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Advancing Al for Older Adults

Executive Summary

The SCAN Foundation (TSF) and the Coalition for Health AT (CHAI) launched a collaborative
planning grant to advance equitable Al solutions for older adults.

This initiative, spanning 6 months from January — July 2025, was structured in three key phases:

1. A foundational literature review and gap analysis (Jan - Feb 2025)

2. Individual stakeholder interviews with experts across the community (March — April 2025)

3. A series of roundtables bringing experts together to discuss the 3 emerging core themes (May
2025)

This project set out to lay a robust foundation for developing representative datasets and
fostering best practices for applying Al equitably in healthcare for vulnerable populations,
specifically older adults in underserved and marginalized communities. By engaging healthcare
practitioners and stakeholders, this grant was to identify gaps, clarify use cases, and establish
pathways for deploying Al solutions that address health disparities effectively and ethically.

Older adults exhibit significant interindividual variability in needs and multimorbidity, leading to
heterogeneous data that results in inconsistent Al use, applicability, and performance. Existing
datasets fail to adequately represent older adults - particularly those over 85 - and from diverse
socioeconomic backgrounds, increasing the risk of bias and inequitable Al applications. Current
Al models targeting this population suffer from inconsistent testing, training, and validation
methods, limiting real-world effectiveness and generalizability. For example, Al applications in
cancer diagnostics, frailty detection, and dementia risk prediction show promise but lack robust
validation for older populations which limits their efficacy. The lack of standardized data means
that there are variable definitions, such as how researchers define an older adult. The wide
variation in Al applications across medical specialties, use cases, and machine learning tasks
further compounds these challenges, creating an Al landscape that fails to address the highest-
priority needs of older adults. Adoption challenges, including usability concerns, digital access
barriers, and limited Al literacy among older adults, must be addressed to enhance engagement
and ensure meaningful impact.

The findings from Phase 2 & 3 reinforce a point that can be applied to communities outside older
adults: that Al needs to be developed with a deep understanding of the population it’s being
deployed on.

Certain actionable insights emerged for the design of more effective Al:



- The full complexity of older adults’ lives demands linkage between clinical, behavioral,
and social inputs, and a nuanced understanding of the settings people live in.

- We underutilize existing infrastructure for understanding social determinants of health
(for example, there being little incentive and adoption of “z” billing codes')

- Establishing consistent approaches to behavioral phenotyping and building a common
data model are critical enablers

- Governance models and community partnerships are also key to making data usable and
trustworthy across settings

Patient centricity should then be applied to deployment:

- Real-world validation, both local and external, of models cannot be an afterthought but
must be embedded in the design lifecycle and be actionable and responsive to diverse
care settings

- Deployment of Al shouldn’t assume high digital literacy, but be built into systems that
are adaptive, useful, and non-invasive.

Conclusion

This grant crystallized a vision and roadmap for advancing Al in older adult health care. Armed
with a deeper understanding of the challenges, potential strategies, and bringing together a
network of stakeholders in this space, The SCAN Foundation and CHAI have laid an important
foundation to catalyze action. Ultimately, this initiative strives to ensure that Al serves the needs
of older adults - improving health outcomes, supporting independent living, and reducing
disparities - by building solutions that are inclusive, evidence-based, and anchored in the lived
realities of our aging population.

Introduction

The healthcare landscape is undergoing a paradigm shift driven by the transformative power of
artificial intelligence (AI). Traditional (predictive) Al systems have already proven useful for
analyzing medical data, diagnosis, treatment planning, and drug discovery. Nevertheless, the
track record of new Al technologies in healthcare is one marked by a growing digital divide,
with greater health disparities for underrepresented populations over time. For example, facial

1Z codes in medical billing are used to indicate factors influencing a patient's health status or need for
healthcare services, rather than a disease or injury



recognition algorithms have often demonstrated lower accuracy for people of color, with a 2019
NIST study finding that facial recognition technology disproportionately misidentified Asian
Americans and African Americans at a rate 10—100 times that of white American (Grother et al.,
2019). In another example, the lack of older adult patients in clinical studies leads to
unrepresentative datasets, which in turn leads to unfair and inequitable performance in models
applied to older adult patient care (Mace et al., 2022). These examples underline the need for
increased representation in training datasets for vulnerable populations to ensure the
implementation of trustworthy, responsible Al for all.

