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Title attribution: William F Gibson (Author)

His second formulation:
“The future is already here; it's just not evenly distributed.”



Atherosclerosis and beyond

We still want to address risk stratification and prevention for non-
atherosclerotic cardiovascular disease:

o HF & cardiomyopathy (PREVENT is a start)
o Aortopathy

e Arrhythmia

o Valvular heart disease

o Stroke

... and to improve our ability to identify long-term atherosclerosis risk in
all individuals, not just near-term risk in older men.






Emerging technology & how we can use it

e Omics
o Common variant genetics
o Proteomics
o Metabolomics
o CRP, Lp(a), etc

e Digital data

o ECG
o Imaging
o Text

e Machine learning/ artificial intelligence
e Widespread availability of sand that can think
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Common variant genetics




Thoracic aortopathy as a motivating
example

e 60% of the variance in ascending aortic diameter is attributable
to common-variant genetics (heritability is 60%)

e Can conceptualize heritability as: “If you had a perfect polygenic
score...”



Enlarged aortas: not
widely documented

30,018 participants

696 (2.3%) w/ ascending aortic
diameter = 4cm

, , EEEEEEEEEEEEEEEEEEEEEEEEEEEER
2 (0.3%) had diagnosticcodes EEEEEEEEEESEESEEEEEEEEEEEEEEEEE
: . EEEEEEEEEEEEEEEEEEEEEEEEEEEER
for thoracic aortic aneurysm EEEEEEEEEEEEEEEEEEEEEEEEEEEER
. EEEEEEEEEEEEEEEEEEEEEEEEEEEERN
prior to MRI EEEEEEEEEEEEEEEEEEEEEEEEEEEEE
EEEEEEEEEEEEEEEEEEEEEEEEEEEERN
EEEEEEEEEEEEEEEEEEEEEEEEEEEEHN
: P EEEEEEEEEEEEEEEEEEEEEEEEEEEER
AneurysmdiagnosisinQofthe g o gy e e SIS EEEE N
N=45 w/diameter =24.5cm

. Undetected . Detected



Ascending aortic
Clinical score construction Polygenic score creation
diameter estimation
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Thoracic aortic
dissection risk prediction

Y

Pirruccello JP, et al. The AORTA Gene score for detection and risk stratification of ascending aortic dilation. European Heart
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Comprehensive aortic diameter
prediction model (AORTA Gene)
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Journal. 2024.



Diameter-independent dissection risk: PRS
HR 1.7 per SD even after you have
measured the aortic diameter

B Risk of incident dissection
Model N Dissections associated with the Dissection-PRS HR 95% Cl P-value
Dissection-PRS + CRF 159 —— 2.27 [1.96; 2.62] < 0.001
Dissection-PRS + AscAoD 18 o 1.65 [1.08; 2.53] 0.021
Dissection-PRS + AscAoD + CRF 18 o 1.74 [1.12;2.70] 0.013
I T 1
0.75 1 1.5 4

Hazard ratio per 1 SD change in PRS

DePaolo J. et al. Predicting Thoracic Aortic Dissection in a Diverse Biobank Using a Polvegenic Risk Score. JACC Adv. 2025:4:101743.



Absolute R? change if removed
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PRS for CAD is not well explained by observable risk factors

PRS must exert its
Influence through the
physical world... but not
necessarily through
traditional risk factors.

Opportunity to figure
out what these factors

are so that we can
observe them.

Remainder of Top 8% of GPScap

population fiistribution Eyane
Number of individuals 265,859 23,119
Coronary artery disease 7,061 (2.7%) 1,615 (7.0%) < 0.001
Age, years 56.9 (8.0) 56.7 (8.1) < 0.001
Male sex 120,673 (45%) 10,410 (45%) 0.29
Hypertension 73,982 (28%) 7,477 (32%) < 0.001
Type 2 diabetes 5,240 (2.0%) 613 (2.7%) < 0.001
Hypercholesterolemia 35,042 (13%) 4,559 (20%) < 0.001
Current smoking 24,399 (9.2%) 2,200 (9.5%) 0.09
Family history of heart disease 94,117 (35%) 10,101 (44%) < 0.001
Body mass index, kg/m? 27.3 (4.7) 27.6 (4.8) < 0.001
Lipid-lowering therapy 43,923 (17%) 5,589 (24%) <0.001

