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A fter decades of study, much has been learned
about the genetics of common diseases, but
most of this knowledge relates to rare families
segregating high-risk alleles1. Such alleles are
generally very rare in the population and

therefore explain relatively little of overall disease preva-
lence. A simple way of describing the relative importance of
a locus from the standpoint of public health is to use the
population attributable fraction (PAF). This factor can be
thought of as the fraction of the disease that would be elim-
inated if the risk factor were removed. In a public health
context, high-risk alleles may have a large PAF (>50%) in
rare, single-gene mendelian diseases such as cystic fibro-
sis2,3, but do not appear to be important for common 
diseases. The PAF for rare alleles in common disease is
generally less than 10%. For example, more than 150 rare
high-risk alleles have been identified for Alzheimer’s disease
in three genes (PS1, PS2 and APP; for more information,
see http://molgen-www.uia.ac.be/ADMutations), but the
combined PAF for all of these alleles is less than 5% of all
Alzheimer’s cases4.

Common modest-risk alleles may account for a greater
PAF in common disease than do rare high-risk alleles; this
is often referred to as the common disease/common variant
(CDCV) hypothesis5. For example, the PAF for the Apo�4
allele in late-onset Alzheimer’s disease has been estimated
at 20% (ref. 6), which is greater than all of the known rare
high-risk alleles combined. 

Scientists are motivated by three factors in their search
for common modest-risk variants associated with com-
mon disease: identified risk variants can illuminate new
and important aspects of disease pathogenesis; common
variants can be more important than rare ones from a
public health perspective because they usually have a larger
associated PAF; and common modest-risk variants are
easier to identify than rare modest-risk variants7, as will be
discussed later. Association studies compare the allele fre-
quency of a polymorphic marker, or a set of markers, in
unrelated patients (cases) and healthy controls to identify
markers that differ significantly between the two groups.
Many papers have been published detailing studies using
just one or a small number of polymorphisms, but many, if
not most, of the identified associations have been difficult
to replicate8. Because it seems likely that common modest-

risk variants exist8,9, developing tools such as high-density
genetic maps for whole-genome association analyses is an
important goal in the next phase of analysing the human
genome. Comprehensive analysis of candidate regions, or
even the whole genome, should produce more robust
results. Over the past several years, the technical10, infor-
matic11 and statistical12 foundations have been laid for
whole-genome association analyses7,13–16. It is important
that researchers planning to use these resources under-
stand that association analysis using dense maps, such as
the HapMap17, is fundamentally different from the family
linkage studies used to identify rare high-risk alleles.

In this review, we will address the prospects for whole-
genome association studies, starting with a summary of
the theoretical basis of association analysis and currently
available experimental resources. We will compare the
strengths and weaknesses of direct, indirect and pooled
study designs, and discuss the prospects for application of
these designs at a whole-genome level. We close with a dis-
cussion of the challenges associated with multiple testing
in whole-genome association analysis, both at the level 
of single polymorphisms and at the level of interaction
between polymorphisms.

Linkage versus association
For the past two decades, the dominant study design for
investigation of the genetic basis of inherited disease has
been linkage analysis in families. Linkage analyses search
for regions of the genome with a higher-than-expected
number of shared alleles among affected individuals within
a family. This indicates that somewhere within this linked
region there is a disease-predisposing allele. Closely related
individuals tend to share large regions of the genome
inherited from the same recent ancestor, and therefore
genotyping fewer than 500 polymorphic markers across
the genome is generally adequate to detect linked regions.
In linkage analysis, any polymorphism between a pair of
linked markers will be associated with both markers. As a
result, linkage maps have a logical hierarchical structure
wherein an initial genome scan can be performed at low
density (fewer than 500 markers), with additional markers
used to fine-map the boundaries of linked regions. Because
of the small number of recombination events within most
families, it is frequently difficult to narrow the region of
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interest to below several megabases, but candidate-gene analyses
within linked regions have been greatly accelerated by the availability
of the complete sequence of the human genome.

Linkage analysis is more powerful than association analysis for
identifying rare high-risk disease alleles, but association analysis is
expected to be more powerful for the detection of common disease
alleles that confer modest disease risks7. This reflects the fact that for
modest-risk alleles the patterns of allele sharing among affected indi-
viduals within pedigrees are less striking than patterns of allele sharing
between unrelated affected individuals. Another advantage of associa-
tion analysis is that it is easier to recruit large numbers of unrelated
affected individuals than it is to collect large numbers of pedigrees,
each containing multiple affected individuals, especially for diseases of
old age. But the region around a marker that is shared identically by
descent in unrelated, affected individuals will be much smaller than the
shared region for related individuals because of the much higher num-
ber of generations from the most recent common ancestor. Therefore,
association analysis requires markedly higher marker densities than
linkage analysis, of the order of hundreds of thousands of markers13,17.