Meanwhile, the global population of older adults is growing rapidly, with projections indicating
that by 2050, more than 2.1 billion people will be over the age of 60, with 80% living in low-
and middle-income countries, according to the World Health Organization. For the first time in
history, older adults now outnumber children under five. In the U.S., nearly a quarter of the
population will be over 65 by 2060, the Census Bureau reports. And aging populations face
significant health challenges: the National Council on Aging says that nearly 93% of adults 65
and older have at least one chronic condition, while nearly 79% have two or more. And The U.S.
Surgeon General has declared loneliness a public health crisis, equating its impact on mortality
to smoking 15 cigarettes a day.

As Al promises to transform healthcare, ensuring its equitable application to older adults and
other priority populations, such as rural communities and marginalized groups, is critical.
However, the lack of standardized methods for Al development, testing, and validation limits the
effectiveness and real-world applicability of these technologies. Demand for older adult
healthcare is surging, and so are the risks of algorithmic bias in how Al is being deployed. We
cannot afford to leave this age group behind.

Phase 1: A foundational literature review and gap analysis (Jan - Feb 2025)
What we did

To assess the current landscape of Al applications in healthcare for older adults and identify key
research gaps, we started the project by conducting a structured literature review and dataset
cataloging process. A total of approximately 100 papers were reviewed, covering a range of Al
applications across different medical domains and use cases relevant to aging populations.


https://www.who.int/news-room/fact-sheets/detail/ageing-and-health
https://www.census.gov/content/dam/Census/library/publications/2020/demo/p25-1144.pdf
https://www.ncoa.org/article/the-top-10-most-common-chronic-conditions-in-older-adults/
https://abcnews.go.com/Health/us-surgeon-general-warns-dangers-loneliness/story?id=111050040

To further analyze the state of Al research for older adults, we extracted and cataloged datasets
referenced in the reviewed papers. The datasets were systematically classified based on
geographies, scale, age ranges and data sources. This dataset catalog provided a first insight into
the geographic distribution, demographic inclusivity, and structural composition of data used in
Al research for older adults.

For a more detailed methodology and bibliography, see Appendix 1.
What we found

We found that the reason Al solutions do not perform effectively or fairly on older adults is
because of three main factors:

1. High variability within data leading to low generalizability of models: Many models lack
local or external validation, limiting their effectiveness across different healthcare settings,
especially given the wide variability in older adults’ health profiles. Put simply, just because
you’re over 65, you won’t necessarily have similar characteristics to others in your age
category. Models deployed on older adults need to be trained, tested and validated on highly
variable datasets.

2. Low representation in datasets leading to bias performance: Datasets often
underrepresent individuals aged 85 and older, use overly broad or inconsistent age groupings,
and fail to capture the diversity of aging experiences - particularly among those with complex
medical and social needs. This lack of representation and poor data stratification leads to
biased Al outcomes and reduced clinician trust.

3. Poor training data leading to poor adoption: Care data is highly fragmented, with most
information in unstructured formats that hinder interoperability and coordinated care. There
are positive retirement and longitudinal datasets being created at the state-level, but open-
access datasets for aging populations remain scarce. Even when tools are developed, nearly
40% have shown no benefit over standard care in trials, and adoption among older adults is
low due to usability barriers and limited digital access.

Conclusion

This Phase underscored several critical issues: highly heterogeneous health data in older
populations, older adults (especially 85+ are significantly underrepresented in current healthcare
datasets, fragmented data sources, inconsistent definitions (e.g. what counts as “older adult”),
and widespread omission of social and behavioral factors in data collection. These findings
established a compelling need for targeted efforts to improve data quality, representation, and
validation methods for Al in geriatric care.



Phase 2: Individual stakeholder interviews with experts across the community (March —
April 2025)

What we did

We went out to CHAI’s network to test these findings with leading experts in the field. We held
structured focus interviews with nearly 30 individuals representing 22 organizations, spanning
health data companies, community health providers, and aging-focused associations. A full list
of interviewees are listed in Appendix 2.

