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General Comment

On behalf of Massive Bio, I am honored to submit our response to the 2025 National Al R&D Strategic Plan RFI. As Co-Founder and
Chief Medical Officer, I emphasized how Al—when properly integrated into clinical research and care delivery—can revolutionize cancer
care and health equity.

We strongly support the Administration’s vision outlined in Executive Order 14179. Our response highlights strategic areas where federal
mvestment is critical:

- Deployment of digitally enabled Al prescreening hubs to manage data drift and streamline real-time clinical trial matching,

- Making clinical trials a flagship use case for national EMR interoperability, privacy-centric consent, and patient-facing tools.
- Foundational Al for modeling complex biological systens and accelerating personalized medicine.

- Al to improve equity and efficiency in clinical trials, including intelligent trial design and predictive analytics.

- Explainable, fair, and robust Al to unlock real-world evidence and support trustworthy deployment.

- Secure data infrastructure with federated learning, synthetic data, and standardized APIs.

We also propose mechanisis like national data collaboratives, Al grand challenges, regulatory sandboxes, and workforce development.
Massive Bio is committed to advancing this national priority in partnership with OSTP, NITRD, and other stakeholders.

Please find our full comment attached for your review.

Warm regards,

Dr. Arturo Loaiza-Bonilla
Co-Founder & Chief Medical Officer
Massive Bio, Inc.
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Oncology has experienced two of the
greatest technological evolutions:
molecular "omics" (genomics, proteomics,
epigenomics) and "big data"

A couple of decades ago, cancer was diagnosed using a
combination of X-ray imaging and histopathology tests. In
contrast, molecular tests can now report on changes in hundreds
ofgenes and proteins to diagnose and determine the prognosis
and treatment of cancer in an individual.

* In fact, these advances are extending survival and improving the
quality of life of hundreds of thousands of patients, yet healthcare
professionals face new challenges associated with the
Implementation of precision medicine,

« Growth of medical knowledge is exponential

« Constant specialization is required to provide highly
individualized cancer care.

« This debate is not unique to highly developed countries.
Providing comprehensive, state-of-the-art cancer care to millions
of patients remains a significant challenge, particularly for
suburban and rural populations.

» Biomedical data is heterogeneous and difficult to classify (e.g.
high dimensionality, time dependence, parity, irregularity) for
Artificial Intelligence applications.



Biomarker Technologies

mmm |mMmunohistochemistry (IHC)

e Biomarker technique used to detect level of protein
expression

= FlUuorescence In Situ Hybridization (FISH)

e Biomarker technique used to detect alterations in DNA
(single-gene)

Next-Generation Sequencing (NGS)

e High-throughput biomarker technique used to detect
alterations in DNA (multi-gene) and to construct a
comprehensive genomic profile

1. Bauman TM, et al. J Vis Exp. 2016;110:e53837. doi: 10.3791/53837. 2. Pirker R, et al. Lancet Oncol. 2012 Jan;13(1):33-42. doi: 10.1016/51470-2045(11)70318-7.
Epub 2011 Nov 4. 3. Tsao MS, et al. IASLC Atlas of ALK and ROS1 Testing in Lung Cancer. 2016. Reprinted courtesy of the International Association for the Study of Lung
Cancer. Copyright ©2016, IASLC. 4. Bahassi and Stambrook. Mutagenesis. 2014 Sep;29(5):303-10. doi: 10.1093/mutage/geu031.



Every Cancer Patient Should Be Profiled

* Rapidly evolving
technology

* Costs falling

* We must prove better
outcomes, improved
“value”

* Early profiling requires
lifetime tracking






Minimally-invasive liquid
biopsies capture circulating
tumor (ctDNA) from the
blood and offer quick CGP

Bettegowda et al., Sci Transl Med. 2014.
Lanman et al., PLOS One. 2015.



Step-by-Step Approach for Pre-Screening and Screening

In Cancer Clinical Trials

|Phase |Steps Details
Pre-Screening Phase Define Eliglblllty Criteria - Collaborate with oncologists, researchers, and trial sponsors to outline inclusion and exclusion criteria.

- Criteria may include age, gender, cancer type and stage, previous treatments, genetic markers, and overall health status.

|dentify Potential Candidates - Utilize Electronic Health Records (EHR) to search for patients who meet the basic eligibility criteria.
- Access patient registries and databases to identify individuals who may be suitable for the trial.

Automated Pre-Screening Tools - Implement Al and machine learning algorithms to filter potential candidates based on complex criteria.
- Set up automated alerts for healthcare providers when a patient matches the pre-screening criteria.

Referral Networks - Establish referral networks with oncologists and other healthcare providers to receive recommendations for potential trial participants.
- Conduct outreach to inform providers about the trial and its eligibility criteria.

Screening Phase Patient Interviews - Conduct detailed interviews with pre-screened patients to gather comprehensive information about their medical history and symptoms.

- Discuss the trial's purpose, procedures, potential risks, and benefits with the patient.

Review of Medical Records - Perform a thorough review of the patient's medical records, including previous treatments, imaging studies, lab results, and genetic tests.
- Ensure the patient meets all eligibility criteria and does not have any exclusion factors.

Physical Examination - Conduct a comprehensive physical examination to assess the patient's overall health and suitability for the trial.
- Document findings and compare them with the eligibility criteria.

Laboratory and Diagnostic Tests - Order necessary lab tests (e.g., blood, urine) to evaluate biochemical and hematological parameters.
- Perform imaging studies (e.g., X-rays, CT, MRI, PET scans) to gather detailed information about the disease.

Genetic and Bioma rker Testing - Conduct genetic testing to identify biomarkers or mutations relevant to the trial, if required.
- Analyze the results to determine the patient's eligibility.

Informed Consent - Provide detailed information about the trial, including its purpose, procedures, potential risks, and benefits.
- Ensure the patient understands the information and voluntarily agrees to participate by signing the consent form.

Specialist Consultations - Consult with specialists (e.g., oncologists, radiologists, geneticists) to confirm the patient’s condition and eligibility.
- Obtain second opinions if necessary.

Final Eligibility Assessment - Compile all collected data and documentation for a final review.
- Confirm that the patient meets all eligibility criteria and is suitable for participation.

Enrolment and Baseline Assessment - Enroll eligible patients into the clinical trial.
- Conduct baseline assessments to document the patient’s initial condition before starting trial interventions.

Documentation and Data Entry - Accurately document all screening procedures, findings, and decisions.
- Enter the data into the Clinical Trial Management System (CTMS) or other relevant databases.

Continuous Monitoring - Monitor enrolled patients throughout the trial to ensure eligibility and adherence to protocols.

- Address adverse events or protocol deviations promptly.



GENERATIVE MAY ASSIST IN NOVEL TRIAL DESIGNS
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Test impact of different drugs on
different mutations in a single
type of cancer
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The Clinical Trial Enrollment Paradox

Based on an analysis of more than 12 million patients and their initial course of treatment for 46 cancers
from 2004 to 2015, less than 0.1 percent enroll in clinical trials (National Cancer Database)

Over 60% of clinical trials are shut down prematurely because of enrollment issues lack of enough
patients to participate.

Currently, there are more than 19,000 active cancer clinical trials globally, with more than 18 million new
patients being diagnosed with cancer every year.

The solution to these problems is to find a technological way to bring together patients and developers of
new cancer treatments, in near-real time, collaboratively at-scale and patient-centric approach.



FDA has called for greater
inclusiveness in clinical trials
for nearly 35 years.

» Diverse and Equitable Participation in Clinical Trials
(DEPICT) Act, which made diversity action plans
mandatory for all Phase Il trials since December 2022

* Overall, about 17% of patients enrolled in industry-
sponsored clinical trials were of a racial or ethnic
minority, despite these groups making up about one-
third of the population.

* One evaluation found that black participation reached
10% for only two of the 31 cancer drugs studied.

* Clinical trial participants are disproportionately non-
Hispanic white men with higher education levels and
household incomes.