Single-nucleotide polymorphisms (SNPs) are variations in DNA
sequence where one of the four nucleotides is substituted for
another (for example, C for A). SNPs are the most frequent type of
polymorphism in the genome, and therefore will make up the vast
majority of markers in a whole-genome association map. We will
refer to SNPs genotyped in an association analysis as tagSNPs; a wide
variety of techniques for selecting tagSNPs exist10,18–23, with many
more under development.

Linkage disequilibrium (LD) describes the non-random correla-
tion between alleles at a pair of SNPs. A major practical difference
between linkage maps and association maps is that LD does not have
a hierarchical structure akin to linkage12. In association analysis, a SNP
between a pair of strongly associated tagSNPs may not be strongly
associated with either tagSNP (Box 1) and therefore can easily go
undetected. Association analysis can identify disease-risk variants
only when such variants are strongly associated with a tagSNP.

The first generation of whole-genome association maps will be
available shortly, but as denser maps become available it will be nec-
essary to genotype additional tagSNPs across the entire genome until
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In an indirect association analysis, a dense set of markers across a
region is genotyped and tested for association. The assumption is
that the genotype at polymorphisms in the region that are not
genotyped directly will be correlated with one or more of the
markers. The strength of the correlation between markers and an
untyped polymorphism (frequently referred to as linkage
disequilibrium, LD) can be described using several statistics. From
the standpoint of association analysis, the most appropriate LD
statistic is r 2, the Pearson correlation coefficient between alleles at
each locus25. r 2 is directly related to statistical power to detect an
untyped SNP. The ability to detect a risk SNP indirectly in n
samples is roughly equivalent to the ability to detect it directly in nr 2

samples61. Thus, even in a large number of samples, low r 2

between markers and adjacent unassayed polymorphisms will
result in low power to detect disease associations at the
unassayed polymorphisms.

As an example, a visual genotype for the common SNPs in the
IL10 gene in a European population is shown in a, with r 2 between
SNPs shown in b (image generated with the VG2 program;
http://pga.gs.washington.edu/VG2.html). The important point is
that even in a 7-kilobase, non-recombinant region (sometimes
referred to as a ‘haplotype block’), there are clearly several
common patterns of variation, and levels of r 2 between these
patterns are low. If we genotyped SNPs 1498 and 6570 as
markers (indicated by arrows), we would observe strong LD
between them (r 2 = 1; shown in red). But there are clearly a
number of SNPs between these two with distinct patterns of
genotypes (for example, 2767, 2911, 3582 and 4467) that are
weakly associated with either marker and therefore would not be
detected. Careful scrutiny will reveal that each common pattern is
seen at least twice, effectively ruling out recurrent mutation as a
source of variation in the region. This graphically illustrates how LD
between adjacent markers that are not associated with a
phenotype cannot be used to hierarchically exclude the intervening
region from containing a disease-associated SNP.

Box 1
The non-hierarchical structure of linkage disequilibrium
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it becomes clear that most of the newly typed tagSNPs are strongly
associated with tagSNPs that have previously been genotyped. Once
patterns of LD between common polymorphisms have been
described, it will be possible to select optimized subsets of tagSNPs
such that all common variants (or a sufficiently large fraction there-
of) are either directly assayed or are strongly correlated with either an
allele of a single tagSNP or a combination of alleles at several tagSNPs
(a tagSNP haplotype). The optimal subset will not necessarily be the
same for all studies, but will reflect a number of practical considera-
tions specific to the study, including the expected effect size and
desired statistical power, the genetic diversity of the study population
and the available budget. As genotyping and ultimately whole-
genome sequencing becomes cheaper24, map optimization may not
be necessary at all.

