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Forms & Deadlines = Grants Policy News & Events About OER NIH Home

Office of
‘ CE") Extramural Research

National Institutes of Health

Funding Opportunities Genome-Wide Association Studies (GWAS)

Funding Opportunities [RFAs,
PAs] B Motices

The NIH is interested in advancing genome-wide association studies (GWAS) to identify commeon genetic factors that influence health and

Unsalicited Applications [Parent disease. For the purposes of this policy, a genome-wide association study is defined as any study of genstic variation acress the antire
Announcements) human genome that is designed to identify genetic associations with observable traits (such as blood pressure or weight), or the presence or
absence of a disease or condition. Whole gencme informaticn, when combined with clinical and other phenotype data, offers the potential for
Research Training & Career increased understanding of basic biological processes affecting human heaalth, improvement in the prediction of disease and patient care,
Development and ultimately the realization of the promise of personalized medicine. In addition, rapid advances in understanding the patterns of human
Small Business [SBIR/STTR] genetic variation and maturing high-throughput, cost-effective methods for genotyping are providing powerful research tools for identifying

genetic variants that contribute to health and disease. The purpose of this Website is to support the implementation of the GWAS Policy.
Contract Opportunities

The NIH will continue to release additional guidance information on this site. Please e-mail GWAS@mail.nih.gov with any gquestions.

NIH-Wide Initiativas Recent News

Stem Cell Infarmation B
» NIH Background Fact Sheet on GWAS Policy Update - (08/28/2008) (PDF - 40 KB)

MNew and Early Stage
Inwvestigators

» NIH Modifications to Genome-Wide Association Studies (GWAS) Dats Access - (08/28/2008) (PDF - 42 KB)
Genome-Wide Association
Studies [GWAS)
MIH Rosdmap for Medical Data Access Information

Research
» Senior Oversight Committee (SOC) Charge and Roster - (07,/10/2008) (PDF - 103 KB)

Global DER Resources - Data Access Committees (DACs) Charge and Roster - {(07/10/2008) (POF - 50 K8)

Glossary B Acronyms
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Genome-Wide Association Studies

Genome-Wide fAexocialion Stodies Tor
the Rest of Us: S&difing Genome-Wids

i What is a genome-wide association study?
i Why are such studies possible now?

My How will genome-wide association studies benefit human health? A=sociation to Popuialicn Studiss
iy What have genome-wide association studies Found? Dastou, Mass:

Jumee 23, 2007
M How are genome-wide association studies conducted?

Ny How can researchers access data from genome-wide association studies?
iy What is NIH doing to support genome-wide association studies?

What is a genome-wide association study?

A genome-wide association study is an approach that involves rapidly scanning markers across the complete sets of DNA, or genomes, of
many people to find genetic variations associated with a particular disease. Once new genetic associations are identified, researchers can
use the information to develop better strategies to detect, treat and prevent the disease. Such studies are particularly useful in finding
genetic variations that contribute to common, complex diseases, such as asthma, cancer, diabetes, heart disease and mental illnesses.

& Top of page

Why are such studies possible now?

With the completion of the Human Genome Project in 2003 and the International HapMap Project in 2005, researchers now have a set of
research tocls that make it possible to find the genetic contributions to common diseases. The tools include computerized databases that
contain the reference human genome sequence, a map of human genetic variation and a set of new technologies that can gquickly and
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BREAKTHROUGH OF THE YEAR

Human Genetic

\ariation

Equipped with faster, cheaper technologies for sequencing
DNA and assessing variation in genomes on scales ranging
from one to millions of hases, researchers are finding out
how truly different we are from one another

THE UNWEILING OF THE HUMAN GENOME ALMOST 7 YEARS AGO
cast the first faint light on our complete genetic makeup. Since then, each
new genome sequenced and each new individual studied has illuminated
our genomic landscape inever more detal. In 2007, researchers came to
appreciate the extent to which our genomes differ from person to person
and the implications of this variation for deciphering the genetics ofcom-
plex diseases and personal traits.

Less than a vear ago, the big news was triangulating variation
between us and our primate cousins to get a better handle on genetic
changes along the evolutionary tree that led to humans. Now, we have
moved from asking what in our DNA makes us human to striving Lo

.t
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Imwersion In=ertion

Deletion Copy number varigtion
What makes us unique. Changesin ‘ﬁ B-
the number and order of genes (A0}
add variety to the human genome. Reference
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Genetic Risk Prediction — Are We There Yet?

