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Why cardiac MRI (CMR)
for Fontan patients?




Many papers showing utility of CMR in Fontan Pts
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CMR parameters predict death and transplant

416 Patients Total Fontan Cohort

Age =16 yrs 14% (57/416) Death/Transplant
Follow-up = 5.4 yrs

< 156 mL/BSAL3 > 156 mL/BSAL3
9% (35/373) Death/Tx 51% (22/43) Death/Tx

< -7% (Better GCS) > -7% (Worse GCS)
44% (14/32) Death/Tx 73% (8/11) Death/Tx

Boston Chcldrens Hospital
eart “r (EDV = end-diastolic volume, Tx = transplant, GCS = global circumferential strain) Meyer SL, Rathod RH. JACC 2021:2480-9



CMR parameters predict death and transplant

416 Patients EDV, < 156mL/BSA!3
Age = 16 yrs 9% (35/373) Death/Transplant
Follow-up = 5.4 yrs

NYHA Class

< Class Il > Class |l
4% (12/296) Death/Tx 30% (23/77) Death/Tx

> 30% < 30%
3% (8/278) Death/Tx 22% (4/18) Death/Tx

@ Boston Children’s Hospital
leart Cent: (NYHA = New York Heart Association, SVGI = SV global function index) Meyer SL, Rathod RH. JACC 2021:2480-9



CMR parameters predict death and transplant

Transplant Free Survival
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Single Center Multicenter




Fontan Outcome Registry using CMR Examinations

Phase 1 Phase 3

\{
b 4

Launch Build FORCE
the the Research Expansion
Registry Platform

www.FORCEregistry.org



Launched Nov 2020




www.FORCEregistry.org 42
Centers

Fontan Outcome Registry using CMR Examinations
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Fontan Outcome Registry using CMR Examinations

4180+

Patients

Ce4n.t%rs Q St%cﬂés



Fontan Outcome Registry using CMR Examinations

Phase 1 Phase 3

\{
b 4

Launch Build FORCE
the the Research Expansion
Registry Platform

www.FORCEregistry.org



FORCE data sources
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J REDCap
Clinical Surgical Testing Qutcome

escarch Electronic Data Captur
History History Data Events

An Intelerad Company

Raw CMR Images




FORCE data workflows (" onelogin )
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Human QA N azon Data cleanup & Data wrangling
webservices Automated QA & statistics
An Intelerad Company / \
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m Weekly QA Internal QA Site payment
reports to centers reports reports

Al to enable
FORCE research




FORCE has a big data problem

6,378 CMRs ()

« Poor reproducibility of CMR-
derived measures across centers

312,824 Series

* Not enough time or resources to

18,289,883 Images manually core lab metrics

* Researchers need a common set

8 TB of ) .
- y of CMR-derived metrics

Image Data




FORCE has a big data problem

6,378 CMRs

>8 TB of
Image Data




Created new infrastructure to support Al/DL

*Most all autonomous processes
made possible by Docker +
Amazon ECS.

docker

AMBRA < AWS ECS >

3a. On arrival to S3, data is

(Container platform + service) processed viathe SageMaker Amazon
platform, enabling ML jobs (pre-
1 Data routed from Ambra to built algorithms configured with Sag eMaker
Gateway configured on an AWS g s (Machine learning platform)
EC2 instance. Routing triggered '
by ECS + Docker containerized

3c. Manually determined labels
Python scripts. are used for training data, and
to improve live model results

using “active learning”
: approach, i.e., human-in-the-
. labeljin loop (HITL) learning.
vide ground truth for nv::vr':(:orc? to
models,” " ™S @ 74
2. Data logged and copied to Amazon S3 - T
Amazon S3 and DynamoDB .’ m\ )
(NoSQL DB). Raw DICOM files pre- (Data storage) O3 0
[y
—

processed on the EC2 server.

