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University of California, San Francisco Stanford University

University of Chicago University of Florida

5t. Jude Children’s Research Hospital University of Maryland

Mayo Clinic Indiana University

Vanderbilt University Brigham and Women's Hospital

Washington University Children’s Hospital of Oakland Research Institute @ Primary Investigator Site
SRl International ) Co-Investigator Site
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Pharmacogenetics
Research Network

NIGMS
NHLBI
NIDA & NCI

NIEHS, NIMH, NHGRI,
NLM & ORWH

National Institutes of Health
LL5. Department of Health & Human Services

leading the initiative, investing >$16 M/ year
major contributor, investing >59 M/ year
investing >$1M/ year

contributors at $0.5 M/ year or less



Research In PGRN Is Diverse

Pharmacogenetics
Research Network

Cardiovascular

Pharmacogenomic Evaluation of the
Antihypertensive Response (PEAR)
Julie A. Johnson, Pharm.D,, University of Florida

Pharmacogenomics and Risk of Cardiovascular
Disease (PARC)
Ronald M. Krauss, M.D.,, Children's Hospital Oakland Research Institute

Pharmacogenomics of Arrhythmia Therapy (PAT)
Dan M. Roden, M.D,, Vanderbilt University

Amish Pharmacogenomics of Antiplatelet
Intervention Study (PAPI)
Alan R. Shuldiner, M.D,, University of Maryland

Pulmonary

Pharmacogenetics of Asthma Treatment (PHAT)
Scott T. Weiss, M.D, Brigham and Woren's Hospital

Addiction

Pharmacogenetics of Nicotine Addiction
and Treatment (PNAT)

Neal L. Benowitz, M.D., University of California at San Francisco
Huijun Ring, Ph.D., SR! Internaticnal

National Institutes of Health
115, Department of Health & Human Services

Cancer

Consortium on Breast
Cancer Pharmacogenomics (COBRA)
David A. Flockhart, M.D,, Ph.D, Indlana University

Comprehensive Research on Expressed
Alleles in Therapeutic Intervention (CREATE)
Howard L. McLeod, Pharm.D, Washington University

Pharmacogenetics of Anticancer Agents
Research Group (PAAR)

Mark J. Ratain, M.D., University of Chicago
MaryV. Relling, Pharm.D,, 5t. Jude Children’s Hospital

Metabolism/Transport

Pharmacogenetics of Membrane Transporters (PMT)
Kathleen M. Giacomini, Ph.D,, University of California, 5an Francisco

Pharmacogenetics of Phase IT Drug Metabolizing
Enzymes (PPII)
Richard M.Weinshilboum, M.D, Mayo Clinic

Informatics

PharmGKB: Catalyzing Research in Pharmacogenetics
Russ B. Aftman, M.D, Ph.D, Stanford University

ENZYME

TRANSPORTER




Estabplish Phenotypic Criteria e Ascertain
Cases oif Adverse Drug Reactions

Drug Induced Liver Toxicity

Statin Induced Myopathy

Drug Induced Renal Toxicity

Torsades de Pointes




PGRINIAdverse Drug Reactlions
Woerking Greup

Co-chairs: Dan Roden, M.D. and Ronald Krauss, M.D

Goal: Te facilitate studies off genetic sk iactors o
adverse drug reactions.




Example:
Criteria For Ascertainment of Rhabdomyolysis

Pischarge diagnoesis code: (ICD-9-CV).

Admitting diagnosis: Evidence from medical
record of severe muscle injury.

Elevation ofi creatine kinase level to more than
10 times the upper limit.
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Marshfield Epidemiologic
Study Area

Resource for population-based health research
80,000 people, stable [population

60-70% participation in studies

Northern European origin

Many families have lived in MESA for many
generations

MESA CENTRAL

95% of population in database
94% of all hospital discharges
92% of all medical outpatient visits
99% of all deaths

Central North ]
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Marshfield Clinic’s

Began in the early 1960’'s with electronic lab
data

Since 1975 joint inpatient and outpatient
records

All outpatient and inpatient healthcare
tracked electronically since early 1980’'s

Currently tracks all healthcare activities
clinical data, FMH, patient medical history,
lab, procedures, radiology, pathology,
medications, etc, inpatient and outpatient.

Event driven, updated with each new medical
appointment



EMR Status

—1,623 total users system wide

—2,376 procedure terms with 29,838 code
rules

—18,729 diagnoses with 44,920 code
rules

—Qver 1,800,000 visits In 2006
—Qver 1,200,000 total electronic records



PMRP _Population Construct

¥ MARSHFIELD CLINIC,
Wikara fhz futiure of wsedoina fives

Annual Unique Patients ~400,000

Donated DNA,
All MC Health Care MESA Serum, Plasma

Events Captured o000 Access To Health

Electronically PVIRP Records
~20.000 IRB Approval of
| Projects

All Health

~1,800,000 Visits

At MC

~1,200,000 Electronic
Records
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Supervised Learning Task

e Given: Clinical and genetic database as
shown

* Do: Learn a model to predict drug
response or adverse reaction



Machine Learning (ML)

Database

Date Patient | ICD9 | Drug
12/2/02 | P1 |437.2 | 358

12/1/02 Pl |348.1
1/20/03 | P1 |258.3 | 256
3/19/04 | P2 |568.0 | 784
4/29/04 | P3 |129.5 | 654
5/10/04 | P3 358
6/19/04 | P3 |[258.3 | 256

ICD9 Code
of 258.3?

Input is a database, output is a predictive model. Many different types of models;
simple decision tree shown is just one type of model. Model may not be completely
consistent with the data, but ML’s goal is to find a simple, nearly consistent model.



Specific Learning Task

e Given: Data for patients on Cox-2 inhibitors
 Do: Learn a model to predict elevated risk of Ml

 Model might be a Bayes net where some
variables are defined by learned rules, e.qg.,
— At least half of patient’s last 2 years of blood

pressures have been over 135 or 85 and patient has
had at least one report of palpitations

— Patient is AA for SNP4978 and either:
 Not BB for SNP79252 or
« AB for SNP97324



Proposal: A Machine Learning
Approach to Pharmacovigilance

 Given: Data about prescriptions and
diagnoses for patients.

 Do: Learn a model to distinguish patients
on new drug D from patients not on D.

 If there Is an adverse reaction R to drug D,
then patients on D will be predicted better
than chance (guessing), based on
diagnoses related to R or prescriptions for
drugs that treat R.




Additional Detalls

Use only data after patient begins drug;
otherwise, model might predict drug from the
diagnosis for which drug Is prescribed.

Must test learned model on unseen (held-aside)
patients, to see If truly better than guessing.

Use an ML algorithm that gives a human-
readable model, so analysts can determine
whether the model really is indicating a potential
adverse event.

The control cases could be any patients not on
the drug, or specifically patients on other drugs
of the same class.



Handles ~ 300,000 Prescriptions Daily
Develops Electronic Surveillance To Detect

Signal of Problem with Hew Medication
"ldentifies Signal of Possible Problem

~—

Motification Develops ADR Phenotype
oF Refines ADR Phenotype

Signal

P

¥/ MARSHFIELD CLINIC.
Where the future of medicine lfves

Uses Syndromic Surveillance System
With Input ADR Phenotype as “Syndrome”
To Validate Signal

Uses PMBEP to Look for Differentiating
Biomarkers
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