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CHAPTER 6: FAMILY-BASED GENETIC ASSOCIATION STUDIES
1 Setting the scene
1.a Introduction
1.b Association analysis
Linkage vs association

1.c GWAs

Scale issues
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2 Families versus cases/controls
2.a Every design has statistical implicationse
How does design change the selection of analysis tool?
2.b Power considerations
Reasons for (not) selecting families?
2.c The transmission disequilibrium test

Pros and cons of TDT

2.d The FBAT test

Pros and cons of FBAT
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3 From complex phenomena to models

3.a Introduction

3.b When the number of tests grows
Multiple testing

3.c When the number of variables grows

Prescreening and variable selection
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4 Family-based screening strategies

4.a PBAT screening
Screen first and then test using all of the data

4.b GRAMMAR screening
Removing familial trend first and then test
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5 Validation
5.a Replication

What is the relevance if results cannot be reproduced?
5.b Proof of concept

5.c¢ Unexplained heritability

What are we missing?
Concepts: heterogeneity

K Van Steen 436



Introduction to Genetic Epidemiology Chapter 6: Family-based genetic association studies

6 Beyond main effects
6.a Dealing with multiplicity

Multiple testing explosion ...

6.b A bird’s eye view on a road less travelled by
Analyzing multiple loci jointly

FBAT-LC
6.c Pure epistasis models

MDR and FAM-MDR

7 Future challenges
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1 Setting the scene

1.a Introduction to genetic associations

A genetic association refers to statistical relationships in a population
between an individual's phenotype and their genotype at a genetic locus.

 Phenotypes:
- Dichotomous
- Measured
- Time-to-onset
* Genotypes:
- Known mutation in a gene (CKR5 deletion, APOE4)
- Marker or SNP with/without known effects on coding
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1.b Basic mapping strategies

Which gene hunting method is most
likely to give success?

 Monogenic “Mendelian” diseases
- Rare disease

4 rare, monogenic .
(linkage) - Rare variants
§ = Highly penetrant
"6 .
8 ° =, common, complex e Complex diseases
L Sla inti .
g 2%y (association) - Rare/common disease

»
L

- Rare/common variants
Frequency

= Variable penetrance

(Slide: courtesy of Matt McQueen)
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Complex diseases

Which gene hunting method is most
likely to give success?

 Monogenic “Mendelian” diseases

- Rare disease
4 rare, monogenic

(linkage) - Rare variants
= Highly penetrant

common, complex e Complex diseases
(association)

Effect Size

- Rare/common disease

v

- Ra re/common variants
Frequency

= Variable penetrance

(Slide: courtesy of Matt McQueen)
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Using families: linkage versus association

e Linkage is a physical concept: The two loci are “close’ together on the same
chromosome. There is hardly any recombination between disease locus and
marker locus

e Association is a population concept: The allelic values at the two loci are
associated. A particular marker allele tends to be present with disease

allele.

Marker locus Disease locus

(A1,A2 alleles) (D,d alleles)
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Features of linkage studies
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(Figure: courtesy of Ed Silverman)

e Linkage exists over a very broad
region, entire chromosome can
be done using data on only 400-
800 DNA markers

e Broad linkage regions imply
studies must be followed up
with more DNA markers in the
region

 Must have family data with
more than one affected subject
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Features of association studies

e Association exists over a narrow
region; markers must be close to
disease gene

- The basic concept is linkage
disequilibrium (LD)

e Used for candidate genes or
in linked regions

e Can use population-based
(unrelated cases) or family-
based design

Likage
|
_-". "'\_
Linkage 1z 3 Wz 33 1z 33
anil |
4% I 3 &3 13 113 3 113 143

The Future of Genetic Studies of
Complex Human Diseases

Neil Risch and Kathleen Merikangas
SCIENCE ¢ VOL. 273 » 13 SEPTEMBER 1996
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1.c Genome wide association analyses (GWAs)

e Genome-wide association analysis 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.

e 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.

ttp://www.genome.gov/ptv.cimspagelD=
(http:// /pfv.cfm? ID=20019523)
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i What is a genome-wide association study?
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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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(http://www.genome.gov/26525384)
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Genome wide association analyses

e GWAs have become possible with the completion of the Human Genome
Project in 2003 and the International HapMap Project in 2005. Hence
researchers have a set of research tools 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 quickly and accurately analyze
whole-genome samples for genetic variations that contribute to the

onset of a disease.
(http://www.genome.gov/pfv.cfm?pagelD=20019523)
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GWAs: historical evolution of their struggle and success
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GWAs: historical evolution of their struggle and success
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2007: a turning point (Pennisis 2007)

BREAKTHROUGH OF THE YEAR

Human (Genetic
Variation -

Equipped with faster, cheaper technologies for sequencing

DNA and assessing variation in genomes on scales ranging IR
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 W ) serti;Ln - ’
our genomic landscape inever more detal. In 2007, researchers came (o
appreciate the extent to which our genomes differ from person to person Cﬂ:} ( ﬁ @ E G G )
and the implications of this variation for deciphering the genetics ofcom- Dialation Copy nu;'nbea" varaicn
plex diseases and personal traits.

