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Today’s Discussion

1. Al and healthcare

* Opportunities and challenges associated with the expanded use of Al in healthcare

2. Towards responsible healthcare Al development and use

* The need for shared values and behaviors in the context of healthcare Al and the role of the NAM
Healthcare Al Code of Conduct

3. Connecting “the dots”

* The intersection of Al and diagnostic excellence

4. Focusing on humans

* Anchoring on the humanistic needs and impact of healthcare Al
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Al and Healthcare

Opportunities and challenges associated with the expanded

use of Al in healthcare




Al is Dominating
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* Precision Medicine and Drug Discovery: Al identifies planning or medical self-triage)
. . A40% training using immersive
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) ) ) . Importance of technology to organization’s goals
* Medical Education and Innovation: Al powers virtual

simulations, automates data analysis, and accelerates

Importance of technology — percentage rating 6/7 on a scale of 1-7

n = 66-69 technology and business leaders at healthcare providers (importance); 63-68 technology and business leaders

literature reviews. at healthcare providers (deployment)
Q: How important is each of these to meeting your enterprise’s overall goals and objectives?
° Operational Efficiency: A| automates medical coding’ Q: Please choose whether you have deployed, plan to deploy or have no interest in deploying these technologies coupled with the use cases.

Source: 2023 Gartner Business Outcomes of Technology Survey

scheduling, and documentation, reducing clinician s03181

workload and optimizing revenue cycle relationships.



Enabled by Step-Changes in Technology

The Al Engineering Evolution
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Current State Future State
+ Creative Al + Synthetic data « Composability (explicit vs. emerging)
+ Independent, self-contained agents

+ Software agents » GANs
+ Composite learning mechanisms

+ Autonomous + LLMs and
foundation « Autonomic systems

systems
+ Design assistants models « Responsible and accountable systems
+ Simulation systems

? Foreword by OpenAl CEO Sam Alt

Source: Gartner
= Continued list of examples: transparency, decision engineering, skills and organization, design patterns, infrastructure and smart
processing foundation.
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HOW AI-EMPOWERED PATIENTS & DOCTORS CAN TAKE
BACK CONTROL OF AMERICAN MEDICINE



Open-Al: Care team and Al collaborating to treat a patient
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Annals of Internal Medicine IDEAS AND OPINIONS
Meeting the Artificial Intelligence Needs of U.S. Health Systems
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rtificial intelligence (Al) is being ad
many ubiquitous problems facil « Strategic Al Integration — Al adoption is accelerating in healthcare;

health systems (1). Concurrent with im success requires strong organizational strategies and infrastructure.
capabilities largely demonstrated outsi

(for example, prediction, transcription] «  Governance and Infrastructure — Establish governance for safety,

empirical evidence for Al improving h : —_ :
comes is growing (2). For these rese fairness, and accountability; modernize data systems for Al

translate into better care quality, heall compatibility.

to have in place the right structural elg . . . .. .
csses 1o e\zmate imp?ement -nd mol ¢ Workforce and Leadership — Train Al-literate clinicians and engineers;

gies, as well as mechanisms to meas appoint Al leaders like the Chief Health Al Officer to guide

related health outcomes (Table) (3). Clir implementation.
systems must therefore prepare for A

clinical care and operations with some| ¢ Evaluation and Outcomes — Implement structured assessments to

~Structural requirements for effect measure Al’s impact on care quality and mitigate risks.
Al into clinical care include organization

and technical infrastructure, and indiviatuarswrtmenmTean TocCdr, Tegrondl, ana nmacorndar Tpdacts o equrty arna
Al expertise. First, organizations should recognize care continuity.




models aren't implemented. Implemented models aren't

“"Researched models are rarely
iImplemented; Implemented
models are rarely researched.”



The Complex (and Lengthy) Healthcare Al “Lifecycle”

Needs
assessment

Model
development
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Iterative Cycles

Zarning Projects in'\

Model
implementation
in the “real
world” systems

The “last mile”
problem
(workflow,
sociotechnical
considerations)
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Biomedicine is a complex system, and therefore, our
approach to AI must be aligned with this complexity

* Interdependent Components: Biomedicine involves a vast network of stakeholders, including
researchers, clinicians, patients, payers, regulatory bodies, and technology vendors, whose behaviors
and decisions influence outcomes.

* Non-Linear Interactions: Small changes in one area (e.g., a discovery or clinical guideline) can have
unpredictable, widespread effects on ensuing hypotheses, patient outcomes, provider behaviors, and
operational workflows.

* Adaptive Behaviors: Biomedical systems must constantly adapt to new knowledge, emerging diseases,
evolving patient needs, and technological advancements.

* Unpredictable Outcomes: Even with knowledge-based systems, experimental results and health
outcomes can vary due to biological, human, and environmental factors.

* Diverse Expertise: Effective research and care delivery require collaboration across specialties and
disciplines.