Khera AV, et al. Genome-wide polygenic scores for

common diseases identify individuals with risk equivalent
to monogenic mutations. Nature Genetics. 2018




P.RS for atrial 081 LA+482 A+95 A +105
fibrillation — — —

Additive beyond clinical
risk scores

C-Index

ASPREE (older
population: age = 70)

Fransquet PD, et al. Genomic Risk Prediction of Incident Atrial Fibrillation in Older Individuals

Without Prior Cardiovascular Disease. JACC: Advances. 2025



PRS for atrial

fibrillation

Greater ‘lift’ for women CHARGE-AF in women

(but lower overall risk) CHARGE-AF alone 0.606 (0.016)
CHARGE-AF with AF-PRS & PCs 0.716 (0.014)
C-Index A +11%

CHARGE-AF in men

CHARGE-AF alone 0.620 (0.018)
CHARGE-AF with AF-PRS & PCs 0.686 (0.016)
C-index A +6.6%

Fransquet PD, et al. Genomic Risk Prediction of Incident Atrial Fibrillation in Older Individuals

Without Prior Cardiovascular Disease. JACC: Advances. 2025
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Polygenic scores for
myocardial infarction

More informative for the
young.

A | HR for Ml per 1-SD increase in CAD PRS

2.5+

2.0-

HR for MI per 1 SD of PRS

1-0 I I I I I I I
40 45 50 55 60 65 70

Age, y

Marston NA, et al. Predictive Utility of a Coronary Artery Disease Polygenic Risk Scorein

Primarv Prevention. JAMA Cardiology. 2023.



Polygenic scores for
myocardial infarction

Little iInformation loss
when removed from
model predicting Ml in
older adults.

Lots of information loss
when removed from
model for younger
adults.
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Marston NA, et al. Predictive Utility of a Coronary Artery Disease Polygenic Risk Scorein

Primarv Prevention. JAMA Cardiology. 2023.
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Polygenic scores for
myocardial infarction
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Primarv Prevention. JAMA Cardiology. 2023.



Somatic variation and M| under age 50

B CHIP and Early-Onset Myocardial Infarction

No. of Participants with
Myocardial Infarction/

Subgroup No. at Risk Odds Ratio (95% ClI) P Value
ATVB E

No mutation (reference) 1716/3293 :

Mutation 37/43 5 o 5.4 (2.3-13.0) <0.001
PROMIS :

No mutation (reference) 2488 /3844 E

Mutation 52/65 : i 3.4 (1.8-6.5) <0.001
Fixed-effects meta-analysis ! ‘ 4.0 (2.4-6.7) <0.001

| lr 1 1 | !
0.5 1 2 4 8 16

Jaiswal S, et al. Clonal Hematopoiesis and Risk of Atherosclerotic Cardiovascular Disease.



I’'d like to know:

e Willwe be able to develop tools to infer appropriate allele weights
for ancestry-specific alleles, mitigating ancestry bias?

e Ifwe do achieve heritability-saturating polygenic scores, what
does that buy us in terms of prediction for CV disease?

e Whydoes the (age*PRS) interaction not hold for non-ASCVD?



Proteomics




CRP: the original proteomic marker

DISCUSSION

These prospective data indicate that the base-line
plasma concentration of C-reactive protein in appar-
ently healthy men can predict the risk of first myocar-
- dial infarction and ischemic stroke. In addition, the
-~ - risk of arterial thrombosis associated with the level of
C-reactive protein was stable over long periods and
was not modified by other factors, including smoking
status, body-mass index, blood pressure, or the plas-
ma concentration of total or HDL cholesterol, tri-

Mo
1

Relative Risk of Myocardial
Infarction (per quartile of

Plasma C-reactive protein level)

o

0-2 2-4 4-6 =6

Years of Study Follow-up

Ridker PM, et al. Inflammation, Aspirin, and the Risk of Cardiovascular Disease in
Apparently Healthy Men. New England Journal of Medicine. 1997.



CRP: the original proteomic marker
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T 4 m - brinogen, or homocysteine. In contrast, the benefits
= - Afci‘i?: of aspirin in reducing the risk of a first myocardial in-
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Ridker PM, et al. Inflammation, Aspirin, and the Risk of Cardiovascular Disease in
Apparently Healthy Men. New England Journal of Medicine. 1997.