Less than a year ago, the big news was triangulatin g variation p ; .

2 £ g £ £ ‘ What makes us unique. Changesin A
between us and our primate cousins to get a better handle on genetic e numbet and aiderof ganés (A-0) B
changes u]unglh.e :wululit:_mary tree that led to humans. Now, we have add variety to the human genome. Feference
moved from asking what in our DNA makes us human to striving Lo
e

TRT A L ]
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2007: a turning point (nearly 100 loci, 40 common diseases/traits)

(Manolio et al 2008 — first quarter 2008)
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2007: a turning point

e By the end of March 2009, more than 90 diseases and traits have been
identified with published GWA results ... (Feero 2009)

1800 -

g

—m— Human Mendelian traits

1600+ —&— All complex traits

1400 4+ —&— Human complex traits

1200 4

1000 4+

800 4

600 4

3 8 &8 88 3 8 8

Number of human Mendelian tralis
for which molecular basis found
Number of complex tralt gen

400 1

200 +

L
1880 1685 1990 1895 2000

Year (Glazier et al 2002)

K Van Steen
453



Introduction to Genetic Epidemiology

Chapter 6: Family-based genetic association studies

13
O Acute lymphoblastic leukemia
@ Adiponectin levels
@ Age-related macular degeneration
O AIDS progression
@ Algohol dependence
@ Alzheimer disease
O Amyotrophic lateral sclerosis
@ Arterial sfifiness
@ Asthma
@ Auial fibritation
@ Attention deficit hyperactivity disorder
O Autism
@ Basal cell cancer

O Bipolar disorder

@ Bilirubin

@ Biadder cancer

@ Biond or brown hair

@ Blood pressure

@ Biue or green eyes

@ BMI, waist circumference
O Bane density

@ Breast cancer

@ C-reactive protein

@ Cardiac

@ Chienic lymphooytic leukemia

© Cleft lipipalate

@ Cognitive function

@ Colorectal cancer

@ Coronary disease

@ Creutzfeldt-lakob disease

@ Crohn's disease
Cutaneous nevi

@ Dermatitis

@ Drug-induced liver injury

@ Eosinophil count

@ Camitine levels

¥ ¥

@ Esophageal cancer

@ Carolencidtocopherd levels @ Essential tremor

© Celiac disease

@ Exioliation glaucoma

@ F cell distribution
O Fibrinogen levels

@ Folate pathway vitamins
O Freckles and burning
O Galistones

@ Glioma

© Glycemic traits

O Hair color

@ Hair morphology

O Hear rate

O Height

O Hepatitis

@ Hirschsprung's disease
O Hiv-1 control

© HOL cholesterol

O Homocysteine levels

@ IgE levels

@ Matrix metalloproteinass levels
@ |Idiopathic pulmonary fibrosis © MCP-1

O Mean platelet volume

@ Inflammatory bowel disease @ Melanoma

@ Intracranial anewrysm
@ Iris color

@ Iron status markers
@ Ischenmic stroke

O Juvenile idiopathic arthritis
@ Kidney stones

© Leprosy

@ LOL chotesterol

@ Liver enzymes

@ LP (a) levels

@ Lung cancer

@ walaria

@ Male pattern baldness

O Menarche & menopause
@ Multiple sclerosis

O Myeloproliferative necplasms

O Narcolepsy

(O Nasopharyngeal cancer
Meuroblastoma

@ Micotine dependence

@ Nansyndromic clef fip whwo cleR paiate

© Obesity

@ Open personality

@ Otosclerosis

© Other metabolic traits
@ Ovarian cancer

#00000800000C@C0E00

Panic disorder
Paskinson's disease
Periodontitis.
Peripheral arterial disease
Phasphatidylcholine lavels
Primary biliary cirrhosis
Prostate cancer
Protein levels
Psoriasis

Pulmaonary funct. COPD
QT interval

Quantitative traits
Recombination rate
Red vs.non-red hair
Renal function

2009 4th quarter

@ Response to hepatitis C ireat
@ Restless legs syndrome
& Rheumatoid arthritis

O Schizophrenia

© Serum metabolites.

@ Skin pigmentation
Soluble E-selectin

@ Soluble ICAM-1

@ Speech perception

O Sphingolipid levels

@ Statin-induced myopathy
@ Stroke

D Systemic lupus erythematosus

O Testicular germ cell tumor
@ Thyroid cancer
@ Total chalesterol

Response to antipsychotic therapy @ Triglycerides

QO Type 1 diabetes

@ Type 2 diabetes

O Urate

@ Venous thromboembolism
@ vitamin B12 levels
Warfarin dose

@ Weight

O White cell count

@ YKL-40 levels
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Reasons for continuing popularity of GWAs

 The impact on medical care from genome-wide association studies could
potentially be substantial. Such research is laying the groundwork for the
era of personalized medicine, in which the current one size-fits-all approach
to medical care will give way to more customized strategies.