Effective Altruism vs. Accelerationism in AI Adoption

1e7 Exponential Al Model Effectiveness vs Data Generation

= Al Effectiveness (Exponential)
== Biomedical Data Generation
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Scenario 1:

* Data growth outpaces model
effectiveness

* Growth in model effectiveness
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constraints (potentially by design)
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comparable paces

Growth in model effectiveness is
less constrained by computation
and/or human constraints
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Towards Responsible
Healthcare Al
Development and Use

The need for shared values and behaviors in the context
of healthcare Al and the role of the NAM Healthcare Al
Code of Conduct




The NAM Healthcare AI Code
of Conduct Initiative

* The goal of the initiative is to advance health care Al “governance
interoperability” via a broadly supported Code of Conduct
comprised of a harmonized set of principles and commitments

* This will require a description of the relationships and
accountabilities of key stakeholders to each other:

* Translating the Code of Conduct into clearly defined and observable
behaviors, and

* Advancing a national connected “interstitium” that promotes a systems—
not siloed—approach

* The NAM endeavors to create a national systems view of the
elements required to support responsible Al in health care and
biomedical science, and assure that the benefits are equitably
distributed

OPNAM SRS,

Collaboration for a Learning Health System

THE LEARNING HEALTH SYSTEM SERIES

Artificial Intelligence
in Health Care

The Hope, the Hype, the Promise, the Peril

Michael Matheny,
Sonoo Thadaney Israni, Mahnoor Ahmed, ¢

. and Danielle Whicher, Editors

* 9




Sponsors of the NAM
Healthcare AICC Initiative

Gordon and Betty Moore Foundation (GBMF)

Patrick J. McGovern Foundation (PJMF)

California Health Care Foundation (CHCF)

Epic Corporation (EPIC)

National Institutes of Health (NIH)

Shown in order of receipt of funding




NAM Leadership
Consortium
Collaboration for a Learning Health System

Digital Health Action Collaborative
Co-chairs

Peter Lee Kenneth Mandl
Microsoft Harvard



ODNAM L,
Healthcare AI Code of Conduct (AICC) cotrtonttsorog st
Steering Committee Co-Chairs

Gianrico Farrugia, Bakul Patel, Roy Jakobs, CEO
CEO Global Lead Digital Royal Phillips
Mayo Clinic Health Strategy

Google




Healthcare AICC National Steering Committee Members

Gianrico Farrugia, President & CEO, Mayo Clinic — Co-Chair
Bakul Patel, Global Lead, Digital Health Strategy, Google — Co-Chair
Roy Jakobs, CEO, Philips — Co-Chair

Andrew Bindman, Chief Medical Officer, Kaiser Permanente

Grace Cordovano, Enlightening Results

Jodi Daniel, Partner, Crowell & Moring Health Group

Wyatt Decker, EVP, and Chief Physician, UnitedHealth Group
Peter Embi, Professor, Vanderbilt University Medical Center

Kadija Ferryman, Core Faculty, Johns Hopkins University

Sanjay Gupta, Chief Medical Correspondent, CNN

Eric Horvitz, Chief Scientific Officer, Microsoft

Kevin Johnson, Professor, University of Pennsylvania
Peter Lee, Microsoft Research
Kenneth Mandl, Harvard Medical School

Kedar Mate, President & CEQ, Institute for Healthcare Improvement

Deven McGraw, Co-Founder, Chief Regulatory Office, Ciitizen

Philip Payne, Chief Health Al Officer, WashU Medicine and BJC
Healthcare

Vardit Ravitsky, President, The Hastings Center
Suchi Saria, Founder and CEO, Bayesian Health,

Eric Topol, Founder & Dir., Scripps Research Translational Institute

Selwyn Vickers, CEO, Memorial Sloan Kettering Cancer Center




Responding to Complexity in Health AI Adoption:
Encoding Behaviors Via a Code of Conduct

* The term “code of conduct” was intentionally chosen for the NAM AICC initiative, reflecting a belief that

shared behavioral expectations are essential in navigating the rapid technological changes in healthcare Al.

“A statement setting out guidelines regarding the
ethical principles and standards of behavior
expected of a professional person or

(organization).” (Oxford Reference Dictionary)




Artificial Intelligence in Health, Health Care, and
Biomedical Science: An Al Code of Conduct Principles and
Commitments Discussion Draft

Editors: Laura Adams, MS, National Academy of Medicine; Elaine Fontaine, BS,
National Academy of Medicine; Steven Lin, MD, Stanford University School of Medicine;
Trevor Crowell, BA, Stanford University School of Medicine; Vincent C. H. Chung, MSc, PhD,
Faculty of Medicine, The Chinese University of Hong Kong; and Andrew A. Gonzalez, MD, JD,
MPH, Regenstrief Institute Center for Health Services Research and Indiana University School of
Medicine