* One study found that Black/African American
enrollment increased from 9% to 16% after initiating an
education and tailored support program



Key Take-Aways

FINDINGS

PATIENTS
000

()

SPONSORS &
PROVIDERS

:

Clinical trials are an “enigma” for most people

Though actual trial participants generally report a favorable
experience, there is a lack of understanding and awareness
among the broader population

Site personnel are motivated to participate in trials, wanting the
best for patients and insight into the latest science in their TAs

They truly believe in the good that clinical trials can offer, but
the experience is not always ideal

Sponsors & Providers generally understand that Sites are
motivated by altruistic reasons

That said, they realize that they are highly burdened by the
strain on resources and complexity that trials bring

3 WCG Clinical 2023. All rights reserved
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IMPLICATIONS

- Suggests a need to raise
awareness and educate to inform on
trial benefits and reduce barriers to
participation

-> Site perspective needs to be
elevated in importance - consider
eliciting site feedback from the outset
of study design

-> Opportunity to revisit how trials
are designed, staffed & compensated
to ensure sites are appropriately
accommodated for their efforts
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Trial and Cancer Care Deserts: Financial challenges are
closely related to the geographic hurdle of trial access

85% of the 1,700,000 Americans diagnosed with cancer in
2021 receive care at community-based practices

Gen-Al can help us analyze SDoH and solve barriers






Reported Number of Hours Oncologists Spend in
Patient-Related Activities Per Week

Data from a study
& a<t tha

[ 0-10 hours

O 11 to 30 hours
@ 31-50 hours

“Burnout” is not from additional work, but from tasks preventing us from doing what we like to do:

March 2014 study, Shanafelt et al:

eEach additional hour per week spent on administrative tasks increased risk for burnout
*By 5% among private-practice oncologists.
*By 3.5% among oncologists in academic practice.










https://www.targetedonc.com/view/overcoming-barriers-in-cancer-
clinical-trials-a-path-forward-for-better-patient-care










Data Structuring is one of
the biggest challenges

* Optimized approaches to structure and standardize
disparateCFatient-specific information (have not yet been
developed.

Narrative text in patient medical records and clinical notes,

Radiological examinations,

Laboratory data,

Genomic information,

Pharmacogenomics

Drug lists

« Complicated by various medical ontologies used to
?enerallze the data (e.g., SNOMED-CT, UMLS, ICD-9, ICD-
0), introducing conflicts and inconsistencies.

* Itis necessary to develop educational and case
management support systems to ensure that the
comprehensive, evidence-based information generated
from machine learning technology is truly actionable for
all patients.

 Potential solutions lie in the effective use of
comprehensive electronic health information systems,
including real-world data, to guide the clinical decision-
making process.



Using Optical Character Recognition + Natural Language
Processing + Gen-Al to solve data structuring

* Gen-Al can take unstructured
data sets—information that has not
been organized according to a
preset model, making it difficult to
analyze—and analyze them,

* This is a potential breakthrough
for healthcare operations, which
are rich in unstructured data such
as clinical notes, diagnostic images,
medical charts, and recordings.

* These unstructured data sets can
be used independently or
combined with large, structured
data sets, such as insurance claims.






Artificial general
intelligence (AGI) and
Research

* An artificial general intelligence
(AGI) is a hypothetical type of
intelligent agent. If realized, an
AGI could learn to accomplish any
intellectual task that human
beings or animals can perform.

* Alternatively, AGI has been
defined as an autonomous system
that surpasses human capabilities
in the majority of economically
valuable tasks




Sparks of Artificial General Intelligence:
Early experiments with GPT-4
Séhastien Bubeck WVarun Chandrasekaran Ronen Eldan Johannes Gehrke

Eric Horvitz Ece Kamar Peter Lee Yin Tat Lee Yuanzhi Li Secott Lundberg
Harsha Nori Hamid Palangi Marco Tulio Ribeiro Yi Zhang

Microsoft Research




Addressing Challenges
in Al-driven Healthcare

* Interpretability and Transparency: The need
for clearer understanding of Al decisions.

* Data Requirements: Tackling the need for
large, diverse datasets.

* Ethics: Discussing privacy, security, and
potential biases in Al applications.

* Essential to address risks like data security,
bias, and regulatory compliance.

* Human-in-the-loop involvement and rigorous
risk and compliance review are crucial.









Advances in application programming interfaces (APIs) and plug-in technologies will make it easier to achieve a
relatively seamless interface between EHRs and genAl applications developed by third parties.



Massive Bio’s Capabilities

Revolutionizing Oncology Value Chain

Clinical Trial Enroliment

Data and Analytics

Patient Recruitment

0000 . opo .
m Patient Identification

Leveraging direct and indirect acquisition
channels to identify eligible patients.

O\

2. Pre-screenin
B 9

Al-driven analysis of medical records and
diagnostics to streamline pre-screening.

;0: Clinical Trial Matching

Harnessing Al to precisely match patients
with 19K+ actively recruiting clinical trials

Concierge Enroliment
Enablement

Optimizing site selection and addressing
logistical and financial barriers..

Beyond Patient Recruitment

é@ NGS & Biomarker Trial
A=x Optimization

Assay selection, workflow design, and patient
pre-screening for biomarker-based trials.

Sponsor Engagement & Data
Integration

Acting as a Patient Contact Center for
sponsors, integrating commercial data.

'@ Diversity & Inclusion in
&— Clinical Trials:

Analyzing patient demographics to improve
inclusivity in clinical research.

Advanced Site & Trial
Support

Validating sites, integrating reimbursement
vendors, managing patient outcomes data.

@ Timely Alerts & Insights

Timely triggered alerts to surface treating
physicians, enabling timely sales rep. visits.

& Physician Profiling

Identifying behavioral trends to optimize
execution strategy through physician profiling.

@ Al Driven Precision

Al-driven matching optimizes commercial
spend with precise medical record analysis.

+4 Value for Patients

Advanced analytics and genomics identify
patients, enabling personalized care

Massive Bio, Inc., 2025 confidential, can’t be distributed without written consent of Massive Bio, Inc.




Disrupting Clinical Trial Enroliment

Master Prescreening Hulbs

‘ Patient Identification
dh

Direct to Patient Channels

* Massive Bio Website and Landing Pages
(Organic)

* Digital Advertisement and Landing
Pages (Inorganic)

* Patient Portal

e Digital and Print Marketing

* Social Media Posts and YouTube Videos

e Search Engine and Keyword
Optimization

e Patient Advocacy Groups

* Patient Registries starting with Massive
Bio’s SYNERGY-AI

* Cancer Center or Diagnostics Labs Call
Center Referrals

» Strategic Partnership Referrals — Payer,
Specialty Pharmacy, Digital Health
Companies

* Case Navigation Companies

* Massive Bio Mobile Application

* Treating Provider Referrals

* Patient Education and Support:
Massive Bio Patient Contact Center

Indirect to Patient Channels

* Massive Bio Key Account Management
Efforts (outreach to physicians)

* Physician Lists from Study Sponsors

* Diagnostics Labs and/or NGS Vendor
Physician Referrals

* Partnerships with Hospitals and/or
Hospital Networks

* Partnerships with Provider Networks
and/or Individual Physicians

» Strategic Partnership Referrals — Physician
Referral Platforms

* Payer Physician Referrals (upcoming)

* Provider Education and Support: Massive
Bio Provider Contact Center

Massive Bio, Inc., 2025 confidential, can’t be distributed without written consent of Massive Bio, Inc.

Record Collection &
Registry

Medical Record Collection

NGS Testing Navigation & Report Collection

Patient Registry

Master
Pre — Screening
to All Trials

Personalized Matching Report

D Referral to Site &
Last Mile Support

Screening appointment coordination
Concierge support
Financial support

Global Coverage

Hematology and Oncology
focus

Comprehensive
multichannel patient
identification

Continuous screening for
all 19k+ Clinical Trials

Genomic testing
navigation and consented
data

Nurse services outreach
and logistics organized for
every visit
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Multi-Agent Al & Oncology
Knowledge Graph

Al platform that automates medical data extraction, leverages an oncology-specific
knowledge graph, and provides real-time trial recommendations, demonstrating a
significant reduction in staff effort while maintaining high clinical accuracy.

OncoAgents: Specialized LLMs
(data extraction, eligibility, trial
matching), collaborating to
outperform generic or zero-shot
Al.

OncoGraph: Domain-specific

knowledge graph uniting patient

data, molecular profiles, and
clinical guidelines for context-
aware matching.

OncoRecommend: Real-time
engine processing new data,
trials, and guidelines, delivering
rapid, relevant suggestions.

OncoSet: Expert-curated dataset
(>2,000 patient records, 14,000+
trials, 50+ tumor subtypes)
ensuring robust Al performance

Performance Metrics (Jan 2025):
Sensitivity (Recall): 0.8375,
Specificity: 0.8359, Precision:
0.8121, F1 Score: 0.8246.

Demonstrates advantages over
zero-shot or frontier GPT-based
models.

*GPT Comparison: Extraction Accuracy:
80.29% vs up to 63.15% (GPT-40)

eTrial Matching Accuracy: 82.06% vs
47.00% (GPT-40)




Diversity
Activation Model

Massive Bio’s recruitment techniques are, by nature, engineered for recruiting diverse
populations. We search for patients in small communltyfpractlces where there are dense
patient populations which boosts diversity. Below are a few of current diversity initiatives:

. Direct to Patient Diversity Baseline

. Race and ethnicity data is collected through patient’s consent form, calls with
patients, and medical records.

. US patient acquisition is focused on community oncology.
. Efforts outside of the US take place in over 17 countries.

. Diversity Related Initiatives

. Leveraging proprietary registry, EMR, and claims data to target minorities and
community-based practices serving those with unmet needs.