Amazon < _ IE
EC2 \ T » / Labeling T
(Virtual servers) E [.IE workforce Ifg

4. Predicted labels, as well as segmented
Amazon DocumentDB images output by model, stored in an

DynamoDB and S3.
m Al = artificial intelligence; DL = deep learning




A framework for Al to have meaning
Red squares represent the hard work

Train
model \
\ Label /
features :
(supervised) Validate Integrate
model into the
EXEET real world

data
Feature extract /

/7 (unsupervised)

Prepare & Test
transform
data € model
Re-iterate optimizing for model performance

ldentify an

important
problem




Using Al/deep learning In layers

= 508) = 50%) 2 $0%) = $0%)
— — —

Al to Al to Al to Al to
identify identify segment the QA the
sequences the heart ventricles segmentation

- : Human = 30 minutes (EDV/ESV only)
‘ Human = 3 hours (all phases)

Al = 90 seconds (all phases)

EDV = end diastolic volume; ESV = end systolic volume
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Radiology:Artificial Inteligence

Just Accepted | Currentissue | Alllssues | Collections ¥ | ForAuthors ¥ | CLAIM |

Home > Radiology: Artificial Intelligence > VOL. 0, NC. ja

Original Research o

A Deep Learning Pipeline for Assessing Ventricular
Volumes from a Cardiac Magnetic Resonance Image
Registry of Single Ventricle Patients

2Tina Yao*, “Nicole St. Clair*, "Gabriel F. Miller, “Adam L. Dorfman DMark A. Fogel, Sunil Ghelani
IYRajesh Krishnamurthy, UChristopher Z. Lam, “&'Michael Quail, Joshua D. Robinson, David Schidlow
Timothy C. Slesnick, Justin Weigand, “jennifer A. Steeden, “2Rahul H. Rathod, “SVivek Muthurangu

m Yao T, Muthurangu V. Radiology Atrtificial intelligence 2024:e230132




Validation of AI/DL for ventricular size/function

« Scaled algorithms against
5,447 CMR examinations

« Completely autonomous
process

« Manual human review of
every segmentation

Estimated hours
saved = 16,341

Al = artificial intelligence; DL = deep learning



Validation of AI/DL for ventricular size/function

« Scaled algorithms against
5,447 CMR examinations

« Completely autonomous
process

« Manual human review of
every segmentation

Estimated hours
saved = 16,341

Excellent Edits needed



Validation of AI/DL for ventricular size/function

- Scaled algorithms against Al accuracy per slice
5,447 CMR examinations ‘

« Completely autonomous
process

« Manual human review of
every segmentation

Estimated hours
saved = 16,341

2%

Excellent Edits needed



Autonomous AIl/DL pipeline for 2D flow

Al SVC  Human Al Fontan Human

Al LPA Human




Early validation of AI/DL for 2D flow Is promising

Test pipeline on 1987 patient exams Qualitatively assessed pipeline segmentation
Vessel
B (PA [0 RPA [0 A0 B SVC [=3 IVC
100~ 965 96
90
82 B2
80 - i
a—‘{ 60 -
Registry &
o
¥ 40-
&
20 - 18
12
5 4 4 5
0 B Ig-»- l.1.000
Acceptable Not Acceptable Misclassified Missing
Rating
Classification Success = 98% Segmentation Success = 89%

Al = artificial intelligence; DL = deep learning



Other AI/DL pipelines In progress

Ventricular 3D Fontan + CFD
Strain PA Segmentation Modeling

m CFD = Computational Fluid dynamics

4D Flow




Why Is this important?

« To be a research platform, efficient centralized
Infrastructure and processes are essential

— Our data sources (especially the CMR images) are
complex and often too big for researchers to digest

— There are many common image post-processing needs for
research projects

 This infrastructure will facilitate and accelerate the
number of centers and researchers who can exploit this
very large and rich dataset

FORCE




FORCE research studies in progress
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Fontan Outcome Registry using CMR Examinations

Phase 1 Phase 3
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Launch Build FORCE
the the Research Expansion
Registry Platform

www.FORCEregistry.org



FORCE Expansion: Cardiac CT

FORCE registry to include patients with a Cardiac CT (CCT)
New CCT module with targeted data points + image upload

Addresses important selection bias

Introduces new topics for research
studies




FORCE Expansion: FALD

 Tremendous clinical and scientific interest in Fontan-
associated liver disease (FALD)

 New FALD module that includes targeted data points +
Image upload

— MRI + CT liver
— MR + Ultrasound elastography




Conclusions
* FORCE Al tools enable

— Considerable time savings
— Reproducible, consistent analyses, and derivative data

« Unparalleled opportunities for research with large, robust
datasets

« Demonstrates the power of collaboration

 FORCE is a mission-directed research platform aimed at
accelerating scientific discovery to improve the lives of
patients with single ventricle heart disease

FORCE




ThankYou

rahul.rathod@childrens.harvard.edu
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