Current applications of SNP maps
Linkage analysis generally identifies broad intervals of several
megabases that correlate with disease status within pedigrees, and
these intervals can encompass dozens to hundreds of candidate
genes. If the disease-predisposing allele is relatively common, it
should be possible to fine-map the disease allele within linkage peaks
using LD25. Where a significant linkage hit has been identified and
there is evidence of a single major-risk allele (as is found in
haemochromatosis and cystic fibrosis), this is a perfectly reason-
able strategy. However, a large number of ‘suggestive’ linkages exist
for which the underlying genetic defect (if it exists) has not been
identified. Suggestive linkage describes genomic regions with an
observed trend toward excess sharing in affected individuals that is
not significant after correcting for multiple tests across the
genome26,27. Suggestive-linkage regions can contain common dis-
ease alleles with modest relative risk, so there is some enthusiasm
for association analysis of candidate regions of the genome identi-
fied as suggestive linkages. These linkages can also be attributed to
simple false-positive results, with one suggestive-linkage hit
expected per linkage scan under the null hypothesis that no risk
allele exists. Thus, fine-mapping of suggestive-linkage peaks by
association analysis makes sense only when simulations show clear
evidence for an excess of suggestive linkage across the genome28, or
when the cost of doing so is acceptable without compelling evidence
for linkage.

Candidate SNP analysis of coding SNPs (cSNPs) that change
amino acids has intriguing potential, because the number of com-
mon cSNPs is several orders of magnitude smaller than the number
of common SNPs overall. In resequencing 262 genes in the PDR90
panel (which consists of 90 human DNA samples with diverse ethnic
origins29), we have identified 147 cSNPs with an allele frequency
above 5% (unpublished data). Extrapolating to 30,000 genes, a
comprehensive analysis of common cSNPs could require ~20,000
common cSNPs to cover the genome, consistent with previous
reports30–32. This approach is currently impractical because there is
no concerted public effort to comprehensively identify cSNPs, but we
believe that such a resource would be very valuable and should be
made a high priority of the genome project.

cSNPs constitute the majority of disease alleles in mendelian
disorders, and a recent analysis1 suggests that common disease
variants are likely to show a similar trend. Mendelian diseases are
largely recessive, with mutations that abolish the normal function of
a gene, as demonstrated by the relatively high frequency of nonsense
mutations, so if common disease alleles reflect modest changes in
gene function or activity, then the mendelian alleles are an inappro-
priate model. Furthermore, recent comparative genomic studies
have demonstrated that the level of evolutionarily conserved non-
coding sequence is comparable to the amount of evolutionarily
conserved exonic sequence33,34. It seems quite plausible that disease-
associated variants with modest effect will be distributed propor-
tionately between noncoding and coding sequences. However, our
ability to identify functional variation in conserved NCSs is still in
its infancy35,36.

Candidate SNP analysis is a direct test of association between a
putatively functional variant and disease risk. The alternative,
which we will refer to as indirect association (Fig. 1), is to test a dense
map of SNPs for disease association under the assumption that if a
risk polymorphism exists it will either be genotyped directly or be
in strong LD with one of the genotyped tagSNPs5,13,18. The advantage
of indirect association analysis is that it does not require prior
determination of which SNP might be functionally important, but
the disadvantage is that a much larger number of SNPs needs to be
genotyped. Both direct and indirect association testing currently can
be applied effectively to candidate genes that have been implicated in
disease pathogenesis by other means, as long as common variants
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Figure 1 Direct versus indirect association analysis. a, In direct association analysis,
all functional variants (red arrows) are catalogued and tested for association with
disease. A GeneSNPs image of the CSF2 gene is shown. Genomic features are
shown as boxes along the horizontal axis (for example, blue boxes indicate exons).
Polymorphisms are shown as vertical bars below the axis, with the length of the line
indicating allele frequency and colour indicating context (for example, red indicates

coding SNPs that change amino acids). b, For indirect association analysis, all
common SNPs are tested for function by assaying a subset of tagSNPs in each gene
(yellow arrows), such that all unassayed SNPs (green arrows) are correlated with one
or more tagSNPs. Effects at unassayed SNPs (green arrows) would be detected
through linkage disequilibrium with tagSNPs. Images adapted from GeneSNPs
(http://www.genome.utah.edu/genesnps).
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have been comprehensively identified in the candidate gene, and the
two approaches are not mutually exclusive.

Measured allele frequencies in pooled samples can be used in asso-
ciation analysis instead of genotyping individual samples37–39. Using
quantitative genotyping technologies to measure allelic frequency
changes between pools of patient and control DNAs is considerably
cheaper than genotyping individual samples, even though multiple
replicates are required to increase the precision of allele frequency
estimates in pools. Because pooling is cheaper, many more SNPs can
be screened for association in a pooled analysis. Pooled studies will
no doubt find some associations41–43, but will probably miss others
for one of two reasons.