What we found

Four key focus areas have emerged as a framework for the Phase 2 findings:
1. Establishing standardized best practices and techniques for behavioral phenotyping

There is currently no consistent method for defining older adults’ health and behavioral profiles
in Al development. Data on aging populations is highly fragmented across clinical, home-based,
and community systems, making it difficult to develop accurate or personalized Al tools. Most
models lack integration of key social and behavioral determinants of health.

2. Leveraging/creating a common data model for data standardization at scale

Interviewees identified the urgent need for a shared data model to harmonize disparate datasets
and facilitate cross-institutional learning. A well-designed CDM can bridge clinical, behavioral,
and community data sources and enable scalable phenotyping. However, data standardization
alone isn’t enough - semantic alignment, quality checks, and data governance are needed to
ensure true interoperability. Linking CDM frameworks to longitudinal aging studies and real-
world datasets (like OCHIN’s 13-million-patient warehouse) could dramatically improve data
inclusivity for rural, underserved, and oldest-old populations.

3. Model training, validation and local testing of “agetech” Al solutions

Without meaningful evaluation in real-world settings, Al tools for older adults often fall short of
their intended impact. Participants emphasized embedding model validation directly into the
local testing lifecycle, ensuring solutions are safe, equitable, and fit-for-purpose. A four-tiered
framework (see Appendix 3) - ranging from local threshold adjustment to federated retraining -
offers pathways for adapting Al tools to diverse older adult populations. Trust-building
partnerships with community groups are critical to ensure that local testing includes meaningful
engagement with patients, caregivers, and community leaders.

4. Playbooking to ensure patient-centric design and deployment of Al solutions.

Current Al tools are often built around technical capabilities rather than the lived experiences of
older adults. Interviewees noted a widespread lack of older-adult-specific design features,



leading to poor adoption and low utility. Voice-based interfaces, passive monitoring, and
ambient technologies were cited as promising alternatives to app-based tools. A shared playbook
for patient-centered design and deployment - drawing from lessons across industry and
community contexts - could help developers avoid common pitfalls and build more inclusive,
sustainable solutions for aging populations.

Conclusion

Phase 2 confirmed the major gaps we’ve found - from data fragmentation and lack of standard
practices, to challenges in validation, deployment, and user-centric design. The emerging
framework from focus interviews with key experts are a first step in solutionizing what we
would be taking to future funders.

Phase 3: Three-part roundtable series (May 2025)
What we did

CHALI hosted three 60-minute virtual roundtables focused on key areas from the Phase 2
framework. Each session’s goal was to refine solution design for the upcoming RFP deliverable
and to build a network of potential delivery partners. We had around 20 experts attend each
roundtable, themed according to the framework:

1. Data Structure & Standardization
2. Model Validation
3. Local Testing & Patient Engagement

The notion site with full agenda, context and objectives created for attendees can be found here.
What we found
Key findings from Roundtable 1: Data Structure and Standardization

The conversation centered on the importance of patient trust and purpose-driven approaches to
social determinants of health (SDoH) data collection. Older adults are often willing to share
sensitive social risk information when approached with clear intent and personalized care, in a
trusted environment. However, there are significant gaps in the utilization of structured coding
systems like Z codes. While relevant SDoH data exists, it is rarely documented in structured
formats due to limited incentives, provider burden, and concerns around legal implications or
discriminatory use. This challenge is compounded by the limitations of electronic health records


https://simplistic-city-4b9.notion.site/The-Scan-Foundation-CHAI-Laying-the-Foundation-for-Data-to-Inform-AI-ML-Solutions-for-Marginalize-1ed1699134b1808c85e1c0f777debc87?pvs=74

(EHRs), where social and behavioral data are inconsistently captured - often embedded in
unstructured narratives - leading to biased, fragmented datasets and limited interoperability. To
advance equity in healthcare Al, models must integrate multi-modal data sources - including
clinical, behavioral, and social information - and be validated for bias, especially to ensure that
the diverse experiences of aging populations are accurately represented and addressed.

Key findings from Roundtable 2: Model Validation — Local Testing and Performance
Tuning

When reimagining Al validation infrastructure for community-based aging care, participants
emphasized that validation processes must be lightweight, automated, and scalable, avoiding
reliance on high-resource environments. The group explored the benefits of hybrid validation
approaches, combining centralized validation across diverse sites with optional, workflow-
specific local testing.

