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8.1

Introduction and Overview

The past 15 years have witnessed remarkable developments in the nature and
volume of genetic variation data that are available for statistical genetic analysis. Genetic variation generally refers to differences between individuals in
the DNA that is inherited from parents. Normally, identical DNA is contained
in each of our cells and does not change during a lifetime; it is organized as a
string of paired nucleotides for each of 22 chromosomes (autosomes), plus the
X and Y sex-chromosomes. A base-pair refers to a pair of nucleotides at a specific position. Simply speaking, a gene can be defined as a set of specific DNA
instructions that code an RNA or protein product. These in turn can affect
the development of physical features as well as the production of proteins and
metabolites that have biological consequences and may eventually play a role
in disease causation and physiological variation. The genome refers to all of
a person’s nucleotides across the chromosomes, and is comprised of 3 billion
nucleotides in total, indexed by base-pair position, with roughly 2% within the
coding regions of genes, known as exons. As a first step toward discovering and
characterizing the role of genes, genetic analysis of DNA variation investigates
relationships of specific DNA variants with measurable human traits.
In response to technological advances in measuring DNA variation across
the genome of an individual, new ways have arisen to investigate the role of
genetic factors in complex traits and this has led to new methods of statistical
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modeling and analysis. Our objective in this chapter is to describe some contributions of Canadian researchers to statistical methods in human genetics.
We will begin in Section 8.2 by giving a short description of genetic studies
that involve either families or groups of unrelated individuals, with an outline
of some essentials of the methods. Then in Section 8.3 we will discuss advances in two areas of research, highlighting their applications and impact in
disease studies. Section 8.4 will comment on some other current and emerging
areas of study. Before doing this, we will first describe some of the ways that
information on a person’s genome is obtained.
In the investigation of the genetics of complex traits and diseases, in which
trait variation and disease risk arise from a combination of multiple genetic
and environmental factors, the ultimate scientific objective is to understand
the underlying genetic and biological mechanisms. This process often begins by
scanning (i.e., screening) the entire genomes of specific individuals to identify
a chromosomal region that may harbor a genetic variant that is a risk factor
for the disease or explains variation in the trait of interest. The two primary
methods of analysis used in such genome-wide studies are genetic linkage and
genetic association analysis. Genome-wide studies involve measurement of a
large number of genetic markers, each with a known genomic position (locus)
on a specific chromosome. At an observed genetic locus, the measured marker
can take on different values or variants, known as alleles.
As summarized in Table 8.1, early genome scans used sets of markers
known as microsatellites that can take on many different values (referred to
as polymorphisms), but these were subsequently replaced with cost-effective
arrays of single nucleotide polymorphisms (SNPs) which are markers that take
on only two values (e.g., alleles A and a) at a single base-pair position on a
chromosome. The design of these arrays exploits information about local dependence between neighboring SNP markers (known as linkage disequilibrium,
LD) to choose so-called tagSNPs which serve to represent the genetic information in a small region, saving the effort of measuring every SNP therein.
A tagSNP usually has no biological role, but can indirectly detect variation
at an unobserved SNP that is directly involved in disease expression. SNP
arrays are designed to comprehensively assess the kind of genetic variation
across the genome that occurs reasonably often in human populations, both
within genes and in regions outside genes. The density of SNPs measured per
chromosome has steadily increased with each improvement in array technology, so that standard arrays can measure more than one million SNP markers
genome-wide, with estimates of another 2 million by genetic imputation based
on LD information available from external population sources through the International HapMap Project. Next generation sequencing (NGS) technology,
now emerging, aims to directly measure variation at every base-pair position
with sufficient accuracy for near complete characterization of an individual’s
genome, including variants that occur very rarely in a population.
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TABLE 8.1: Summary of technologies for measurement of genetic variation.
Microsatellite markers have been widely used in genetic analysis of study
designs involving pedigrees, affected relatives, and case-parent trios. SNP arrays now predominate in most study designs, including those with unrelated
individuals, particularly case-control studies, and use of next generation sequencing is increasing.

