8/18/2016

Using Deep Omics Profiling and Big Data for
Monitoring Individual Physiology,
Health and Disease

Michael Snyder
Stanford University

August 1, 2016

Conflicts: Personalis, Genapsys, Abcam, SensOmics

Health Is a Product of Genome & Exposome
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Drivers of Big Data
DNA Sequencing

Human Genome Cost <$2K

Mass Spectrometry
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Genetic Variation
Among People: Three
Types
1) Single nucleotide variants
(SNVs)

GATTTAGATCGCGATAGAG

GATTTAGATCTCGATAGAG
4 Million/person

2) Short Indels
(Insertions/Deletions 1-100
bo)
GATTTAGATCGCGATAGAG
GATTTAGA-————- TAGAG

500-800K/person
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A Personal Genome Sequence is Determined by
Comparing to a Reference Genome Sequence

Step 1 -_—
Generate -—
Reads —  —

30X: 150 b m
Paired Ends <= Map to Reference Genome
Step 2 ' ]
call ——

& Indels e

using correctly
mapped reads
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Target

Reveals ~4M SNVs

Snyder et al. Genes Dev 2010;24:423-431

Plot showing aligned sequence reads
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for a variantin
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B
|

Sequencing Genomes of Healthy People:
Incorporate into Medicine

Genomic

GGTTCCAARAGTTTATTGGATGCCGTTTCA
GTACATTTATCGTTTGCTTTGGATGCCCTA
ATTAAAAGTGACCCTTTCAAACTGARATTC
ATGATACACCAATGGATATCCTTAGTCGAT
AAAATTTGCGAGTACTTTCARAGCCAAATG
ARATTATCTATGGTAGACAARACATTGACC
AATTTCATATCGATCCTCCTGAATTTATTG
GCGTTAGACACAGTTGGTATATTTCAAGTG
ACAAGGACAATTACTTGGACCGTAATAGAT
TTTTTGAGGCTCAGCAAAAAAGAAAATGGA
AATTAATTTTGAAGTGCCATTGA....

Family History

Medical Tests:
Few Tests (<20)

1. Predict risk
2. Diagnose
3. Monitor

4. Treat

Personal “Omics” Profiling (POP)
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General Goals

1) Understand how individuals change over time and
during periods of health and disease at high resolution

2) Understand how different “omes” (microbiome,
metabolome, proteome, genome) relate to one another
dynamically

3) Understand how individual responses are similar and
differ from one another when faced with specific
perturbations

4) Identify factors that can affect and help manage the
health of an individual

Year 1 ‘\\) Viral infection Year 2 ...

XXXXX

Personal Omics Profile
~76 months; >190 Timepoints; 9 Viral Infections
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Chen et al., Cell 2012, unpublished

Genome sequence (llumina, Complete Genomics)
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Molecules and Biochemical Pathways that Change
During Acquisition of Diabetes

[0

Example pathway:
aulin g

Insulin
Biosynthetic
Pathway

Platelet Plug
Formation

george mias

RSV 18 days

Epigenetics: DNA Methylation

NH;
« Modified bases on our DNA: Usually at HiC. o
CpGs
p \ ,I\O
« Affects gene expression (modification in 5 methylC

gene control regions turn genes off).

« Affected by nutrition, lifestyle factors, aging,
and environment

Map all 28 M methylated sites using whole
genome bisulfite sequencing

How to detect DNA methylation: Bisulfite sequencing

« Sodium bisulfite converts unmethylated Cytosine into Thymine
Does not effect on methylated Cytosine.

m
G-A-T-C-A-T-C-G-A-G
bisulfite conversion l m
G-AT-U-AT-C-G-A-G 4

G-AT-T-AT-C-GAG ™ o

« Map all 28 M methylated bases in genome

D Blood PG ar=1. cor0.3,pete-200  Blood WB =37 cors0.95, pete-200
DNA
Methylation 3°]

Correlates With P
Age o 2 @ @ © 10 Lo w0
— P———
1 Buccal err=0.37 cor=0.83, p=5.1e-14 J Colon err=5.6 cor=0.85, p=1.5¢-11
Measure

ST c E )