. Intensifyin%focus on patient advocacy partnerships with groups who serve minority
groups or those with unmet needs.

. Increasing efforts to partner with physicians and facilities who serve minority groups
or work in low-income areas.

. Developing educational content demonstrating the importance of minorities taking
part in clinical research to build trust and confidence for those seeking care.

. Enterprise Level Initiatives Promoting Diversity

. In 2023, Massive Bio launched the "l Have Cancer" campai%n. This is a highly people-
focused marketing campaign which leverages diversity in the marketing imagery and
explores narratives of individuals from around the world who have or are currently
experiencing cancer in their life.
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US Oncologists in Massive Bio's Network

5,732 ONCOLOGISTS IN TOTAL

4,180 HEMATOLOGISTS IN TOTAL

Massive Bio, Inc., 2025 confidential, can’t be distributed without written consent of Massive Bio, Inc. 39



Solving the Paradox: Bringing the science closer to every patient

Leveraging Al, Patient Centricity, Precision Oncology and Just
in Time Networks for Clinical Trial Enroliment

Reduce burden on participants to improve access. A
large part of that is incorporating elements of a
decentralized clinical trial, such as remote technology

and measurement. Decentralized Clinical Trials
Modern innovations—from artificial intelligence (Al) to

digital tools and analytics software—can help us

accelerate the progress we've already begun to make

and truly move the needle on health equity.

Decentralized, just-in-time, and hybrid clinical trials are
already helping to alleviate the issues of location, cost,
and time.

These trials proving to be more efficient than site-
based trials, but they are also more inclusive.






Clinical Network

Clinical Network (CN) S|mplif|es the process for phySiCia ns to refer Global Trial Information: Find a Trial and Refer a Patient to Concierge Trials
patients to suitable clinical trials, leveraging Al-powered software
and Massive Bio’s concierge services. For CN Video Click Here

* Up-to-date information on actively recruiting clinical trials.

* Ability to evaluate eligibility criteria for multiple trials.

* Referring efficiently using speech or text multilingually.

* Systematic pre-screening and matching process.

* Medical record deidentification with HIPAA, GDPR and PIPEDA.

 Comprehensive database with detailed patient population.

One-stop Physician Hub: Al Chat, Medical Record, Referral and Search Al Capabilities: Refer a Patient via Al supported Medical Record deidentification

Massive Bio, Inc., 2025 confidential, can’t be distributed without written consent of Massive Bio, Inc. 42



Massive Bio Recognized by White House Cancer Moonshot for First-of-Their-Kind Pre-
Screening Hubs and Al-Powered Trial Matching, Launches S15 Million Initiative at JPM 2025

Massive Bio, Inc., 2025 confidential, can’t be distributed without written consent of Massive Bio, Inc. 43



Trial Vision
Trial Vision is an innovative platform designed to empower

sponsors and clinical operations teams with comprehensive
oversight of clinical trial progress. For Trial Vision Video Click Here

* Real-time visibility into the status and milestones of ongoing
clinical trials.

* Insightful analytics on the funnel dynamics, highlighting the
success of inclusion and exclusion criteria for trials.

* Updates on referred, eligible or ineligible for referral patients.

e Trial status comparisons.

Acquisition Insights: Patient Funnel, Trends & Channels Trial Criteria: Matching Status & Distribution

Massive Bio, Inc., 2025 confidential, can’t be distributed without written consent of Massive Bio, Inc. 44



Power through collaboration to maximize
societal impact



EVERNORTH-

HEALTH SERVICES

o~ b >~ om @ [\ B

Scale of Patient Acquisition

Our alliances drive Massive Bio's potential, positioning us for substantial growth and impact

1.8 million patients
100+ clinicians
70+ clinical locations

150,000 patients

6 million patients ﬂ
250+ locations

1.3 million patients

8,578 pharmacies =
600,000 patients

7,400 patient access :é
points

2.8 million patients
60,000 clinicians
2,000 clinical locations

500,000+ patients’ genetic
information

—_

4 million patient records
100+ clinical locations

500,000 patients

500,000 genomic profile
analyses

2024
160K+ Patients Onboarded
3.4K+ Sites (2.5K recruiting, 0.9K not yet recruiting)
100K+ Physicians

2025 & Beyond
19M+ Patients & Patient Data*
4K+ Sites
160K+ Physicians

*The total patient count indicates the number of access points to cancer
patients and may include duplications from overlapping patient records in
multiple partnerships.

Unparalleled patient & provider scale

ﬂHospital System [ijayer @PatientAdvocqcy E_ Pharmacy :é Laboratory EData Company
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Massive Bio’s Universe of Global Partnerships

Strategic Partners by Type

Partner Type Number of Partners
Hospital or Hospital Network 31

Digital Marketing Company 19
Provider Network 19

CRO 16

Digital Health Company 10
Insurance Company 8

Data Company 4

Patient Recruitment Company 3
Consortium 2
Pharmacy 2 optum
SMO 1

Grand Total 131

Asociacion de Afectados por
N sias Mieloproliferativas

MPN

further
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Patient Advocacy Group Engagement

Number of Patient Advocacy Groups by

Country

Country

Number of
Groups

United States 230
Spain 77
France 20
Greece 20
Italy 20
Germany 15
Brazil 10
Belgium 4
Israel 4
Romania 4
Poland 3
Switzerland 3
Turkey 3
United Kingdom 3
Grand Total 416

* There are two primary ways that Massive Bio identifies patient advocacy groups:

*  We identify groups independently from a specific sponsor or protocol and work
with the group for all relevant trials

* The sponsor introduces Massive Bio to a advocacy group and Massive Bio works
with the group to establish linked marketing and support in other ways

* Massive Bio has an established relationship with 416 advocacy groups.

* As part of the onboarding process for a new trial, Massive Bio will target and onboard
new advocacy groups.

* Groups are either cancer-specific and support patients with only certain cancer types
or they are more general and will support patients with any type of cancer.

* For both online-only groups and brick & mortar organizations, Massive Bio will assign
a point of contact in the specific country and typically outreach to the group a
minimum of once a month.

Massive Bio, Inc., 2025 confidential, can’t be distributed without written consent of Massive Bio, Inc. 48



Significant Understanding of NGS Testing & Relationships with
Vendors that Minimizes Testing & Screening Costs

NGS Vendor Breakdown of Patients who Come to Massive Bio’s Patient

Contact Center

NGS Provider

Foundation Medicine

Percentage

26%

Caris

17%

Large Cancer Center Lab/Other

17%

Tempus

11%

Guardant

10%

Invitae

5%

NeoGenomics

3%

Myriad

3%

Ambry Genetics

2%

MD Anderson Cancer Center

2%

Memorial Sloan Kettering Cancer Center

2%

Strata

1%

Quest

1%

Genpath

<1%

PGDX

<1%

Grand Total 0 [0}79
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Massive Bio facilitates the NGS testing workflow for patients that come
through our contact centers in cases where the patient has not been tested.
We support the physician by assisting with the completion of NGS testing
request forms and delivery of the request to the NGS vendor. As part of
medical records collection, we obtain the NGS test results which we can
then send to the sponsor in a de-identified format with the patient’s
consent.

Massive Bio supports NGS vendors by providing last mile services to the
physicians that have patients with the required biomarker. For example, if
the physician doesn’t have time, Massive Bio onboard the patient at its
patient contact center, prescreens and send the prescreening results to the
treating oncologist.

Massive Bio analyzes eligible patient volume for potential just-in-time sites
before activation by an NGS vendor such as Caris or Tempus.



chain

Massive Bio’s Differentiators

Creating a scalable, tech-enabled channel to accelerate and enhance the entire oncology value

Global Presence
& Reach

+ Operating in 17 countries
with 84 employees across
the United States, Canadaq,

Europe, LATAM, Israel, and
Turkey

+ Proprietary Al system scans
over 19,000 clinical trials
worldwide to match patients
with eligible trials

Strategic
Partnerships

+ Partnership with 131
strategic organizations,
including Foundation
Medicine, Flatiron,
Walgreens, Quest, and
Optum

« Engaged with 416 patient
advocacy groups
worldwide, ensuring a broad
and inclusive patient
outreach

Oncology &
Hematology
Expertise

+ Specializes in oncology and
malignant hematology,
having been hired for 127
oncology/hematology
studies since 2019

+ Biomarker-based
recruitment for precision
oncology, guided by
genomic data and
relationships with key NGS
vendors

Patient
Consented Data

+ Utilizes patient consented
data to ensure compliance
and to enhance recruitment

and tracking processes
across various platforms

+ Direct & indirect patient
identifications channels
ensuring extensive outreach

Massive Bio, Inc., 2025 confidential, can’t be distributed without written consent of Massive Bio, Inc.