HighThroughput
Technology

8.2

Type of
Variant

Number of Genotyping
Markers/
Accuracy
Variants

Microsatellite Highly
Markers
polymorphic

Hundreds

High

SNP
Arrays

Binary:
common

1 Million

Moderate
to High

Next
Generation
Sequencing

Binary:
Rare, low
frequency
and common

3 Billion

Variable

Essentials of Statistical Genetic Methods

By examining patterns of inheritance in families, genetic linkage analysis aims
to detect chromosomal regions containing genes that influence the risk of specific inherited diseases or traits. We need to know the pedigree (relationships
among family members), as well as disease or trait information and genetic
typing for at least some of the family members. Two genetic loci are said to
be linked when the parental alleles transmitted to a child at one locus are not
independent of the parental alleles at the other locus. Figure 8.1 illustrates the
genetic transmission of chromosomal material to the children of two parents
drawn from a randomly mating population (i.e., within a nuclear family).
In Figure 8.1(a), the patterned vertical bars represent a pair of chromosomes for each of six individuals in a population. The horizontal tick marks
represent chromosome positions at which a genetic marker or variant can be
measured; one allele occurs on each chromosome. As a simple example, suppose that the dark diagonal and light dotted chromosomes each carry the A
allele at a marker locus on this chromosome, and the other chromosomes carry
the a allele at the same locus. A genotype for an individual is composed of the
pair of unordered alleles observed at the marker locus, for example AA, Aa,
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FIGURE 8.1: Illustration of (a) the genetic variability in a population, as
well as (b) genetic transmission from parents to offspring in a nuclear family
(two parents and their children) and identical-by-descent (IBD) sharing among
siblings.

or aa. Genotyping methods provide information about the two alleles at the
particular location, but not the parental source (so that Aa is not distinguishable from aA). In the nuclear family depicted in Figure 8.1(b), which consists
of parents and their children, the parents drawn from the population produce
four children. A chromosome composed of two patterns represents a recombinant chromosome, while a chromosome of one pattern is non-recombinant.
A recombinant chromosome can be created by the occurrence of crossovers
during gamete formation (either the egg or the sperm) in which chromosomal
material is exchanged between the two chromosomes of one parent, although
exchange does not always happen. For each gamete, such crossover events occur independently with varying probabilities and locations. Each child then
inherits one chromosome from their mother, and likewise, one from their father. When a genetic marker is close to a disease gene, it is more likely that a
parental allele at the marker locus is jointly transmitted with a specific allele
from the same parent at the disease locus. Informative parental genotyping,
here represented by differently-patterned chromosomes, is usually required for
precise inference about which parent transmitted a particular allele.
One type of genetic linkage analysis, usually referred to as model-based
or parametric linkage analysis, requires explicit model assumptions about the
relationship between the unknown gene variants and the disease or trait, and
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the pattern of disease inheritance in a family. Another type of linkage analysis, known as model-free analysis, does not require specification of a disease
inheritance model; see Xu et al. (2012) for a comprehensive summary. Rather,
patterns of genetic similarity among affected relatives at a marker locus are
compared to what one would expect at a location distant from a disease gene.
Genetic similarity is typically assessed by allele sharing, which is discussed in
the following subsection. Genetic linkage tests have been used as a first step in
the search for disease susceptibility genes, and a genome-wide scan for linkage
may simply identify broad regions that harbor such genes. These regions can
then be examined more closely by analysis with alternative methods or by
collection and analysis of higher density genetic typing data.
Genetic association analysis also aims to detect chromosomal regions that
harbor genes for complex traits, but proceeds by testing the null hypothesis
of no association between a SNP genotype and disease status, or trait value.
Case-control studies of unrelated individuals that compare the distribution
of genotypes in those with and without disease (i.e., “affected” and “unaffected”) have predominated. Nevertheless, statistical methods for genetic association analysis involving families have remained of considerable interest.
Family-based designs for assessing genetic association in families include the
case-parent trio design, in which an affected child and his or her parents are
genotyped. Under this design, one examines whether an affected child inherits a parental allele more often than expected under Mendelian inheritance,
or in other words, whether allele transmission from the parents in a sample
of trios exceeds the expected proportion of 1/2. Family-based designs have
been extended to the analysis of disease status and trait values in nuclear
families and large pedigrees, combining comparisons between unrelated individuals with comparisons between related individuals from the same family
(Mirea et al., 2012).
Recently and with the advent of next generation sequencing (NGS), there
is renewed interest in classical genetic linkage analysis methods. In families
carrying rare genetic mutations that nearly always produce disease, linkage
analysis can efficiently narrow down the genomic regions likely to carry the
causal variant. Consequently, there is a substantial increase in the accuracy
of inferring which of the genetic alterations identified by NGS is most likely
to be a disease-causing mutation.

