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- The Promise of Big Data

- Genomics
— Polygenic Risk Scores
— Mendelian Randomization
— Human Knockout Project
— Phenome-Wide Association Studies

- Challenges and Pitfalls
- Opportunity for Academic Health Centers

Weintraub WS, Fahed AC, Rumsfeld JS. Circulation Research. In Press.
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Decline In Cardiovascular Deaths
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Evidence-Based Therapies (1980-2000)
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The NEW ENGLAND JOURNAL of MEDICINE

SPECIAL ARTICLE

Explaining the Decrease in U.S. Deaths
from Coronary Disease, 1980-2000

Earl S. Ford, M.D., M.P.H., Umed A. Ajani, M.B., B.S., M.P.H., Janet B. Croft, Ph.D.,
Julia A. Critchley, D.Phil., M.Sc., Darwin R. Labarthe, M.D., M.P.H., Ph.D,,

Thomas E. Kottke, M.D., Wayne H. Giles, M.D., M.S., and Simon Capewell, M.D.

[ Treatments [ Risk factors [] Unexplained

United States, 196876 54 |6 |
New Zealand, 1974-81% 60 |
The Netherlands, 1978-85" 4410 |
United States, 1980-90" 50 | 7 I
MPACT Scotland, 1975-94'% 55| 10 |
\CT New Zealand, 1982-93"? 60| 5|
IMPACT England and Wales,
1981-2000%° 52 10 |
IMPACT United States, 1980-2000
44/ 9|
(our study)
Finland, 1972-92'6 76 |
IMPACT Finland, 1982-97% 53 | 24 |
I T 1
0 50 100

Decrease in Deaths (%)
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Bench to Bedside to Population

Health

Clinical Pre-Clinical
Research Research

www.ncats.nih.gov
Berwick DW et al. Health Affairs 2008
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Even highly efficacious therapies have heterogeneity of effect at the
individual level

Significant variation in the use of evidence-based therapies and
outcomes in routine clinical practice

Drug development is a very lengthy process
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The Promise of Big Data

Precision Medicine

®
A Journal of the
American Medical Association

Artificial Intelligence

Hype or Real?
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With the Potential to Transform Health Care
G Hinton
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L Zhu and WJ Zheng
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- Electronic Health Records (EHRS)

- Wearables, Apps and Biosensors (l0Ts)
- Genomic data

- Insurance providers (claims, pharmacies, etc)

- Other clinical data (decision support tools, administrative data, etc)

- Social Media

- Web of knowledge

Lima FV and Fahed AC. Harnessing the Power of Big Data in Healthcare. Cardiology Magazine 2018.
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Spectrum of Big Data & Machine Learning

Figure. The Axes of Machine Learning and Big Data
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(1) Generative adversarial networks (2014)

(2) Google AlphaGo Zero (2017)

(3) ATM check readers (1998)

@ Google diabetic retinopathy (2016)

@ ImageNet computer vision models (2012-2017)
(6) Google AlphaGo (2015)

(7) Facebook Photo Tagger (2015)

Prediction of 1-y all-cause mortality (2017)

@ Diffuse large B-cell lymphoma outcome
prediction by gene-expression profiling (2002)

@D EHR-based CV risk prediction (2017)

@ Netflix Prize winner (2006)

@ Google Search (1998)

. Amazon product recommendation (2003)

Expert Al systems
@ MYCIN (1975)
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. CHA,DS,-VASC Score for atrial fibrillation stroke risk (2017)
. MELD end-stage liver disease risk score (2001)
. Framingham CV risk score (1998)

Randomized Clinical Trials

@ Celecoxib vs nonsteroidal anti-inflammatory drugs for osteoarthritis
and rheumatoid arthritis (2002)

21 Use of estrogen plus progestin in healthy postmenopausal women (2002)

Other
@ Clinical wisdom

@ Mortality rate estimates from US Census (2010)
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Beam A and Kohane I. JAMA 2018
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Whole-Exome Whole-Genome
Whole-Genome ) :
: Sequencing Sequencing
Genotyping
Array with 100,000- 1 millions SNPs Coding part (1%) of the genome :
Imputation: >90 million SNPs All exons of all genes STHEEEiE CEli

Rare and Common disease

Common variation (allele frequency >1%) Rare coding variation : o
Noncoding rare variation

GWAS, Mendelian Randomization, Felre el dlelmass

Polygenic Risk Scores dlscqvery of novel rare loss of Role of noncoding DNA
function
~50 USD ~ 400 USD ~ 1500 USD