Methylation at
353 CpG Sites ‘
“Clock CpGs” DO S o a & h

m.agelraining set CpGs) m.ageraining set CpGs)

Age
0

N Liver err=6.7 cor=0.89, p=1.7e~

O Lung NL Adj err=5.2 cor=0.67, p=7.8e-09

Correlates Well
with Age Across
Many Tissues

20 40 60 80

Horvath Genome Biology 2013~ 2 = % % @ % & o % @ 1w @
14:R115 doi:10.1186/gb-
2013-14-10-1115

m.agelraining set CpGs) m.age(vaining set CpGs)
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Gene Inactivation by Mutation and Your Microbiome is Important
Methylation: PDE4 involved in eosinophilia for Your Health

We have 10 Trillion human cells, but 100 Trillion
Lots of RNA bacteria
« Helps digest food you eat
Father I Inactivated by . . .
I mutation * Makes essential vitamins, eg, B12
Mother Inactivated by  Implicated in Inflammatory Bowel
—TTT— f——  DNA Disease (Crohn’s and ulcerative

PDE4 DIP Gene

MNM meeee——————— Methylation colitis), Diabetes, Obesity, Ml
Methylated Few RNAs
CpGs

Personal Omics Profile "%
76 months; >190 Timepoints; 9 Viral Infections Fiesg Identifying the Microbe Causing lliness

[HRV infection] [ RSV Infection | HRV Infection | | Adenovirus infection |
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Chen et al., Cell 2012, unpublished
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One Person Can Wear Many

Gut microbiome temporal profiles )
at the Same Time

-- At the family level analyzed by RTG
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Wenyu Zhao, George Weinstock
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Early Detection of
Lyme Disease

Heart Rate

i =
L
Skin Temp. 'R'r“"rl"ﬂ XXX

il

6 b o b o LLERERL

() (~) (>} ()
',g?’ & o o LLENERL
¥ & & & ¢

Longitudinal Profilng of 100 individuals over periods of
health, stress and disease
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>1300 collections thus far

o Most Datasets are Open Access!

Study participant

Genome Sequencing — So far
* Three have important mutations to know about
» SHBD: high freq. of paraganglioma
* PROC: Affects coagulation
* RBM20: cardiomyopathy
e Two MODY variants

» All have carrier mutations and
pharmacogenetic variants

Personalis, Inc

A subset of individuals undergo a dietary

perturbation.
Maintain .
Weight gain peak weight Weight loss
T T2 T3
baseline peak pos'

24 participants:

¢ 13 Insulin resistant
¢ 11 healthy controls (BMI matched)

Baseline gene expression differences between IR and
IS in blood PBMCs

Insulin Sensitive Insulin Resistant

test statistic
1 o

3
Maturity Onset Diabetes of the
Young (e.g. HHEX) q<0.0001

Oxidative Phoshorylation (e.g.
COX5A, COX5B) g<0.0001
Ribosome (e.g. RPL9, RPS7)
4<0.0001
Defensins (e.g. CCR2, CCR6)
(<0.0001
Platelet-Specific Genes (e.g.
Olfactory Signaling (e.g. CXCL5, PF4V1), q<0.001
OR10AD1, OR1K1) q<0.0001
FGFR Binding and Activation (e.g.
FGFR1, KLB) ¢<0.015
EGF Signaling (e.g. EGR2, EGR3,
FOSL1, JUN) g<0.017 tophat->cufflinks->rankGSEA




8/18/2016

Overfeeding-induced transcriptional changes in prediabetics Metabolite profiling by LC-Mass
’ ! h ’ ' ’ C;IfacturySignaling <0.0001 Untargeted LC-MS speCtrometry

Inflammatory Response to LPS q<0.01 . .
Similar to proteomics 6
= d I —>
o camin. (IR 1 Data scquisiton

TNF-alpha Targets q<0.03

NRG1 Signaling ¢<0.04

Platelet-specific genes g<0.0001 Extract metabolites:
STAT5A Targets q<0.0001 50-80% methanol Mass
FGFR Ligand Binding and spectromelry
Activation g<0.0001 (eXtraCtS
ot o hydrophobic
) eight luss o0
gain and hydrophilic)
i
5 . o N 5 _ ™ MS spectrum
5 o mEe L ofL-Methionine
Platelet-specific genes q<0.0001 § J
STAT5A Targets <0.001 ’
FGFR Ligand Binding and ° -
Activation <0.005 ‘% . -
Maturity Onset Diabetes of the TR T ol ,« e ﬂ‘
Yo 0.008 AELEEEY "
oung g< LC separation MS aquisition Lee et al. Biotechniques. 2010 49:557-65.