April 8, 2024

This paper was developed under the auspices of the Steering Committee of the Naional Academy of Medicine
(NAM)’s project on Atificial Intelligence in Health, Health Care, and Biomedical Science, including Andrew
Bind: Kaiser Pe te; Grace Cord: , Erlightening Resulls; Jodi Daniel, Crowell & Moring:
Wyatt Decker, UndcdHealth Group; Peter Embi, Vanderbilt University Medical Center; Gianrico Farrugia,
Mayo Clinic; Kadija Ferryman, Johns Hopkins University; Sﬂmay Gupta, Emory University; Eric Horvitz,
Microsoft; Roy Jakobs, Royal Philips; Kevin Joh University of Pennsyl ; Kedar Mate, Institute for
Healthcare Improvement; Deven McGraw, Ciitizen; Bakul Pml, Google; Philip R. O. Payne, Washington
University School of Medicine; Vardit Ravitsky, The Hastings Center; Suchi Saria, Johns Hopkinz University and
Bayesian Health; Eric Topol, Scripps Research Translakional Institute; and Selwyn M. Vickers, Memorial Sloan

“Among the 60 publications reviewed, 3 areas of inconsistency were identified:
inclusive collaboration, ongoing safety assess- ment, and efficiency or
environmental protection. These issues are of particular importance as they
highlight the need for clear, intentional action between and among various
stakeholders comprising the interstitium, or connective tissue that unify a sys-
tem in pursuit of a shared vision.”

BOX 2 | Code Principles
Applying the Trust Framework of the Learning Health System Core Principles

Engaged: Understanding, expressing, and prioritizing the needs, preferences, goals of people, and the related implications
throughout the Al life cycle.

Safe: Attendance to and continuous vigilance for potentially harmful consequences from the application of Al in health and
medicine for individuals and population groups.

Effective: Application proven to achieve the intended improvement in personal health and the human condition, in the

Kettering Cancer Censer.

Introduction

This commentary presents inial concepts and content that
the Steering Committee feel may be important to o draft
Code of Conduct framework for use in the development
and application of artificial intelligence (Al] in health, health
care, and biomedical science

Background

As an emerg llaion of technologies, Al presents

both unprecedented opporiunities and potential risks for hu-
man health and well-being. At the October 2016 launch of
the Leverhulme Centre for the Future of Inteligence, Stephen
Hawking observed, *Every aspect of our lives will be frans-
formed. In short, success in creating Al could be the biggest
event in the history of our civilization” (Hern, 2016)

Since the early 1970s, the increasing deployment of digi-
tal tools in health care and biomedical science has led to an
explosive generation of health data (National Academy of
Medicine, 2022). Leveraging these data fo transform health
outcomes is the aim of a continuously learning health sys-

tom (LHS), “one in which knowledge generation is so em-

bedded into the core of the practice of medicine that #is @
natural oulgrowth and product of the healthcare delivery
process and lead: to confinual improvement in care” [IOM,
2007, page &). This may, for some fime, be a vision in prog-
ress, but developments in science, technology, and practice
are rapidly sefting the stage for its actualization. Until re-
cently, progress in meaningful data uze has occurred incre-

mentally through the use of expert systems, clinical decision

support algorith dictive modeling, big data analy
and machine leclnmg Addiionally, to date, there has been
Emied translation of exciing Al profotypes and models
into practice. In 2022, the National Academy of Medicine
[NAM) published Artificial Intelligence in Health Care: The
Hope, the Hype, the Promise, the Peril, which highbighted
the patential for Al fo disrupt and fransform health care, pre-
senfing a new range of possibilifies in which it might cug
ment human capacity and improve health (Matheny et al.,
2022].In that some publication, the authors acknowledged
the ial for Al fo introd) ifi risks to equity,
safety, and privacy, and called 6ov strategies to balance
these risks with anficipated benefits.

https://doi.org/10.31478/202403a

context of established ethical principles.

Equitable: Application accompanied by proof of appropriate steps to ensure fair and unbiased development and access to
Al-associated benefits and risk mitigation measures.

Efficient: Development and use of Al associated with reduced costs for health gained, in addition to a reduction, or at least
neutral state, of adverse impacts on the natural environment.

Accessible: Ensuring that seamless stakeholder access and engagement is a core feature of each phase of the Al life cycle
and governance.

Transparent: Provision of open, accessible, and understandable information on component Al elements, performance, and
their associated outcomes.

Accountable: |dentifiable and measurable actions taken in the development and use of Al, with clear documentation of
benefits, and clear accountability for potentially adverse consequences.

Secure: Validated procedures to ensure privacy and security, as health data sources are better positioned as a fully protected
core utility for the common good, including use of Al for continuous learning and improvement.

Adaptive: Assurance that the accountability framework will deliver ongoing information on the results of Al application,
for use as required for confinuous learning and improvement in health, health care, biomedical science, and, ultimately, the
human condition.
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Artificial Intelligence In Health And
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Abstract

The field of artificial intelligence (Al) has entered a new cycle of intense opportunity, fueled
by advances in deep learning, including generative Al. Applications of recent advances affect
many aspects of everyday life, yet nowhere is it more important to use this technology
safely, effectively, and equitably than in health and health care. Here, as part of the National
Academy of Medicine's Vital Directions for Health and Health Care: Priorities for 2025
initiative, which is designed to provide guidance on pressing health care issues for the
incoming presidential administration, we describe the steps needed to achieve these goals.
We focus on four strategic areas: ensuring safe, effective, and trustworthy use of Al;
promotion and development of an Al-competent health care workforce; investing in Al
research to support the science, practice, and delivery of health and health care; and
promotion of policies and procedures to clarify Al liability and responsibilities.