Public data +++++++ Public data ++++++++ Public data emerging



Gigabases

Growth and Size of Molecular Data

Growth of molecular biology datasets

— Whole-genome sequencing

— RNA sequencing

— Whole-exome/fractional sequencing
— Other

— Methylation

— Protein-nucleic acid binding

—— Targeted sequencing

— Chromatin state

— Clone sequencing

—— 3D DNA structure

Number of datasets

108
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Sizes of individual molecular biology datasets

RNA ® Whole-genome
@ Targeted  sequencing ® sequencing
sequencing ® Other
® Whole-exome/fractional
Clone . sequencing
Sequencing  protein-nucleic
acid binding ® Methylation
@ Chromatin state
3D DNA
structure ®
LA T L} LB B | L} L] T rTrTy L] T L)
0.1 1 10

Average gigabases per dataset

Wainberg et al. Nature Biotechnology. 2018
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The Rise of the Biobanks

UK Biobank 500,0000
biobank

Improving the health of future generations

About | Participants | Resources = Scientists | Data Showcase | Register & Apply = Research | Publications | AMS Login = Careers

UK Biobank is a national and international health resource with unparalleled research opportunities, open to all bona fide health researchers. UK Biobank
aims to improve the prevention, diagnosis and treatment of a wide range of serious and life-threatening ilinesses - including cancer, heart diseases, stroke,
diabetes, arthritis, osteoporosis, eye disorders, depression and forms of dementia. It is following the health and well-being of 500,000 volunteer participants
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and provides health information, which does not identify them, to approved researchers in the UK and overseas, from
please ensure you read the background materials before registering. To our participants, we say thank you for supporting this important resource to improve
health. Without you, none of the research featured on this website would be possible.

Read more about Biobank UK

USA 1,000,000 USA 1,000,000

Call us on: 0800 0276 276 Biobank Enrollment Initial Enrollment | Target
Mon-Fri 8am-6pm (Sat 8am-4pm) S| & ioban locations enrollment | to date enrollment
Commercial funding
deCODE Genetics (Amgen) (http://www.decode.com/) Iceland 1996 >200,000 Unknown
Geisinger MyCode® Community Health (Regeneron Geisinger Health System | 2007 >50,000 Unknown
Pharmaceuticals and Others) (Danville, PA)
Government funding
China Kadoorie Biobank (http://www.ckbiobank.org/site/) China 2004 >500,000 Enrollment Completed
and industry.
UK Biobank (https://www.ukbiobank.ac.uk/) United Kingdom 2006 >500,000 Enrollment Completed
Electronic Medical Records and Genomics (eMERGE) United States Hospital 2007 >50,000 Unknown
Network (https://emerge.me.vanderbilt.edu/about-emerge/) Sites
Million Veterans Program (http://www.research.va.gov/ Veterans Affairs Hospital | 2011 >500,000 ~1,000,000
mvp/)
Precision Medicine Initiative (https://www.nih.gov/ United States Early 2017 | -- ~1,000,000
precision-medicine-initiative-cohort-program)
Institutional funding
BioVu Biorepository (https://victr.vanderbilt.edw/pub/biovw/) | Vanderbilt University 2007 >215,000 Unknown
Medical Center
(Nashville, TN)
Kaiser Permanente Research Bank (http:// United States 2016 >250,000 ~500,000
researchbank kaiserpermanente.org/)
Partners Healthcare Biobank (https://biobank.partners.org/) Partners Health Care 2010 >50,000 ~100,000
(Boston, MA)

Khera AV and Kathiresan S. Nature Reviews Genetics. 2017
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Democratization of Genomic Data
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Ben Neale

HOME RESEARCH PEOPLE MEDIA BLOG UK BIOBANK JOBS CONTACT

RAPID GWAS OF THOUSANDS OF PHENOTYPES FOR 337,000 SAMPLES
IN THE UK BIOBANK

September 20, 2017

The UK Biobank recently released genome-wide association data on ~500,000 individuals. The genotype data for these samples have been cleaned, imputed and released to the
scientific community. This public release of data represents an extraordinary advance for genetics, pushing the envelope for data sharing and rapid uptake by the research
community. These data will be used for novel discovery of disease-associated genes, in the development of new methods, and to serve as an example for how future efforts in

genetics and biology ought to proceed.