Blood proteomics can improve risk
stratification for cardiomyopathy

C Model Clinical Clinical + proteins

Celiac disease —
Diabetic neurological complications —
Hyperparathyroidism —

Dilated cardiomyopathy —

ﬁ

Other interstitial pulm

Liver fibrosis, sclerosis and cirrhosis

Diabetes Type |

Menorrhagia and polymenorrhea

Multiple myeloma and malignant plasma cell neoplasms
COPD

Nemeantia

I I I I

Carrasco-Zaninil. et al. Proteomic sichatures imbprove risk prediction for common and rare diseases. Nat Med. 2024:30:2489-2498.




Olink proteomic score for cardiorespiratory
fitness

Polyprotein risk score
for fitness (including
21-protein panel)

Perrv AS. et al. Proteomic analvsis of cardiorespiratorv fithess for prediction of mortality and multisvstem disease risks. Nat Med. 2024.



HERITAGE
N=742

®
o L - e
= p=0.71, p<2.2e 16 o "‘. -® |
£ 50- ® e » Sece
~ ® ¢ © L _tGe ®
O ./ )
¢ T REIP-K 200 o SPEC
OC\J ’ ¢ o {:Of} - ,* ’..:0
g e ‘.0~ pe °
= 30+ ® % » ' o *®,
> »
@ o0 o " ‘%0‘ Y
= ® p
6\‘ 204 @ 0“ . X io‘a
> r "f n". °® 1
<3 -2 1 0 : 2 3

Proteomic CRF score

Perrv AS. et al. Proteomic analvsis of cardiorespiratorv fithess for prediction of mortality and multisvstem disease risks. Nat Med. 2024.



C Incident ischemic Incident atrial
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PRS and proteomics seem to be additive,
not multiplicative

Term ~® Protein Interaction ~* PRS
l S
Ischemic heart - . - S 3
. 35
disease : Q. <
Atrial fibrillation - - : ? % é
and flutter =
1.0 0.5 O 0.5

5

Perrv AS. et al. Proteomic analvsis of cardiorespiratoryv fitness for prediction of mortalitv and multisvstem disease risks. Nat Med. 2024 .



Proteomic changes after 20 weeks of endurance exercise training

245 out of 4,914 proteins
significantly changed
after 20 weeks of
exercise training (N=443)

Robbins JM, et al. Plasma
proteomic changes in response to
exercise training are associated

with cardiorespiratory fithess
adaptations. JCI Insight 2023.
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We need to understand the genetic
architecture of proteomics to maximally
benefit

Predicts
(hon-causal)
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We need to understand the genetic
architecture of proteomics to maximally
benefit

Predicts
(hon-causal)

Here, cis-QTLs are simply noise - model
them to improve your prediction



I’'d like to know:

e Arethere protein sets that can help us distinguish near-term risk?
Ultra-long-term risk?

e What is the value of repeat measures?

e Could some be used as surrogate endpoints?



Deep learning: image models




Masking the 4-chamber MRI

Raw MRI Segmented MRI

)
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il . - FJ \
Brundage JN, et al. Genetics of Cardiac Aging

Implicate Organ-Specific Variation. medRxiv Images reproduced by kind permission of UK Biobank ©




Estimating age from cardiac MRI CINEs: error = signal

Brundage JN, et al. Genetics of Cardiac Aging
Im pl_icate Organ-SpeciﬁC Variation. medRxiv Images reproduced by kind permission of UK Biobank ©



Cardiac age acceleration is not associated
with all age-related diseases

4ch Heart Age Acceleration

Acute coronary syndrome N=576

Aortic aneurysm N=113
Aortic stenosis N=165

Atrial fibrillation N=859

Cancer N=1948

Chest imaging ordered by a physician N=1380

Death N=745
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Interpretabllity can be a lie

X Delete the left atrium,
run the age model:

model ~all predictive
power

= Left atrium must be
Important!

Images reproduced by kind permission of UK Biobank ©



Interpretabllity can be a lie
™ Delete the left atrium,
train a new age model:

model regains ~all
predictive power

&

Images reproduced by kind permission of UK Biobank ©



Opportunistic screening?




Opportunistic screening?

Implies that you had a
reason for imaging in the
first place...




