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Medicine Presently Should be

Precision
Health
Focus on Illness Focused on Health
Reactive Proactive
Measure very few things Measure many things
Infrequent Frequent

Population based Individual based



— 39.0

Importance in — 100.8F
o o . . 38.0
Individual Variation o 09.1F
from “Normal” 2 370 -
Oral temp in 2749 o 6o 1 97.5F
healthy individuals 5
350 — 94.6F
340
33.0 92.0F

Oral

‘ Sund-Levander M. Scand J Caring Sci 2002;122-8. & Souissi N. Chronobio Int 2007;24:739 -48



|
Genome

Health is a product T Exercise
of Genome & Exposome

Pathogens

Environmental
Exposures



Longitudinal Personal Omics PW

|
“IR“““WW - Genome
Omics .
'“'R'R'“'“"'“ Measurements Epigenome ()
/7 Transcriptome '
'“IR,R'“'“IR“ Proteome
TH‘H“ > Cytokines ____ Billions of
Metabolome Measurements!

TR'RT“T“ \ Lipidomics

g Autoantibody-ome g“nii:cll Te_sts
'“IR,R'“'“T“ o Microbiome (Gut, Urine, uestionaires
'“'R'R'“'“"'“ iosensors Nasal, Tongue, Skin) Stress Echos
l“l“l“t“l“l‘y“ Glucose Control

Year 1 % Viral infection Year 2 ...

109 Individuals 5 9 yrs

XX XXX S



49 Major Health Discoveries

Cardiovascular

Metabolic

6 Carotid Plaques (imaging)
=P 1] Atrial Fib. (wearable)

1 MODY mutation (gene) 1 RMB20 mutation (gene)
1 ABCC8 Mutation (gene) 1 Reduced LVEF/GLS (imaging)
14 New Diabetes 3 Dilated L. Atrium (imaging)
1 Pharmagenomic (gene) 7 Oncologic Risk Genes

(Thyroid Cancer in 1)

1 Lymphoma (Imaging)

1 MGUS (IgM)

1 Smoldering Myeloma (IgM)

1 o Thalassemia (Clinical)

1 B Thalassemia (Gene/Clinical)
1 Pros1 Mutation (gene)

=—p 1 Sleep Apnea (wearable)
1 SLC7A9 mutation (cystinuria risk)
2 Macroalbuminuria

=% 1 Lyme Disease (wearable)
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Wearable Sensors:
Over 900 Devices 9.

Cuff
=  Worn by millions of people o
Apple
(20% of US) Watch g
Basis Bl

- Make 100KS Of g o iHealth Pulse

measurements each day .

Athos — Smart

Shorts

%

E Radtarge
Radiation
Withthings Smart

s Li, Dunn et al.

PloS Biol 2017

Dexcom Constant
Glucose Monitor

= Wearables can track many things: '
HR, HRV, Respiration Rate, Sp02, =
Skin Temp, Blood Pressure




Circadian and Diurnal Patterns
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Accelerometer Magnitude

Activity Phenotypes: 4 Patterns
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SpO2 Levels Drop During Airline Flights
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Digital Health: Tracking Physiomes and Activity Using

1 Wearable Biosensors Reveals Useful Health-Related
Early detectlon |nf0rmation

Xiao Li g, Jessilyn Dunn . Denis Salins [, Gao Zhou, Wenyu Zhou, Sophia Miryam Schiissler-Fiorenza Rose,

[ ]
Of L m e d I s e as e Dalia Perelman, Elizabeth Colbert, Ryan Runge, Shannon Rego, Ria Sonecha, Somalee Datta, Tracey McLaughlin,
Michael P. Snyder [E]

Published: January 12, 2017 « https:/doi.org/10.1371/journal.pbio.2001402
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United States COVID-19 Cases/Day

January 14
800,000 cases 7-Day Ave
806,795
600,000
o January 8
400,000 7-Day Ave Sept. 1
259,564 7-Day Ave

July 23 164,418

200,000 April 10 7-Day Ave
7-Day Ave 66,794
31,709

Feb. 2021 Jun. Oct. Feb. 2022

https://www.worldometers.info/coronavirus/country/us/



Current Tests

Thermometer PCR

)

—_—

Does it work? Slow (1-2 days), Cost,



COVID-19 Infectious
Disease Study

Launched IRB

Wearables Data Study =

My Personal Heath

We are trying to find out if information from
wearable devices, like Fitbit and Apple Watch, can
be used to track infectious diseases like COVID-19.
We hope to be able to predict the onset even before
any symptoms start.

