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The agenda

• How does genetic variation translate (“map”) into 
phenotypic information, and how is this translation 
affected by the environment? 

• How do we identify (i.e.,“map”) the causal variants? 

• Can we predict phenotypes?



Like begets like  
(Sir Francis Galton et al.)
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How many 
genes?



The simplest model possible 
(Fisher 1918)

Genotype AA Aa aa

Phenotypic 
value a d -a

Frequency p2 2pq q2

population mean:

M = ap2 + 2dpq � aq2

= a(p� q) + 2dpq



Dominance and epistasis

• Dominance reflects deviation from additivity 
between alleles at a locus 

• Epistasis reflects deviation from additivity between 
loci



Average effect

• The average effect of an allele is the mean 
deviation from the population mean of individuals 
with the allele and everything else chosen 
randomly 

• The average effect of a gene substitution is the 
expected effect of substituting one allele for the 
other



Variance decomposition

• The phenotypic variance can be decomposed into 
the genetic and environmental part:  

• But all this assumes lack of interactions:

VP = VG + VE

VP = VA + VD + VI + VE +COVGE + . . .



Heritability

• Heritability if the proportion of the phenotypic 
variance that is due to genetic factors 

• Broad-sense:  

• Narrow-sense:

H
2 = VG/VP

h2 = VA/VP



Typically estimated from 
parent-offspring regression

…but beware of environmental correlations



How do we map 
genes?



Linkage 
mapping



Linkage 
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In practice, several crossing schemes are used to
generate this mapping population12. In all of these,
the parents are mated to generate an F1 population.
In one approach, recombinant inbred lines can be
created by selfing (self-fertilizing) each of the F1
progeny for several (usually eight) generations (FIG.
1)13. In an ‘F2 design’, the mapping population is gen-
erated by mating the F1 progeny to each other (FIG. 2).
In a ‘backcross design’, the mapping population is
generated by crossing the F1 progeny to either, or
both, of the parents (FIG. 3). Several variations on
these crossing schemes have been designed to maxi-
mize the shuffling of parental alleles12,14. Once all
individuals in the mapping population are scored for
phenotype and multilocus genotype, the actual QTL
mapping can begin. The statistical tools at the foun-
dations of QTL mapping have been used for many
years (BOX 2). In fact, in 1923, Karl Sax mapped a QTL
for seed size in the bean, Phaseolus vulgaris, by statis-
tically associating it with a Mendelian locus for 
seed pigmentation15.

Today, we generally have much more detailed genetic
maps available. For example, Arabidopsis thaliana has
1,262 genetic markers, which consist of restriction frag-
ment length polymorphisms (RFLPs) and single
nucleotide polymorphisms (SNPs) that vary between
the two parental lines of the most commonly used set of
recombinant inbred lines (FIG. 1)16,17. Cereon Genomics
has identified and made available a collection of 28,117
SNPs, which include 15,674 insertion/deletion poly-
morphisms that are polymorphic between the two par-
ents of those same recombinant inbred lines.

Ultimately, QTL analysis yields a statistical descrip-
tion of the genes that underlie the phenotypes of
interest. The ‘statistical fog’is not completely lifted,
but we can see the shadows of those genes.

Box 1 | Quantitative genetics reborn

“… evolution is essentially a statistical problem,” W. F. R. Weldon (1893)

The early history of evolutionary genetics focused on understanding complex traits, particularly those relating
to humans, such as intelligence, temper and ‘artistic faculty’99. Without the benefit of Mendel’s ideas, Francis
Galton and the mathematician, Karl Pearson, established that useful predictions of the evolutionary trajectory 
of complex traits could be made without recourse to an explicit understanding of inheritance99. This area of
‘quantitative genetics’rested on the statistical properties of the MULTIVARIATE NORMAL DISTRIBUTION8,18.

With the rediscovery of Mendel’s theory of heredity in 1900, a conflict arose between this ‘biometrical’school
of quantitative genetics and the discrete genetics of the Mendelian school99. By 1910, it had been shown that
continuous phenotypic variation could result from the action of the environment on the segregation of many
Mendelian loci99,100. By 1918, Ronald Fisher convincingly reconciled the discrete inheritance of Mendelism with
the biometrical approach101. Modern evolutionary quantitative genetics is largely based on the same statistical
foundations that were laid by Pearson and Fisher102–108.