Last Mile &
Concierge
Services

+ Last-mile patient guidance,
ensuring successful
enroliment and follow-
through in clinical trials

+ Nurse services and logistics,
ensuring comprehensive
support from initial
consultation to trial
participation.
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Pre-screening hub-and-spoke population wide approach
Patient centric just-in-time, decentralized/hybrid trials

Transforming every patient’s journey into a catalyst for discovery Clinical Trial

Biomarker Optimization

& testing Approved Drug

©]

|:> Patients Enter Hub %>
Cancer Screening Cancer Diagnosis A

Iad

Digital

Just-in-Time

Patients with Prior Treatment

Physician & Center
Trial Feasibility

Next LoT

Progression + Retesting

. Line of Therapy 1
2 "

Real Time

Engagement + 8 Analytics at Scale

and On-demand

Patient Consented Data Lake

Multimodal Foundational Model

Actionable Real-World Evidence (FDA)

Trial Outcomes for Optimization

Drug and Biomarker Discovery



Paradox Solved: The Future of Clinical Trial Matching
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Harnessing Moravec’s Paradox in Health Care:
A New Era of Collaborative Intelligence
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Abstract

Artificial intelligence excels at complex data analytics, yet struggles with nuanced, sen-
sorimotor tasks that humans perform almost effortlessly — a dichotomy encapsulated by
Moravec’s paradox. By strategically harnessing these complementary strengths, health care
can usher in an era of collaborative intelligence, optimizing data-intensive workflows, such
as clinical trial enrollment, and creating more patient-centric models of care.

Introduction

oravec’s paradox highlights a counterintuitive truth: advanced mathematical or
M data-driven tasks are often easier for computers than the everyday sensorim-

otor and social tasks humans perform and take for granted.! Nowhere is this
more evident than in health care. A seasoned clinician can, within seconds, detect a patient’s
anxiety or discomfort by reading subtle body language — yet manually sifting through thou-
sands of laboratory results or complex clinical trial protocols can be laborious and time-con-
suming. Meanwhile, artificial intelligence (AI) systems can handle those data-heavy tasks at
superhuman speed, but remain clumsy with seemingly easy tasks like empathetic bedside
manner or dexterous physical procedures.

This tension need not be a limitation. By aligning each domain —human and machine —with
the tasks to which it is best suited, we can create a collaborative model of care that increases
efficiency and, more importantly, preserves a deeply humane approach to medicine.

The Evolutionary Clue

Why is this mismatch so prominent? Evolution devoted vast energy to refining our senso-

rimotor and social skills — abilities critical for survival and social bonding over millions of The author affiliations are listed at
years.! By comparison, advanced formal reasoning and numerical computation are relatively the end of the article.

recent additions to our cognitive repertoire. Al research, conversely, has historically focused
on algorithms for large-scale computations and pattern recognition. It is thus unsurprising
that algorithms excel at high-dimensional data analysis well before mastering the physical
dexterity or empathic presence we expect of a clinician, and concepts of artificial general




intelligence and artificial superintelligence are emerging,’
including the assumption of medical workforce shifts.?

Easy for AI, Hard for Humans:
Advanced Data Analysis and
Prediction

COMPLEX DATA SYNTHESIS

Al-based models can integrate massive datasets — includ-
ing electronic health records (EHRs), imaging, and genomic
information — and detect patterns beyond the scope of
human specialists.® This expands opportunities to stratify
risk, forecast patient outcomes, and discover subtle correla-
tions in diverse patient populations. From a technical stand-
point, these capabilities rely on advanced machine learning
(ML) pipelines that typically include data cleaning, normal-
ization, and feature engineering stages before modeling.
In many modern workflows, natural language processing
(NLP) tools extract key clinical entities (e.g., medications,
diagnoses, biomarkers) from unstructured notes. These
structured data are then aggregated with imaging and
genomic inputs for multimodal analyses using techniques
such as deep neural networks, gradient-boosting machines,
or transformer-based architectures. Each step is validated
using rigorous cross-validation protocols and external
holdout sets to ensure generalizability. Additionally, atten-
tion-based mechanisms within certain models (e.g., vision
transformers for imaging* or large language models for
text®) help highlight the most salient features driving pre-
dictions. This interpretability is crucial for clinical adop-
tion, as it allows clinicians to understand why an Al system
flags certain data points as anomalous or high risk, thereby
fostering trust and transparency in Al-driven insights.

AUTOMATING REPETITIVE BUT HIGHLY COGNITIVE
TASKS

Billing, coding, protocol optimization, or summarizing large
blocks of text data can drain a clinician’s time and attention.
ML systems handle these tasks rapidly, freeing professionals
tofocusonhigher-level clinical decisions. These automations
often leverage NLP models — ranging from more traditional
approaches (like conditional random fields or rule-based
systems) to advanced generative pretrained transformers
(generative pretrained transformer-like architectures). By
training on large corpora of clinical notes or administrative
data, they can learn domain-specific terminology and cod-
ing structures. The result is expedited processing of claims

or protocol documentation with lower error rates compared
with manual approaches. However, ongoing monitoring of
model outputs is essential to detect concept drift — where
shifting medical standards or coding guidelines may
degrade performance over time. A robust quality-assurance
loop, led by clinical domain experts, ensures that any auto-
mated recommendations align with current best practices
and maintain regulatory compliance.®’

Hard for AI, Easy for Humans:
Empathy, Dexterity, and Contextual
Flexibility

BEDSIDE COMMUNICATION

Humans excel at sensing microexpressions or shifts in voice
tone, and tailoring responses accordingly. While chatbots
may mimic empathy textually, they lack the deep emotional
resonance and adaptability of human clinicians.

PHYSICAL DEXTERITY

Basic procedures like drawing blood or palpating an organ
during a physical exam, and any surgical procedure, will
require sensorimotor finesse that eludes contemporary
robotics. The simple manual skills that health professionals
refine over years remain a frontier challenge for Al

CONTEXTUAL FLEXIBILITY

Physicians often adjust care by accounting for nonverbal
patient cues, cultural backgrounds, and socioeconomic
constraints.® Such holistic reasoning is deeply human, and
not readily captured by current Al models.

A Hybrid Future in Clinical Work

Modern medicine encompasses both the physical (e.g.,
exams, surgeries) and the abstract (e.g., analyzing large
and complex datasets, managing elaborate protocols).
Collaboration between clinicians and Al can address these
distinct domains, with clinicians providing real-time empa-
thy, creativity, moral judgment, and problem-solving in
unpredictable settings, while Al rapidly mines large data-
sets, flags anomalies, and proposes evidence-based path-
ways drawn from extensive clinical knowledge.

This synergy enhances efficiency without compromising
the personal touch. Rather than pursuing a fully auton-
omous medical robot, a more practical approach is a
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human-machine partnership that offloads tedious compu-
tational tasks from clinicians, allowing them to focus more
on relational and hands-on care.

Decentralizing Clinical Trials with
Al as a Case Study

A powerful demonstration of Moravec’s paradox in action is
the use of Al in clinical research® (what we call the solution
to the clinical trial enrollment paradox).

Rapid Eligibility Screening: Trial enrollment often
involves scanning reams of inclusion/exclusion criteria.
By automating this advanced data matching, AI drasti-
cally shortens recruitment timelines.

Decentralized Patient Recruitment: Leveraging Al to
handle data-intensive steps allows studies to expand
beyond large academic centers, increasing access for
diverse patient populations.

Balancing Promise with Practicality: Challenges persist
— algorithmic biases, privacy concerns, and the need
for validation remain critical. Data analysis can be auto-
mated, but humans must still guide ethical oversight
and informed consent processes.

Having cofounded an Al-driven initiative focused on clini-
cal trial matching, and from having experience in working
at the intersection of Al and biomedical sciences, we have
witnessed firsthand how quickly data-heavy tasks can be
automated, with physicians still playing an indispensable
role in communicating trial options, providing clarifica-
tions, and shaping patient-centric approaches.’

Reflecting Moravec’s Paradox:
Tasks Likely to Be Automated First

Given Moravec’s insight that formally reasoned, data-
driven tasks come more naturally to machines than senso-
rimotor tasks (Fig. 1), these tasks present opportunities for
automation to enhance clinical efficiency, decision support,
and patient care.

EHR Data Summaries: Automated systems can con-
solidate patient histories into concise profiles for quick
physician review.

Protocol and Clinical Guideline Optimization: Al can
suggest trial modifications or guideline updates based
on emerging data.

Easy for Humans (Hard for Al) | Easy for Al (Hard for Humans)

Empathy and bedside Large-scale data analysis
communication
Physical dexterity in exams Rapid trial eligibility scanning

Contextual flexibility Automated EHR summarization

Figure 1. Moravec’s Paradox in Health Care.

Al denotes artificial intelligence; and EHR, electronic health
record.

Remote Triage and Screening: Online questionnaires
can be processed by Al to determine preliminary risk,
reserving direct human attention for critical cases.