Healthcare workers and high-risk individuals are
especially encouraged to enroll in the study.

Enroll >

Study email: covid19_wearables@lists.stanford.edu
Participants’ rights questions: 1-866-680-2906

Approved Study

Partnering with
Leading Companies
E.g. Fitbit, Garmin

>5000 Enrolled
>30 COVID-19 Positives
(Golden dataset)
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Identifying COVID-19 at early stage



Summary of Early Detection

COVID-19 Positive COVID-19 Positive Other lliness
S| Single Region 3, ) 2
I Early & Multiple Region
[ Others
4+ Density Plot 25t .
wv .0
2 2o = .
§ 3l Median: 5 Median: 8 Median:
= 4 days 331_5_7days ‘E 11 2 days
e 5 £
[$) % 1l :g
* n 3+ 0.5+
0.5¢

e N - 1 - 0
0730 25 20 -15 10-5 0 5 Missed 0 -30-25 -20 -15 -10-5 0 5 Missed -30 -25 -20 -15 -10-5 0 5 Missed
Days Relative to Symptoms Days Relative to Diagnosis Days Relative to Symptoms

Elevated Heart Rate: 7 Beats/Min



Real-time Alerting Overview
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Online Alerting System

8:01

Real Covid positive case

January 01,2021 &3

Symptom Onset *

= < January 20

Total = 80% (67/84) of cases

* For privacy reasons, actual dates
have been slightly shifted




Asymp

tomatic Detection Examples

Fitbit

NightSignal

Resting Heartrate

80
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65
60
55

Online NightSignal Detection for ID: 5873636928468997, Device: Fitbit, Symptom Onset: -, Covid-19 Test: 2025-08-20
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Avg RHR over night

Imputed Avg RHR
over night

Med RHR over night
Med RHR over night + 3
Med RHR over night + 4

Clustered alerts
(>3 consecutive alerts)

Red alert
Yellow alert

NightSignal

Apple Watch

Online NightSignal Detection for ID: 3256479193869629, Device: HK Apple Watch, Symptom Onset: -, Covid-19 Test: 2028-10-02
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COVID Detection Assays

FitBit Stress Signal
Detection

12:339 .

9)
u,

CVS (-) Test
April 15, 2022 25 Personalize 4/10

Last Sync: Apr 15,2022 10:30 AM

April 2022
S M T W i

Family
Stress Travel

Congestion e 0 e
0|0 O

COVID19 COVID19
Negative Positive
Test Test

S

Abbott (+) Test
4/11

® No physiological changes.

® Some physiological changes.




Prediction of Other Clinical
Biomarkers From a SmartWatch

A wVS RF
® CVSRF
® cVSIM

0.61

0.4 A
‘ Dunn et al, 2021,
0.2 Nature Medicine.

Multiple Correlation
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Continuous Glucose Monitoring:
Lots of Spikers
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Hall et al. PloS
Biol 2018
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Classification of People into Glucotypes

Based on CGM Profiles

Segment CGM profiles into
GIUCOtypes windows and cluster
Hall et al. PloS
Biol 2018 = * oy
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glycemic signature class



The same meal triggers
different glycemic responses
in different people

Bread +
Peanut
Butter

Protein
Bar

Hall et al. PloS
Biol 2018

Cornflakes
+ Milk

low moderate severe
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70 USEIS

Sugar Challenge (655 Participants with lots of data):
CGM Plus Logging App Improves TIR in 10 days
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60—+

404

20+

Healthy

User Classification

Type 2
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mmm—— First 2 days, TIR = 63%

+ t + t + t t t T t 1 t t
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Good Responders vs Poor
Responders:

Young and Low BMI

Improve Most

0.030—+

0.025—

0.020—+

0.015—+

0.010—

0.005—+

0.000

P <0.001

— Good Responders
— Poor Responders

TIR Change

January.ai

50 75 100

Age

Age

Healthy

50+

451

40+

35—+

30—+

20

=

' I

Poor Responders Good Responders

Quartile of TIR change

70+

60+

50+

40+

30+
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P=0.05
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Poor Responders Good Responders