8.2.1

Modeling Genetic Sharing in Sibships and Relative
Pairs

Here, we focus our discussion on genetic linkage analysis for a binary disease
state (affected/unaffected), and we assume that sufficient genetic data are
available so that it is possible to quite accurately infer whether two related
individuals share 0, 1 or 2 copies of a chosen chromosomal region. Such sharing
implies that the chromosomal region was inherited from a common ancestor,
and this is termed identical-by-descent (IBD) sharing of chromosomal regions.
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In the nuclear family illustrated in Figure 8.1, the first and the second child
share the dark diagonal chromosome inherited from one parent but share only
the lower (solid dark) part of the chromosome inherited from the other parent,
so IBD sharing is equal to 1 in the upper part of the chromosome and equal
to 2 in the lower part. The second and third child have IBD sharing equal
to 0 in the upper part of the chromosome, IBD sharing equal to 1 in the
middle part, and IBD sharing equal to 2 at the lower tip. In contrast, the first
and the last child have IBD sharing equal to 0 across the entire chromosome.
An observation in this family that the first, second, and third child were all
affected with disease, whereas the last was not, would be consistent with a
disease gene locus in the lower tip of the chromosome.
Mendel’s law says that a child is equally likely to inherit one half or the
other half of a parent’s chromosomal material. In sib pairs generally (i.e., not
selected according to their disease status), or in affected sib pairs at markers
that are distant from a disease gene locus, we expect IBD sharing proportions
of (1/4, 1/2, 1/4) for IBD sharing of (0, 1, 2) copies, respectively. (At a specific
location, for example at the top of the chromosomes in Figure 8.1(b), there are
four possible genotypes that are equally likely to be inherited by a child. Then
for a pair of siblings, there are 16 possible combinations of two genotypes, and
among these, there are four that share IBD = 0, eight that share IBD = 1, and
four that share IBD = 2). However at a marker close to a disease susceptibility
gene, we expect to observe excess IBD in a sample of affected sib pairs, with
a higher proportion of IBD = 2 and a lower proportion of IBD = 0.
Conceptually, the goal of genetic linkage analysis is to find chromosomal
regions with excess IBD sharing among related individuals. Such a chromosomal region is then likely to contain a gene or genetic variant that alters disease
risk. In the absence of any association with disease, the probability distribution of IBD sharing follows from Mendel’s laws of inheritance. We denote the
probability that a pair of related individuals share k alleles identical by descent
as zk = Pr(share k copies). For a randomly chosen chromosomal region (i.e., a
region in which no disease gene is located), the IBD sharing probabilities are
(z0 , z1 , z2 ) = (1/4, 1/2, 1/4) for siblings, and (3/4, 1/4, 0) for first cousins, for
example. When multiple markers within a chromosome region are examined
for linkage in a sample of affected relatives, a location with sufficiently large
excess IBD sharing is inferred to be close to a potential disease gene locus,
while more distant loci exhibit lesser amounts of excess sharing.
Figure 8.2 illustrates the characteristic reduction in average IBD sharing
in affected siblings with increasing distance from a linkage peak at which IBD
sharing is maximal. Marker locations under the linkage curve of excess sharing
constitute a linkage region.
Statistical estimation and testing of hypotheses is often done using likelihood functions (LF). A likelihood function associated with a particular dataset
is obtained by considering the probability of the observed data under a hypothesized model; it thus is a function of the parameters that specify the
model. Here the zk are the parameters in the likelihood for a simple allele
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FIGURE 8.2: Patterns of identical-by-descent (IBD) sharing in a region of
linkage on chromosome 6 in a sample of affected sib pairs (ASPs) with diabetes
(taken from Biernacka et al., 2005). The solid circles indicate average IBD
sharing values in the ASPs at each of 18 markers. The two curves show the
expected IBD sharing for a one-locus model (dashed line) and for a two-locus
model (solid line); cM is a measure of chromosome marker position commonly
used in linkage analysis.

sharing linkage model, and they can be estimated and tested using the LF.
Formally, one way to test for linkage is by a likelihood ratio (LR) statistic
where the likelihood at the estimated IBD proportions z = (ẑ0 , ẑ1 , ẑ2 ) is compared to the likelihood under the null hypothesis of no excess sharing. The
LR statistic can be maximized with respect to the zk parameters, and the null
hypothesis of no linkage is rejected when the maximized LR statistic is large
in comparison to a test criterion. The maximum likelihood estimation is constrained such that the estimated IBD proportions sum to 1. In affected sibling
pairs, the power of the LR test to detect linkage can be improved by evaluating the likelihood at a different point z ∗ , where z ∗ is constrained to lie within
the so-called plausible triangle of zk values (z1 ≤ 1/2 and z1 ≥ 2z0 ) that are
consistent with the underlying genetics of IBD allele sharing (Holmans, 1993;
Feng et al., 2005).