Peter Kraft, Ph.D., and David |. Hunter, M.B,, B.S., Sc.D., M.P.H.

major goa! of the Human

Genome Project was to facili-
tate the identification of inherit-
ed genetic variants that increase
or decrease the risk of complex
diseases. The comgletion of the
International HapMap Project and
the development of new methods
for genotyping individual DNA
samples at 500,000 or more loci
have led to a wave of discoveries
through genomewide association
studies. These analyses have iden-
tified common genetic variants
that are associated with the risk
of more than 40 diszases and hu-
man phenotypes. Several compa-
nies have begun offering direct-
to-consumer testing that uses the

tests of genetic predisposition to
important diseases would have
major clinical, social, and econom-
ic ramifications. But the great ma-
jority of the newly identified risk-
marker alleles confer very small
relative risks, ranging from 1.1 to
1.5,2 even though such analyses
meet stringent statistical criteria
(i.e., the identification of associa-
tions with disease that have very
small P values and hence are un-
likely to be false positives). How-
ever, even when alleles thar are
associated with a modest increase
in risk are combined, they gener-
ally have low discriminatory and
predictive ability.?

One argument in favor of us-

est relative risks are almost cer-
tainly overrepresented mn the first
wave of findings from genome-
wide association studies, since
considerations of statistical pow-
er predict that they will be iden-
tified first. However, a striking
fact about these first findings is
that they collectively explain only
a very small proportion of the
underlying genetic contribution
to most studied diseases. (Some
exceptions exist — notably, age-
related macular degeneration, for
which a few alleles explain a sub-
stantial fraction of the genertic
contribution.) Several lines of evi-
dence support this overall con-
clusion.

- )
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GEMETICS

Getting Closer to the Whole Picture

Uwe Sauer, Matthias Heinemann, Nicola Zamboni

tayor challenge of biolegy 15 W un-

ravel the organizaton and interactions

cf cellular networks that 2nable com-
plax processes such as the binchemistry of
growth or cell divisien. The underlving com-
plexity arises from intertwined nonlinear and
dynamic interactions among large numbers of
cellular comatituients, sich as genes, proteing
and metabolites. As well, interactions among
these components vary in nature (regulatory,
structural, and catalync), eflzet, and strength,
The reductomst appreach has successfully
identified most of the componznts and many
inleractions but, unforunately, offers no con-
vincing coneepts and methods 10 comprehend
how svstemn properties emeree. To understand
how and why cells Function the way they do,
comprehensive and quantitative data on com-
punent concertrations dre required tw guantify
cemponent interactions. On page 593 of this
1ssue, Ishit ef ol (1) provide unsurpassed com-
plate and quantitative data of components at the
variows constiluent levels o abacteral cell.

better addiessed by observing, tuough guan-
ttatve measures, multiple components simul-
taneously, and by ngorous data integrat-
ion with mathematical modzls (2). Such a
systemwide perspective (so-called systems
biology, en component interactions is re-
quired so that network properties, such as a
particular functional state or rohusimess (3,
can be quanttatively understood and ration
ally mampulated.

The techmcal challenges ol the systems
biological approach (4) dre mainly along
four lines (see the Fgure): (1) systemwidz
cornponent identification and guantification
("omics” data) at the level of mENA, pro-
teins, and small melecular weight metabo-
lites; (i) experimental identfcstion of phys-
wal component ntsractions, primarily for
information processing nemworks: (iii) com-
putational inference of structure, type, and
quantity of component interactions from
duta; and (iv) rigerous integration of hetero
gencous data. The last step is requited o

A quantitativa data set of RNA, protairs,
and metabolites provides an unprecedented
starting peint to understand, at a systems
level, the effects of perturbations on a cell.

ods relating to the Drst challenge has made
tremendous advances in the past decade. but
the level of sophustication and the associated
costs have led to a sitwation where primarily
single-component data—thatis, datasolcly on
genes, proteins, or metabolites—are available.
Until the study by Ishii ef al, at best two dif-
ferant types of component data were reported
fora given experiment, which severely imited
progressicn along the iterative cycle between
expenments and theory.

By joining forces among specialized labs,
Ishii et al. report svstemwide data on three
wizin component layers ol cells—tanscrip-
tome (mRNA), proteome (protein ), and meta-
bolome (metabolites)—with a particular
focus on central carbon metabolism of the
model bacterium Csdlierichia coli. Deyond
component coneentrations, the functional
endpoint of gene, protein, and metabolite
interactions—the intracellular metakolic
fluxes  were quantified From PC labeling
expedments (5). In a laborious procedure,

%DD5.
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PERSPECTIVE

STATISTICS AND MEDICINE

DRIMNKING FROM THE FIRE HOSE — STATISTICAL ISSUES IN GENOMEWIDE ASSOCIATION STUDIES

Drinking from the Fire Hose — Statistical Issues in Genomewide

Association Studies

David ). Hunter, M.B., B.S., and Peter Kraft, Ph.D.