TOPICS
ARTIFICIAL INTELLIGENCE | TECHNOLOGY | LIABILITY | ORGANIZATION OF
CARE | EDUCATION | MEDICAL RESEARCH | HEALTH PROFESSIONALS | DISEASES | ETHICS

https://doi.org/10.1377/hlthaff.2024.01003

“Al is poised to transform how patients, caregivers, and health care
professionals experience the management of their health, health care,
and care goals. Substantial challenges remain in realizing this promise.
We believe that policies in four key areas can facilitate and accelerate
Al in health and health care, including promoting the safe, effective,
and trustworthy use of Al; promoting the development of an Al-
competent healthcare workforce; focusing investments in key research
portfolios; and clarifying Al liability and responsibilities. Through these
efforts, substantial societal health improvements may be achieved.”

Artiticial Intelligence in
Health and Health Care:

Priorities for Action

Vital Directions for Health and Health Care: Priorities for 2025 @ NATIONAL

S : ACADEMY
nam.edu/VitalDirections | #NAMVitalDx of MEDICINE




THE LEARNING HEALTH SYSTEM SERIES

The NAM Health AI Code of

A 00, AN ARTIFICIAL
Conduct Special Publication INTELLIGENCE

* Engaged: Understanding, expressing, and prioritizing the needs, preferences, goals of people, and the related CO D E 0 F CO N DUCT
implications throughout the Al lifecycle

» Safe: Attendance to and continuous vigilance and controls for potentially harmful consequences from the FO R H EALTH AN D
application of Al in health and medicine for individuals and population groups M E Dl CI N E

* Effective: Application proven to achieve the intended improvement in personal health and the human condition,

in the context of established ethical principles ESSENTlAL GUlDANCE
FOR ALIGNED ACTION

* Equitable: Application accompanied by proof of appropriate steps to ensure fair and unbiased development and
access to Al-associated benefits and risk mitigation measures

* Efficient: Development and use of Al that results in reductions in resources to achieve improved health
outcomes without concurrent adverse impacts on the natural environment

* Accessible: Ensuring that seamless stakeholder access and engagement is a core feature of each phase of the Al
lifecycle and governance

* Transparent: Provision of open, accessible, and understandable information on component Al elements,
performance, and their associated outcomes

* Accountable: Identifiable and measurable actions taken in the development and use of Al, with clear
documentation of benefits and clear controls and accountability for potentially adverse consequences

* Secure: Validated procedures to ensure privacy and security, as health data sources are better positioned as a
fully protected core utility for the common good, including use of Al for continuous learning and improvement

https://doi.org/10.17226/29087

*  Adaptive: Assurance that the accountability framework will deliver ongoing information on the results of Al
application, for use as required for continuous learning and improvement in health, health care, biomedical
science, and, ultimately, the human condition

@ NATIONAL ACADEMY OF MEDICINE




A Call To Action for the
BMI Community, Building
on the Healthcare AICC

Connect with and meaningfully engage in relevant convening and feedback
activities, including those associated with the dissemination of implementation of
recommendations generated by the NAM AICC initiative, as well as current and
emerging collaboratives

Define and propagate a culture of operational safety and continuous learning in the
context of health and healthcare-related Al by focusing on fostering shared behaviors,
commitments, and outcomes among all stakeholders

Catalyze a community-wide dialogue concerning both the successes and failures of Al
in the clinical domain using an inclusive and transparent approach to communication,
ensuring that all stakeholders—regardless of their technical expertise—can engage
meaningfully in this discourse

Leverage past community-level experience to address privacy and ethical concerns in
the context of health-related Al via a proactive and collaborative approach to
developing practical frameworks and policies.

Advance basic and applied BMI research agendas to achieve the promise of
contemporary Al in health and healthcare settings

Advocate for the adoption and use of knowledge and outcomes resulting from the
preceding items by regulatory bodies

Facilitate harmonization across and between recommendations, guidelines,
frameworks, standards, and best practices being produced and disseminated by
convening groups, standard-setting bodies, regulators, and aligned organizations

Journal of the American Medical Informatics Association, 2025, 32(2), 408-412
https://doi.org/10.1093/jamia/ocae308
Advance access publication 10 December 2024
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Perspective

Toward an artificial intelligence code of conduct for health
and healthcare: implications for the biomedical informatics
community
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Peter J. Embi (3, MD, MS®, Kenneth D. Mandl, MD, MPH®7, Deven McGraw, JD, MPH®,
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TInstitute for Informatics, Data Science and Biostatistics, Washington University in St. Louis School of Medicine, St. Louis, MO 63110, United
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PA 19104, United States, *Healthcare Innovation Lab, BJC HealthCare and Washington University in St. Louis School of Medicine, St. Louis,
MO 63110, United States, *Division of Cardiology, Department of Medicine, Washington University in St. Louis School of Medicine, St. Louis,
MO 63110, United States, *Department of Biomedical Informatics, Vanderbilt University Medical Center, Nashville, TN 37203, United States,
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New York, NY 10014, United States, "*National Academy of Medicine, Washington, DC 20001, United States