These data-driven tasks often hinge on sophisticated
pattern-recognition algorithms. For instance, EHR data
summaries can be automated through hierarchical deep
learning models that sequentially parse structured and
unstructured data (e.g., laboratory values, imaging reports,
clinician notes) to craft concise, contextually relevant clini-
cal overviews. Similarly, Al-assisted protocol and guideline
optimization can leverage reinforcement learning tech-
niques to iteratively test modifications in virtual environ-
ments — simulating how changes to inclusion criteria or
dosing regimens might affect outcomes. However, trans-
lating these insights into real-world clinical workflows
requires robust, reproducible validation methods. Studies
should follow frameworks for evaluating clinical prediction
models akin to PROBAST (Prediction model Risk Of Bias
ASsessment Tool)'° or TRIPOD (Transparent Reporting of
a multivariable prediction model for Individual Prognosis
Or Diagnosis)*! to ensure methodological rigor in model
development and reporting, thereby safeguarding against
common pitfalls like overfitting, selection bias, or hidden
confounders.

Meanwhile, high-dexterity procedures, dynamic bedside
communication, and emergent problem-solving that hinge
on empathy or creativity remain firmly in the human domain.

Addressing Algorithmic Bias,
Validation, and Real-World
Implementation

Although AT has the potential to accelerate clinical research
and improve care delivery, it also risks perpetuating or even
amplifying existing biases. Algorithmic bias can emerge
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if training data are not representative of all patient demo-
graphics, leading to disparities in diagnostic accuracy or
treatment recommendations.’? To mitigate this, developers
must implement strategies such as diverse data curation,
bias audits, and fairness metrics during model building and
deployment.

In parallel, model validation must go beyond traditional
internal validation; external validation on multi-insti-
tutional datasets is key to ensure generalizability across
populations with varying genetic, environmental, and
socioeconomic backgrounds. Prospective clinical trials or
real-world evidence registries can then confirm the effec-
tiveness of these Al-driven interventions in practice.

Finally, for models that are successfully validated, atten-
tion must be paid to ethical and regulatory requirements.
Institutions may convene multidisciplinary oversight
committees that include clinicians, data scientists, patient
advocates, and ethicists to establish frameworks for respon-
sible AT adoption. Such committees can evaluate real-time
model performance, respond to unexpected behaviors, and
adjust governance measures as needed, ensuring that Al
becomes a trusted, transparent partner in health care rather
than a black box solution.'*

Conclusion

Moravec’s paradox points toward a future of collabora-
tive intelligence rather than a battle for domain suprem-
acy between humans and machines. Advanced analytics,
powered by Al can transform data-rich processes in health
care — from triaging and risk scoring to matching patients
with clinical trials. Yet, it is the human clinician’s capacity
for empathy, dexterity, and contextual insight that ensures
patients receive truly holistic care.

This partnership, built on the complementary strengths of
humans and AI, promises to lessen administrative burdens,
promote more inclusive research participation, and ulti-
mately improve patient outcomes. It also underscores a key
principle: technology should serve as a force multiplier for
compassion, not a replacement for it.
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Public Comment on the 2025 National Al R&D Strategic Plan RFI Docket ID: NSF-2025-0OGC-0001
Subject: Response to Request for Information on the 2025 National Artificial Intelligence Research
and Development Strategic Plan

(Submitted via Regulations.gov on April 30, 2025)

To the Networking and Information Technology Research and Development (NITRD) National
Coordination Office (NCO) and the White House Office of Science and Technology Policy (OSTP):

Introduction

On behalf of Massive Bio, Inc, a leader in leveraging artificial intelligence to connect cancer
patients to optimal treatments and clinical trials, thank you for the opportunity to provide input
on the development of the 2025 National Al R&D Strategic Plan. As Co-Founder and Chief Medical
Officer, | witness daily the transformative potential of Al to revolutionize healthcare, particularly
in the complex field of oncology. We strongly support the Administration’s commitment — as
outlined in Executive Order 14179 — to sustain and enhance America’s Al leadership in order to
promote human flourishing, economic competitiveness, and national security (Removing Barriers
to American Leadership in Artificial Intelligence — The White House).

Massive Bio’s mission aligns directly with these goals. By utilizing Synergy-Al to analyze complex
patient data (genomic, clinical, imaging) and match individuals to personalized therapies and
cutting-edge clinical trials, we aim to improve patient outcomes, democratize access to advanced
cancer care, accelerate drug development, and ultimately contribute to human flourishing. We
believe that strategic federal investment in specific areas of Al R&D, particularly those with long-
term horizons or complex societal implications like healthcare, is paramount to maintaining U.S.
dominance and ensuring Al serves the public good. The previous National Al R&D Strategic Plan
provided a valuable foundation. To secure America’s position as the unrivaled world leader, the
2025 update must sharpen its focus on areas where federal leadership is indispensable —
complementing rather than duplicating private sector efforts. This includes prioritizing
foundational research, addressing systemic challenges like data access and bias, and fostering
innovative ecosystems for collaboration. Healthcare, and specifically the fight against diseases like
cancer, represents a domain where the confluence of high complexity, significant societal benefit,
and market limitations necessitates robust federal R&D support.

Massive Bio itself is actively contributing to Al-driven healthcare innovation in ways that
exemplify the kind of progress federal support can catalyze. We are strong supporters of the
Advanced Research Projects Agency for Health’s Advancing Clinical Trials Readiness (ACTR)
program, developing Al-driven decentralized clinical trial platforms. Through these initiatives, we
hope to deploy federated Al pipelines for privacy-preserving patient identification, multilingual
electronic consent interfaces to broaden access, and longitudinal digital engagement tools to
dramatically accelerate clinical trial enrollment and retention. Our goal — aligned with ARPA-H’s —
is to make 90% of Americans able to reach a clinical trial within 30 minutes of home, bringing
trials to patients instead of requiring patients to travel. We have also spearheaded the
development of large-scale, foundational Al models in precision oncology, leveraging federated
learning across hospital networks so that sensitive data stays local while insights are shared.

These efforts have demonstrated real-world impact: for example, integrating Al with genomic
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testing doubled the identification of eligible trial patients and cut 19,500 hours of manual
matching effort down to just 1 hour, showcasing how Al can exponentially scale clinical research.

Our experience underscores that visionary federal programs and public-private collaboration can
enable breakthroughs that neither sector could achieve alone. With the right national R&D
strategy, we can generalize such successes across the healthcare system. In this comment, we
offer recommendations for bold yet practical federal action to advance Al in health and medicine,
drawn from our on-the-ground insights and successes. We focus on priority research areas and
enabling mechanisms that will ensure the United States leads in deploying Al to save lives, make
healthcare more equitable, and drive economic and societal benefits.

I. Prioritized Federal Al R&D Areas for National Leadership (Next 3-5 Years)

While industry excels at applying existing Al techniques for near-term gains, federal investment is
crucial for pioneering next-generation capabilities and tackling challenges aligned with the public
interest — especially in healthcare. We recommend prioritizing R&D in the following areas:

Enhanced Patient Matching:

A critical innovation that must be federally prioritized is the deployment of digitally enabled Al
prescreening hubs — centralized or distributed engines that continuously scan EHR systems for
eligible clinical trial candidates. These hubs not only enable real-time trial matching but also
provide a scalable framework to monitor data drift, ensuring that Al algorithms remain valid as
clinical documentation practices, biomarker definitions, or population health trends evolve.
Massive Bio has pioneered such architectures through its Synergy-Al platform, demonstrating
how real-world EMR data can be transformed into structured eligibility insights at scale. Federally
supported prescreening hubs can become the cornerstone for equitable access to research,
making clinical trials a practical and visible use case for nationwide EMR interoperability. These
systems would reduce physician burden, enhance trial awareness, and operationalize precision
recruitment without violating patient privacy.

Interoperability and Data Standards:

The future of interoperable, patient-centric healthcare hinges on transforming clinical research
into a flagship use case for real-time data integration across EMR platforms. Digitally enabled
clinical trial matching systems — such as Massive Bio’s integration of Al, NLP, and federated
learning — can serve as a proof-of-concept for this transformation. These platforms are already
demonstrating how disparate EMRs, genomic reports, and imaging data can be harmonized in real
time to identify life-saving opportunities for patients, while fully respecting HIPAA and patient
consent frameworks. Clinical research thus becomes not just a consumer of data infrastructure,
but its driver — pushing interoperability, patient-accessible tools, and consent governance into
mainstream practice. A strategic plan that places clinical trials at the intersection of Al,
interoperability, and patient empowerment can catalyze system-wide innovation.

Foundational Al for Complex Biological Systems
Need: Current Al excels at pattern recognition but struggles with the deep causal reasoning and
multi-scale modeling required to understand the intricate dynamics of biology (e.g., tumor

microenvironments, immune system interactions, drug resistance mechanisms). Industry focus
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tends to remain on immediate predictive tasks, whereas decoding complex biological processes to
enable breakthroughs in disease prevention or cure is a high-risk, long-term endeavor.