A major challenge discussed was the unsustainability of manual ground truth generation?, which
often depends on labor-intensive chart reviews and clinician input. Instead, participants proposed
standardizing endpoint definitions® and developing automated pipelines to generate validation
data more efficiently.

Finally, the roundtable underscored the critical importance of incorporating unstructured, social,
and conversational data - often the most effective way to detect hard-to-surface risks such as
social isolation, transportation barriers, or abuse. Participants agreed that for validation to be
equitable and scalable, it must integrate non-traditional data sources, support low-lift
deployment, and be co-developed with communities from the outset.

Key Findings from Roundtable 3: Patient Engagement, Co-Creation, and Local Testing

The third roundtable focused on the critical role of patient and caregiver engagement in Al
development, especially for older adults in underserved or hard-to-reach settings. Participants
emphasized that human-centered co-design must be foundational, with tools like entrepreneur-in-
residence programs and design workshops allowing developers to build trust, observe real
workflows, and co-create solutions alongside older adults and staff that doesn’t disrupt too much.
Early testing in simulated environments, followed by gradual deployment in real-world clinical
or community settings, was suggested as a best practice for responsible and inclusive
implementation.

2 Manual ground truth generation involves human experts labeling data to create a reference set for training
and evaluating machine learning models.

3 Standardizing endpoint definitions is crucial for ensuring comparability and interpretability of results across
different studies. This involves establishing clear, objective criteria for measuring outcomes, particularly for
events like death, myocardial infarction, stroke, and revascularization



A key theme was the need to involve caregivers and reflect community diversity from the outset.
Caregivers bring invaluable lived experience and must be compensated for their time and insight.
Moreover, developers should engage local networks - such as borough-specific organizations,
immigrant groups, and community-based service providers - before initiating product
development. This approach ensures that solutions are contextually relevant and equitable.

Participants also addressed persistent barriers to patient access, particularly outside of
institutional settings. Older adults who are socially isolated or without caregivers often fall
through the cracks. Most Al pilots still rely heavily on university or health system data, missing
broader real-world representation. Targeting programs like PACE and working with faith-based
organizations were recommended as effective strategies to reach more diverse populations.

Ultimately, equity demands thoughtful design, compensation for engagement, and standards that
ensure inclusion of underserved groups in both development and deployment.

Conclusion

The three roundtables reinforced the need for trust-based, purpose-driven data collection,
lightweight and scalable validation infrastructure, and meaningful patient and caregiver
engagement from the outset. Al models must be built on more inclusive, multi-modal datasets
and validated for bias using real-world, non-clinical inputs such as social and conversational
data. Validation approaches should be automated, standardized, and locally adaptable so
everyone can participate, regardless of resources. Al solution co-design with patients and
caregivers, flexible deployment across community-based settings, and intentional outreach to
underserved groups are essential to ensure relevance, usability, and impact.



Appendix 1: Literature Review Methodology

To assess the current landscape of artificial intelligence (Al) applications in healthcare for older
adults and identify key research gaps, we conducted a structured literature review and dataset
cataloging process.

Literature Search Strategy

We refined the search criteria with The SCAN Foundation to ensure relevance to older adults
and healthcare Al applications. A systematic search was conducted on PubMed, using the
following search terms:

e "artificial intelligence older adults healthcare"
o "artificial intelligence older adults healthcare" [Title/Abstract]
e "artificial intelligence older adults' [Title/Abstract]

A filter was applied to limit results to studies published within the past year, ensuring that the
findings reflect the most recent advancements in the field. A full list of the identified research
papers is provided in the bibliography.

Review and Analysis of Al Applications

From the curated paper set, we documented:

e Successful applications of Al in healthcare for older adults, focusing on areas such as
diagnostics, treatment optimization, risk prediction, and decision support.

e Gaps in research, including limitations in model validation, dataset diversity,
generalizability across populations, and integration into clinical workflows.

A total of approximately 100 papers were reviewed, covering a range of Al applications across
different medical domains and use cases relevant to aging populations.