*Corresponding author: Philip R.0. Payne, PhD, Institute for Informatics, Data Science and Biostatistics, Washington University in St. Louis School of
Medicine, 660 S. Euclid Ave, Campus Box 8132, St. Louis, MO 63110, United States (prpayne@wustl.edu)

Abstract

Introduction: The rapid advancement of artificial intelligence (Al) has led to significant transformations in health and healthcare. As Al technolo-
gies continue to evolve, there is an urgent need to establish a unified framework that guides the design, implementation, and evaluation of Al-
driven interventions across individual and population health contexts.

Approach: In response to this need, the National Academy of Medicine (NAM) has initiated the development of an Al code of conduct (AICC)
through its Digital Health Action Collaborative. This code of conduct is grounded in shared principles and commitments, aiming to actualize ethi-
cal and effective Al practices within the broader health and healthcare ecosystem. Given its specialized expertise and insight, the biomedical
informatics (BMI} community plays a pivotal role in shaping and applying these guidelines

Recommendations: \We, as members of the AICC Steering Committee and the NAM Digital Health Action Collaborative, urge BMI| educators,
researchers, and practitioners to engage actively in refining and implementing the AICC. This involvement is critical to ensuring that the code is
robust, applicable, and continuously improved to meet the evolving challenges facing health and healthcare

Key words: artificial intelligence; biomedical informatics; policy.

Introduction

Imagine a scenario in which a faculty member at a leading aca-
demic biomedical informatics (BMI) program seeks to pilot an
Al (artificial intelligence)-based chatbot designed to help fami-
lies discern when symptoms of congestive heart failure war-
rant a hospital visit. Despite promising early in silico results,
the Institutional Review Board rejects the study proposal, cit-
ing ethical concerns over testing Al as a substitute for physi-
cian judgment. This raises a critical question: what guiding
principles should inform the ethical design and approval of
such Al systems, and how can the healthcare community
establish a shared framework to navigate these challenges?
The preceding scenario underscores the pressing need for
a comprehensive Al code of conduct (AICC), especially as
Al technologies, including commercial generative Al-based

platforms, rapidly proliferate. The availability of advanced
analytical and generative Al tools offers substantial potential
to enhance education, research, clinical practice, population
health management, and healthcare operations."* However,
adopting these technologies necessitates rigorous oversight to
ensure they are developed, implemented, and evaluated
responsibly.

The BMI community is uniquely positioned to lead in this
effort. By leveraging its deep understanding of the computa-
tional and sociotechnical dimensions of health information
systems, the BMI community can shape the development of Al
in ways that maximize benefits while minimizing risks. Fur-
thermore, the community’s experience with data governance,
privacy, and ethical standards provides a strong foundation
for guiding the responsible use of Al'in healthcare.

https://doi.org/10.1093/jamia/ocae306

papeojumog

wiopeoey/sdpy woy

welwod dnod

ZE/PIIE/R

)0C6./80%/C

q 09!

n uojbuiysepn Aq

Aysionu (

GZ0Z SuUn[ €0 UO J2SN SIN0TIS U



A Conceptual Model for Navigating the
Healthcare AI Code of Conduct
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Contextualizing the NAM HAICC for BMI

* Given the multidisciplinary nature of Al in healthcare—spanning research, education, clinical
care, human-centered design, ethics, product development, implementation science, finance,
and policy—a code of conduct that is both inclusive and adaptable is crucial.

* Such a framework can foster coordination and collaboration across diverse domains, ensuring
that Al technologies evolve in ways that prioritize patient safety, equity, and continuous
improvement.

* A code of conduct based on higher-order, technology-agnostic principles will accommodate
the inevitable evolution of Al technologies

* By focusing on foundational principles rather than prescriptive technical standards, the Al
Code of Conduct can support the ongoing advancement of Al in health and healthcare,
ensuring that innovation is aligned with the best interests of patients and society.



What are the right tasks for Al in healthcare?

 Criteria and requirements for judging the
feasibility, actionability, and potential
clinical impact of an Al-driven intervention
targeting a well-defined driving problem

* Selecting reasonable and appropriate
outcome measures to justify the safety,
efficacy, and value of Al, contextualized by
relevant driving problems

 Ethical standards for applying the preceding
dimensions in a consistent and principled

Mmanner



What are the right data for AI?

e Ethically, responsibly, and objectively sourcing
representative data in response to a given
driving problem

* Defining, declaring, measuring, and mitigating
known and emergent sources of biases in
those data

* Ensuring the transparency, reproducibility,
and rigor of data engineering methods and
protocols used in the Al application

* Adherence to privacy laws impacting the
collection, use, and sharing of data for Al and
methods to enable transparency to the public
regarding the uses of data for Al




What is the right evidence standard for AI?