To further enhance the value of this resource, we have performed a basic association test on ~337,000 unrelated individuals of British ancestry for over 2,000 of the available
phenotypes. We're making these results available for browsing through several portals, including the Global Biobank Engine where they will appear soon. They are also available for

download here.
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UKBB GWAS bot

GWASDbot @SbotGwa - Sep 22
Treatment/medication code: cod liver oil capsule

Download:
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Description:

Treatment/medication cod: cod liver all capsule
. cases=21034; N. controls=340107

an i

Tweets Followers
687

Tweets
GWASbot
@SbotGwa GWASbot @SbotGwa - 5h v

Ni f ur it in,

I'm a bot that loves Manhattan plots STSEO % *
® Description:
= ©
o Download:
[ Joined July 2018

Number of unsuccesstul stop-smoking attempts
N=81026

al
DO0° &

~logul#)

GWASDbot @SbotGwa - Sep 21
Non-cancer illness code, self-reported: blistering/desquamating skin disorder

Download:

’ Q

Description:

Non-cancer ifiness cods, self-reported: bilstaring/desquamating skin disorder
es=579; N. controls=36!

YD

Q o1 Q 4 &
o 11 i ~ ,. 1x L
T T WS 3o 5002 »
ion code:
Description:
£ .
T ourioas
Q
Treatmant/medication osalazin
N Caves 310, M. controle- 360831

o Fergance PA. ACC org Expert Analysis
Ferrence PA. ACC.org Expert Analysis
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Polygenic Risk Scores (PRS)
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Weighted sum of number of risk alleles carried by an individual

- Sum of the risk alleles (X) Y=8,X+B,X,+B:X;
- Measured effects as detected by GWAS (B)

100 % a
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Genome-wide polygenic score for CAD
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CAD Polygenic Risk Score

LDpred method(>6 million alleles)

Density
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] > threefold (8.0%)
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Khera AV et al. Nature Genetics 2018 17



A

Inflammatory Bowel Disease, Breast Cancer

Table 3 | Prevalence and clinical impact of a high GPS

rial Fibrillation, Type 2 Diabetes,
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Khera AV et al. Nature Genetics 2018
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High GPS definition Reference group Odds ratio 95% Cl P value
CAD

Top 20% of distribution Remaining 80% 2.55 2.43-2.67 <1x1073%
Top 10% of distribution Remaining 90% 2.89 2.74-3.05 <1x1073%
Top 5% of distribution Remaining 95% 3.34 312-3.58 6.5%10-%4
Top 1% of distribution Remaining 99% 4.83 4.25-5.46 1.0x 102
Top 0.5% of distribution Remaining 99.5% 517 4.34-6.12 79x107
Atrial fibrillation

Top 20% of distribution Remaining 80% 243 2.29-2.59 21x1077
Top 10% of distribution Remaining 90% 274 2.55-294 70x107
Top 5% of distribution Remaining 95% 3.22 2.95-3.51 11x107%2
Top 1% of distribution Remaining 99% 463 396-539 29x10%
Top 0.5% of distribution Remaining 99.5% 5.23 4.24-6.39 3.5x 10738
Type 2 diabetes

Top 20% of distribution Remaining 80% 233 2.20-2.46 31102
Top 10% of distribution Remaining 90% 249 2.34-2.66 1.2x107¢
Top 5% of distribution Remaining 95% 275 253-298 1.7 %10
Top 1% of distribution Remaining 99% 3.30 2.81-3.85 1.4 %104
Top 0.5% of distribution Remaining 99.5% 3.48 2.79-4.29 4.3x10%
Inflammatory bowel disease

Top 20% of distribution Remaining 80% 219 2.03-2.36 77x10%
Top 10% of distribution Remaining 90% 243 2.22-2.65 8.8x10%
Top 5% of distribution Remaining 95% 2.66 2.38-2.96 3.0x10%
Top 1% of distribution Remaining 99% 3.87 318-4.66 1.4x10*
Top 0.5% of distribution Remaining 99.5% 4.81 3.74-6.08 9.0x10%
Breast cancer

Top 20% of distribution Remaining 80% 2.07 1.97-219 3.4x107°
Top 10% of distribution Remaining 90% 232 218-2.48 23 %1018
Top 5% of distribution Remaining 95% 255 2.35-2.76 21x10M2
Top 1% of distribution Remaining 99% 3.36 2.88-391 1.3x10%4
Top 0.5% of distribution Remaining 99.5% 3.83 31-4.68 8.2x10%

Odds ratios were calculated by comparing those with high GPS with the remainder of the population in a logistic regression model adjusted for age, sex, genatyping array, and the first four principal
components of ancestry. The breast cancer analysis was restricted to female participants. C1, confidence interval.
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20% of the study population are at 2 threefold