8.2.2

Models for Genetic Transmission in Families

Family-based designs for genetic association are also useful in the analysis of
disease status in families, and analysis can be conducted in a nuclear family
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TABLE 8.2: Formulation of allele transmission from parents to an affected
child, for family-based association tests of excess transmission under a caseparent trio design: nAa is the observed count of Aa parents that transmit A
and not a, naA is the observed count of aA parents that transmit a and not A,
nAA is the observed count of homozygous AA parents, and naa is the observed
count of homozygous aa parents.
Not Transmitted
Transmitted

A

a

A

nAA

nAa

a

naA

naa

with only one affected child. Returning to Figure 8.1, now we consider that
child 1 is affected and with two parents together constitutes a case-parent trio.
Suppose that the dark diagonal chromosome carries the A allele at a marker
locus on this chromosome, and the other chromosomes carry the a allele at the
same locus. When we genotype a marker locus on the chromosome, we find
that the first parent transmitted their diagonal chromosome A allele and did
not transmit their gray chromosome a allele to the child, whereas the second
parent transmitted their solid dark a allele and not their striped a allele. More
generally, assuming n trios with 2n parents, we can construct a 2 × 2 table as
given in Table 8.2 in which nAa is the observed count of parents that transmit
A and not a, naA is the observed count that transmit a and not A, and so
on. In our simple example, parent 1 would contribute to the nAa count, but
parent 2 is homozygous for a and contributes to the naa count. If the marker
allele is unrelated to being affected with disease then the probability that a
parent transmits one allele or the other is 1/2, and among parents with the
Aa genotype, no difference is expected in the proportions of A and a alleles
that are transmitted. In contrast, excess transmission of the A allele with
nAa greater than naA , for example, would provide family-based evidence for
association of that allele with disease. As in the allele-sharing analysis, the
success of this approach is dependent on the presence of linkage between the
marker locus and the disease locus.
In the case of a biallelic genetic variant such as a SNP (e.g., alleles A and
a) and a single affected child, a test statistic to detect excess transmission can
be constructed from the off-diagonal cell counts in the 2 × 2 table, where the
margins correspond to transmitted and untransmitted alleles for the parents,
and each parent contributes one observation to the table (Table 8.2). Among
several model formulations developed for this kind of pattern of genetic inheritance, known as transmission disequilibrium, one that lends itself well
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to generalization is the conditional on parental genotypes (CPG) likelihood
(Schaid and Sommer, 1993). Following the notation of Mirea et al. (2012) for
the case-parent trio design, this likelihood models Pr(G | Gm , Gf , D = 1),
the probability of the child’s genotype G conditional on the child being a
case (D = 1) and the parental genotypes (Gm for the mother and Gf for the
father), in terms of the genotype relative risk parameters
ψAA =

Pr(D = 1 | G = AA, Gm , Gf )
Pr(D = 1 | G = aa, Gm , Gf )

ψAa =

Pr(D = 1 | G = Aa, Gm , Gf )
.
Pr(D = 1 | G = aa, Gm , Gf )

and

Assuming a gene-dose model where
ψAa = ψ

2
and ψAA = ψAa
= ψ2 ,

the maximum likelihood estimate is ψ̂ = nAa /naA . Families in which both
parents are homozygous (e.g., AA or aa) at a marker locus are uninformative.
The null hypothesis specifying no excess transmissions, H0 : ψ = 1, can be
formally tested using a LR statistic.