Dataset Cataloging and Classification

To further analyze the state of Al research for older adults, we extracted and cataloged datasets
referenced in the reviewed papers. The datasets were systematically classified based on the
following attributes:

e Country of origin

e Number of participants

e Age range of the study population

e Data source, including clinical records, wearable sensors, genomics, and survey-based
datasets

This dataset catalog provides insight into the geographic distribution, demographic inclusivity,
and structural composition of data used in Al research for older adults. The full list of datasets is
available in a publicly accessible spreadsheet: Dataset Inventory.

Limitations

While this methodology captures a literature review of recent Al research for older adults,
limitations include:

e Potential publication bias, as studies reporting successful Al applications may be more
likely to be published than those with negative or inconclusive findings.

e Dataset accessibility issues, as not all referenced datasets are publicly available for
independent validation.

e Non-systematic nature - as decided with The SCAN Foundation, we did not do a fully
scientific systematic review, so there may be gaps in knowledge. We were instructed to
read an indicative set of papers to lead us to a set of hypotheses that we could test and
validate in upcoming phases.

Findings
Use Case Commentary

1. Al is demonstrating promise in key medical specialties, though challenges remain in
applicability and real-world validation for older adults:

a. Oncology: Al shows promise in cancer diagnostics, treatment response prediction,
and therapeutic dose optimization, but faces challenges in adapting to older adults'
needs and analyzing complex biological datasets.

b. Orthopedics and Physical Therapy: Wearables and machine learning models have
demonstrated potential for fall risk prediction and sarcopenia prevention, yet require
validation in real-world settings for better data on effectiveness.


https://docs.google.com/spreadsheets/d/1tPjuLAu7RpwYOZ1dGzpDYFKjJtfnb2zzBJe2P8xpnP4/edit?usp=sharing

c. Frailty: Emerging tools like the Electronic Frailty Index (eFI) and Al-enabled frailty
prediction for heart failure patients can enhance care, but integration with clinical
workflows remains a challenge, limiting data on real-world impact.

d. Neurology and Psychology: Al-based models for cognitive impairment, depression,
and dementia prediction have shown high accuracy, though gaps remain in addressing
diverse subgroups and real-world applications.

2. Insights for effective data curation, Al development, and Al use in aging
populations:

a.

High quality multimodal data: Al models that integrate diverse data sources
(e.g., pathology slides, radiologic images, biomarkers, EHRs, wearables, genetic
data) tend to have higher performance.

Real-world variability: Some of the most successful Al-driven interventions
(e.g. oncologic treatment response models, and frailty screening tools) have been
validated in clinical or real-world settings.

Importance of transparency and explainability: The effectiveness of Al in
aging populations depends on clinician and patient trust—especially in fields like
cancer treatment planning, where models like Watson for Oncology and ChatGPT
have fallen short due to lack of explainability and adaptability.

Precision Al shows promise: Al-driven dose optimization, tailored sarcopenia
interventions, and personalized dementia risk models highlight the need for
individualized Al-driven decision-making.

Wearables can reduce hospitalizations but need more user-centered design:
Wearable-based fall prediction and real-time health monitoring have
demonstrated success in reducing hospital admissions and adverse events.
However, multiple studies cite the discomfort and suspicion of wearables by the
population.

Al-augmented decision-making support: The most successful applications (e.g.,
cancer diagnostics, frailty screening, cognitive decline detection, polypharmacy
management) enhance clinical decision-making by providing predictive insights
based on large datasets, rather than attempting to fully automate decision
processes.

Gaps in validation/generalizability of models need to be addressed: Al models
for fracture risk, disability prediction, and social robotics for cognitive health
show great promise but need broader validation across diverse populations.

3. Key over-arching challenges:

a.