Increased risk for at least 1 of the 5 diseases studied |

“The First” risk factor ~100 USD

Direct to Consumer Genetics

Khera AV et al. Nature Genetics 2018
https://pged.org/direct-to-consumer-genetic-testing/ 1
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CAUSAL
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associated ‘_ ==

with LDL




GENERAL HOSPITAL

Mendelian Randomization & SN

HEART CENTER

SNPs
associated
with HDL
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Human Knockout Project

LEITER

doi:10.1038/nature22034

Human knockouts and phenotypic analysis in a

; : r Safety check for dru
cohort with a high rate of consanguinity y 9
Danish Saleheen!?*, Pradeep Natarajan®**, Irina M. Armean*®, Wei Zhao!, Asif Rasheed?, Sumeet A. Khetarpal®, Hong-Hee Won’, d eV el 0 p m e n t

Konrad J. Karczewski*®, Anne H. O’Donnell-Luria®*#, Kaitlin E. Samocha*3, Benjamin Weisburd*:, Namrata Gupta®,
Mozzam Zaidi’, Maria Samuel?, Atif Imran?, Shahid Abbas’, Faisal Majeed?, Madiha Ishaq?, Saba Akhtar?, Kevin Trindade®,
Megan Mucksavage®, Nadeem Qamar'?, Khan Shah Zaman'?, Zia Yaqoob'’, Tahir Saghir'’, Syed Nadeem Hasan Rizvi',
Anis Memon'?, Nadeem Hayyat Mallick"!, Mohammad Ishaq'?, Syed Zahed Rasheed'?, Fazal-ur-Rehman Memon'?,

Khalid Mahmood'*, Naveeduddin Ahmed'?, Ron Do'®", Ronald M. Krauss'®, Daniel G. MacArthur*?, Stacey Gabriel®,

Eric S. Lander?®, Mark J. Daly*, Philippe Frossard?§, John Danesh!'*?§, Daniel J. Rader®?'§ & Sekar Kathiresan®*§

- Exome sequencing of 10,503 Pakistani subjects
- ldentify individuals carrying predicted homozygous loss-of-function mutations
- Perform phenotypic analysis of >200 biochemical disease traits

- e.g. APOC3 hom pLoF low fasting TG and blunted post-prandial lipaemia

23



Phenome Wide Association Studies
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Verma A. et al. AJHG 2018
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Pitfalls of Big Data and ML

- Improved generation of hypotheses
— But burden of proof remains on the basic scientist

- Polygenic risk implementation in care
— Will it change outcomes?

- Biobanks phenotypic classification (case/control definitions)

- EHR/Administrative data has inherent biases of observational data
— Informative missing data
— Risk of false positives and negatives (i.e. misclassification)
— Treatment selection bias i.e. unmeasured confounding variables

25
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1 SIX MONTHS LATER:
OUR FIELD HAS BEEN STRUGGLE. NO MORE!
STRUGGLING WITH THIS T'M HERE TO S0LVE. WOW, THIS PROBLEM
PROBLEM FOR YEARS. IT \JITH ALGORITHIMS! 15 REALLY HARD,

( YOU DONT Y

\
i

Source: Twitter @AndrewLBeam

F
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Doctors have a ‘hunch’ and it matters!

L1 3
%% FULL SCREEN

A new study from MIT computer
scientists suggests that human doctors
provide a dimension that, as yet, artificial
intelligence does not.

Image: Chelsea Turner, MIT

Doctors rely on more than just data for medical
decision making

Computer scientists find that physicians’ “gut feelings” influence how many tests they

order for patients.
< \Vatch Video

Anne Trafton | MIT News Office
July 20, 2018 RELATED
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Uhhh, yeah.




Opportunity for Academic Health Centers
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The triple aim:
care, health,
and cost

Data Science as part of the framework of
translational research

Essential basic, translational and epidemiologic
research for new technologies

Unique partnerships with industry

Products that are cost-effective, scientifically
solid, and needed to advance patient care

28
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- Computationally-
Enabled Medicine

- “Pathways” curriculum

- Harvard Medical School
3'd year students

https://hms.harvard.edu/news/knowing-unknown

29
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Thank you
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Mendelian Randomization
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Figure: Analogy Between a Mendelian Randomization Study and a Randomized Trial

