Preventing heart disease:
with machine learning and
smartphone technology

Front Row Seminar, 2023

Ali Torkamani, Ph.D.
Professor, Integrative Structural and Computational Biology

Scripps Research

w Scripps Director of Genomics and Genome Informatics

Scripps Research Translational Institute

Resea rCh atorkama@scripps.edu

Science Changing Life @ATorkamani



Introduction to Ali

Ali Torkamani ¢ B2 FOLLOWING Cited by VIEWALL
Director at SRTI, Professor at Scripps Research Al Since 2018
Verified email at scripps.edu
Genomics Human Genetics Genome Informatics Bioinformatics  Individualized Medicine Citations 12174 7586
h-index 54 44
i10-index 92 82
[ TITLE : CITED BY YEAR 1700
Identification of ALK as a major familial neuroblastoma predisposition gene 1576 2008 1275
YP Mossé, M Laudenslager, L Longo, KA Cole, AWood, EF Attiyeh, ...
Nature 455 (7215), 930-935 850
The personal and clinical utility of polygenic risk scores 1207 2018 425
A Torkamani, NE Wineinger, EJ Topol
Nature Reviews Genetics 19 (9), 581-590 0

2016 2017 2018 2019 2020 2021 2022 2023
A primer on deep learning in genomics 627 2019
J Zou, M Huss, A Abid, P Mohammadi, A Torkamani, A Telenti
Nature genetics 51 (1), 12-18

Free Will ............... Genome Interpretation



Talk Outline

 What is Heart Disease, or Coronary Artery Disease? How to
prevent it? Why are we failing?

* Genetic Risk and how it can be used to improve prevention.
* Delivery of genetic risk. MyGeneRank and PEPRS Studies.

 Amplifying the benefits of genetics with Machine Learning



What i1s Heart Disease, or
Coronary Artery Disease?

How to prevent it? Why are we failing?



Heart Disease: The Silent Killer
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What Kills Us

Preumonia & Influenza (5.2%)

What the Media Covers
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What We Google

Our world in Data



What is Coronary Artery Disease?

Smoking
Lack of blood flow \

Male gender

Unhealthy diet

Hypertension

EllootOd Sedentary lifestyle \

Diabetes

Obesity
\ /

<«—— | Genetic variants

Blood clot
Coronary artery

Macrophages

Coronary arteries 3 Cleveland Clinic ©2022 RISK FACTORS



Preventing Coronary Artery Disease

Sleep Eat Well

Quit Smoking ‘%
E

Control Blood Pressure

Be Active

Life’s |
ssential

QY

Control Cholesterol anage Weight

Control Blood Sugar

Larson, Sophia, and Eugene Yang. "Prevention Guidelines: Does one size fit all?." (2019): 2181-2183.



What Underlies Lack of Adherence?

Worry about Side Effects

Wanted to Try Diet/Exercise

Didn’t Think | Needed One

Don’t like Taking Medication

Prefer Natural Remedies

Cost/Insurance Reasons

Don’t know / Other
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Genetics can identify those individuals who would benefit
most from lipid-lowering.
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The Genetics of Coronary
Artery Disease

How can genetic risk be used for prevention?



Basic Sources of Genetic Risk

Monogenic Risk Polygenic Risk
High Risk Variants Low Risk Variants
Low Heritability Explained Cumulatively Moderate Heritability
Binary Result Continuous Result
| »
° ° Aers or No? ' ‘
| | e
Average Risk High Risk Low Risk High Risk

~99% ~1%



Polygenic Risk Is Defined from Data from Millions of Genomes
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Genetics is Often Not Deterministic
. Genet'ic.alllly.-i_n.fqrmed Therapeutic Intervention
e v et o rovantion of a st et attack REVIEWS

