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Precision/Personalized Medicine

Pharmacogenomics: When medicine gets personal
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http://www.cpgr.org.za/precision-medicine-in-south-africa-a-cost-benefit-analysis-framework/
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FDA Approves Updated Warfarin (Coumadin) Prescribing Information
New Genetic Information May Help Providers Improve Initial Dosing Estimates of the Anticoagulant for Individual Patients

The .3 Food and Drug Administration announced today the approval of updated labeling for the widely used blood-thinning drug, Coumadin, to explain that people’s
genetic makeup may influence how they respond to the drug.

Manufacturers of warfarin, the genericversion of Coumadin, are to add similar information to their products’ labeling, FDA said.

The labeling change highlights the opporunity for healthcare providers to use genetic tests to improve their initial estimate of what is a reasonable warfarin dose for
individual patients. Testing may help optimize the use of warfarin and lower the risk of bleeding complications from the drug.

These labeling updates are based on an analysis of recent studies that found people respond to the drug differently based, in part, an whether they have variations of certain
genes.

FOA estimates that 2 million persons start taking warfarin in the United States every year to prevent blood clots, hear attacks and stroke. Warfarin is a difficult drug to use
because the optimal dose varies and depends on many risk factors including a patient's diet, age, and the use of other medications.

Patients who take a dose larger than they can tolerate are at risk of life-threatening bleeding. Those whao receive too low a dose are at risk of equally dangerous blood clots.
Daosing is particularly important at the beginning of therapy, when problems in adjusting the dose can lead to complications such as bleeding.

Warfarin is the second most common drug — after insulin — implicated in emergency room visits for adverse drug events.
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Pharmacogenomics. Knowledge. Implementation.

About Us ~ News & Events CPIC~ Projects Search~  Download Help

. .. . - . CPIC: Implementing PGx
CPIC: Clinical Pharmacogenetics Implementation Consortium m

The Clinical Pharmacogenetics Implementation Consortium (CPIC) /~| was formed in late 2009, as a shared project between PharmGKB and the
Pharmacogenomics Research Network. CPIC guidelines are peer-reviewed and published in a leading journal (in partnership with Clinical Pharmacology and
Therapeutics) with simultaneous posting to PharmGKB with supplemental information/data and updates. Anyone with clinical interests in pharmacogenetics is
eligible for membership. CPIC's goal is to address some of the barriers to implementation of pharmacogenetic tests into clinical practice.

Questions? Send email to cpic@pharmakb org.

CPIC Team

Leader Co-Leader Coordinator

Mary V. Relling, Pharm.D. Teri E. Klein, Ph.D. Kelly Caudle, Pharm.D., Ph.D.

St. Jude Children's Research Hospital, Memphis Stanford University St. Jude Children's Research Hospital, Memphis

CPIC Steering Committee

Mary V. Relling, Pharm.D. Teri E. Klein, Ph.D. Julie A Johnson, Pharm . D. Dan M. Roden, M.D. Rachel F. Tyndale, Ph.D.
St Jude Children's Research Hospital Stanford University  University of Florida Vanderbilt University | University of Toronto and CAMH

» 28 CPIC guidelines for gene-drug pairs
* ~100 genetic variants



National Institutes of Health | Search |

Turning Discovery Into Health For Employees | Staff Directory | En Espanol

Health Information Grants & Funding News & Events Research & Training Institutes at NIH About NIH

NIH Home > Research & Training > Precision Medicine Initiative

PRECISION MEDICINE INITIATIVE

Precision Medicine  NTH Workshop on Building a Precision Fapail Fpduts
Initiative N To sign up for updates please enter
Medicine Research Cohort your e-mail address.

\/hat are the near-term m
goals?

On February 11-12, 2015, NIH hosted a workshop to discuss the

\What are the longer-term opportunities and challenges around building a large research cohort
goals? focused on precision medicine and heard from several leading experts from .

20 G s i ; RS Related Links
How is it different? many disciplines and sectors. More than 2,000 people watched on

Who will participate? videocast and more t.han 500 people engaged th.rough \/ebEx, submlttmg.
comments and questions to the workshop panelists. The workshop panelists
NIH Workshop also took comments and questions from Twitter based on a lively discussion

from the hashtag #PMINetwork.