Quartile of TIR change

Age

Type 2 Diabetes

P=005
38+
36+
34+
32+
L
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Quartile of TIR change
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30+

25+

P=0.01

+ t
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Personal Monitoring of Health Using a SmartWatch

1.001
5 - 0.75 %
43
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Dunn et al, 2021, Nat. Medicine, in press. 30
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Share Information With
Physician

ome
Walk 9 min

Transport 12 min

=
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Exposome Correlation Between Biologicals, Chemical, Environmental Factors

b o @o Plasticizer
@ Budesonide Flame|retardant

| Prometon
| @ Thiofanox
@ 2-Amino-3 5.
|- Ethylparaben
|————@ Oxybenzone
*. Propoxur
| Acephate

Exposome (chemical)

74 Nodes
60 Edges

t———@ Schizophyllum

T
[
oaudo™? ) @cy

asper@ 2 @ Pirifor
gyssochiam™® e @ Erysiphe

o

3

o

8

£

w

Thiofanox Neolentinus
p-Hydroxy-meta— Serendipit: @ Serendipita .
Pnosommemparzine Serendpia ® Health related fungi
Hirsutella
pyrene Crepidotus T ) 12 16
oot Shizopyi, € peoree
2-AMINOT ine High degree exposome (chemical)
(a5-Houine - Selerofing @ High deg ! ‘ Sclerotinia
Dicno! o Ga/eflna . High degree exposome (biological) Galerina
e
4lhe,/a
& %, Serendipita Sutylated triphenyl phosphate
D¢ g Sanghuangporus Botryobasidium
egree
9 -~ Schizophyllum
O Min 8 riformospora
Diisononyl phthalate
@
Max .
Tricholoma ‘g5, 5 7 5_pentachiorodibenzo-P—diox
Prome
. Environment
@ ~Exposome (viological) - i
. Exposome (chemical)
. 3-methylimidaze
Spearman correlation Cylindrobasidium -6
-05 00 05
Dimethyl sulfat 4-Nitrophenol
. > Toluidi Fusarin
25| gpearman correlation: 0.92 | 2[e Spearman correlation: -0.9 ’ Spearman correlation: —0.91| 15|  Spearman correlation: —0.91 ©  Spearman correlation: -0.93| 19/ ©  Spearman correlation: -0.93]
° 10f ~
10.0 ° 8 . 5.0) < 1
8l g ° 10| 5 |s 5|
3 @ ° = ° b-1 ° @
S 75 o ° o|5 s R Y 2 9 ° 3
2 3 2 =
€ 54 E9 £ X cco °
< 50 ° o - o Sl e e o o
0.0| *® & o . R
° o oo © -5
250 °
—2.5] 5| -5
24 28 32 36 14 16 18 20 o 5 10 15 0 5 10 15 20 13 14 15 16 17 =1 1 12 13 14 1
Temperature (°C) Anthracene Pentachloronaphthalene Azoxystrobin Ethylparaben Captan

v
Fungicides or antifungal chemicals



Degrt_ae Chemical class C h e m i Ca I eXpOSO m e
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Companies | Have CoFounded i
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t' Personalis

= Personalis: Genomics Analysis

= Qbio: Big Data and Health, including MRI m

= January Al: Metabolic Health

= Mirvie: Maternal Health

= Fodsel Inc: Preterm therapeutics

mirvie

= Fitricine: Cancer nutrition Yiw SensOmics

= SensOmics: Wearables

+ others ....