The personal and clinical utility of

* Genetically-informed Disease Screening
» Accelerate traditional screening or initiate non-invasive

screening polygenic risk scores
* e.g.— accelerate mammography screening or circulating DNA testing Ali Torkamani(»"2*, Nathan E. Wineinger' and Eric J. Topol's
° I m prove the riSk benefit ratio of screen i n teStS With no net Abslr.dctdl Initiulleq‘)ec"lu!ions for gen(.)lvnewide u‘b?ociu‘l'ion. 5!L'u41lie5.v\'ue hif.;h.-m. lec'h 5(ut#e§
. . . promised to rapidly transform personalized medicine with individualized disease risk predictions,
beneflt When applled tO the general pOpU atlon prevention strategies and treatments. Early findings, however, revealed a more complex genetic
. eg . PSA teshng’ glaucoma Screening architecture than was anticipated for most common diseases — complexity that seemed to limit

the immediate utility of these findings. As a result, the practice of utilizing the DNA of an
individualto predict disease has been judged to provide little to no useful information.
Nevertheless, recent efforts have begun to demonstrate the utility of polygenic risk profiling to
identify groups ofindividuals who could benefit from theknowledge of their probabilistic

¢ Ge n eti cal Iy-i nfo rmed L ife P Ian n i n g susceptibility to disease. In this context, we review the evidence supporting the personal and
o Disease prog reSSiOn / seve rity informed by PRS clinical utility of polygenic risk profiling.
* e.g. neurodegenerative / neuropsychiatric conditions

Read more: Torkamani, et al. 2018



Lower Polygenic Risk is Associated with Healthy Aging

Wellderly: 80+ yrs old, no common diseases

Decreased Risk

Coronary Artery Disease

Q Alzheimer’s Disease

Erickson et al. Cell



Delivery of Genetic Risk

Can genetic information drive initiation and adherence to prevention?



Two Smart-Phone Approaches

MyGeneRank
* Open to all comers

« Basic inclusion criteria
* Bring your own genetic data

mygenerank.scripps.edu

PEPRS (prospective electronic polygenic risk study)

 Closed study
« Strict inclusion criteria
» De-novo data generation

vm




First in Class App Design

4:16

LOGIN i

PEPRS

Have your genetics tested and
learn your risks for Coronary Artery
Diseases.

Swipe up to le wmkwmu

Hello Jane

Quest Blood
Draw

START

O

FINISH

JD

here's your study tasks todo list

Import EHR

Consult with
your Physician
on Next Steps

JD
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More Information »

What can | change now?

Modifiable Risk Factors
hat P t \ statu
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¥

Behaviors

v

Medications
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Key Capabilities:

e Electronic Inclusion Criteria Screen
e Electronic Informed Consent

*  Privacy Preserving Technology
Biometric / PIN lock

e SMART FHIR EHR Data Collection

Objective Health Data - ONC’s Cures Act Final Rule

e  Mobile Health Data Collection

Objective behavioral data - Apple Health & Google Fit

e Quest Dx Patient Service Center

API Integration for Low-Pass Sequencing

* Interactive Results Viewing
Study Subject + Physician / Genetic Counseling Views

* Electronic Surveys
Self-reported Health, Behavior, and Psychosocial Data

e Risk Calculation, Dynamic
Interaction, and Counseling




MyGeneRank Study

Real-World Response to Polygenic Risk



MyGeneRank Experience — Participant Centric

Individual Education
& Self-Efficacy

Health Data ) () = 4 ) § X
EHR Health Info Exchange, and;
Mobile Health Data

Pre-existing DNA Data, or;
De-centralized Collection

Provider Education,
Confidence, & Utility



Response to CAD Polygenic Risk

wil ATRT LTE

{ Dashboard

12:42 PM

My Risk

Coronary Artery Disease Risk
Low Genetic Risk (15th percentile)

=

Compared to the majority of people with intermec
<, people with low genetic risk are 25% (0 75
nmes) Iess I|ke\y and people with high genetic risk are 30%
(1.3 times) more likely to experience an adverse coronary
event - including requiring a coronary artery bypass,
experiencing a heart attack, or dying from coronary causes.