Broadening access to noninvasive imaging:
automated LVEF measurement

3,769 Echocardiogram studies
were assessed for eligibility

» 274 Studies were unable to
be traced by sonographer

3,495 Studies underwent randomization

1,740 Studies assigned 1,755 Studies assigned
to Al guidance to sonographer guidance Image |—
l i encoder
1,740 Studies underwent 1,755 Studies underwent
cardiologist evaluation cardiologist evaluation /

He B, et al. Blinded, randomized trial of sonographer versus Al cardiac function



Broadening access to noninvasive imaging:
automated LVEF measurement
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Deep learning ECG models




Building an ECG representation
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ECG-age (y/o)

Abstract representations: ECG-Age

MAE = 6.90
Diff = -1.03(+/-)8.69

S R & $
Chronological age (y/o)

Cumulative incidence (%)

CV-cause mortality

0.51
Gender, age-adj HR:

[ECG-age - Age] >7 3.49 (1.74, 7.01)
0.44 [ECG-age - Age] -7to 7 Reference

[ECG-age - Age] <-7 0.37 (0.19, 0.76)
0.3
0.2
0.1+
0.0 == T

0 3 6

years



ECG models for atrial

fibrillation

BWH

20 %+ Highrisk using:
— ECG-Al and CHARGE-AF
: - ECG-AI Only
Non-redundant with CHARGE-AF Only
clinical predictors, X 15 % None
additive risk L
©
®
p = 100/0‘
()
=
©
-
-
O 5 /O-I
Khurshid S, et al. 0 %-
Electrocardiogram-based Deep 1 2 3 4 5
Learning and Clinical Risk Factors Stratum Years
to Predict Atrial Fibrillation. ECGAIONY: 6223 5738 5305 491 4630 4399
: ] CHARGE-AF Only: 4326 3912 3494 2994 2810 2518
Circulation 2021 None: 14528 13005 11570 10294 9763 8901



ECG models for
aortic aneurysm

Not just informative in
the middle of the
distribution, but help
identify individuals with
clinically relevant
dilation

Demarais ZS, et al. Estimating
ascending aortic diameter
from the electrocardiogram.
medRxiv

Top 2.5% of
ECGAI-TAA Score
|

0 5 10 15 20 25
Odds ratio for ascending aortic dilation (>=4.0cm)
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EchoNext: detecting
cardiac structural
abnormality from ECG

Poterucha TJ, et al. Detecting
structural heart disease from

electrocardiograms using Al.
Nature. 2025.
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Little bias by race and ethnicity for one
ECG-LVEF model

Receiver Operating Characteristic
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... but nonzero ability to distinguish race
and ethnicity raises possibility of future bias
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I’'d like to know:

e Have the ECG models saturated, or can we extract further
Improvements by continuing to scale up?

e |sthere an ECG equivalent to the genetic concept of heritability,
which would let us know this answer theoretically and not just

empirically?



Patient as latent space
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EHR-based generative models for short-
term risk prediction
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Is it really about the patient?

Could these be powerful tools? Yes: physicians are smart.

The contents of the EHR are, in part, a function of what
physicians decide to investigate; how they do so; and what

they find.

May be appropriate to think of the EHR as a “sensor” that
probes what physicians are already thinking about.



Final thoughts




Genetic risk
o Aonce-in-a-lifetime blood sample yields (a small amount of)
information about every disease
o Greatest relative information gain is in low-risk groups
o Could we eventually understand the pathways well enough to let us
observe them all, obviating genetic risk?
Proteomics
o Which markers most useful short term? Long-term?
o Value of repeat measures?
o Future use as surrogate endpoints?
Deep learning models of sensor data
o ECG seems much easierto deploy broadly than imaging...
Latent models from EHR data
o Ifthese are just sending the physician’s diagnostic workup, may have
little value for our purposes.



Challenges

e Differential performance & benefit across sex, race, ethnicity

e Implementation challenges:
o Proprietary algorithms: $$3$
o Open-source algorithms: whose job?
e Few proven preventive interventions in aortopathy, valvular heart
disease, and cardiomyopathy
o These gapsrepresent research opportunities
e Possibility of surrogate endpoints
o How can we understand value for people with low near-term risk but
elevated long-term risk?
o How to demonstrate validity of surrogate endpoints?
e Knowledge is harm
o Consequence of information for insurance, privacy



| used your fancy new tool; now what?

We never build predictions from just one lab value. (The PREVENT
score is not just LDL.) Why should we do them from just one ML tool?

The output of these new tools should be seen as inputs to

comprehensive new models that can give us actionable outputs to
help make rational decisions.
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