'?Ay_lﬁe HUBBLE: NASA'S BILLION-DOLLAR GAMBLE

q ':R

| THE TESTS THAT 4
| CAN FREE YOU

THE VATICAN'S
SECRET SCIENCE
CLUB

| BRAIN TUNE-UP

| SMELL YOUR WAY it
| TO HAPPINESS

| EINSTEIN'S
| BLOOPERS

HOW TO GROW
A NEW BODY, ONE &
CELLATATIME 4

SEPTEMBER 2006

Tl

SR

K Van Steen 455



Introduction to Genetic Epidemiology

Chapter 6: Family-based genetic association studies

... It will take more than SNPs alone

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
L AGenome 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.

(Kraft and Hunter 2009)

K Van Steen

456



Introduction to Genetic Epidemiology

Chapter 6: Family-based genetic association studies

... It will take more than SNPs alone

GEMETICS

Getting Closer to the Whole Picture

Uwe Sauer, Matthias Heinemann, Nicola Zamboni

tayor challenge of biolegy 15 W un-

ravel the organzabon and interacticns

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 constituent levels in a bacterial cell.

better addiessed by observing, tuough guan-
ttatve measures, multiple components simul-
taneously, and by rigorous 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
data; 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, proleins, 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,

(Sauer et al 2007)
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Reasons for continuing popularity of GWAs using SNPs

There is a large compendium of validated SNP data

SNP GWAs are able to potentially use all of the data

They are more powerful for genes of small to moderate effect (see before)

They allow for covariate assessment, detection of interactions, estimation
of effect size, ...

BUT

ALL statistical issues cannot be ruled out
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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

(Hunter and Kraft 2007)
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Using all of the data for case/control designs?

candidate gene approach

VS

genome-wide screening approach

trees i

{\
\ i

\

-;.-Ca n”c see ‘the foreS{c f

- Can’t see the trees fmr the
,;;“fo rest e
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Using all of the data for case/control designs ?

e There are many (single locus) tests to perform
 The multiplicity can be dealt with in several ways
- clever multiple corrective procedures (see later)

adopting multi-locus tests (see later) or

haplotype tests,

pre-screening strategies (see later), or

multi-stage designs.

Which of these approaches are more powerful is

still under heavy debate...
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Introduction to Genetic Epidemiology
Using all of the data ?

Multi-stage

- Less expensive
- More complicated
- Less powerful

STUDY SAMPLE

N;

Single-stage

More expensive
Less complicated
More powerful

STUDY SAMPLE
N

SNPs

(slide: courtesy of McQueen)
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2 Families versus unrelated cases and controls

2.a Every design has statistical implications

There are many possible designs for a genetic association study

Details

Advantages

Dizadvantages

Statistical analysis method

Craoss- sectioral

Cahart

Case-control

Extrerne values

Case-parent triads

Case-parent-
grandparent septets
iGereral pedigrees

Cazz-anly

DMA- paaling

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
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Family-based designs

e Cases and their parents

e Test for both linkage and association

e Robust to population substructure: admixture, stratification, failure of HWE

e Offer a unigue approach to handle multiple comparisons

Using trios

AB

affected offsp

Transmission

Disequilibrium

Test (TDT)
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2.b Power considerations

Rare versus common diseases (Lange and Laird 2006)

a Rare disease (prevalence 0.1%) b Common disease (prevalence 14%)
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Power
o N, e Little power lost by analysing
, . i T S S , families relative to singletons
% - * |t may be efficient to genotype
: 050 only some individuals in larger
g ] T pedigrees
] I et e Pedigrees allow error checking,
om = A B within family tests, parent-of-
Figure 1 _Jests power o e e origin analyses, joint linkage and
correlation between sibings association, ...
(Visscher et al 2008)
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Power of GWAs (whether or not using related individuals)

* Critical to success is the development of robust study designs to ensure
high power to detect genes of modest risk while minimizing the potential of
false association signals due to testing large numbers of markers.

* Key components include
- sufficient sample sizes,
- rigorous phenotypes,
- comprehensive maps,
- accurate high-throughput genotyping technologies,
- sophisticated IT infrastructure,
- rapid algorithms for data analysis, and

- rigorous assessment of genome-wide signatures.
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The role of population resources

* Critical to success is the collection of sufficient numbers of rigorously
phenotyped cases and matched control groups or family trios to have
sufficient power to detect disease genes conferring modest risk.

* Power studies have shown that at least 2,000 to 5,000 samples for both
cases and controls groups are required when using general populations.

e This large number of samples makes the collection of rigorously consistent
clinical phenotypes across all cases quite challenging.

* |In addition, matching of cases and controls with respect to geographic
origin and ethnicity is critical for minimizing false positive signals due to
population substructure (especially when non-family specific tests are
used).
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The role of SNP Maps and Genotyping

e A second key success factor is having a comprehensive map of hundreds of
thousands of carefully selected SNPs.

e Currently there are several groups offering SNP arrays for genotyping, with
Affymetrix (www.affymetrix.com) and Hlumina(www.illumina.com) both
providing products containing more than 500,000 SNPs.

e Achieving high call rates and genotyping accuracy are also critically
important, because small decreases in accuracy or increases in missing data
can result in relatively large decreases in the power to detect disease genes.