8.2.3

Genetic Association in Unrelated Individuals

The era of genome-wide association studies (GWAS) has been largely driven
by the availability of inexpensive SNP-based technology to systematically examine the entire genome. Statistical analysis in GWAS is characterized by the
application of conventional methods for hypothesis testing of each one of a
very large number of SNPs genotyped using arrays (see Chapter 9 by Craiu
and Sun for discussion of approaches to statistical inference in GWAS). The
problem of high false positive error rates generated by conducting millions
of tests has been addressed by requiring strict significance thresholds in the
discovery study and replication in an independent study. Because stringent
criteria for genome-wide statistical significance are necessary to reduce the
number of false positive associations, very large sample sizes are required,
and case-control study designs have predominated; these studies compare the
genotypes of unrelated individuals affected with disease (i.e., cases) to those
of healthy individuals from the general population or individuals known to be
unaffected with the disease (i.e., controls).
As illustrated in Table 8.3, assuming n cases and m controls have been
genotyped at a SNP locus, we can construct a 2 × 3 table to compare their
genotype frequencies. We denote the genotype probabilities for cases and controls by (p2 , p1 , p0 ) and (q2 , q1 , q0 ) respectively, according to the number of
copies of the less frequent allele in the genotype (e.g., the number of copies of
A in AA, Aa or aA, aa). Assuming a gene-dose model in which the probability
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TABLE 8.3: Formulation of genetic association in unrelated individuals under
a case-control design: n2 is the observed count of cases with genotype AA,
n1 is the observed count of cases with genotype Aa, n0 is the observed count
of cases with genotype aa, and mx is the observed count of controls with x
copies of allele A.
Individual Genotype
AA

Aa

aa

Case

n2

n1

n0

Control

m2

m1

m0

of being affected depends on the number of copies of the allele, a genotypic
odds ratio parameter, OR, can be defined such that
OR =

p2 /q2
p1 /q1
=
,
p1 /q1
p0 /q0

and estimated from the observed genotype counts using likelihood methods.
GWAS provide a cost-effective platform to detect associations, and can
often identify a narrower chromosome region than linkage analysis. However,
association analysis has been largely limited to SNP variants that occur in
more that 5% of individuals, and a disease-associated GWAS tagSNP is not
usually causal itself but is close to a causal variant. GWAS typically have
not provided sufficient refinement at the base-pair level to identify potential
disease-causing variants. Next generation sequencing (NGS) and genetic imputation to augment the set of genotyped SNPs can be implemented in GWAS
samples to better determine the base-pair location of the genetic variant that
is possibly relevant. In some studies, only the regions surrounding the significant tag SNPs are sequenced. In other studies, the entire genome or exome
is imputed or sequenced. The ability to comprehensively examine all genetic
variation, including that occurring rarely or at low frequency in a population,
is the main attraction of NGS for genetic association studies, but in this chapter we leave aside discussion of methods for the analysis of NGS rare variants,
which is currently a very active area of research.
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Advances in Statistical Genetic Methods
Linkage with Covariate Data

Allele-sharing models such as the one introduced in Section 8.2.1 have been
widely used for the study of genetic linkage in complex traits and diseases.
When the etiology of a disease is complex (i.e., when there are many factors coming together to cause disease), heterogeneity can occur because of
differences in genetic or environmental factors that cause disease, or because
individuals with disease subtypes having different causes appear to be affected
with the same disease. In this situation, families may exhibit excess IBD sharing at several marker loci and subsets of the families may be linked to different
markers. Likewise, if an environmental exposure as well as a high-risk gene
variant need to co-occur in order to increase risk of disease, then unexposed
families will not exhibit excess sharing even for a marker close to the disease
gene locus. Classifying families according to covariate data (i.e., data on factors that may be disease-related) can often help to reduce this heterogeneity,
and improve the sensitivity of linkage analysis. The inherent challenge in considering covariate effects on genetic linkage is that a covariate is defined for
an individual, but linkage is defined by examining sharing in pairs or sets of
individuals. It is therefore necessary to construct covariates that apply to a
pair or a set. For example, in a pair of diseased siblings, it might be of interest to know if they were both diagnosed at a young age, with the idea that
genetic factors are more important in early onset than in adult onset disease.
The concept of heterogeneity in linkage evidence was instrumental in a study
of genetic factors influencing inflammatory bowel disease. Canadian families
containing at least two individuals diagnosed with either Crohn’s disease (CD)
or ulcerative colitis (UC) were recruited and a linkage analysis based on IBD
allele sharing in 158 families identified a region of interest on chromosome 5
(Rioux et al., 2000). Exploration of covariate associations in affected relative
pairs in an overlapping but slightly larger set of families (167 families and
199 affected sibling pairs) found evidence for differences in allele sharing that
depended on diagnostic subtype and age at diagnosis (Bull et al., 2002). The
sharing patterns in the families were associated more strongly with CD than
with UC, and particularly with families containing at least one individual with
a young age at diagnosis.
For simplicity, the discussion here assumes that one chromosomal region
is being examined and that the genetic data for an individual at that location
are represented by G. If the probability of being diagnosed with disease D
depends on a covariate, x, such as age or an environmental exposure, as well
as the genotype G, this can be thought of as a modification of the conditional
probabilities Pr(D|G) by the covariate; i.e.,
Pr(D|G, x1 ) 6= Pr(D|G, x2 ),
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where x1 and x2 are different covariate values. Given this assumption, it can
then be shown that the probability distribution of IBD genetic sharing between
a pair of diseased, related individuals also depends on the covariate values of
the pair; calculations for these probabilities essentially use Bayes rule. Let
xP represent a covariate that applies to a pair of affected relatives, and k =
0, 1, 2 enumerate the IBD states. In one of the first studies in this direction
(Greenwood and Bull, 1999a), the dependence of the IBD proportions on
covariates in affected sibling pairs was parameterized by a multinomial model,
zk (xP ) =