THL PRI CRR0N MIDIC IMITWATIVE

NEJM Perspective: A New Initiative on

)’ Precision Medicine
s Watch the Videocast \Vhite House Precision Medicine \eb
ST Page
e ® Day 1 Videocast information
| WWhite House Fact Sheet: President
= Day 2 Videocast Information Obama’s Precision Medicine Initiative

What study design should be used for the 1M project?
What analysis strategies should be employed?



Study Designs for 1M Person Project

Determine past exposures <= Case-control study
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Study Designs for 1M Person Project
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The Precision Medicine Initiative
Cohort Program — Building a Research

Foundation for 215t Century Medicine

Precision Medicine Initiative (PMI) Working Group Report to
the Advisory Committee to the Director

September 17, 2015

Kathy Hudson, PhD (NIH)

Rick Lifton, MD, PhD (Yale)

Bray Patrick-Lake, MFS (Duke)
Josh Denny, MD, MS (Vanderbilt)

http://acd.od.nih.gov/presentations/PMI_WG_report_2015-09-17_ ACD-NN.pdf



Data Flow Between Coordinating Center
(CC) and Participant Sites

Simpler queries matching
y core data handled by CC

(fast, scalable)
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ARTICLE AJHG 2010 Apr 9;86(4):560-72

Robust Replication of Genotype-Phenotype
Associations across Multiple Diseases
in an Electronic Medical Record

Marylyn D. Ritchie, 2.7 Joshua C. Denny,5&Y Dana C. Crawford,27 Andrea H. Ramirez,®
Justin B. Weiner,® Jill M. Pulley,® Melissa A. Basford,!~ Kristin Brown-Gentry,” Jeffrey R. Balser 4%
Daniel R. Masys,® Jonathan L. Haines, >’ and Dan M. Roden!.®8*

Large-scale DNA databanks linked to electronic medical record (EMR) systems have been proposed as an approach for rapidly generating
large, diverse cohorts for discovery and replication of genotype-phenotype associations. However, the extent to which such resources are
capable of delivering on this promise is unknown. We studied whether an EMR-linked DNA biorepository can be used to detect known
genotype-phenotype associations for five diseases. Twenty-one SNPs previously implicated as common variants predisposing to atrial
fibrillation, Crohn disease, multiple sclerosis, rheumatoid arthritis, or type 2 diabetes were successfully genotyped in 9483 samples
accrued over 4 mo into BioVU, the Vanderbilt University Medical Center DNA biobank. Previously reported odds ratios (ORpyg) ranged
from 1.14 to 2.36. For each phenotype, natural language processing techniques and billing-code queries were used to identify cases
(n = 70~698) and controls (n = 808-3818) from deidentified health records. Each of the 21 tests of association yielded point estimates
in the expected direction. Previous genotype-phenotvpe associations were replicated (p < 0L05) in 8/14 cases when the ORpg was > 1.25,
and in 07 with lower ORpg. Statistically significant associations were detected in all analyses that were adequately powered. In each of
the five diseases studied, at least one previously reported association was replicated. These data demonstrate that phenotypes represent-
ing clinical diagnoses can be extracted from EMR systems, and they support the use of DNA resources coupled to EMR systems as tools for
rapid generation of large data sets required for replication of associations found in research cohorts and for discovery in genome science.



eMERGE has demonstrated quality of
phenotypes derived from EHR
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eMERGE connects genetic data with electronic medical records to study ways to
provide better, more informed medical care to patients. Here's how it works:

eMERGE

+ N )
CAGACAGTAATC —
genetic data is collected this information can be
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from patients and stored in shared with medical care

GAAATGATCATC
biorepositories located at once genetic data is merged with each site’s eloctronic providers to drastically
eMERGE's 9 sites. medical records, research takes place to detect genetic improve healthcare for a wide
make-up that causes a person to be (a) more susceptible variety of patients.
to particular conditions or (b) better suited for certain
medications.