Generalizability & external validation
i. Many Al models lack external validation which limits their transferability
across healthcare settings.



ii. The variability in older adults’ health needs complicates Al
standardization and integration into clinical workflows.
b. Data representation & bias
1. Older adults, especially those aged 85+, are underrepresented in Al
training datasets.

ii. The majority of datasets do not include age-disaggregated data. Some
even use binary distinctions of ‘young’ and ‘old’.

iii. Many datasets treat individuals 65+ as a single category, or have defined
‘older adults’ inconsistently (e.g. 40+, 50+, 65+) disregarding critical age-
specific differences.

iv. Training data lack diversity required to ensure Al models perform
consistently in minority populations and in individuals more representative
of the aging majority (e.g. those with complex social and medical needs).

v. Effective balancing techniques are inconsistently applied to data.

vi. Disproportionate exclusion of aging populations from clinical trials leads
to limited clinical and real-world data on treatment effectiveness—
especially in those with multiple co-morbidities, social support limitations,
and limitations in activities of daily living. This also impacts clinicians’
trust in using or applying an Al solution in these populations, and
similarly limits the adoptability/use of direct to patient tools.

c. Data interoperability & accessibility
1. Fragmented care data and inconsistent patient tracking reduce Al’s
effectiveness in care coordination.

ii. The dominance of unstructured text data (up to 80% of health records)
means data is not standardized, highly variable, and largely
uninteroperable, which limits AI’s applicability.

iii.  There is a scarcity of open-access health datasets available for research
and development.

d. Limited clinical utility & adoption
i. A review of 65 randomized controlled trials found that nearly 40% of Al
tools for aging populations provided no added clinical benefit over
standard care.

ii. Acceptability of Al technologies is also low among older adults due to

usability challenges and limited access to digital infrastructure.

Research Trends & Gaps

e Disease prevalence vs research: Many conditions that disproportionately affect older
adults receive little Al-focused research.

e Increasing data diversity: Large-scale longitudinal studies, such as UK Biobank and All
of Us, integrate clinical, genomic, and environmental data to advance precision medicine.



Studies are increasingly merging clinical, genetic, and environmental data to create a
holistic view of health.

e Age group definitions vary, mixing summary statistics (e.g., median, mean) with
categorical age ranges (e.g., 40+, 50+, 65+).

e Need for Global Inclusion: While studies in South Africa (HAALSI), Brazil (ELSI), and
India (LASI) expand representation, research on aging populations in low- and middle-
income countries remains scarce.
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Conclusion

This proposal outlines a clear pathway from standards development to data development,
providing a structured approach that we can practically advance in collaboration with NIA, NIH,
and other key stakeholders. Our next step is for CHAI, in its role as convener, to bring together a


https://docs.google.com/spreadsheets/d/1tPjuLAu7RpwYOZ1dGzpDYFKjJtfnb2zzBJe2P8xpnP4/edit?usp=sharing

diverse set of stakeholders—including 5-10 researchers, 5-10 model developers, 5-10 health
systems serving older adults, and 5-10 older adult patients. This convening will ensure that our
standardization efforts are directly aligned with the real-world needs of those impacted. We will
focus on high-impact conditions such as diabetes, cardiovascular disease, and dementia to
maximize the relevance and utility of these standards in improving health outcomes for older
adults.

Dataset List

e ASFNR Multicenter Dataset

e Comprehensive Gerontology Survey

e UK Biobank

e Our Future Health

e Genomics England

e MAP (Memory and Aging Project)

e Health and Retirement Study (HRS)

e English Longitudinal Study of Ageing (ELSA)

e Survey of Health, Ageing and Retirement in Europe (SHARE)

e CHARLS (China Health and Retirement Longitudinal Study)

e ADNI (Alzheimer's Disease Neuroimaging Initiative)

e Allof Us

e Korean Longitudinal Study of Ageing

e The Irish Longitudinal Study on Ageing

e Mexican Health and Aging Study

e Indonesia Family Life Survey

e Japanese Study on Aging and Retirement

e Study on Global Ageing and Adult Health

e Global Aging Data Repository

e Costa Rican Longevity and Health Ageing Study

e HAALSI (Health and Aging in Africa: A Longitudinal Study of an INDEPTH
Community in South Africa)

e NICOLA (Northern Ireland Cohort for the Longitudinal Study of Ageing)
e ELSI (Brazilian Longitudinal Study of Aging)

e HART (Health, Aging, and Retirement in Thailand)

e LASI (Longitudinal Aging Study in India)

e SPS (Chilean Social Protection Survey)

e MARS (Malaysia Ageing and Retirement Survey)

e OpenSafely
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Appendix 2: Phase 2 Interviewees

Data Organizations:

1.