(http://www.genengnews.com/articles/chitem_print.aspx?aid=19708&chid=0)
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The role of IT and Analytic Tools

e Genotyping instruments now have sufficient capacity to enable genotyping
of thousands of subjects in only a few weeks.

e A study of 1,000 cases and 1,000 control subjects using a 550,000 SNP array
produces over 1 billion genotypes.

 To properly store, manage, and process the enormous data sets arising
from GWAS, a highly sophisticated IT infrastructure is needed, including
computing clusters with sufficient CPUs and automated, robust pipelines
for rapid data analysis.

e Given this wealth of genotypic data, the availability of efficient analytical
tools for performing association analyses is critical to the successful
identification of disease-associated signals.

(http://www.genengnews.com/articles/chitem_print.aspx?aid=19708&chid=0)
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The role of IT and Analytic Tools

 Primary genome-wide analyses include a comparison of allele and genotype
frequencies between case and control cohorts or for child-affected trios, a
comparison of the frequencies of transmitted (case) and non-transmitted
(control) alleles.

e An alternative test of association when using child-affected trios is the
transmission disequilibrium test for the overtransmission of alleles to
affected offspring (see next section).

e Since these analyses require considerable computing power to handle
terabytes of data, genome-wide analyses are often limited to single SNPs
with haplotype analyses performed once candidate regions are identified.

e But the field is changing ... STAY TUNED !!!

(http://www.genengnews.com/articles/chitem_print.aspx?aid=19708&chid=0)
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Software

e With recent technical advances in high-throughput genotyping technologies
the possibility of performing GWAs becomes increasingly feasible for a
growing number of researchers.

* A number of packages are available in the R Environment to facilitate the
analysis of these large data sets.

- GenAbel is designed for the efficent storage and handling of GWAS
data with fast analysis tools for quality control, association with binary
and quantitative traits, as well as tools for visualizing results.

- pbatR provides a GUI to the powerful PBAT software which performs
family and population based family and population based studies. The
software has been implemented to take advantage of parallel
processing, which vastly reduces the computational time required for
GWAS.
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Software

* A number of packages are available in the R Environment to facilitate the
analysis of these large data sets.

- SNPassoc is another package for carrying out GWAS analysis. It offers
descriptive statistics of the data (including patterns of missing data) and
tests for Hardy-Weinberg equilibrium. Single-point analyses with binary
or quantitative traits are implemented via generalized linear models,
and multiple SNPs can be analysed for haplotypic associations or
epistasis. It is also possible to perform interaction analyses.

e Check out Zhang 2008: R Packages for Genome-Wide association Studies
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2.c The Transmission Disequilibrium Test
e Assumptions:
- Parents’ and offspring genotypes known

- dichotomous phenotype, only affected offspring

Count transmissions from heterozygote parents, compare to expected
transmissions

Expected computed using parents' genotypes and Mendel's laws of
segregation (differ from case-control)

- Conditional test on offspring affection status and parents’ genotypes

Special case of McNemar’s test (columns: alleles not transmitted; rows:
alleles transmitted)

(Spielman et al 1993)
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Recall for binary outcomes

Control  Case exposed

exposed No Yes
No a b
Yes c d

e For a single binary exposure, the relevant data may be presented in the
table above, which counts sets not subjects.
e Estimation of odds ratio:

2

S| =
A | =

~ b ~
0 = o SE(logf) =
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McNemar’s test

e Score test of the null hypothesis, 8 = 1

b+c b-—c
T2 T T2
b+ c
T4
. U72 — (bb_+cc)2 is distributed as chi-square (1 df) in large samples

e This test discards concordant pairs and tests whether discordant sets split
equally between those with case exposed and those with control exposed
e McNemar’s test is a special case of the Mantel-Haenszel test
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Attraction of TDT

* Hyrelies on Mendel's laws, not on control group
e Hy linkage disequilibrium is present: DSL and marker loci are linked, and

their alleles are associated
e |ntuition: (model free). The same properties hold for
FBAT statistics of which the TDT is a
special case.

If no linkage but association at population
level, no systematic transmission of a
particular allele. If linkage, but no

Human_
Heredity

association, different alleles will be ) )
Advances in Family-Based

transmitted in different families. Association Analysis

15 Years of Practical Experience with the
Original Transmission Disequilibrium Test

e Consequence:  aw

Derek Gorden, Piscataway, N.J.