Olfactory Signaling ¢<0.0001
Inflammatory Response to LPS q<0.003

Voltage-Gated Potassium tophat->cufflinks->rankGSEA
Channels q<0.005

Using sophisticated LC, many thousands of MS Changes in metabolites in response to overfeeding

. . IRvsISatTl Tlvs T2
peaks are detected in blood and urine I o
4 URINE - ESI (+) MS. URINE - ESI (-) MS l E
o] 8482 metabolic features 8854 metabolic features M
URINE rospeinics
';'BL;E R;IH.‘G 11,332 unique features .
in both ESI modes.
| PLASMA-ESI(4)Ms ¥ PLASMA -ESI (+) MS PLASMA - ESI (-) MS
) 5188 metabolic features 4739 metabolic features
| Homomathionines
PLASMA
T:i;: "2:;: 8,287 unique features
in both ESI modes.
Faty scids
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Example data: Short-term weight gain

Maintain
Weight gain peak weight Weight loss

P |
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baselng

Analytes with similar

longitudinal

expression changes
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i ClusterC

High expression

biomolecule

Low expression mmmm | : \ /

Functional enrichment

Positive Regulation of Innate
Immune Response
FOR q-val=0.0003
mANA
I protein

Blood cytokine profiles: 20 subjects at baseline
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Participants’ fecal 16s microbial profiles stratified by Gender
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Microbiome composition during the weight perturbation

P=0031 P=0016
. HER
& s
-
Dorea

N

Abundance

Coprococeus
. Famiy Clasitcaton
Genus within [ [ —
phylum S———
Firmicutes Fimicutos Lachnosplacoas

value

ul

Proteobacteria_Alcaligenacoae
Bactaroidetes_S24-7

l Firmicutes Ruminococoaceas

Insulin Resistant

PC1 (52.9% explained variable)

-- For all quarterly visits that
had 16s profiling completed

Wenyu Zhou
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Understanding effects
at an individual level

?Overweight

Healthy

b

B
@ - Sick
Eah O agin/

Perturbation

Outcome

The Future?

Genomic Sequencing

GGTTCCAAAAGTTTATTGGATGCCGT
TTCAGTACATTTATCGTTTGCTTTGG
ATGCCCTAATTAAAAGTGACCCTTTC
CTGAAATTCATGATACACCAATG
"ATCCTTAGTCGATAARATTTGCG
TACTTTCAAAGCCAAATGAAATTA
TATGGTAGACAAAACATTGACCAA
CATATCGATCCTCCTGAATTTAT
|CGTTAGACACAGTTGGTATATTT

1. Predict risk
2. Early Diagnose
3. Monitor
4. Treat

Amanda Mills

Omes & Sensors: Personal Devid

Overall Summary

1) Genome sequencing is here. It can be used to
manage disease and health

2) Multi-omics analyses are valuable for determining
pathways and biochemical activities involved in
human disease.

3) Longitudinal profiles are very valuable for
understanding personal disease states

4) Everyone has a different molecular profile

5) Individuals will be responsible for their own health

GENOMICS &
PERSONALIZED
MEDICINE

WHAT EVERYONE NEEDS TO KNOW®

NYDER

Genomics and
Personalized Medicine

What Everyone Needs to
Know®

Michael Snyder

Available January 26, 2016 from
Amazon
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Genetics and

Stanford Genomics Certificate

New professional certificate - 100% o
online :

Taught by faculty and industry experts

Certificate is comprised of 2 core courses
in genetics and genomics and 4 elective ==

courses "t"_

For more Information:

http://geneticscertificate.stanford.edu
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