The power of pooled analysis depends on the expected effect size:
large relative risks can lead to large differences in allele frequency
(�p) between cases and controls, whereas small relative risks (for
example, at modest-risk alleles) produce smaller differences. The
ability to detect a real allele frequency difference is therefore a
function of the true �p between cases and controls and the error in
estimating �p. Error in �p estimates can be divided into sampling
error (random noise introduced by estimating �p in a finite sample)
and measurement error (noise introduced by the precision of the
technological platform used to estimate �p). Whereas sampling
error decreases with increasing sample size, measurement error does
not, and seemingly small measurement errors in �p can dramatically
reduce the power to detect modest-risk alleles. This is especially true
in whole-genome studies, where the large number of tests virtually
guarantees that true positives will be lost in a sea of false positives. For
example, the expected �p is just 4.3% for a risk allele with 10% allele
frequency and 1.5-fold genotype relative risk (GRR; the relative risk
associated with each risk allele carried by an individual), which could
easily be missed in a whole-genome scan with measurement error of
�2%, as observed in most pooling platforms44.

Technical considerations aside, pooled DNA analysis can be
considerably less powerful than individual genotype analysis when
known risk factors have been measured in each sample. This is true
because common diseases generally have known environmental and
genetic risk factors (for example, smoking status or sex). Analyses
corrected for known risk factors should have greater power to detect
novel factors when the risk associated with an unidentified genetic
variant is smaller than that associated with a known factor, or if there
is an interaction between the known risk factor and the unidentified
genetic variant. This shortfall can be overcome by sorting cases and
controls into subpools on the basis of known risk factors (such as
smoking and sex, or genotype at a known risk locus) before the pools
are genotyped. However, subpooling also increases the number of
assays per SNP, so the economic advantage over individual geno-
typing is less marked. Even if subpools are assembled on the basis of
known risk factors, the pooled frequency data cannot be used to
explore novel gene–gene or gene–environment risk interactions.

The joy of intermediate phenotypes
Clinical outcome can be thought of as a synthesis (or grand total) of
many risk factors, with intermediate phenotypes as subtotals. An
example of this would be lipid profiles and risk of myocardial infarc-
tion, where the number of variables affecting low-density lipoprotein
(LDL) levels is presumably smaller than the number of variables
affecting the risk of myocardial infarction. Genetic factors contribut-
ing to intermediate phenotypes will generally be easier to identify
because of the improved signal-to-noise ratio in the fraction of vari-
ance explained by any single factor (Box 2). Thus, it is crucial to
appreciate how the definition of a phenotype can affect the prospects
of an association analysis. Studies using a single clinical endpoint are
akin to a shot at the moon with only one chance of success, whereas
studies that collect multiple phenotypes are more likely to help us to
understand the contribution of genetic factors to components of
disease, regardless of whether a significant effect can be established
on the clinical endpoint.

When intermediates are relatively cheap (for example, standard
clinical chemistry) they should be broadly applied, although multi-
ple testing can become an issue because each additional phenotype
increases the number of statistical tests. More expensive intermediate
phenotypes, such as RNA expression and protein levels, or measures
of drug response and metabolism, also deserve thoughtful considera-
tion, and new high-throughput proteomic approaches may dramati-
cally expand the feasibility of collecting intermediate phenotype
data45. Intermediate phenotypes may currently be a better investment
than genotypes, at least until dense SNP-mapping technologies
mature, especially considering that early studies will not necessarily
help us to focus later efforts, because dense SNP maps do not have a
hierarchical structure.

Although genotypes are reasonably precise, phenotypic and
environmental risk factors are generally imprecisely measured, and
the precision of these covariates will be very important in evaluating
gene–environment interactions. For example, body mass index
(BMI) is a more precise (and useful) measure than is a dichotomous
obese/non-obese variable. For that matter, circulating levels of the
nicotine metabolite cotinine are certainly a better measure of smok-
ing status than self report46. Just as intermediate phenotypes increase
the probability of learning something useful from a study, a modest
number of carefully phenotyped samples can be more valuable than a
large number of poorly characterized samples. Conversely, studies
that make a reasonable effort to regulate environmental exposures
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Intermediate phenotype analysis
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Intermediate clinical phenotypes have been identified for many
diseases. Just as clinical outcome can be treated as a synthesis of
the intermediate phenotypes, so intermediates can be treated as
syntheses of subsets of proximal risk factors, both environmental
(Environment 1 and 2) and genetic (Locus A and B), as shown in
the figure. The advantage of intermediate phenotypes is that the
number of genetic and environmental factors influencing each
intermediate is presumably smaller than the number of factors
affecting the clinical endpoint. Therefore, the proportion of variance
in an intermediate phenotype explained by a given genetic locus
will be greater than the proportion of variance explained in the
clinical endpoint. A good example of this is the relationship
between the gene PON1 and risk of carotid artery disease (CAAD).
The enzymatic activity of PON1 is a known risk factor in CAAD62