TDT is robust to population stratification,
admixture, other forms of confounding
(Spielman et al 1993)
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Disadvantages of TDT

e Only affected offspring

* Only dichotomous phenotypes

* Biallelic markers

e Single genetic model (additive)

* No allowance for missing parents/pedigrees
 Method for incorporating siblings is limited

e Does not address multiple markers or multiple phenotypes
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Generalization of the TDT
Need for a unified framework that flexible enough to encompass:

e standard genetic models

e other phenotypes, multiple phenotypes
 multiple alleles

e additional siblings; extended pedigrees
* missing parents

 multiple markers

* haplotypes
(Horvath et al 1998, 2001; Laird et al 2000, Lange et al 2004)

K Van Steen 479



Introduction to Genetic Epidemiology Chapter 6: Family-based genetic association studies

2.d FBAT test statistic
T: code trait, based on phenotype Y and offset u
X : code genotype (harbors genetic inheritance model)

P: parental genotypes

U= z T(X — E(X|P))
U= (7 = W)X — EXIP))

) issum over all offspring,

e E(X|P) is the expected marker score computed under Hy, conditional on P
e Var(U) = Y. T? Var(X|P)

e Var(X|P) computed from offspring distribution, conditional on P and T.
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FBAT test statistic

Z =U/\Var(U)

e Asymptotic distributions
- Z~N(0,1) under Hy
- Z~x%on 1 df under H,
° ZZFBAT=X2TDT when
Y=1 if child is affected
T=Y
X follows an additive coding

no missing data

(Horvath et al 1998, 2001; Laird et al 2000)
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General theory on FBAT testing
* Test statistic:
- works for any phenotype, genetic model

- use covariance between offspring trait and genotype

U= (7 = )X - EXIP))

e Test Distribution:
- computed assuming Hg true; random variable is offspring genotype

- condition on parental genotypes when available, extend to family
configurations (avoid specification of allele distribution)

- condition on offspring phenotypes (avoid specification of trait
distribution) (Horvath et al 1998, 2001; Laird et al 2000)
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Key features of TDT are maintained

e Random variable in the analysis is the offspring genotype
e Parental genotypes are fixed (condition on the parental genotypes

* Trait is fixed (condition on all offspring being affected)

K Van Steen
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Missing genotypes revisited

* You may think otherwise, but there ARE some additional advantages to
impute missing marker data ... Which ones?
 IMPUTE is a software package that is able to rapidly impute missing data in
unrelated individuals.
 Note that an imputation process generally becomes more complicated
when genotypes need to be imputed in studies of related individuals.
 Two important packages that allow for proper genotype imputation in
family-based designs include MERLIN and MENDEL
 The latest developments can be retrieved from Goncalo Abecasis or
Jonathan Marchini
- http://www.sph.umich.edu/csg/abecasis/
- http://www.stats.ox.ac.uk/~marchini/

(Li et al 2009)
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3 From complex phenomena to models

3.a Introduction

marker ) <—2®s. (€ Gene! e There are likely to be man
Linkage
disequilibrium el eqs .
unk&\ /mgzgme susceptibility genes each with
Association

combinations of rare and common

Complex

Phenotype alleles and genotypes that impact

disease susceptibility primarily

through nonlinear interactions

with genetic and environmental

(Weiss and Terwilliger 2000) factors

e Analytically, it can be difficult to
distinguish between interactions

(Moore 2008)
and heterogeneity.
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3.b When the number of tests grows

Multiple testing revisited

 Multiple testing is a thorny issue, the bane of statistical genetics.
- The problem is not really the number of tests that are carried out: even
if a researcher only tests one SNP for one phenotype, if many other
researchers do the same and the nominally significant associations are

reported, there will be a problem of false positives.
(Balding 2006)

K Van Steen 486



Introduction to Genetic Epidemiology Chapter 6: Family-based genetic association studies

Multiple testing (continued)

* With too many SNPs, the classical corrective measures still perform
adequately?

Family-wise error rate (FWER)
= Bonferroni Threshold: < 10”
Permutation data sets
" Enough compute capacity?
False discovery rate (FDR) and variations thereof
= jt starts to break down
= the power over Bonferroni is minimal
Bayesian methods such as false-positive report probability (FPRP)
= Could work but for now not yet well documented
= What are the priors?
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3.c When the number of SNPs grows
Variable selection (reduces multiple testing burden)

e Pre-screening for subsequent testing:
- Independent screening and testing step (PBAT screening)
- Dependent screening and testing step
 |dentify linkage disequilibrium blocks according to some criterion and
infer and analyze haplotypes within each block, while retaining for
individual analysis those SNPs that do not lie within a block

 Multi-stage designs ...
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4 Family-based screening strategies
4.a PBAT screening

Addressing GWA’s multiple testing problems

e Adapted from Fulker model with "between” and “within” component
(1999):

E[Y] = u+aw(X — EIX|P]) +[ab(E[X|P]>}

T AN

Family-based  Population-based

association

X: coded genotype P: parental genotypes
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Screen

e Use ‘between-family’ information

[f(S,Y)]

e Calculate conditional power
(a,Y,S)

e Select top N SNPs on the basis of
power

E[Y] = u+ay(X — E[X|P]) + ap(E[X|P])

Test

e Use ‘within-family’ information
[f(X]S)] while computing the FBAT
statistic

e This step is independent from the
screening step

e Adjust for N tests (not 500K!)