https://emerge.mc.vanderbilt.edu/about-emerge/



EHR biobank for genomics

* Cost is lower than de novo cohort collection
* Add-on to routine clinical care
* All of the clinical visit data is available
* Longitudinal data

* Limitations
 Usually little/no environmental exposure data
Supplement with survey tools and geocoding
* Usually little/no behavioral data
Supplement with survey tools, questionnaires, apps

* Biased to clinic populations = potential inference issues

To what population do you want to make inferences?
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Make a Referral

For Researchers > Partnering With Patients > MyCode® Community Health Initiative

MyCode® Community Health Initiative
Partnering with Patients
The MyCode® Community Health Initiative includes a Geisinger system-wide biobank designed to store

blood and other samples for research use by Geisinger and Geisinger collaborators. A biobank is like a About
bank, but instead of securely storing money, it securely stores your blood or saliva sample and information,
along with the samples and information from thousands of other Geisinger patients. Samples and
information in the biobank are used to do health research.

Clinical Trials

Donate to Research

Family History Project
MyCode® Community Health

Ultimately, our goal is to find ways to make health care better - for you, your family, your community and Initiative

individuals around the world.




MyCode Community Health Initiative

* Broad based biobank

* Fully consented
* Accessto EHR
* Data sharing (collaborators and public)
e Return of results

* Re-contact
 New biospecimens, samples, information, data

* Implementing
* Electronic consent
e Exposome, social, behavioral surveys
* mHealth



MyCode Enrollment
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Which analysis strategies should be employed?
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Published Genome-Wide Associations through 12/2013

Published GWA at p<5X10°2 for 17 trait categories

111

’

the catalog includes 2

tions and 15

As of 02/20/15,

o
c

o @

s 5

ESo

£82% ¢
9 e23€e £
0 veoERey €
cew wugpEPL =&
ow ©oceof@--35 S
wEe Q0OSEgn, 8.
Y VL _~veog e
Le9eyTT IV EE0 g 50
ET ®n Qo0 ¢ mm 0

s £ 2o
mr%mmmomlererc
W2 FLLo5»clO85Ts5 o
2S5 00esg5E>3353095
h OO0 > > Sohog+ o .
) nhih>2s © 0 — =
v g2 N=B829g2%m Yo
>%8=owuc ] cvwl 358
2202555 EQESZELLY LTS
w9250 OCER -2 0DU v
VBREPTg8mEZDLROP QO
oE ¥ .= TVLcocung oo
iaeme.w.mmeoateiatt
OUZEZTIITETDOOxxmUOO
000000000 0OCOOOOGOO

396 SNPs.

’

ICa

publ

NHGRI GWA Catalog

o - i) .H HQ..O
ST T2
QI DT ML L

o
[T ___“Al\ﬂ

www.genome.gov/GWAStudies
www.ebi.ac.uk/fgpt/gwas/

Il Nat

sseee

o

EMBL-EBI

H|I Genome Research
Institute

|




Distribution of Effects

Number of Associations

12 14 16 18 2 22 24 26 283 4 9 10 214

Odds Ratio (upper inclusive bound)

Marylyn Ritchie, Jan 2014
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A multivariate model, including age, gender, treatment with amiodarone, treatment with
losartan, VKORC1 genotype (rs9923231), CYP2C9 carrier status (either *2 or *3), and patient
weight (n = 507) increased the total predicted dose variance to approximately 47%.




Biology is complex
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To explore genetic architecture we need...

* Large sample size
* Not simply large because we want to detect OR ~1.1

* Large so that we can subset into clinical meaningful sets and
explore complex genomic effects (GxG, GXE, meta-dimensional)

* Rich, longitudinal phenotypic data
* Many different phenotypes

 Comprehensive genomic data
* DNA sequence/genotyping, transcriptome, metabolome, etc.

 Environmental and behavioral data

» Surveyed through health system tools along with geocoding,
mobile apps, etc.