Find a Genetic Counselor

How Can | Reduce My Risk

RISK SCORE EXPLANATION

To determine whether you fall in the low (0 - 20th
percentile), intermediate (20th - tile), or high
(80th - 100th percentile) genetic risk category, your genetic
risk was compared to a population reference panel
assembled from individuals who most closely resemble your
genetic ancestry.

perce

The relative risk for an adverse coronary event is reduced

with the use of statins by 13% for low genetic risk, 29% for
enetic risk, and 48% for high genetic risk

—~
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Baseline

Preliminary Results
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Spanish, Virtual Genetic Counseling

Healthy Weight

Tap here to fill entire screen

risk.

that range. The maximum risk is 30%.

What can | change now?

that contains 4 of the

Modifiable Risk Factors
What if | change my health status?

PY Behaviors
What if | change my behaviors?

< 11 (@] <

mygenerank.scripps.edu
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Risk Factor Baseline

LDL

Cholesterol 19 set
0

Systolic

Blood 110 set

Pressure e

Some explanatory text
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Improved Risk Reduction Ul

< intro

My Risk Score Reducer

10-year ASCVD % risk
Target Goal Risk

0% 5% 75%

Baseline Risk including Genetics
22%

0% 5% 75% 20%

Baseline Non-Genetic Risk

Improved Source & Degree
of Risk Interpretability



MyGeneRank Study Flow and Participants

Download Digital Link Genetic Data: In App
MyGeneRank Informed Consent 23andMe API Baseline Health Survey
3,800 3,484 total
valid participants 2,928 before December 2019
556 after December 2019

v

In App In App In App Email-based

. 6-Months
Return of Psychosocial Follow-up Health Follow-up Health Survey
Results Survey Survey
Polygenic Risk Stratification 1,053 total 253 total 459 total
727 before December 2019 210 before December 2019 0 before December 2019
326 after December 2019 43 after December 2019 459 after December 2019

g LT

Aleles: @ Low risk

20% Low 20% High
Genetic Risk Genetic Risk
statin efficacy | statin efficacy 1

Read more: Muse, et al. 2022 npj Digital Med



MyGeneRank Outcomes

MyGeneRank

3:55 a4 4 & & N T Tl 52% 6 4:05 BN 5Tl 57% 3:58 QA Tl 54% 4

& My RiskScore < Mi puntaje de riesgo & My RiskScore Reducers

Coronary Artery Disease Risk Enfermedad de las Arterias e S R > 2 X RATE O F STATI N I N IT IATI O N
High Genetic Risk (81st percentile) Coronarias I

Riesgo Genético Alto (81st percentil 1

| E— - Among individuals identified as at high genetic

81.1
] — 00 05 1.0 15 20 25 30

2w owow oW -l risk of developing coronary artery disease vs.
individuals identified as low risk

more information v
toque para aprender mas v

How Can | Reduce

My Risk? ¢Cémo puedo
earn how changes of
-

reducir mi riesgo?

10 YEARS EARLIER
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| - The average age of the individuals initiating
® statins was 55 years old in the high genetic risk

Tap here to fill entire screen Tap here to fill entire screen Tap here to fill entire screen

W o < W o« W o« group vs 65 years old in the low genetic risk

group. Muse, et al. 2022 npj
Digital Med
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Combined initiation rate of 20% (n = 19 of 95) of high genetic risk vs
7.9% (n = 8 of 101) of low genetic risk individuals. P-value = 0.002



Participant Reactions

My genetics make it more likely that | | worry a lot about developing | am able to reduce my risk for
will develop Coronary Artery Disease. Coronary Artery Disease. developing Coronary Artery Disease.
5 5 5
4.4 4.4
¢ 13 ¢
4 4 4
033
3 3 ®31 3
2.6
+2.5 ®25
2 2 2
1 1 1
LOW PRS AVERAGE PRS HIGH PRS LOW PRS AVERAGE PRS HIGH PRS LOW PRS AVERAGE PRS HIGH PRS

n = 300+ Likert scores: strongly agree (5) — neutral (3) — strongly disagree (1) mean score w/ standard error



We are ignoring useful genetic risk information!