E[Y] = u+ayw(X — E[X|P]) + ap (E[X|P])

(Van Steen et al 2005)
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PBAT screening

Trait

(Lange and Laird 2006)
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Detection of 1 DSL (Van Steen et al 2005)

e SNPChip 10K array on prostate cancer (467 subjects from 167 families)
taken as genotype platform in simulation study (10,000 replicates)

Cauzal mutation in Affymeatnx block

SNP1 SNP2 SNP3 SNP4
Mathod | (top 1) 0.05 0.687 (0.268) 0.690 (0.264) 0.455(0.091) 0.527 (0.054)
0.07 0771 00.400) 0.241 (0.333) 0.783(0.118) 0.794 (0.068)
0.10 0.95000511) 0.964 (0.379) 0.958 (0.125) 0.967 (0.069)
Method Il (top 1) 0.05 0,406 (0.152) 0.460 (0.092) 0.318 (0.046) 0.365 (0.122)
0.07 0,686 (0.293) 0.739(0.1186) 0.688 (0.130) 0.720 (0.241)
0.10 0.957 (0.345) 0.950 (0.179) 0.958 (0.167) 0.937 (0.373)
Methad 111 0.05 0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 0.000 (0.000)
0.07 0.000 (0.000) 0.000 (0.000) 0.000 (0.000) 0.008 (0.000)
0.10 0.032 (0.032) 0.040 (0.032) 0.057 (0.067) 0.049 (0.041)
Methad IV 0.05 0.024 (0.008) 0.008 (0.008) 0.008 (0.008) 0.000 (0.000)
0.07 0.041 (0.041) 0.008 (0.008) 0.033 (0.033) 0.024 (0.016)
0.10 0,183 (0.123) 0,113 10.108) 0.0398 (0.098) 0.146 (0. 138)

Method I: explained PBAT screening method
Method IIl: Benjamini-Yekutieli FDR control to 5% (general dependencies)

Method IV: Benjamini-Hochberg FDR control to 5%
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Power to detect 1 DSL (Van Steen et al 2005)

0.1

h=0.05 h=0.07 h

0.9

9 9
o N

Probabilities
o
[#7]

0.4
0.3 X
0.2 8
0.1
0.0 .
12345678910 12345678910 123456780910
Selections () Selections () Selections ()
— =+ Gene (SNP in): Screen Meth = Cond Power Gene (SNP in): Screen Meth = Wald-- - SNP: Screen Meth = Cond Power

— Gene (SNP out): Screen Meth = Cond Power - Gene (SNP out): Screen Meth = Wald SNP: Screen Meth = Wald
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One stage is better than multiple stages?

 Macgregor (2008) claims that a total test for family-based designs should be
more powerful than a two-stage design

 However, these and similar conclusions are restricted by the methods they
include in the comparative study:

- Ranking based conditional power versus ranking based on p-values
(which is much less informative)

- Summing the conditional mean model statistic (from PBAT pre-
screening stage) and FBAT statistic (from PBAT testing stage) to obtain a
single-stage procedure

- The top K approach of Van Steen et al (2005) versus the even more
powerful weighted Bonferroni approach of lonita-Laza (2007)
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Weighted Bonferroni Testing

Screen

Compute, for all genotyped SNPs, the
conditional power of the family-based
association test (FBAT) statistic on the
basis of the estimates obtained from
the conditional mean model

Since these power estimates are
statistically independent of the FBAT
statistics that will be computed
subsequently, the overall significance
level of the algorithm does not need
to be adjusted for the screening step.

E[Y] = u+ay(X — E[X|P]) + ap(E[X|P])

Test

* The “new method” tests all markers,

not just the 10 or 20 SNPs with the
highest power ranking tested in the
top K approach, at wja (3;; w; = 1)
Unlike a Bonferroni or FDR approach,
the new method incorporates the
extra information obtained in the
screening step (conditional power
estimate of the FBAT statistic)

E[Y] = u+ a, /(X — E[X|P])|+
ap(E[X|P])

(lonita-Laza et al. 2007)
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The weighted Bonferroni method and its motivation

e Flexible adjustment:

0 Markers that have a high power ranking are tested at a significance
level that is far less stringent than that used in a standard Bonferroni
adjustment.

0 For SNPs with low power estimates, the evidence against the null
hypothesis has to be extremely strong to overthrow the prior evidence
against association from the screening step.

 Hence, the adjustment is made at the expense of the lower-ranked
markers, which are tested using more-stringent thresholds.