Priority: Invest in fundamental research on new Al architectures and algorithms (beyond current
deep learning paradigms) capable of modeling complex, multi-modal biological processes. This
includes Al that can integrate diverse data types (genomic, proteomic, imaging, clinical records)
into holistic, dynamic models of human biology and disease. Such research should enable Al to
not just identify correlations, but to infer causal relationships and mechanistic insights from
biological data. This is a long-term challenge unlikely to receive adequate private funding initially,
yet it is essential for breakthroughs in personalized medicine and drug discovery. Federal
leadership can fill this gap by funding interdisciplinary teams (Al scientists, biologists, physicians)
and computing infrastructure to develop these “digital twins” of biology. Early successes hint at
the promise: for example, researchers recently developed an explainable transformer model that
integrated multi-dimensional clinical and molecular data to predict cancer treatment outcomes,
surpassing other methods and even identifying a new subset of patients who might benefit from
immunotherapy. This kind of foundational Al model — which can generate hypotheses and insights
beyond human intuition — illustrates the transformative potential of marrying advanced Al with
complex biology. We must empower our research community to build the next generation of Al-
driven scientific discovery engines that will accelerate understanding of diseases and the
development of cures.

Al for Accelerated and Accessible to all Clinical Trials

Need: Clinical trials remain slow, expensive, and frequently struggle with patient recruitment and
diversity. An estimated 80% of trials are delayed or closed due to insufficient enroliment (What
clinical trial statistics tell us about the state of research today), and less than 5% of adult cancer
patients enroll in trials despite ~70% indicating willingness — a gap that leaves life-saving therapies
untapped by most patients. Under-enrollment and lack of representation (e.g. of minority and
rural populations) undermine both the speed and the generalizability of clinical research. While
companies like Massive Bio and others are using Al to match patients to trials more efficiently,
systemic challenges persist in trial design, site selection, real-time data monitoring, and
integration of disparate health systems. We need Al to not just find the right patient for the right
trial, but to fundamentally reinvent how trials are designed and conducted so they can be faster,
more inclusive, and more effective.

Priority: Fund R&D into Al-driven tools and methodologies to modernize the clinical trial lifecycle,
including:

¢ Intelligent Trial Design: Al models to optimize protocol criteria, simulate trial outcomes,
and select endpoints in silico before a trial ever begins. By analyzing historical trial data
and real-world patient populations, Al could help design studies that are more adaptive,
efficient, and reflective of patient diversity.

e Enhanced Patient Matching: Advanced, privacy-preserving algorithms (e.g. federated
learning and secure multi-party computation) to identify eligible patients across
decentralized and diverse healthcare data systems, improving recruitment speed and
representativeness. For example, federated machine learning can scan patient records at

multiple hospitals without moving the data, achieving high accuracy in finding trial
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candidates while preserving privacy. Such approaches can dramatically expand the pool of
patients considered for trials — especially in community settings — and ensure that
eligibility criteria are interpreted consistently (with Al reading unstructured notes, labs,
genomics, etc.).

¢ Predictive Analytics for Operations: Al systems to forecast recruitment rates, identify
potential bottlenecks, and dynamically reallocate resources or adjust trial sites. By
analyzing trends, these tools could predict if a trial is likely to fail due to low accrual or
detect when certain subgroups are lagging, enabling proactive mitigations.

o Decentralized Trial Technologies: Al-powered remote monitoring, telemedicine, and
Internet-of-Things (loT) devices to reduce patient burden and expand access. This includes
algorithms to detect adherence or safety signals from wearable sensors or home-based
measurements in real time. Embracing decentralized clinical trials (DCTs) — where visits
can occur at local clinics or at home — requires robust Al to integrate data from these
distributed sources and maintain data integrity. Federal investment can drive standards
and validation for such Al so that regulators and sponsors confidently adopt DCT models.

Federal Role: Support the development of the underlying standards, infrastructure, and public
goods needed to realize Al-accelerated trials. This includes establishing secure data sharing
frameworks and federated learning networks that enable Al training on diverse, real-world patient
data from multiple institutions (since no single trial sponsor has access to all patients). It also
means convening stakeholders (academia, providers, patient advocacy groups, industry) to create
open datasets and challenge problems for Al in trial design and enrollment. The government
should prioritize R&D that ensures these Al tools are inclusive and generalizable — for instance, by
requiring that any federated trial-matching Al be trained on data that reflects the nation’s
demographic and genetic different populations. By catalyzing progress in Al for faster, fairer
clinical trials, we can lower the cost of drug development, bring new treatments to patients
sooner, and broaden participation so that scientific advances benefit all communities. The payoff
will be a clinical research enterprise that is both more efficient and more equitable.

Robust Al for Real-World Evidence (RWE) Generation and Analysis

Need: Outside of trials, real-world clinical data — electronic health records (EHRs), claims,
registries, patient-reported outcomes — holds immense potential to inform us about treatment
effectiveness and safety in routine practice. Real-world evidence can complement trials by
reflecting larger, more diverse populations and longer-term outcomes. However, mining reliable
insights from these heterogeneous and often unstructured datasets is technically challenging.
Issues of data quality, missing information, bias and confounding variables, and lack of
standardization have hindered the use of RWE for high-stakes decisions. Sophisticated Al/ML
techniques are needed to parse messy clinical text, control for myriad variables, and infer causal
relationships (e.g. did a medication actually improve outcomes, or were those patients healthier
to begin with?). Developing these methods is resource-intensive and not the primary focus of
most companies, yet the public health benefit of trustworthy RWE is enormous — for example, the
FDA can use RWE to approve new indications of drugs or to monitor post-market safety, and
clinicians can learn how treatments work in populations not well represented in trials.

Priority: Invest in Al methodologies purpose-built for real-world biomedical data analysis. This
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includes:

e Causal Inference and Bias Mitigation: Techniques like causal machine learning, propensity
score modeling with Al, and bias detection algorithms that can handle the complexity of
healthcare data (with its confounders and selection biases). Research should focus on Al
that can quantify uncertainty and flag when correlations might be spurious. Federal
funding can drive the creation of open benchmarks (e.g. simulated healthcare datasets
with known causal ground truth) to evaluate and improve these algorithms.

¢ Natural Language Processing (NLP) at Scale: Much of real-world data is locked in free-text
doctor’s notes, pathology reports, and imaging narratives. Advancements in NLP -
especially healthcare-tuned language models — are needed to extract clinically meaningful
information (symptoms, adverse events, disease progression) reliably at scale. For
instance, understanding that “patient’s tumor progressed on Drug X” in an oncologist’s
note is crucial for outcome analysis. We recommend dedicated support for clinical NLP
research, including multilingual capabilities, given the diversity of patient populations.

o Data Harmonization and Integration: Al tools that can automatically map and normalize
data from different sources (different EHR vendors, pharmacy records, wearables) into a
common representation. Building on standards like FHIR, the government can fund
projects that create “Al-ready” datasets by cleaning and linking disparate data, so that
researchers spend less time data-wrangling and more time on analysis.

By advancing Al for RWE, we enable continuous learning in healthcare. This is critical for
regulatory science (e.g., evaluating drug performance outside controlled trials) and for providers
making data-driven decisions. A robust federal push here will accelerate the development of
learning health systems where data from every patient, in every setting, can inform best practices
and innovation. In cancer care, for example, unlocking RWE with Al could reveal which treatments
work best for which subgroups, or flag safety issues earlier. These are outcomes squarely in the
public interest and deserving of federal R&D support.

Explainable, Trustworthy, and Fair Al in Healthcare

Need: The “black box” nature of many Al models is a major barrier to adoption in high-stakes
clinical decision-making. Doctors, regulators, and patients are understandably cautious about
algorithms that cannot explain their rationale. If an Al recommends a cancer treatment or flags a
patient as high-risk, stakeholders need to understand why — both to trust the recommendation
and to verify it aligns with clinical logic and ethical standards. Additionally, biases in Al systems
(often reflecting biases in training data or societal disparities) can inadvertently perpetuate or
even worsen healthcare inequities. There is mounting evidence of this risk: for example, a widely
used health management algorithm was found to systematically underestimate the needs of
Black patients, because it was trained on healthcare cost data that under-reflects the care Black
patients receive (Racial Bias Found in a Major Health Care Risk Algorithm | Scientific American).
Such biases can deny certain groups access to necessary interventions, exacerbating disparities.
Ensuring Al is transparent, interpretable, and fair is not just an academic concern — it is essential
for patient safety, ethical integrity, and public acceptance of Al in medicine. Yet, developing
explainable and bias-resistant Al often requires fundamental advances (and interdisciplinary work
with ethicists and social scientists) that profit-driven development may not prioritize.
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Priority: Fund research and development of Al methods that are inherently interpretable or offer
robust explanations for their outputs, as well as techniques to audit and ensure fairness. Key
efforts should include:

o Interpretable Models and XAl Tools: Support the creation of algorithms that are more
transparent by design (e.g., causal models, rule-based learners, generalized additive
models with pairwise interactions) and post-hoc explanation techniques (like saliency
maps, concept extraction, and natural language explanations) tailored for clinical use.
These techniques must be evaluated in real clinical contexts — for instance, can an Al
explain its prediction for risk of sepsis in a way that a bedside nurse and physician find
useful and actionable? The federal government can establish benchmarks and testbeds to
assess explainability methods on healthcare tasks, driving competition to improve them.