he past 3 months have seen
Tthe publication of a series of
studies examining the inherited
genetic underpinnings of com-
mon diseases such as prostate
cancer, breast cancer, diabetes,
and in this issue of the Journal,
coronary artery disease (reported
by Samani et al., pages 443-453).
These genomewide association
studies have been able to exam-
ine interpatient differences in in-
herited genetic variability at an
unprecedented level of resolution,
thanks to the development of mi-
croarrays, or chips, capable of as-
sessing more than 500,000 single-

ating the need for guessing which
genes are likely to harbor variants
affecting risk. Most of the robust
associations seen in this type of
study have not been with genes
previously suspected of being re-
lated to the disease. Some of these
associations have been found in
regions not even known to har-
bor genes, such as the 824 re-
gion, in Which multiple variants
have been found to be associat-
ed with prostate cancer.? Such
findings promise to open up new
avenues of research, through both
the discovery of new genes rele-
vant to specific diseases and the

Related article, page 443

The main problem with this
strategy is that, because of the
high cost of SNP chips, most stud-
ies are somewhat constrained in
terms of the number of samples
and thus have limited power to
generate P values as small as 10-7.
In addition, most variants identi-
fied recently have been associated
with modest relative risks (e.g.,
1.3 for heterozygotes and 1.6 for
homozygotes), and many true as-
sociations are not likely to exceed
P values as extreme as 10-7 in an
initial study. On the other hand,
a “statistically significant” finding
in an underpowered study is more

3 %DD5.
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Details

Advantages

Dizadvantages

& ( #%)-

Statistical analysis method

Craoss- sectioral

Cahart

Case-control

Extrerne values

Case-parent triads

Case-parent-
grandparent septets
iGereral pedigrees

Cazz-anly

DiNA. pasling

Genotype and phenctyps fie. note disease status
of quantitative trait value) 2 andom sample from
population

Genatype subsection of populatian and falles
diszaze incidence for specified time percd
(enotype specified number of affected {case) and
unaffected [cartral) indriduals. Cases usually
abtained fram family practitiarers ar disease
registries, controls cbtaired from andom
population sample or comveniencesample
Genatype indriduakswith ecreme fhigh arlow)
walues of a quartitative trait, asestablished from
initial cross-sectional or cohert sample

(enotype affected individuals plus their parents
(affected ndividuals determined from initial
cress-sectional, cohort, or disease- cutoome
based sarmple)

Geratype affected individuals plus their parents
and grandparents

Genotype random sample or disease-outoome
barsed sarnple of families from general population.
Phenctype for disease trait or quantitative trait
Gerotype only affected individualy, obtained

fram initial cross-sectional, cohort, or dizease-
outcome based sample

Applies tovanety of shove designs. but genctyping
iz of pooks of ampahere between b and 100
irdividuals, ratherthan on an individual basis

Inepensive. Providesestimate of
disease prevalence

Pravides estimate of dissaze
ndderee

No resed for o lbowsr- Lp.
Pravides estimates of ecposure
effects

lGenobype anly mast informatise
individuals hence save on
genctyping costs

Robust to population stratification
Can estimate maternal and
imprinting effects

Rebust to pepulation stratification
Can estimate maternal ard
imprinting effacts

Higher pow er with large families.
Sarnple may already exist from
frikage studies

Weat poserful design for
detection of interaction effects

Patentialy ineepensive compared
with indridual geratyping (but
technology still under
development)

Few affected individuals if
diszase rare

Excpensive to falloe.up.
|szuseswith drop- cut
Reguires canzful selection of
controk
Paotential for cardounding
feq, popdlation stratification)

Ma estirmate of true genctic
effect sres

Less powerful than case-
contno] desion

Grardparenits rarely awailable

Excpensive to gerotype.
Mary missing ndividuals

Can enly estimate interaction
effects. Very sensitive to
population stratification
Hard to estimarte different
experimental sources of
wariane

Logistic regression,  tests of
amsodiation of Erear regression

Surdival anakisis methods

Logistic regression,
¥ testzaf assaciation

Lirzar regression, non-parametric,
arpermutation approaches

Trarsmission/ disequiibrivm test,
conditional logistic regressian or
log-linzar models

Log- linear models

Pedigres disequiibrivm test,

family- based assedation test, quantitatise
transmissicn/disequilibium test

Logistic regression, 3" testsof
assodation

Estimatian of companents of varance

Tahle 2: Study deslgns for genetic assoclation studies
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