T

Low Genetic Risk Normal Genetic Risk  High Genetic Risk



Low Genetic Risk Individuals
it et C’D
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Building the Evidence for Broad Adoption

\"77\ PEPRS (Prospective Electronic Polygenic Risk Study)

_

Key Questions:

Does polygenic risk information change physician clinical-decision making?

Does change in preventive behaviors in response to polygenic risk persist?

Are health outcomes improved as a result?




PEPRS Studies and Funding Opportunities

o ) Randomized by Nature:
Local e-Recruitment Degree of CAD Risk
Phase 1 - “ - - —>
1,000 Participants Physician Outcomes: Soft Patient Outcomes
* Perceived Utility «  Statin Initiation / Intensification
« Confidence in Use « Statin Adherence
» Actions Attributable to Use « LDL Levels
& « Establish Physician Education « Test Study Logistics
&Y VoLoFoundation
® Randomized Study Arm:
Phase 2 — Remote e-Recruitment CAD vs Glaucoma
10,000 Participants | =— | ' ) ]
Rapid Scale-Up: Hard Patient Outcomes
*  Multi-modal Campaign « Heart Attacks & Death
* Research Network Resources «  Glaucoma Diagnosis

 Long-Term Follow-Up



MyGeneRank Expansion Opportunity:
Breast Cancer Risk Stratification

35
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USPSTF recommends the initiation of biennial screening mammography for women at 50 years of age. In ten years:
* 41.6% false positive recall
* 5% false positive biopsy

Risk-based initiation of screening mammography would allow:
* Accelerated screening: 16% of the population at 40 years of age have risk that is higher than that of an average 50-year-old
* Delayed screening: 32% of the population at 50 years of age have risk that is lower than that of an average 40-year-old

(Screening for breast cancer: US Preventive Services Task Force recommendation statement. Ann. Intern. 2016). (Maas et al. JAMA Oncology 2018)



MyGeneRank Expansion Coming Soon

o) Scripps
en espaiol Research _
Translational Institute

your email with MYGENERANK a

atorkama@scripps.edu

If there's an account associated with this email, you'll receive an email with
the next steps.

if you have an active account with us and there are additional scores available to you,
we’ll send you an email with further log-in instructions



Amplifying the Benefits of Genetics
with Machine Learning

o() Scripps
Research

Science Changing Life



Genetically Informed Meta-Prediction

Measured features Derived meta-features

Unmodifiable factors — Predicted baseline diagnoses

g A0% e Egl Bl Eg 3 "

6? Sex Early-onset Late-onset Any-onset
Meta-prediction

«#& IR Predicted modifiable factors
w s | |

Modifiable factors 26 &

g 6 Bimarers Baseline Baseline

S,

Medicalions — Predicted future diagnoses

* ;

=@| Diagnoses * -] -
2] Es  Eg

¢ Lifestyle 10-year 20-year




Training on >500K Genomes + Phenomes

502,414 individuals in UKB with phenotype data Prevalent CAD cohort  weasured o _ At-risk
—> — Predicted: —
15,207 excluded 16,301 155,995 - baseline diagnoses
1 age, sex not available 7 - cases controls * baseline biomarkers Model eXplanation
UL CRlES - baseline lifestyle
15,092 not genotyped - future diagnoses :_.._—‘0—'*-
v - u——
. ——ea— —_
487,207 individuals in UKB with genotype data Deft'vid . - Individualized
meta-ieatures = interventions
Incident CAD cohort - SN ———
147,817 excluded G ‘ (n=167,094) Measured g
4,054 developing CAD after 10 years L5 — 5 10-year incident _ Ly ©
+ 143,763 lack of sufficient EHR data 15,809 151,285 . é
> total EHR <3 entries cases controls CAD risk o
o duration of EHR entries <1 year PRS
ML Models Personalized Predictions