» Selecting, justifying, and applying appropriate
measurement methods (eg., “measures”) to
measure the efficacy of the Al intervention

* Applying and understanding the impact of Al-
driven outcomes given the complex system
dynamics of health and healthcare (eg, a
systems-thinking approach to performance
assessment)

» Selecting and applying optimal evidence
reporting guidelines and standards in support
of Al-focused research reports (eg, CONSORT-
Al, SPIRIT-AI, DECIDE-AI, as well as emerging
or future standards such as those being
proposed by the VALID-AI)




What are the right approaches for integrating Al in
clinical care?

e Contextualizing the deployment, use, and
evaluation of Al in “real world” settings as a
function of human—computer interaction,
implementation science, and cognitive science
principles

* Establishing safety and outcomes feedback
mechanisms and continuous improvement cycles
for Al-driven interventions (“algorithmovigilance”)

* Assessing and understanding workflow, cultural,
and incentive-based structures that predispose or
enable the optimal use of Al in health and
healthcare settings

e Assuring clinician and patient understanding of how
Al is used in clinical care and leveraging Al to
improve clinician—patient shared decision-making
regarding clinical interventions
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Connecting “The Dots”

The intersection of Al and diagnostic excellence




The Intersection of the NAM Health Care Al
Code of Condcut and CODEX

* Diagnostic errors affect nearly every person in their lifetime and account for roughly 800,000 harm
events annually in the U.S.

* New evidence highlights that diagnostic errors disproportionately affect people of color and
underserved communities.

* The use of Al and analogous digital health interventions in the context of reducing diagnostic error
presents new opportunities to support early symptom recognition, assist in clinical reasoning,
facilitate shared and patient-centered decision-making, and mitigate diagnostic odysseys.

* The recently released National Academy of Medicine Health Care Artificial Intelligence Code of
Conduct provides a behavioral framework that bridges the gap between accelerationist and altruist
viewpoints regarding responsible Al development, use, and evaluation, enabling a balanced and
progressive approach to Al adoption and use in such contexts.



Al in the Context of Diagnostic Excellence

* Al can help accelerate the translation of diagnostic research into health care systems and policy
interventions.

* The domains of diagnostic excellence and responsible Al development share a foundational need
for collaboration among diverse clinical and technical stakeholders, representing an opportunity for
co-creation, shared learning, and best practices.

* Anchoring the application of responsible Al frameworks, such as the National Academy of
Medicine's Health Care Artificial Intelligence Code of Conduct, on key outcomes, including
diagnostic excellence, provides an opportunity to demonstrate the real-world and patient-level
impact of such systems-level approaches.




Substantial Work to Be
Done to Replicate Expert
Clinician Performance

“While generative artificial intelligence (Al) has shown potential in
medical diagnostics, comprehensive evaluation of its diagnostic
performance and comparison with physicians has not been
extensively explored ... No significant performance difference was
found between Al models and physicians overall (p =0.10) or non-
expert physicians (p = 0.93). However, Al models performed
significantly worse than expert physicians (p = 0.007). Several models
demonstrated slightly higher performance compared to non-experts,
although the differences were not significant. Generative Al
demonstrates promising diagnostic capabilities with accuracy varying
by model. Although it has not yet achieved expert-level reliability,
these findings suggest potential for enhancing healthcare delivery
and medical education when implemented with appropriate
understanding of its limitations.”

npj | digital medicine
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A systematic review and meta-analysis of
diagnostic performance comparison
between generative Al and physicians

" Check for updates

Hirotaka Takita', Daijire Kabata®, Shannon L. Walston @ ', Hireyuki Tatekawa’, Kenichi Saito®,
Yasushi Tsujimoto™, Yukio Miki' & Daiju Ueda @22

Whila ganerative artificial intalligance (Al} has shawn potential in medical diagnostics, comprahansive
avaluation of its diagnostic perfarmance and comparison with physicians has not been axtensively
axplored. We conducted a systematic review and meata-analysis of studies validating genarative Al
madals for diagnostic tasks published batwesan June 2018 and June 2024. Analysis of 83 studies
revealed an averall diagnostic accuracy of 52.1%. Mo significant performance differance was found
betwean Al modals and physicians overall (p = 0.10) or non-axpert physicians (o= 0.93). Howewar, Al
madels performed significantly worse than expart physicians (o = 0.007). Several modals
demonstrated slightly higher parformance comparad to non-axperts, although tha differances wera
not significant. Genarative Al demanstrates promising diagnaostic capabilities with accuracy varying by

madeal. Although it has not yet achieved expart-leval raliability, thess findings suggest potential for
anhancing healthcare delivary and medical education when implemeanted with appropriate

understanding of its imitations.

In recent years, the advent of generative arttficial intelligence (Al) has
marked 2 fransfommative em in our society . These advanced computa.
tiomal systermns have demanstrated exceptional proficiency in interpreting
and generating human language, thereby setting new henchmarks in AT's
capahbilities. Generative Al with fts deep leaming architectures, has mpadly
evolved, showcasing a remarkable understanding of complex language
structures, contexts, and even images. Thas evoluton has net only expanded
the harizons of Al but also opened new possibilities in varous fields,
including healthcare’.