exp (βk xP )
1 + exp (β1 xP ) + exp (β2 xP )

in which the parameters β1 and β2 correspond to differences in IBD sharing that depend on covariates. In the study of CD and UC families noted
above, both family-level and pair-level covariates were defined (i.e., ethnic
background: Jewish versus non-Jewish; diagnostic subtype: all sibs CD, all
sibs UC, or both CD and UC sibs; and age at diagnosis: one sib diagnosed
by age 16 years versus both sibs diagnosed after age 16). Although inference
about linkage in the absence of covariate effects can be improved by the triangle constraints introduced in Section 8.2.1, their use in linkage models with
covariates is more complicated, since the constraints may no longer apply for
all sibling pairs, particularly for pairs who have different values for the covariate. The most attractive option may be to implement partial constraints,
for example within covariate-defined subgroups, which although not optimal,
may nevertheless improve power of the likelihood ratio test in most situations
(Greenwood and Bull, 1999a).
Subsequent development of approaches to test for linkage in the presence
of covariates beyond the affected sibpair analysis we have described here allow many types of relative pairs to be analyzed simultaneously. For example,
because the expected IBD sharing proportions depend on the type of relative pair, Xu et al. (2006) extended the model of Olson (1999) to include
relative-pair-level covariates. In this framework, the likelihood contributions
of different relative pair types are unified by writing the probabilities in terms
of the increased disease risk for IBD = k (k = 1 or 2) relative to IBD = 0. The
resulting covariate-dependent relative risk formulation could then be incorporated into a tree-based algorithm designed to select the important covariates;
this method identified clinical covariates altering evidence for linkage at a
candidate region in families including cases of bipolar affective disorder (Xu
et al., 2006). It is also possible to include individual-level covariates in IBDsharing-based linkage analysis through judicious weighting of each individual’s
contribution to the test of linkage (Whittemore and Halpern, 2006). Finally,
for linkage studies that examine multiple pairs of relatives in the same family,
practical methods to account for the dependence between the pairs provide
accurate assessment of statistical significance (Greenwood and Bull, 1999b;
Schaid et al., 2007).
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FIGURE 8.3: Summary nonparametric linkage (NPL) scores for family subgroups with inflammatory bowel disease in a region of linkage on chromosome
5 (taken From Mirea et al., 2004). The solid line in the upper figure applies
to all families, CD and UC denote diagnostic subgroups, while CD 16 and
CD>16 distinguishes subgroups defined by minimum age at onset ≤ 16 years
in the family. The summary NPL score is an average of family-specific linkage
statistics calculated using 17 markers. cM is a measure of chromosome marker
position commonly used in linkage analysis.

Further analysis of the inflammatory bowel disease families at the chromosome 5 locus using family-level tests of covariate-based heterogeneity (Mirea
et al., 2004) also demonstrated some evidence for heterogeneity in linkage
depending on the pedigree minimum age of onset (Xu et al., 2012). The nonparametric linkage (NPL) statistic used in Figure 8.3 is a summary of excess
IBD sharing among all the affected relatives in a family. We see differences
between CD and UC subtypes in the family-specific NPL score, and according
to early age at diagnosis in the CD subtype. The prominent genomic location
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in the latter has shown consistent association with disease risk in subsequent
studies (Weizman and Silverberg, 2012), but unfortunately, identifying exactly which DNA changes are responsible for the increased disease risk has
proven extremely elusive. Investigation of the genetics of inflammatory bowel
disease continues, with a recent large meta-GWAS study of over 75,000 cases
and controls, yielding a cumulative total of 163 loci that meet genome-wide
significance thresholds (Jostins et al., 2012).