Training Data



Feature curation

o

<“p

Evan D. Muse Sang EunlLee Jun-BeanPark Ahmed Khattab Corneliu Henegar

Type Count Example

Unmodifiable
Sociodemographic 36 Age, Sex, Ethnic background, Smoking status, Income
Genetic ancestry 5 AFR, AMR, EAS, EUR, SAS
Family history 37 Heart disease, Stroke, High blood pressure, Diabetes, Alzheimer’s disease, Parkinson’s disease
PRS 1003 << non-UKBB-derived PRS from PGS Catalogt >>

Modifiable

Medications 24 Antihypertensive, Antiplatelet, Antidiabetic, Insulin, Lipid regulating, Statin, Steroids, etc.
Physical measurements 29 Standing/seated/sitting height, Weight, Waist/hip circumference, Systolic/diastolic blood pressure, etc.
Biomarker 63 Albumin, Alkaline phosphatase, Alanine aminotransferase, Apolipoprotein A, Apolipoprotein B,
Aspartate Aminotransferase, Direct bilirubin, Urea, Calcium, Total Cholesterol, Creatinine, Cystatin C,
Glucose, HbA1c, HDL cholesterol, LDL cholesterol, Total bilirubin, Triglycerides, SHBG, etc.
Diagnosis 31 Coronary artery disease, Atrial fibrillation, Atherosclerotic cardiovascular disease, Angina,
Abdominal aortic aneurysm, Stroke, Ischemic stroke, Myocardial infarction, Revascularization, Heart
failure, Nonischemic/dilated/hypertrophic cardiomyopathy, Peripheral artery disease, Preterm delivery,
Chronic kidney disease, Migraine, Rheumatoid arthritis, Systemic lupus, Fetus intrauterine growth
retardation, Gestation hypertension, Gestation diabetes, Polycystic ovary syndrome, Type 1&2 diabetes,
Mental illness, Erectile dysfunction, etc.
Diet 17 daily vegetable/ fruit/ fish/ fresh meat/ whole grain/ refined grain/ processed meat intake compliance, etc

TThe Polygenic Score (PGS) Catalog (https://www.pgscatalog.org/)



https://www.pgscatalog.org/

Most Important
For Prediction?

Models
Predicting
Past Events
from Genetics

Top 3 meta-features

Any-onset revascularization
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Incidence of CAD

0.6

0.4

0.2

0.0

B
Superior Risk Stratification

Meta-prediction

;
— QJ
e --l:‘.
| e
I I I
0 50 100

Predicted risk percentile

0.6

0.4

0.2

0.0

0.6

0.4

0.2

0.0

Pool cohort equations (PCE)

Predicted risk percentile

J‘es
.
T T T
0 50 100
)
v
T
PN
I T I
0 50 100

0.6

04

0.2

0.0

0.6

0.4

0.2

0.0

QRISK3
o.:°
- F IS
~
— “' e
| | |
0 50 100
metaGRScap
»
- C’:O‘
| e
| | |
0 50 100

Predicted risk percentile



Cumulative risk of CAD (%)

0.7

Superior Stratification of Risk Trajectories

Meta-prediction

Follow-up time (year)
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Our Model Captures Hidden Risk in “Low Risk” Individuals
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When Predicting Your Risk,
Genetic Risk Mediates Benefit of Clinical Interventions

Cholesterol-lowering (N, _, .., = 74,516) Glucose-lowering (N, ., ... = 15,175) Blood pressure-lowering (Ng..._; 1omie= 73,937)
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RECAP

« Coronary Artery Disease is deadly and we don’t care
* Genetic Risk can find the right people who should care
* Genetic Risk can convince the right people to care

 We can do even better with Machine Learning
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