The integration of generative Al models in the medical demmain bas
spurred a growing bady af researdh focusing on their diagnastic capabalities”
Studies have extensvely examined the performance of these modds in
interpreting clinical data, understanding patient histories, and even sug
gesting poasible diagnoses”". In medical diagnosis, the acouracy, speed, and
effidiency of genemative Al modes in processng vast amoants of medical
|zterature and patient information have been highlighted, positonmng themas
valuble tocls. This research has begun o cutline the strengths and limita
tions of generative Al models in diagniostic tasks in healthcare.

Dhespite the growing research on generative Al models in medicl
diagnostics, there remains a significant gap in the lferature: 2 compre
keznisive meta-analyss of the diagnostic capabalities of the models, kllowed
by a comparisan of their perfformance with that of physicians. Such a
comparison is orucial for understanding the practical implications and
effectiveness ol generative Al modds in real-world medical settings. Whale
imdnvidual studies have provided insights mbo the capabilties of generative
Al models ™, & systematic review and meta-analysis are necessary to
aggregate these findings and draw more robust condussans about their
companative effectivensss against tradibonal diagoostic practces by
physicians.

This paper aims te bridge the existing gap in the literature by con
ducting a meticulous meta-analyss of the diagnostic capabilities of gen
erative Al models in healthcare. Our foous is 1o provide a comprehensive
diagnestic performance evaluation of generative Al modes and compare
their diagnestic performance with that af physcans. By synthesizing the
bndings from variows stodses, we endeavar to offer 2 nuanced under
standing of the efectiveness, potential, and Emitations of generatree Al
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But also, Substantial
Promise to Improve
Diagnostic and Treatment
Related Decision-Making

“We evaluated the performance of S-PATH, a personalized
surgical transfusion risk prediction model, within a diverse
cohort of 45 academic and community US hospitals serving
more than 3 million surgical patients. S-PATH consistently
outperformed the standard-of-care MSBOS approach at
most hospitals, with higher overall discrimination and
requiring fewer type and screen orders to adequately detect
96% of patients who subsequently required transfusion.
These findings suggest S-PATH’s generalizability and
robustness and provide evidence to support its potential for
pragmatic clinical value in improving resource allocation if
implemented broadly.”

newok | Open.

Original investigation | Health Informatics

Multicenter Validation of a Machine Learning Model for Surgical Transfusion Risk

at 45 US Hospitals

Sunny S Low, MD, PhD; Sayantan Kumar, PhD; Chares W. Goss, PhD; Michad S. fondan, MBSCh; Sachin Kheterpal, MO, MBA; Thomas Kanrampalil, PhD.

for the Muticenter Perioperative Outcomes Group

Abstract

IMPORTANCE Accurate estimation of surgical transfusion risk is important for perioperative
planning and effective resource allecation. Most machine learning models in bealth care are not
validated or perform poorly in external settings.

OBJECTIVE To externally validate a publicly available machine leaming algorithm (Surgical
Personalized Anticpation of Trarsfusion Hazard [S-PATH]) to estimate red cell transfusion during
surgery within a national sample of hospitals,

DESIGN, SETTING, AND PARTICIPANTS This retrospective cohort study evaluated all surgical cases
performed in 2020 or 2021 at 45 US hospitaks participating in the Multicenter Perioperative
Outcomes Group. Obstetric and nanoperative cases were excluded. Data analysis was performed
from February 2023 to March 2025

EXPOSURES At each hospital, S-PATH was used 1o estimate surgical transfusion risk using patient-
and procedure-specific characteristics without local retraining. A baseline model representing the
standard-of-care maximum surgical blood ordering schedule (MSBOS) approach, which omits patient
factors, was used for comparison. Risk thresholds above which a type and screen would be
recommended were set for 96% sensitivity. Performance was evaluated at each hospital separately.

MAIN OUTCOMES AND MEASURES The primary outcome was the difference in the percentage of
patients with type and screen order recommendations between S-PATH and MSBOS at each hospital.
The sacondary outcome was area under the receiver operating characteristic curve (AURQC).

RESULTS In this cobort study of 3 275 956 surgical cases (median [IQR] age, 57 [40-69)] years; 53.1%
female) performed at 45 hospitals (28 of 45 academic [62.2%]), 5-PATH recommended type and
soreen orders for amedian (IQR) of 32.5% (25.8%-42.0%) of cases, whereas the MSBOS approach
recommended type and screens for a median (IQR) of 51.6% (46.9%-611%) of cases for the same
sersitivity (median [IQR] difference, 17.9 (14.8-24.9] absolute percentage points). The median (IQR)
S-PATH AUROC was 0.929 (0.915-0.946), whereas the median (IQR) MSBOS AUROC was 0.857
(0.822-0.884).

CONCLUSIONS AND RELEVANCE In this cobort study of 45 hospitals, a personakzed surgical
trarsfusion risk prediction algorithm demonstrated external validity and discrimination. S-PATH was
consistently more effective than standard care, suggesting its potential for use as a perioperative
clinical decision support tool.