and is a useful intermediate phenotype. Examination of genetic
variants at the PON1 locus has identified coding
polymorphisms63,64 and regulatory SNPs that significantly alter
PON1 levels65, but none of these SNPs showed significant
associated risk for CAAD directly62,66. In this case, the intermediate
phenotype (enzyme activity) helped in the identification of a group
of SNPs that probably do have a small effect on CAAD risk, but a
risk increase that is so small that it could not be detected directly
in the available sample.
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should be better able to identify modest genetic effects because of
reduced environmental noise.

Can the multiple testing problem be solved?
Before dense SNP maps are applied to search for genetic components
of a complex disease, we need to understand how many markers will
be required for a complete, high-power genome scan. More than
seven million SNPs have been described in the human genome. The
International HapMap Project17 aims to genotype at least 600,000 of
these to define haplotype patterns across the genome, with the goal
of developing a map of non-redundant tagSNPs, and is committed
to denser spacing where necessary. Ultimately, such a map is likely to
require 200,000 to one million markers to achieve a reasonable likeli-
hood that any common SNP in the genome is usefully associated
with at least one tagSNP17, which is consistent with previous theoret-
ical estimates13. This generates an enormous multiple testing problem,
and it will be difficult to achieve ‘statistical significance’ in a single
genome-wide association study for all but the strongest effects.
However, there are practical methods that may help to identify impor-
tant genetic factors more efficiently, such as ranking markers by
proximity to candidate genes or by expected functional consequence
(for example, cSNPs).

Previous analyses have estimated the ability to detect a given GRR
in the context of a case–control study. In one model of a genome-wide
association study, a GRR of >1.5 associated with a common SNP
(minor allele frequency of 10%) could be detected in a sample of
~2,000 matched case–control pairs7, conservatively corrected for 
one million independent tests. More recent analysis suggests that
detecting a similar GRR would require many more samples, but for
this the investigators considered a map of only 300,000 tagSNPs47.
These studies raise an important issue: even if it is difficult to establish
significance within a single study, initial scans will at least help to focus
subsequent efforts on interesting regions of the genome. Further-
more, these analyses conservatively assumed independent markers,
but many markers in SNP maps will be significantly associated with
one another. Thus, it is difficult to theoretically establish a threshold
for significance in whole-genome association analysis, and signifi-
cance will be easier to address empirically by permutation analysis of
the observed data. False-discovery-rate analysis may also prove to be
a useful tool in this area48.

Higher-order risk interactions
One of the possible reasons that linkage analysis has identified few
high-frequency, modest-risk alleles is statistical interaction (or
epistasis) between multiple loci. If the risk associated with a given
locus is influenced by the genotype at another locus, single-locus
analyses might miss the association. Given that a large proportion
of common disease risk is heritable and that the genetic risk factors
identified by linkage explain relatively little of the PAF for common
disease, epistatic interactions could well be important in predicting
disease risk. If multiple testing is a major challenge at the level of
single SNPs, the problem rapidly becomes intractable when we
allow for gene–gene or gene–environment interactions. That is, for
600,000 tagSNPs and ten environmental variables, there are more
than 1011 possible pairwise gene–gene interactions, and six million
possible gene–environment interactions. Can we logically limit the
search space for gene–gene and gene–environment interactions?