Ana Vanessa Ploumpis and Nick Gossen, Director of Growth Strategy and Head of
Growth from Dandelion Health

2. Nick Chedid, Clinical Lead from Qualified Health
3. MaryBeth Chalk, Co-Founder and Chief Commercial Officer from BeeKeeper Al
4. Guy Tsafnat and Greg Miner, Co-Founders and CEO of Evidentli
5. Paula Edwards, Senior Director of Data Science Strategy at Emory's Goizueta Brain
Health Institute, and Daniel Smith, Manager, Cancer Analytics and Reporting at Winship
Cancer Institute of Emory University — part of OMOP/OHDSI community
6. Pelu Tran, CEO of Ferrum Health
7. Calum Inverarity, Senior Researcher of Open Data Institute
Community Health
1. Nate Favini and Neil Batlivala, CEO and Chief Medical Officer at Pair Team
2. Dan Katz, VP of Corporate Development at Homeward Health
3. Silas Buchanan, CEO of OurHealthyCommunity
4. Jen Stoll and Anna Zimbrick, SVP, External Affairs and Development Director at Ochin
5. Michael Hughes, United Church Homes
Associations:
1. Scott Code, Vice President, Center for Aging Services Technologies (CAST),
LeadingAge
2. Vanessa Camozzi, Senior External Relations Advisor at AARP
3. Rick Robinson, VP at Age Tech Collaborative (AARP)
4. Erica Schorr, Fellow at American Heart Association, and Chair, Adult and
Gerontological Health Cooperative at University of Minnesota School of Nursing
5. Vicki Shepherd, Board of Blooming Health
Vendors:
1. Dor Skuler, CEO and Founder of Intution Robotics (ElliQ)
2. Ron Goldman and Boaz Goan, CEO of Wisdo
3. Lois Drapin, CEO of Drapin Group
4. Craig Tanio, CEO and Founder of Rezilir Health
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5. Victor Wang, Friendi.fi & Care.Coach
6. Nima Roohi, Co Founder | Chief Executive Officer of Blooming Health
7. John Wall and Debayan Das, Founder and Al Director for MiiCare

Appendix 3: Validation Techniques

Ferrum Health outlined several examples of clinical areas where Al tools can be calibrated
locally to better serve older adults, including thoughtful threshold adjustment to reduce both
under- and over-treatment:

Clinical
Area

Chest X-
ray (CXR)

Fractures

Osteoporo
Sis

Lung
Nodules

Prostate
Lesions

Coronary
Artery
Disease

Example of
Al Model in
Use

Al nodule
detection

Al-based
fracture
detection

Bone density
scoring Al

CT-based
nodule
detection

MRI prostate

lesion Al

AI CAC
scoring

Lowering Threshold Use
Case

Catching more subtle lung
nodules in elderly patients

Detecting minor fractures
that may require intervention

Identifying early
osteoporosis risk

Ensuring small but
potentially malignant
nodules are flagged

Detecting high-risk prostate
cancer early

Identifying high-risk patients
for earlier intervention

Increasing Threshold Use Case

Avoiding false positives from
benign fibrosis

Reducing alerts for non-actionable
osteoporotic fractures

Preventing overdiagnosis in cases
where lifestyle changes are
sufficient

Avoiding unnecessary workup of
benign age-related changes

Avoiding unnecessary biopsies for
indolent lesions

Preventing overestimation of
cardiovascular risk in elderly
patients

To operationalize these insights, Ferrum and others proposed a four-category framework for
local testing and model validation, increasing in complexity and collaborative scope:

e Local Threshold Adjustment: Modifying decision thresholds (e.g., risk score cutoffs) at
individual institutions to better match older adult characteristics—quick to implement and
regulation-friendly, but limited if models are fundamentally biased.

e Local Model Retraining: Fine-tuning existing models using local datasets that include
older adults. This improves accuracy and fairness but requires data science infrastructure
and governance.




Federated Threshold Adjustment: Leveraging CHAI’s Health Al Registry to coordinate
shared insights about model behavior in older populations, allowing consistent threshold
tuning without data sharing.

Federated Model Retraining: Using federated learning to retrain models across
institutions without exchanging patient data. This produces generalizable models for
older adults but is resource-intensive and technically complex.
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