JAMA Network Gpen. 20325;8(6)e2517760. dot:10

amanctworkopen. 202537760

Key Points

Question Does a publicly avallable
personalzed machine learming model
for surgical transfusion risk consistently
outperform the standard-of-care
approach for guiding preoperative type
and screen orders across dwerse
health systems?

Findings In this cohort study of 45 US
haspitals, 2 personalized model
recommended type and screen orders
for a median 17.9 absolute percentage
point fewer patients than the standard-
of <are approach despite equivalent
96% senshtivity

Meaning The personalized algorthen
demonstrated robust external valdity
across a diverse cohort of hospitals,
suggesting its potential to improve
resource allocation if broadly

ir das aperx ive cirecal

decision support tool
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And, Importantly, Critical
Questions Remain Concerning
Human-AI Interaction in a
Clinical Setting

* An accurate tool, used selectively and as a useful complement to
existing records, is an important factor in gaining physician
engagement.

* Aclinician-to-clinician alert message will be better accepted than a
machine-generated electronic health record (EHR) alert that has no
clinical intermediary review or involvement.

* Providing a workflow that facilitates ease of compliance and
implementation, such as when a palliative care or hospice care
consult is appropriate, including the availability of relevant staff,
enhances uptake and use of Al-driven CDS.

e Addressing the gap in end-of-life care training among clinicians by
offering (or requiring) evidence-based training, including both
didactic and experiential learning components, as well as assistance
on effective and efficient use of documentation, also enhances
usability and acceptance.

(NEJM ‘ .
Catalyst Innovations in Care Delivery

Improving End-of-Life Care through
AlI-Based Clinical Decision Support

|essica Londeree Saleska, MPH, PhD, Nathan Moore, MD, Kyle Pitzer, MSW, PhD, Randi
Foraker, PhD, MA, FAHA, FAMIA, FACMI, Patrick White, MD, PhD, HMDC, FACP, FAAHPM

Yol. 6 No. 8 | August 2025
DOl 10.1056/CAT.24.0392

Many patients with serious illness prioritize comfort over the prolongation of life in the
final days and weeks prior to death. Goals-of-care discussions (GOCDs) can provide
patients with the opportunity to express their preferred end-of-life experience, prevent
aggressive and often futile interventions, improve patient satisfaction, and reduce
unnecessary costs. Clinicians may feel uncomfortable initiating these conversations,
however, given the lack of relevant training and difficulty identifying patients at elevated
risk of mortality. The authors developed an intervention to promote GOCDs that combines
mortality risk estimation using Al, clinician training, person-to-person alert messages,
streamlined clinical workflows, and enhanced palliative care capacity. The program was
implemented across 8 of 10 adult hospitals in the BJC HealthCare system, and data were
collected between December 22, 2020 (at launch in the first hospital sites) and December
31, 2024. During this time, more than joo clinicians were trained through the program,
and they identified 13,976 patients as candidates for GOCDs. Clinicians exhibited a

high response rate (93%) to the patient eligibility alert. Among patients without a prior
documented GOCD at the time of messaging, 54% of responding physicians opted to
initiate a GOCD with the patient, and another 24% requested palliative care to initiate

the GOCD. Systemwide improvements were observed across several metrics, including

a fivefold increase in GOCDs, from 1.2% of 146,257 encounters in 2021 to 6.7% of 167,681
encounters in 2024, and a 63% increase in the proportion of encounters with palliative care
consults, from 2.2% of 146,257 encounters in 2021 to 3.6% of 167,681 encounters in 202.4.
The Vizient Mortality Index (a ratio of observed to expected mortality) also decreased by
32% during this time frame (where a lower score indicates that fewer patients died than
would have been expected), from o.92 in 2021 to 0.62 in 2024. Keys to implementation

https://doi.org/10.1056/CAT.24.0392

NEIM Catalyst is proieced by NEIM Group, 2 division of the Massachusetts Medical Society.
Downloaded from catalystnejmoorg &t Washington University on July 21, 2025, For personal use ealy.
Mo otber uses withowl permizssion. Copyright © 1025 Massacheseits Medical Society. All rights reserved.
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Al in biomedicine: enhancing human decision making

*  Humans make sense of the world around
them by recognizing and applying
patterns

* Computers can identify patterns faster
and in more significant numbers than
humans can

 However, Al algorithms need to be
trained:
*  Potential for bias
* Limited by the nature of available training data
*  Costly and time-consuming

*  Continuous process

* Alis (mostly) a function of speed, as
opposed to innate intelligence

Source: Friedman CP. A “fundamental theorem” of biomedical informatics. Journal of
the American Medical Informatics Association. 2009 Mar 1;16(2):169-70.
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Focusing on Humans

Anchoring on the humanistic needs and impact of healthcare Al




Open-Al: Care team and Al collaborating to diagnose a patient




Questions?

Grace Cordovano, PhD

enlighteningresults@gmail.com

Philip R.O. Payne, PhD

prpayne@wustl.edu
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