 The adjustment follows the intuition that low conditional power estimates
imply small genetic effect sizes and/or low allele frequencies, which makes
such SNPs less desirable choices for the investment of relatively large parts

of the significance level.
(lonita-Laza et al. 2007)
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lonita-Laza Power to detect 1 DSL (lonita-Laza et al 2007)

 Power versus heritability for three sample sizes when there is no population
stratification: 700, 1,000, and 1,500 trios.
 Minor-allele frequency at the DSL is 0.3. Other allele frequencies 0.1-0.5
resulted in similar trends and are therefore not shown.
e Comparative study:
- FBAT is the simple Bonferroni method that uses the FBAT statistic,
- Top 20 is the top K method with K=20
- ExpWeights is the Bonferreni weighted method (“new method”) with
first partition size k;=5
- PopTest is the standard population-based test, with identical numbers
of probands, that uses Bonferroni adjustment.
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lonita-Laza Power to detect 1 DSL

(lonita-Laza et al 2007)
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4.b GRAMMAR screening

e Even though family-based design is adopted, when not conditioning on
parental genotypes, a distinction should be made between:
- Analysis of samples of relatives from genetically homogeneous
population
- Analysis of samples of relatives from genetically heterogeneous

population
oputation o oputaton: If we mix two populations that have both
B different disease prevalence and different
marker distribution in each population, and
there is no association between the disease
and marker allele in each population, then
I—'" there will be an association between the
] disease and the marker allele in the mixed
cono population. (Marchini 2004)

Genotype [laalllra [laa
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Mixed model for families

e A conventional polygenic model of inheritance, which is a statistical
genetics’ ““gold standard”, is a mixed model
Y=u+G+e
with an overall mean u, the vector of random polygenic effects G, and the
vector of random residuals e

e For association testing, we need an additional term kg

Y=u+kg+G+e
where
G is random polygenic effect distributed as MVN(O, cbaGZ)
¢ is relationship matrix
GGZ is polygenic variance

e This model is also known as the measured genotype model (MG)
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GRAMMAR

e The MG approach, implemented using (restricted) maximum likelihood, is a
powerful tool for the analysis of quantitative traits
- when ethnic stratification can be ignored and
- pedigrees are small or
- when there are few dozens or hundreds of candidate polymorphisms to
be tested.
e This approach, however, is not efficient in terms of computation time,
which hampers its application in genome-wide association analysis.

Genomewide Rapid Association using Mixed Model And Regression

(Aulchenko et al 2007; Amin et al 2007)
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GRAMMAR

e Step 1: Compute individual environmental residuals (r*) from the additive
polygenic model
e Step 2: Test the markers for association with these residuals using simple
linear regression
F=u+kg+e

Note that family-effects have been removed!

e Step 3: Due to multiple testing, one could think of type | levels being
elevated. However, GRAMMAR actually leads to a conservative test
e Step 4: A genomic-control like procedure, computing the deflation factor as

a corrective factor, solves this problem
(Aulchenko et al 2007, Amin et al 2007)
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GRAMMAR versus FBAT

The GRAMMAR test becomes
increasingly conservative and less
powerful with the increase in
number of large full-sib families
and increased heritability of the
trait.

Interestingly, empirical power of
GRAMMAR is very close to that of
MG

When no genealogical info on all
generations, or when it is
inaccurate, the most likely
outcome for GRAMMAR (and GM)
will be an inflated type | error.

e FBAT has increased power when
heritability increases and uses
“within” family information only
from “informative” families

e FBAT does not explicitly rely on
kinship matrices;

e FBAT is robust to population
stratification

K Van Steen

503



Introduction to Genetic Epidemiology Chapter 6: Family-based genetic association studies

5 Validation

5.a Replication

Replicating the genotype-phenotype association is the “gold standard” for
“proving” an association is genuine
Most loci underlying complex diseases will not be of large effect.lt is
unlikely that a single study will unequivocally establish an association
without the need for replication
SNPs most likely to replicate:

- Showing modest to strong statistical significance

- Having common minor allele frequency

- Exhibiting modest to strong genetic effect size

Note: Multi-stage design analysis results should not be seen as “evidence
for replication” ...
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Guidelines for replication studies

* Replication studies should be of sufficient size to demonstrate the effect
e Replication studies should conducted in independent datasets

e Replication should involve the same phenotype

e Replication should be conducted in a similar population

 The same SNP should be tested

* The replicated signal should be in the same direction

e Joint analysis should lead to a lower p-value than the original report

 Well-designed negative studies are valuable
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5.b Proof of concept

A Common Genetic Variant Is
Associated with Adult and
Childhood Obesity

Alan Herbert,™* Norman P. Gerry,* Matthew B. McQueen,” Iris M. Heid,>* Arne Pfeufer,”®
Thomas Illig,3'4 H.-Erich Wichmann,?>*7 Thomas Meitinger,5'6 David Hunter,%®° Frank B. Hu,%%°
Graham Colditz,®° Anke Hinney,'° Johannes Hebebrand,® Kerstin Koberwitz,%°

Xiaofeng Zhu,** Richard Cooper,** Kristin Ardlie,*? Helen Lyon,*****> Joel N. Hirschhorn,**-***>
Nan M. Laird,*® Marc E. Lenburg, Christoph Lange,”** Michael F. Christman™*

www.sciencemag.org SCIENCE VOL 312 14 APRIL 2006
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Genome wide association study of
BMI

e A surrogate measure for obesity
« BMI = weight / (height)® in kg / m°
e Classification

- 225 =overweight

- 230 = obese

Epidemiology of BMI

Prevalence (US)
- 65% overweight
- 30% obese
Seen as risk factor for
- Diabetes, Stroke, ...