Overall disease risk can be modelled as the product of risks at
many independent risk loci. With such a model, high-risk combi-
nations of genotype will exist, but the ability to detect any single
locus is a function of the relative risk of that locus alone. So what
exactly is an interaction? Statistical interaction between loci
requires a dependent effect, wherein the risk associated with a
genotype at a locus is dependent on a genotype at another locus.
There are several possible epistatic models. Assuming two risk loci
(A and B), a synergistic epistatic effect occurs when the combined
risk to risk-allele carriers at both loci is greater than would be
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expected if they were independent, and an antagonistic epistatic
effect is when the combined risk is lower than expected. A balanced
epistatic effect is a special case of antagonistic effects where the risk
for risk-allele carriers at both loci is actually lower than for risk-
allele carriers at only one locus. Finally, a permissive epistatic inter-
action is when only risk-allele carriers at both loci show increased
risk of disease.

Although relatively few epistatic interactions have been
described to date49–52, there is little doubt that many such interactions
exist. But the sheer number of potential interactions practically
guarantees that a comprehensive search has no power to detect them.
In practice, there are several reasonable approaches to reduce the
number of interactions analysed, such as limiting analysis to biologi-
cally plausible interactions between genes in related pathways, or
limiting analysis to markers with appreciable single-locus effects. In
general, risk interactions are more plausible between genes involved
in a physical interaction, found in the same pathway or involved in
the same regulatory network. Otherwise it is difficult to construct a
model in which risk at one locus can be dependent on the genotype at
the second locus. It would be reasonable to test for epistatic inter-
actions between all pairs of non-synonymous cSNPs in physically
interacting genes or pathways. However, identifying interacting
genes requires improved bioinformatics tools to expertly annotate
known pathways of physical interaction53,54 (Fig. 2), mine gene-
ontology resources55,56 and annotate expression analyses for evidence
of co-regulation57. Fortunately, all of these are likely to become a
reality in the near future.

Another approach to limiting the search space is to consider only
interactions between SNPs that exhibit some evidence of a main or

Figure 2 Pathway of physical interactions. If the risk associated with a given locus is
influenced by another locus, single-locus effects may not be detected at either locus.
Identifying interacting loci has improved with the introduction of expertly curated
pathways like the one shown here for genes involved in blood clotting. Each gene is
represented as an oval, with plain arrows representing conversion of proteins from
one form to another (for example, VII to VIIa). Arrows with � or � symbols indicate
enzymes that facilitate or inhibit conversions (for example, Xa converts VII to VIIa).
Each type of epistatic risk can conceivably take place in such a pathway. For
example, balanced risk interactions are plausible for physically interacting proteins
(for example, factor IIa/fibrinogen), whereas permissive interactions are plausible for
genes that are involved in the same pathway stream (for example, factors VIIa/II).
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single-locus effect. Epistatic risks with a large PAF are likely to
exhibit large main effects, so it might be reasonable initially to
restrict epistatic analysis to SNPs with large observed main effects. A
test statistic conditioned on the observed marginal genotype fre-
quencies at each SNP in cases could be used to identify epistatic
interactions within cases, independently from the epistasis model
or main effect at either locus. Similar tests for interaction have been
described for gene–environment interactions, where the magni-
tude of an interactive effect can accurately be estimated from case
data alone58–60. Testing the 1,000 tagSNPs with the largest main
effects for pairwise epistatic interaction would result in ~500,000
tests, comparable to the number of single-locus tests in a whole-
genome scan. Conveniently, significant epistatic interactions
among these tagSNPs can provide independent evidence that the
main effects are real. As a final note on the exploration of epistatic
interaction, the methodologies suggested above are solely an attempt
to maximize power to identify statistically significant results within a
single study. After the statistical power of a given study has been
exhausted, it is still important to examine all possible interactions,
although such a search is computationally daunting. Complete
exploration of non-obvious interactions can help refine underlying
analytical assumptions and study design, as well as generate testable
hypotheses for subsequent efforts.

Future directions
The tools for the genetic dissection of complex traits are nearing
maturity, and dense SNP maps will allow researchers to test the
CDCV hypothesis and identify such variants where they exist. These
discoveries will complement the knowledge already gleaned from
rare mendelian disorders, providing information about which gene
pathways are important in disease pathogenesis, which genes and
alleles within these pathways are important risks in the general popu-
lation, and how much of the heritable risk for common disease
remains to be explained by rare modest-risk alleles and epistatic
interactions. These tools may also facilitate the identification of
important risk interactions, but considerable theoretical efforts to
develop test statistics will be necessary before this can be achieved.
Common variants identified will not wholly explain the genetic
component of common disease risk, as there are certain to be rare
modest-risk variants that will go undetected by these analyses, but
the identification of important common variants will provide new
targets for diagnostics, prognostics and therapeutics. ■■
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