8.3.2

Effect Estimation in Genome-Wide Analysis

Whether conducted by linkage or association analysis, genome-wide investigations are fundamentally discovery studies in that they aim to comprehensively
examine all regions of the genome and discover regions, genes, or variants that
will be evaluated in subsequent studies. It is important for scientific acceptance that such potential effects also be seen in one or more independent
“replication” studies of individuals or families that did not participate in the
discovery study. When the same observations are used for both gene discovery
and effect estimation, and a genetic effect is estimated only when the test for
linkage or association at that locus meets genome-wide statistical significance
criteria, the effect estimate is on average larger in magnitude than the true
value (Göring et al., 2001). Bias in genetic effect estimates, a phenomenon
also known as the winner’s curse or the Beavis effect (Xu, 2003), can occur
in both genome-wide linkage and genome-wide association studies. The bias
introduced in this way is a form of selection bias (Efron, 2011), and the observation of a smaller effect in an independent replication sample is common.
This phenomenon is well-illustrated by a case-control GWAS of psoriasis that
reported odds ratios for genetic association calculated in independent discovery and replication samples (Nair et al., 2009). All of the 10 most significant
SNPs identified in the discovery sample of 2759 individuals had smaller odds
ratios in the replication sample of 10,099 individuals, with the percentage
reduction ranging from 5% to 20%.
Such bias is particularly critical in replication study design. When an estimate from a discovery study is used to calculate the sample size required for
a replication study, a biased effect estimate will produce a sample size estimate that is too small, leaving the investigators with a study under-powered
to replicate a true association. If the association is not replicated, it may be
assumed the original finding was a false positive association, when in fact it
is a true association that was not replicated due to inadequate sample size. In
addition, an accurate estimate of the genetic effect is important for estimation
of the proportion of heritability explained by significant genetic associations,
for meta-analyses from multiple studies, and for interpretation of detected
associations.
To address the problem of selection bias, initially in the setting of allelesharing linkage analysis, Sun and Bull (2005) developed a genome-wide “bootstrap” resampling method in which random samples drawn from the origi-

S. B. Bull, J. Graham, and C. M. T. Greenwood

139

nal study data are reanalyzed. Within each such bootstrap resample, which
consists of a subset of the original study observations, repeating the entire
genome-wide analysis imitates a “discovery” study, and captures the effects
of the statistical significance criterion, as well as the correlation structure
among the genetic loci. A genetic effect estimate for a locus with a test statistic that exceeds the genome-wide significance threshold in the bootstrap resample analysis, will be subject to the “winner’s curse.” Then to imitate an
independent study, the genetic effect at the locus discovered in the bootstrap
resample is estimated in the original study observations not included in the
bootstrap resample. The difference between these two estimates reflects the
winner’s curse bias. This process is repeated in each of a large number of
bootstrap resamples and the average difference is taken as an estimate of
bias. Because the size of the bias depends on the ranking of the loci according to the size of the test statistic (i.e., whether it is the largest or the tenth
largest, for example), the bias for the kth ranked locus detected in the original
analysis is estimated with the bias estimates for the kth ranked locus in each
of the bootstrap resamples. This is called a shrinkage estimator because the
bias calculated in this way is used to reduce the genetic effect estimate for
each of the loci identified in the original study.
This bootstrap implementation has proven valuable in several scientific
settings, including genetic linkage analysis, GWAS and NGS (Wu et al., 2006;
Yu et al., 2007; Faye et al., 2011, 2013). Wu et al. (2006) evaluated the
bootstrap method for a quantitative trait linkage scan and, in the situation
where multiple significant markers are detected, described how to estimate
the proportion of genetic variance explained by a marker (a quantity known
as locus-specific heritability). In GWAS, it can account for SNP selection according to statistical significance or relative ranking among SNPs, and a software package with an efficient implementation for GWAS is publicly available
(www.utstat.utoronto.ca/sun/Software/BR2/br2-web/br2.html). Applications in genetic association studies of psoriasis, diabetic glycemia, and time
to diabetic nephropathy have provided additional insight into the performance
and prospects for replication studies (Al-Kateb et al., 2008; Paterson et al.,
2010; Sun et al., 2011; Poirier et al., 2013). Additional aspects of selection
bias have been studied in the NGS setting in which regions surrounding highly
ranked GWAS SNPs are sequenced by NGS in the same sample used to detect
the region (Faye and Bull, 2011). In addition, SNP genotyping is subject to
both measurement error and to errors of imputation. Recent work has considered further the consequences of differential sequencing error and imputation
error, and applied the bootstrap shrinkage estimator in an analytic re-ranking
method that improves identification of potentially causal variants, for example, in locating sequence variants within a chromosome region associated with
the risk of prostate cancer (Faye et al., 2013).
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Commentary: Current and Emerging Issues