Mendelian Randomization Study Randomized Controlled Trial
Eligible Population Eligible Population
SNP associated with LDL-C LDL-C Lowering Therapy
(Naturally Random Allocation of Alleles) {Random Allocation of Treatment)
v v W y
Lower LDL-C Allele Other Allele Treatment Arm Usual Care Arm
(Treatment Arm) (Usual Care Arm)

4 v A 4 A 4

[Incident Major Cardiovascular Events] [ Incident Major Cardiovascular Events]

Ferrence PA. ACC.org Expert Analysis
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Integrating Clinical and Polygenic Risk Prediction
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Clinical risk +

100th

Polygenic risk

High polygenic risk

Intermediate
polygenic risk

Cholesterol: per 40 mg/dlincrease 80th

2

=

o
Smoking: per 50 cigarettes/day 5 50th

[o %

w

o

o
Systolic blood pressure: 20th
per 20 mmHg increase

, | Oth

Low polygenic
risk

T \ T \ T
0.33 0.50 0.67 Population 1.5 2.0 3.0
incidence

CAD relative risk

\ T T T
0.33 0.50 0.67 Population 1.5 2.0 3.0
incidence

CAD relative risk

Combined risk

Action threshold\

Clinical risk and

high polygenic risk

Clinical risk
and low
polygenic risk

unmeasured

CAD absolute risk

Torkamani A et al. Nature Reviews Genetics 29218



MASSACHUSETTS
GENERAL HOSPITAL
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2012 CRISPR-Cas9 gene 2017 Deep learning improves

1986 Backpropagation algorithm 1999 Recurrent networks used editing technology invented short-read DNA variant calling
Rumelhart et al show how to correctly t dict tei tact . .
1975 Sanger sequencing train multi-layer neural networks. 0 pradicl protein contact maps 2012 Deep Ieallr.mng wins Merck 2018 Deep leaming improves
invented 2001 Random forest Molecular Activity Challenge in-hospital mortality prediction
1988 More “Al Winter” invented 2012 D \ . . from electronic health records
1957 Perceptron invented 1977 First DNA genome Pinker & Prince argue that 2001 Human eep learning wins )
" i genome ImageNet challenge 2018 Deep leaming
sequenced (viral neural networks will fail to g g
Precurso.r to neural networks. qu (viral) model natural language. sequenced improves template-free
195‘; 'I:I“'S‘ X'hriy — 1977 Protein Data Bank 1969 Comolusonal neural 2001 Fast matrix multiply 2014 Generative adversarial  Protein structure prediction
crystallography of protein : ;
ry grap P (PDB) launched networks invented on commercial GPUs networks (GANS) invented 2018 Deep leaming beats
1963 Ultrasound 1980 MRI image LeCun proposes a layer for Develops into an enabling 2014 Deep learning dermatologists at detecting
commercially available first used in clinic spatial data, trainable by technology for deep learning. improves splice prediction skin cancer
backpropagation.
1960
1953 1969 “Al Winter” begins 1982 Perceptron 1987 Sanger 1997 Long short- 2008 1000 Genomes 2016 Deep leaming improves
DNA Minsky & Papert prove used for gene-finding sequencing term memory (LSTM) project launches high-content microscopy screening
structure that single-layer Stormo trains commercialized networks invented ) .
discovered perceptrons cannot leamn perceptron to detect 2007 ChlP-seq invented 2_01 6 peep. learning improves
many simple functions. translation initiation 1995 Wake-sleep for A wave of large datasets and diabetic retinopathy screening
:‘;f;rg:;g:\rz‘l:rreseamh sites of E. coli. deep autoencoders related methods ensues. 2016 Deep Iearning improves base calling
1995 Support vector 2005 First genome-wide in commercial nanopore sequencers
1982 Genbank chine (SYM) i ted - GWAS
database launched machine (SVM) invente association study (GWAS) 2015 Human genome sequencing for $1000
1995 Microarray first 2003 ENCODE project launched 2015 Deep leaming improves protein binding prediction
used for genotyping

2015 Deep learning boosts power of Alzheimer’s
clinical trial by improved patient enroliment

Wainberg et al. Nature Biotechnology. 2018
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“Machine Learning should try to do:
1- What doctors cannot do

2 What doctors do NOT what to do ”
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Not all Data are Created Equal

HEART CENTER

Low Quality for ML Good Quality for ML
- EHR - Image interpretation
Administrative Dat -l
- Administrative Data _MEI
— Echocardiography

- Detection of Dysrhythmias
— Cardiac rhythm

- Wearables/Biosensors
— HR/ Other physiological data

- Molecular data
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