Non-genetic risk factors

- Sedentary lifestyle, dietary habits,
etc

Genetic risk factors
- Heritability = 30-70%
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Design
 Framingham Heart Study (FHS)
- Public Release Dataset (NHLBI)
- 694 offspring from 288 families
- Longitudinal BMI measurements
* Genotypes
- Affymetrix GeneChip 100K
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Analysis technique

 FBAT screening methodology (van Steen et al. 2005)
e Exploit longitudinal character of the measurements:
- Principal Components (PC) Approach

= Maximize heritability
= Univariate test (one combined trait per obs)
- PBAT algorithm

" Find maximum heritability of trait without biasing the testing step
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Rankin Informative P value
from scgreen SNP Chromasome Frequency families FBAT

1 rs3897510 20p12.3 0.36 30 0.2934
2 rs722385 2g32.1 0.16 15 0.1520

3 rs3852352 8pl2 0.33 34 0.7970

4 rs7566605 2q14.1 0.37 39 0.0026
5 rs4141822 13q33.3 0.29 27 0.0526
6 rs7149994 14q21.1 0.35 31 0.0695
7 rs1909459 14q21.1 0.39 38 0.2231
8 rs10520154 15q15.1 0.36 38 0.9256
9 rs440383 15q15.1 0.36 38 0.8860
10 rs9296117 6p24.1 0.40 44 0.3652

A

(genomewide sign: 0.005; rec model)
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Replication

Family-based design Cohort design

FHS KORA
288 PBAT | 0.003 3996 Regression | 0.008
(Original) (QT)
Maywood NHS
342 PBAT | 0.009 .
: : 2726 Regression | >0.10
Dichotimous
‘ ’ (@
Maywood
342 PBAT | 0.070
(Quantitative)
Essen
Children] 368 TDT | 0.002 (Example on Framinham Study: courtesy of
Matt McQueen)
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@LASBE'%EN Copyright 2009 by Randy Glasbergen.
www.glasbergen.com

- “\

- -
N AL\ ]
“If you consider the wind-chill factor, adjust

for inflation and score on a curve,
I only weigh 98 pounds!”
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Why did this work so well?
e The Study Population

- Unascertained sample

- Family-based

- Longitudinal measurements
 The Method

- PBAT

e Good Fortune
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5.c¢ Unexplained heritability
What are we missing?

e Despite these successes, it has become clear that usually only a small
percentage of total genetic heritability can be explained by the identified
loci.

* Forinstance:
for inflammatory bowel disease (IBD), 32 loci significantly impact disease
but they explain only 10% of disease risk and 20% of genetic risk (Barrett et
al 2008).
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Possible reasons for poor “heritability” explanation

e This may be attributed to the fact that reality shows
multiple small associations (in contrast to statistical techniques that can

only detect moderate to large associations),

dominance or over-dominance, and involves

non-SNP polymorphisms, as well as

epigenetic effects,

gene-environment interactions and

gene-gene interactions (Dixon et al 2000).
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GWA Gene-environment interactions

Invited Commentary

9 American Joumal of Epidemiclogy Vaol. 169, No. 2
M © The Author 2008, Published by the Johns Hopkins Bioomberg Schiool of Public Health, DOk 10,1093/ aje/kwn351

Al ights reserved. For pemissions, please e-mail: journals.pemissions @ oxfordioumals.org.  Advance Access publication November 20, 2008

Invited Commentary: From Genome-Wide Association Studies to Gene-
Environment-Wide Interaction Studies—Challenges and Opportunities

Muin J. Khoury and Sholom Wacholder

Initially submitted May 30, 2008; accepted for publication July 25, 2008.

The recent success of genome-wide association studies in finding susceptibility genes for many common
diseases presents tfremendous opportunities for epidemiologic studies of environmental risk factors. Analysis of
gene-environment interactions, included in only a small fraction of epidemiclogic studies until now, will begin to
accelerate as investigators integrate analyses of genome-wide variation and environmental factors. Nevertheless,
considerable methodological challenges are involved in the design and analysis of gene-environment interaction
studies. The authors review these issues in the context of evolving methods for assessing interactions and discuss
how the cument agnostic approach to interrogating the human genome for genetic risk factors could be extended
into a similar approach to gene-environment-wide interaction studies of disease occurrence in human populations.

environment; epidemioclogic methods; genetics; genomics

Abbreviations: GEWIS, gene-environment-wide interaction studies; GWAS, genome-wide association studies; HuGE, human
genome epidemiology.

(Khoury et al 2009)
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GWA Gene-gene interactions

Linkage

Marker <)  Gene'
Linkage

disequilibrium
Mode of
Linkage inheritance
Association

Complex
Phenotype

(Weiss and Terwilliger 2000)

Heterogeneity

Analytically, it can be difficult to
distinguish between interactions
and heterogeneity.

(Moore 2008)
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