For complex traits, such as cancer and obesity, epidemiologic evidence implicates environment and lifestyle as major factors. On the other hand, familial
clustering of disease suggests that genetics also plays a role. An emerging focus of complex-trait epidemiology is the role of the environment (E) together
with genes (G), often referred to as G × E, or gene-environment interaction.
In early genome-wide association studies (GWAS), environmental and lifestyle
factors were rarely considered, owing to challenges with the feasibility, cost
and validity of covariate measurement. However, GWAS have explained very
little of the variation in traits that is due to genetic differences (Manolio
et al., 2009), and so investigators are taking a closer look at G × E (Ober
and Vercelli, 2011), with some success. For instance, among smokers, colorectal cancer is strongly associated with exposure to carcinogens in well-done
red meat, but only in genetically susceptible individuals (Le Marchand et al.,
2001). As another example, obesity is more highly associated with fat intake
in carriers than in non-carriers of the risk allele in the PPAR-γ gene (e.g.,
Garaulet et al., 2011). In fact, the concept of G × E was instrumental in a
recent longitudinal study of body-mass index (Abarin et al., 2012). The study
followed 1096 children from birth to 14 years of age and analyzed the variation
in their BMI growth trajectories. Among carriers of the risk allele in the fat
mass and obesity gene, FTO, the increase in BMI was attenuated by longer
duration of exclusive breastfeeding. These G × E findings have public health
relevance for preventing obesity in genetically susceptible individuals.
Despite the successes described in this chapter, statistical challenges remain. For example, in cancer and other rare diseases, the case-control study
is a practical design, but the ability to detect G × E is low, even with large
sample sizes (Greenland, 1983). When the study population is ethnically homogeneous and E is not genetically influenced, it is reasonable to assume that
G and E are statistically independent; i.e., a person’s genotype is unrelated
to their environmental covariates. In these cases, power may be enhanced by
enforcing G–E independence (e.g., Umbach and Weinberg, 1997; Chatterjee
and Carroll, 2005; Shin et al., 2007), as implemented in the R software package
LUCA (Shin et al., 2007), available from the Comprehensive R Archive Network
(CRAN; cran.r-project.org). Outside genetics, these methods can also be
applied to exploit the independence of randomized treatments and covariates
in nested case-control studies (Breslow et al., 2013). One drawback is that
even slight departures from the assumed form of G–E dependence can inflate
the chance of false-positive results in tests of G × E (e.g., Shin et al., 2007).
Statistical independence of G and E within families, rather than in the population, is a weaker assumption that can increase the power to detect G × E in
case-parent study designs. These designs are frequently used for rare diseases
of early onset, such as childhood cancers (e.g., Infante-Rivard et al., 2007) in
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which prenatal factors such as parental occupational exposures may be relevant. Shin (2012) developed a data-driven approach that incorporates G–E
independence within families to visualize and test G × E in case-parent trios.
The approach is implemented in the R software package trioGxE available on
CRAN.
Measurement or misclassification error can affect the interpretation of results for G × E in ways that require more research in terms of identification
and correction (Greenland, 1980). Development of approaches to appropriately deal with the misclassification of G (e.g., Weinberg et al., 2011; Shin
et al., 2012) and with E (Thomas, 2010) is an important area of ongoing
research. Recent commentaries (Thomas, 2012; Thomas et al., 2012) suggest
that methods for the joint analysis of genes and environment are likely to
take on increasing prominence, in part due to the development of molecular
technologies and biomarkers that can broadly assess environmental exposures.
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