e Fairness and Bias Evaluation Frameworks: Develop standardized protocols and toolkits to
detect bias in clinical Al systems — for example, evaluating model performance across race,
gender, socioeconomic status, and other key demographics. Federal agencies (in
collaboration with groups like the NIH and FDA) could require that any Al used in
healthcare undergo such an evaluation. We recommend funding research into bias
mitigation strategies, such as re-sampling techniques, fairness-constrained machine
learning, or adversarial debiasing methods that can be applied during model training.
Importantly, fairness is not just a technical metric but a societal one — thus support should
also go to community engagement and participatory design approaches, bringing diverse
patient perspectives into Al development.

e Human-Al Collaboration: Ensure that Al in healthcare is developed with a human-
centered approach, aiming to augment rather than replace clinical judgment. This means
researching how clinicians actually interact with Al recommendations, and how to present
Al outputs in a user-friendly, confidence-calibrated manner. It may involve new interfaces
(e.g., an Al “consultant” that can answer follow-up questions about a recommendation) or
workflow integrations so that using the Al is seamless rather than burdensome. Cross-
disciplinary research (bringing together Al designers, cognitive psychologists, and health
professionals) is needed to get this right.

By making Al explainable and worthy of trust, we will unlock its full potential in medicine.
Physicians are far more likely to use a decision support Al if it provides clear reasoning or
supporting evidence, just as patients will trust Al-influenced care if they know it’s been vetted for
fairness and accuracy. These are areas where federal R&D investment can set guardrails and
quality standards, ensuring that as Al adoption grows, it does so in a way that upholds our values
of transparency, equity, and accountability. In essence, we must strive for Al that doctors can
comfortably “talk to” and validate, and that we as a society are confident will do no harm and
indeed help close gaps in care rather than widen them.

Al for Public Health and Health Security

Need: Beyond individual patient care, Al can be a game-changer for public health surveillance,
epidemiology, and the security of our healthcare infrastructure. The COVID-19 pandemic showed
both the promise of data-driven outbreak modeling and the gaps in our preparedness. Al could
help detect infectious disease outbreaks earlier, predict their spread, and optimize response (such

as vaccine distribution) — literally saving lives and economic costs. It can also strengthen health
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system resilience by optimizing supply chains for critical medical supplies or predicting hospital
capacity needs during surges. However, these applications often fall outside the primary profit
motives of industry; they are classic public goods where federal leadership is needed.
Additionally, some public health data (e.g., epidemiological, environmental) may be fragmented
across government agencies or not immediately accessible to tech companies. A concerted
federal effort can integrate these data and pose public health challenges that spur Al innovation.
Health security is also national security: threats like engineered pathogens or bioterrorism, as well
as natural pandemics, require Al tools for rapid detection and response. Ensuring we have cutting-
edge Al for these scenarios is squarely a federal responsibility.

Priority: Support Al R&D focused on public health outcomes and preparedness:

e Predictive Epidemiology: Develop Al models that utilize diverse data streams — clinical
reports, pharmacy sales, social media, climate and vector data, genomics of pathogens,
even wastewater signals — to identify emerging health threats and forecast their
trajectory. Investments should be made in federated data networks and privacy-
preserving analytics so that, for example, hospitals can contribute de-identified data to
national outbreak models in real time. Challenge programs (perhaps through NIH or CDC)
could task Al teams with improving early detection of specific diseases (flu, COVID
variants, etc.) by X%.

o Resource Allocation and Supply Chain Al: COVID taught us that supply chain bottlenecks
(for PPE, ventilators, drugs) can cripple response. Al optimization models can forecast
demand and manage distribution logistics for critical supplies during public health
emergencies. Federally funded research could simulate various disaster scenarios and use
Al to devise robust strategies for allocation of limited resources (beds, medicines) to
minimize loss of life.

¢ Biosecurity and Pandemic Response: Support Al that can aid in the rapid development of
medical countermeasures. For instance, Al-driven protein folding and generative models
(like AlphaFold or others) can accelerate vaccine or therapeutic design by predicting viral
protein structures or suggesting drug candidates. Also, anomaly detection Al on health
data that might flag a possible bioterror event or novel pathogen faster than traditional
surveillance. While some of this overlaps with defense, a coordinated health-focused
effort is needed.

By prioritizing Al for public health, the Strategic Plan ensures that advances in Al benefit not only
individual healthcare consumers but also strengthen our collective health security. This focus will
maintain U.S. leadership in using Al for societal resilience — a domain where we cannot afford to
lag. Importantly, many innovations here (like better disease detection algorithms) will spin back
into everyday healthcare, improving, for example, early diagnosis of illness in clinical practice.
Federal investment in this space epitomizes high-impact Al for the public good, saving lives on a
large scale and safeguarding our communities against 21st-century health threats.

Secure Data Infrastructure and Privacy-Preserving Technologies
Need: Progress in all the above areas is fundamentally limited by the challenge of data -
accessing large-scale, diverse, high-quality health data while rigorously protecting patient privacy

and rights. Al thrives on data, and to develop robust models (especially in a country as diverse as
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the U.S.), researchers need access to training data that reflect many populations and scenarios.
Yet health data is rightly sensitive and heavily regulated (e.g. by HIPAA); it's siloed across
thousands of providers and institutions; and even when accessible, often not in usable formats.
Moreover, companies guard proprietary datasets as competitive assets, slowing collective
progress. The federal government has a critical role to play in creating an environment where
data can be shared or utilized safely and ethically at scale for Al R&D. This includes advancing
technologies that enable data to be used without compromising privacy (so that individuals’
medical information isn’t exposed or misused) and establishing standards that make data from
different sources “talk” to each other. In addition, generating synthetic health data — realistic but
artificial patient records — offers a promising route to provide Al developers with abundant data
without privacy issues. However, synthetic data generation methods need improvement to
ensure realism and utility. Building a secure data infrastructure for health Al is akin to building
roads and bridges for commerce: it is enabling infrastructure that the market alone will
underprovide, but once in place, it benefits the entire ecosystem.

Priority: Invest in and coordinate the development of privacy-preserving data sharing
technologies, synthetic data, and interoperability standards for health data. Key components:

e Privacy-Enhancing Technologies (PETs): These include federated learning, homomorphic
encryption, secure multi-party computation, and differential privacy techniques, all
tailored to health data scenarios. Federated learning allows multiple institutions to
collaboratively train Al models on their local data, sending only model updates (gradients)
to a central aggregator — so raw patient data never leaves the source site. Homomorphic
encryption allows computations on encrypted data. Differential privacy adds noise to
outputs to protect individual identities. The government should fund at-scale pilots and
implementations of these PETs in healthcare, effectively creating a national distributed
data network for research. A compelling example comes even from beyond Earth: NASA
researchers recently demonstrated a federated learning framework between the
International Space Station and Earth, training biomedical models without sending down
raw data — instead exchanging secure model updates, even using synthetic data to
supplement training. If such privacy-preserving Al is feasible in space, we can certainly
deploy it across hospitals here on Earth. The Strategic Plan should make secure federated
Al a cornerstone, so that major health systems, government agencies, and companies can
work together on Al models without ever pooling sensitive data.

¢ High-Fidelity Synthetic Health Data: Support the development of tools to generate
realistic synthetic patient datasets that can be used for Al training and testing. Synthetic
data, if properly generated, can mimic the statistical properties of real clinical data
without representing actual individuals. This can greatly lower barriers for Al development
since it avoids privacy concerns. HHS's Synthea project is one example — it generates entire
synthetic health records for hypothetical patients based on disease progression models.
We recommend expanded efforts to create synthetic datasets for critical use cases (e.g.,
rare disease cohorts, multi-modal cancer patient journeys), and validation frameworks to
evaluate how well Al trained on synthetic data performs on real data. Federal leadership
can also clarify regulatory stances on using synthetic data (for instance, encouraging its
use for algorithm benchmarking or software validation).

¢ Interoperability and Data Standards: Continue to drive standardization (building on HL7
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FHIR, OMOP common data model, etc.) that makes disparate health data easier to
aggregate and analyze. The goal should be a future where, with patient consent, data from
any electronic health record system, lab, imaging device, or wearable can flow into
research repositories in a consistent format. This may involve funding open-source tools
for data mapping and cleaning, and enforcing compliance with interoperability rules for
any federally funded health IT systems.