Covid-19 vaccination effect on alerts

Nights with Max

Avg RHR Overnight

Moderna
Dose 1

Pfizer-BioNTech
Dose 1

Moderna
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Pfizer-BioNTech
Dose 2

T ] T T T L[ T T T T ol
5 -4 -3 -2 -1 -0 +1+2+3+4 45
Days Relative to Vaccination Day

T T T T T T T T T T T
5 -4 -3 -2 -1 -0 +1+42+3+4+5
Days Relative to Vaccination Day

T T L § T T T T i J T T T
5 4 -3 -2 -1 -0+1+42+43+4+5
Days Relative to Vaccination Day

T T T T T T T T : 2 T T
5 -4 -3 -2 -1 -0 +1 +2 +3 +4 45
Days Relative to Vaccination Day

38



Phenotypic age (years)

Individuals Age At Different Rates

80 -

70 -

60 -

50 -

40 -

30 -

30

I T T

40 50 60
Chronological age (years)

70

@’PLOS | MEDICINE

A new aging measure captures morbidity and mortality risk
across diverse subpopulations from NHANES IV: A cohort
study

Zuyun Liu, Pei-Lun Kuo, Steve Horvath, Eileen Crimmins, Luigi Ferrucci, Morgan Levine [E]

Published: December 31, 2018 « https://doi.org/10.1371/journal.pmed.1002718

Phenotypic age:

Chronological age and nine biomarkers, including
albumin, creatinine, glucose, log (C-reactive
protein), lymphocyte percent, mean cell volume,
RDW, ALKP and white blood cell count

Ahadi, Zhou et al. Nat. Medicine 2020



Polygenic Risk Score: Use 1000s to
Millions of Common SNPs

Disease # SNPs
Coronary Artery Disease 6.6M
Atrial Fibrillation 6.7M
Type 2 Diabetes 6.9M
Inflammatory Bowel Disease 6.9M
Breast Cancer 5.2K

Khera et al. Nat Genet. 2018 50: 1219-1224



https://www.ncbi.nlm.nih.gov/entrez/eutils/elink.fcgi?dbfrom=pubmed&retmode=ref&cmd=prlinks&id=30104762

Abdominal Aortic Aneurysm:
High Prevalence and Mortality

Facts

1. affecting 10% of the aged population
d aneurysm 2 the 13! leading cause of death (U.S.)

3. asymptotic as it grows

4. irreversible

5. >90% mortality rate upon rupture

Jingjing LI, Cuiping Pan, Sai Zhang .. Phil Tsao, Cell 2018



Identifying Genes Associated with AAA

50X  Call pathogenic

,- mutations
."/ ] IIN |
268 AAA cases s
Whole genome HNRNPCL1
@ ¢ O ; @I cBwD3
e e & deep sequencing DA PY;M XD
CNC3
114 = = o 284 5o
DEX ] D@X
222 |
JIAARR corieati mutation Identify 60 AAA genes

HEAL:a machine
learning framework

Jingjing LI, Cuiping Pan, Sai Zhang .. Phil Tsao, Cell 2018



Relevant Modules

Blood Circulation, Blood Pressure, Aneurysm
Cardiomyopathy




HEAL accurately predicts AAA risk -> clinical utility
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& P The Host Genetics of ALS and
L i@ COVID19 Severity Using ML

Sai Zhang, Johnathan Cooper-Knock

1. Combine GWAS signals with Open Regions in Motor
Neurons:
7/ genes - 690 genes

2. Combine GWAS signals with open chromatin regions

from lung:
47 genes > 1370 genes

Sai Zhang, Johnathan Cooper-Knock .. Michael Snyder Neuron 2022 Zhang et al , BioRixv 2021
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Amyotrophic Lateral Sclerosis (ALS)

A neurodegenerative disease with motor neuron death leading to muscle weaken

« Estimated heritability of sporadic ALS = 61%
« Proportion of sporadic ALS patients with an identified genetic cause = <10%
« More ALS genes are missing
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to discover novel
disease genes
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Genome-wide identification of the genetic

pasis of amyotrophic |ateral sclerosis
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Decoding the Genomics of Abdominal Aortic Aneurysm

Jingfing Li,' == Culping Pan, =" Sal Zhang.'*7 Joshua M. Spin,’< Alicia Deng,’** Lawrencs LK. Leung,™“*
Ranald L. Daiman, ™ Philip §. Tsao," "~ and Michael Snyder™ "+~
of Gen .

Abdominal Aortic Aneurysm (AAA) N

Clinical Facts Epidemiology

* Heritability: 70%

« Aged population >50 yo.
+ Lifestyle matters

+ High blood pressure

* Cholesterol etc

« Asymptomatic at onset - fast growing
* 90% mortality rate upon rupture

» The 10 leading cause of death in US
* No early screening tool