* Powerful analytic tools
* Holistic data-driven approaches



REVIEWS

Methods of integrating data to uncover
genotype—phenotype interactions

Marylyn D. Ritchie', Emily R. Holzinger?, Ruowang Li', Sarah A. Pendergrass' and
Dokyoon Kim’

Abstract | Recent technological advances have expanded the breadth of available omic
data, from whole-genome sequencing data, to extensive transcriptomic, methylomic and
metabolomic data. A key goal of analyses of these data is the identification of effective
models that predict phenotypic traits and outcomes, elucidating important biomarkers
and generating important insights into the genetic underpinnings of the heritability of
complex traits. There is still a need for powerful and advanced analysis strategies to fully
harness the utility of these comprehensive high-throughput data, identifying true
associations and reducing the number of false associations. In this Review, we explore the
emerging approaches for data integration — including meta-dimensional and
multi-staged analyses —which aim to deepen our understanding of the role of genetics
and genomics in complex outcomes. With the use and further development of these
approaches, an improved understanding of the relationship between genomic variation

and human phenotypes may be revealed.
Nat Rev Genet. 2015 Feb;16(2):85-97.
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a Concatenation-based integration b Transformation-based integration ¢ Model-based integration
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Journal of Biomedical Informatics 56 (2015) 220-228

Contents lists available at ScienceDirect

Journal of Biomedical Informatics

journal homepage: www.elsevier.com/locate/yjbin

Predicting censored survival data based on the interactions between @ CroseMark
meta-dimensional omics data in breast cancer

Dokyoon Kim?, Ruowang Li?, Scott M. Dudek ®, Marylyn D. Ritchie *"*

* Center for Systems Genomics, Department of Biochemistry and Molecular Biology, Pennsylvania State University, University Park, PA, USA
bGeisinger Health System, Danville, PA, USA

Multi-omics Data
Copy number variation
Gene Expression
Methylation
Protein expression

Qutcome
Breast Cancer Survival



Journal of Biomedical Informatics 56 (2015) 220-228

Contents lists available at ScienceDirect

Journal of Biomedical Informatics

journal homepage: www.elsevier.com/locate/yjbin

Predicting censored survival data based on the interactions between @ CrossMark
meta-dimensional omics data in breast cancer

Dokyoon Kim?, Ruowang Li?, Scott M. Dudek ®, Marylyn D. Ritchie *"*

* Center for Systems Genomics, Department of Biochemistry and Molecular Biology, Pennsylvania State University, University Park, PA, USA
bGeismger Health System, Danville, PA, USA

Performance comparison between the model from single dimensional
genomic data and integration model. Performance was measured from the
validation dataset.

Data type 1- MAD
CNA 0.63
Methylation 0.63
Gene expression 0.69
Protein expression 0.64

Integration 0.73




Kim et al. BioData Mining 2014, 7:20
http://www.biodatamining.org/content/7/1/20

BioData Mining

RESEARCH Open Access

Knowledge-driven genomic interactions: an
application in ovarian cancer

Dokyoon Kim, Ruowang Li, Scott M Dudek, Alex T Frase, Sarah A Pendergrass and Marylyn D Ritchie”



Kim et al. BioData Mining 2014, 7:20
http://www.biodatamining.org/content/7/1/20

“f BioData Mining

Knowledge-driven genomic interactions: an

application in ovarian cancer

Dokyoon Kim, Ruowang Li, Scott M Dudek, Alex T Frase, Sarah A Pendergrass and Marylyn D Ritchie”

Performance comparison between the model with gene expression
data alone and models identified using knowledge-based matrices

Data type Balanced accuracy AUC

Gene expression  0.6957 0.7103
Pathway 0.7451 0.7457
GO 0.6991 0.7275
Pfam 0.7046 0.7335
Integration 0.7882 0.8108




Potential limitations

* Data are incomplete

* Biological knowledge is incomplete

* Network connections may be incomplete
* Topology may be incomplete/incorrect

Do we need to know everything and have every data
point to make inferences and learn new biology?













Summary

* Biobanks linked to electror
study designs for genome- |

* Large sample size for creati
exploring complex effects ((

* Rich phenotypic data*
* Comprehensive ‘omic
* Environmental and be
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Just because we have not found it
yet, doesn’t mean it’s not there.....

www.genetic-programming.org

e marylyn.ritchie@psu.edu
e http://ritchielab.psu.edu