Investing in this data infrastructure yields a multiplier effect: it empowers all researchers, lowers
the friction to develop and deploy Al, and ensures that privacy and security are baked into the
foundation of health Al innovation. Without these enabling investments, efforts in other areas
will be piecemeal and siloed. With them, we can create a learning healthcare system at national
scale, where insights derived from millions of patients can rapidly inform care — all while keeping
personal data safe. In summary, just as past generations invested in public utilities, we must now
invest in the data infrastructure and privacy technology that will fuel American leadership in Al-
driven health breakthroughs.

Federated learning-based Al approaches in smart healthcare: concepts, taxonomies, challenges
and open issues - PMC Figure: Federated learning architecture for healthcare. In this approach,
local nodes (e.g., Hospital 1...Hospital n) train Al models on local data and share only model
parameters with a central aggregator in the cloud. The aggregator updates a global model and
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sends improvements back to each node. This privacy-preserving design allows hospitals to
collaboratively build powerful Al models without exchanging sensitive patient records. Such
federated Al networks, combined with encryption and audit trails, are a cornerstone of the
envisioned national infrastructure for health Al.

Il. Novel Mechanisms to Accelerate Al R&D Through Partnerships

Achieving the above priorities will require not only funding specific research topics, but also
innovative partnership models and policy mechanisms to unite stakeholders and translate
research into practice. Al in healthcare sits at the intersection of multiple sectors — academia,
government, healthcare providers, technology companies, startups, and patients. The federal
government can play a catalytic role in bringing these parties together in pre-competitive
collaboration and smoothing regulatory pathways. We propose several mechanisms to include in
the strategic plan:

o Federally-Facilitated Health Data Trusts & Collaboratives: Establish pre-competitive
consortia focused on pooling data and knowledge for Al research on specific diseases or
public health challenges. For example, a “National Oncology Al Data Collaborative” could
be formed to enable hospitals, research centers, patient advocacy groups, and industry
partners (including companies like Massive Bio) to securely share data or to train
federated models collectively. The government would provide governance,
legal/compliance frameworks, and seed funding to ensure these collaboratives operate
ethically and with privacy safeguards. By lowering traditional barriers (legal liability,
competitive secrecy), such data trusts would unlock multi-institutional datasets of
unprecedented scale. This would accelerate development of Al models that are more
generalizable and powerful — e.g., an Al trained on oncology data from 100+ institutions
rather than 5. The ARPA-H ACTR program we are part of is a microcosm of this approach,
showing how a federated network can engage many partners toward a common goal.
Making it a broader national endeavor — potentially through NIH or NSF — could bring
similar models to other domains (cardiovascular, neurology, etc.). This allows progress
without centralizing data, overcoming a major hurdle in health Al R&D.

¢ “Grand Challenge” Initiatives for Healthcare Al: Launch ambitious, milestone-driven prize
competitions focused on specific high-impact Al applications. Modeled after past
successes in driving innovation (such as DARPA’s Grand Challenges in autonomous
vehicles), the government can define audacious but achievable targets — for instance, “Al
for Early Cancer Detection” (develop an Al that can predict cancer at least 6 months before
current methods for a certain type), or “Al for Reducing Maternal Mortality Disparities”
(an Al system that demonstrably reduces the gap in maternal outcomes between different
demographics). These challenges would come with funding, public recognition, and
perhaps regulatory support for piloting the solutions. They signal national priorities and
attract a wide pool of problem solvers, including non-traditional participants and
interdisciplinary teams. By focusing energy on clear objectives, Grand Challenges can yield
breakthrough prototypes and galvanize public excitement. Importantly, they also produce
shared datasets and evaluation metrics (as teams need common test data to compete),
which remain valuable community resources after the competition.
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Regulatory Sandboxes for Al in Healthcare: Create structured “safe spaces” where
innovators can work closely with regulators (FDA, CMS, etc.) to test and validate Al
technologies under real-world conditions and oversight. For example, a sandbox program
could allow a hospital or company to deploy a new Al diagnostic tool in a limited clinical
setting, with continuous monitoring and frequent feedback from FDA on what evidence
would be needed for broader approval. This iterative approach would accelerate learning
on both sides — developers better understand regulatory requirements and failure modes,
and regulators gain familiarity with cutting-edge Al techniques, informing future
guidelines. Such sandboxes would be time-bound and carefully monitored to protect
patients, but would reduce the lengthy dead time in the current process where an Al
might be developed in silico and not tested in clinical practice until very late. Sandboxes
could also address liability uncertainties by, for instance, providing certain protections
during the evaluation phase. We recommend OSTP and NITRD coordinate with FDA’s
Digital Health Center of Excellence to implement at least one Al healthcare sandbox
program within the next year or two. Areas like Al-driven medical imaging analysis or
clinical decision support for sepsis could be good pilots. Ultimately, this will speed up the
translation of Al research into safe and effective medical products, by providing a
pragmatic bridge between the lab and widespread use.

Al Workforce Development for Healthcare: Address the talent and knowledge gap by
investing in the next-generation workforce that is fluent in both Al and health. This
involves integrating Al training into medical and nursing education, as well as adding
healthcare domain knowledge to data science curricula. For instance, federal grants could
support the development of joint degree programs (MD/MS in Data Science, or PhD in Al
with clinical rotations), internship programs bringing computer science students into
hospitals and conversely clinicians into tech companies, and continuing education for
current health professionals on Al tools. We also need more “translators” — people who
understand both worlds and can facilitate adoption of Al in clinical settings. The plan
should encourage interdisciplinary fellowships and career development awards at the
intersection of Al, medicine, and public health. Furthermore, diversity in this workforce is
key: ensuring opportunities for underrepresented communities in Al and biomedical data
science will lead to more inclusive innovation. By building a workforce pipeline, we ensure
the sustainability of our Al R&D initiatives and the ability to implement them broadly. In
the near term, a national short-course curriculum on “Al for Healthcare” could be
disseminated to all academic medical centers, supported by NIH/NSF, to rapidly raise the
baseline expertise.

Each of these mechanisms — data collaboratives, grand challenges, sandboxes, and workforce
programs — serves to knit together the strengths of government, academia, and industry in
service of the public. They recognize that solving healthcare Al challenges is not just about
algorithms, but about ecosystems and people. We urge the Strategic Plan to incorporate such
innovative models, as they will greatly amplify the impact of federal R&D investments and shorten
the path from research to real-world benefits.

I1l. Conclusion
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Artificial intelligence holds unprecedented promise for transforming healthcare — from
accelerating research, to improving clinical outcomes, to making care more efficient and
accessible, and even bolstering our defense against public health crises. Realizing this promise will
improve quality of life for millions of Americans, strengthen our economy, and ensure U.S.
leadership in a critical technological frontier. Massive Bio is committed to being at the forefront of
this transformation, particularly in oncology and clinical trials, where we have seen firsthand how
Al can connect patients with lifesaving options that might otherwise be missed. But no single
organization can unlock Al's full potential in healthcare alone. It requires strategic, sustained
federal R&D investment focused on foundational challenges, enabling infrastructure, and those
areas of market failure where only government coordination can align incentives with societal
needs.

In this comment we have highlighted priority areas — from foundational Al research in biology, to
Al for clinical trials, real-world evidence, explainability and fairness, public health applications,
and the underpinning data infrastructure — where federal leadership is both necessary and highly
impactful. We have also outlined mechanisms to accelerate progress through collaboration,
sandboxes, and workforce training. Collectively, these recommendations chart a path for the 2025
National Al R&D Strategic Plan to catalyze breakthroughs that benefit all Americans. By
prioritizing health and biomedicine within the national Al agenda, OSTP and NITRD will ensure
that the coming era of Al innovation is one that directly translates into longer, healthier lives and
a stronger society. This is a moment for bold vision: just as past federal initiatives led to the
internet and GPS, a concerted initiative now can create an Al-enhanced healthcare system that
seems miraculous by today’s standards — curing diseases faster, tailoring treatments to
individuals, and extending cutting-edge care to every corner of the country.

Massive Bio stands ready to collaborate with the government, academia, and other industry
partners to advance this critical national priority. We are optimistic that, with the right
investments and policies, the United States will remain the world leader in trustworthy Al for
health, and in doing so, will secure a future where innovation and compassion go hand in hand.

We thank you for considering our input and for your commitment to harnessing Al for the public
good.

Sincerely,

Dr. Arturo Loaiza-Bonilla, MD, MSEd

Co-Founder & Chief Medical Officer

Massive Bio, Inc.

Chief of Hematology and Oncology, St Luke’s University Health Network

Submitted on behalf of:

Massive Bio, Inc.

90 West Street #12M, New York, NY 10006, USA
Point of Contact:

e Name: Dr. Arturo Loaiza-Bonilla, MD, MSEd, FACP (Co-Founder & Chief Medical Officer)
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