadth of these topics resulted in the development of
Guiding Pillars that could be applicable to many evolving scientific arenas. However, this experiment provides an
important proof of concept that could also be refined to address more focused questions in future iterations.

All workshop materials, including the Workshop GPT configuration, background papers [1-46], transcripts, polling
results, and outputs, are publicly available through the HESI Global website. We encourage others to explore these
resources, adapt the process, and develop their own roadmaps to these shared “destination” Guiding Pillars. HESI
Global intends to pursue additional work in this space, including the development of a technical methods paper to
document the GPT-assisted synthesis process in more detail. We also anticipate exploring where HESI Global’s
programs and collaborative networks may be mostimpactful in advancing specific priorities highlighted through this
exercise.
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Appendices

Appendix A: Glossary of Terms

— Al (Artificial Intelligence): Technologies that perform tasks typically requiring human intelligence.

— FAIR: Data principles ensuring Findability, Accessibility, Interoperability, and Reusability.

— GPT (Generative Pre-Trained Transformer): A large language model developed by OpenAl and adapted for
real-time synthesis during the workshop.

— HESI Global (Health and Environmental Sciences Institute): The nonprofit scientific organization that
hosted the workshop and oversaw the GPT-based roadmap development.

— ML (Machine Learning): A subset of Al focused on algorithms that improve automatically through experience
and data.

— OP (Outcome Pathway): The framework used to organize the workshop agenda, scaling from molecular
events to ecosystem impacts.

— One Health: An integrated approach that recognizes the interconnection between people, animals, plants,
and their shared environment.

— Workshop GPT: The specific, customized instance of OpenAl’s GPT-40 model used to support the live
synthesis of workshop outputs.

Appendix B: Contributing Sources

Workshop contributions that informed the report development included presentations, polling responses, panel
discussions, and supporting documents provided by speakers and organizers.

Invited Speakers and Keynotes

— Robert M. Califf - Opening Keynote

— Nicole Kleinstreuer — Session 1 Keynote
— Zhoumeng Lin — Session 1

— Carlie LaLone — Session 1
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— Mathieu Vinken - Session 1

— Zhichao Liu - Session 1

— Thomas Steger-Hartmann — Session 2
— Dongying Li — Session 2

— Steve Levine — Session 2

— Lauren Charles — Session 3

— Victoria Baxter — Session 3

— Levente Klein — Session 3

— Julian Heinrich — Session 3

— Marcelo D’Agostino — Session 3 Keynote
— Shaolei Ren - Day 2 Keynote

— Syril Pettit— Welcome and Session 4
— Brian Berridge — Session 4

— Yasu Kanda - Session 4

— Vasiliki N. Rahimzadeh — Session 4

Additional Workshop Materials
The Workshop GPT model can be found at: https://chatgpt.com/g/g-67f5412e765c8191ad204875e542a23f-
roadmap-ai-for-human-and-environmental-health

The workshop agenda, speaker slides, poster session details, and workshop reports can be found at:
https://hesiglobal.org/hesi-conference-series-2025-ai-health-protection/.

Polling Results can be found at:
https://www.mentimeter.com/app/presentation/albjycbzp4qu6uj7i33ku31ye57d6xvm/edit?source=share-modal

Other workshop materials, including transcripts and prompt guides, are available upon request.
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