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Number of pediatricians per 100,000 children

Number of pediatricians per
100,000 children <18 years old*
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Can we increase the number of specialists as
population grows?

e US: 3000 pediatric cardiologists — pediatric population +4M per year
* Ontario, Canada: 50 pediatric cardiologists, none in Thunder Bay

* Mexico: Congenital heart disease (CHD) is the second most common
cause of death in children under 5

* India: 300 pediatric cardiologists for a population of 1.39B people
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Brain Sci. 2023, 13(3), 487; https://doi.org/10.3390/brainsci13030487
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Neural networks
More data + more compute = more accuracy

Now
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Scale (data size, model size)
Courtesy, Jeff Dean, Google



Biased or nonrepresentative developers @
.

Diminished accountability @ \

Enabling discrimination @

Limited or poor info on population
characteristics

Unrepresentative data or small sample
sizes

Bias ingrained in data

Inclusion of sensitive variables

@ roster aiversity

, Train developers and users

y f\’ Engage the broader community

Improve governance

Improve diversity, quality, or quantity
of data

Exclude sensitive variables to correct

Exclusion of sensitive variables
Limited reporting of information on
protected groups

Algorithms are not interpretable
Optimizing algorithm accuracy and
fairness may conflict

Ambiguity in and conflict among
conceptions of equity

Proprietary algorithms or data
unavailable for evaluation

Overreliance on Al apps
Underreliance on Al apps @ P g

Repurposing existing Al apps outside .
original scope

Application development or @
implementation is rushed

for bias

Include sensitive variables to correct

for bias

Enforce fairness goals

Improve interpretability or
explainability of algorithm

Evaluate disparities in model
performance

Use equity-focused checklists,
guidelines, and similar tools

Increase model reporting and
transparency

Seek or provide restitution for those

@ negatively impacted by Al

% Avoid or reduce use of Al

Provide resources to those with less
@ access toAl

Unequal access to Al @&

Berdahl C et al. JMIR Al 2023



Brittleness of deep learning

...the performance of models for brain tumor
segmentation and chest radiographic
Interpretation worsens when the models
are validated on external data connected
at hospitals other than those used for
model testing.

The Current and Future State of Al Interpretation of Medical Images
Pranav Rajpurkar, Ph.D., and Matthew P. Lungren, M.D., M.P.

June 2023

4.7 ™ NEW ENGLAND

*/=s/ JOURNAL of MEDICINE




But there is plenty of data

The 500 children’s
hospitals echo labs
generate ~6,000,000 TB
of labeled image data
per year



However centralized architecture will NOT work for Al
in medicine

* Not network preserving

ot

e Not real time

* Not privacy preserving






Tymothy Chou, Stanford, USA

Anthony Chang, Orange County, USA



Consumer world has designed a way to learn while
preserving privacy using federated learning

Aggregation Server

Siri improves accuracy
not by sharing an audio
recording centrally but
instead learning locally
and only sharing model
parameters




Edge Networking Service

Pediatric Applications

Edge Data Services
Digital Twin Applications
Edge Compute & Storage

Global, highly decentralized, in-the-building
cloud service

Cardiology Orthopedics Radiology

0 < [

Cancer Neurology Emergency
Medicine




Deployed globally in-the-building

Cardiology Orthopedics Radiology

0o @

Cancer Neonatology Emergency

Medicine
Edge Networking Each zone is
Service & private, secure.
Edge Compute Data stays in
& Storage the building.
BevelCloud

Machine






Simple Real-time, privacy-preserving real-time
emergency image sharing (Instagram style)

Deidentified data
Independent of infrastructure (4G/5G)
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Pediatric moonshot

* A Decentralized in-the-Building Edge Cloud Service

* One Hundred Servers, One Hundred Twinned Ultrasounds
 Large, Continuous Diverse Data Sharing

* Open-Source Cardiology Al App as an Edge Cloud Application
* Multi-site, multi-country IRB



Phase 1

* Echocardiography in children

* Train an algorithm to estimate LVEF through federated learning
* Measure its accuracy vs human measure

e Six pediatric hospitals connected so far



Al in medicine could reduce healthcare inequity,
lower cost and improve patient outcomes
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