For most of the twentieth century, quantitative genetics had a crucial role in both agriculture and evolutionary
biology, but never seemed fully embraced by modern molecular genetics. There was (and perhaps still is) a
widespread perception that quantitative genetics essentially ignored genetics, blanketing actual genes in what 
has been called a “statistical fog”109.

Mapping quantitative trait loci (QTL) — the single or many genes that underlie quantitative phenotypes —
might represent an important part of the final synthesis of molecular and quantitative genetics. By working 
from the phenotype to the genotype, QTL mapping uses statistical techniques to localize chromosomal 
regions that might contain genes contributing to phenotypic variation in a complex trait of interest. Working
from the gene to the phenotype, molecular geneticists might be able to meet quantitative geneticists at some
genetic Promontory Point.
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Figure 1 | Principles of mapping quantitative trait loci.
The basic strategy behind mapping quantitative trait loci
(QTL) is illustrated here for a | the density of hairs
(trichomes) that occur on a plant leaf. Inbred parents that
differ in the density of trichomes are crossed to form an F1
population with intermediate trichome density. b | An F1
individual is selfed to form a population of F2 individuals. 
c | Each F2 is selfed for six additional generations,
ultimately forming several recombinant inbred lines (RILs).
Each RIL is homozygous for a section of a parental
chromosome. The RILs are scored for several genetic
markers, as well as for the trichome density phenotype. 
In c, the arrow marks a section of chromosome that
derives from the parent with low trichome density. The
leaves of all individuals that have inherited that section of
chromosome from the parent with low trichome density
also have low trichome density, indicating that this
chromosomal region probably contains a QTL for this trait.

MULTIVARIATE NORMAL
DISTRIBUTION
The central limit theorem
assures a normal (bell-shaped)
distribution for a variable that
is the summation of many
independent, random inputs.
This applies to single or
multiple variables.
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Extremely low 
resolution!

 (limited by the number 
of informative meioses 
in pedigree or cross)



So why do it?

• Historically, resolution was limited by markers! 

• High power because causative alleles are 
segregating at high frequencies — always works (if 
sample size is large enough) 

• Controlled environment (experimental crosses)



…if sample size is large 
enough…

• Remember Fisher’s model? 

• A quantitative trait can be highly heritable yet have 
the property that no single polymorphism has large 
enough effect to be mapped or studied (using 
realistic sample sizes) 

• In fact, in the early days of QTL mapping, many 
quantitative geneticists thought the entire idea of 
mapping genes ridiculous…



Genome-wide 
association studies 

(GWAS)



The Human Genome Project meant 
markers were no longer limiting… 

progress
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Prospects for whole-genome
linkage disequilibrium mapping
of common disease genes
Leonid Kruglyak

Fred Hutchinson Cancer Research Center, 1100 Fairview Avenue North, Seattle, Washington 98109, USA. e-mail: leonid@fhcrc.org

Introduction
Whole-genome association studies have recently been proposed
as a powerful approach for detecting the many subtle genetic
effects that underlie susceptibility to common diseases1−3. In con-
trast to linkage studies, which look for co-inheritance of chromo-
somal regions with disease in families, association studies look for
differences in frequency of genetic variants between unrelated
affected individuals and controls. Such studies have long been
used to test the involvement of candidate genes in diseases and to
refine the location of disease genes in regions identified by link-
age4. Improved techniques for high-throughput identification
and genotyping of polymorphisms offer the possibility of extend-
ing this approach to the entire genome in the near future5,6.

Association studies can be carried out using one of two general
strategies: direct or indirect7. Both rely on the hypothesis that
common genetic variants underlie susceptibility to common dis-
eases. The direct strategy is to catalogue all common variants in
coding and regulatory regions of genes, in the hope that this col-
lection will contain the changes that influence disease suscepti-
bility. Frequencies of these variants would then be compared in
patients and controls, with the expectation that a risk-conferring
variant will be more common in patients. Although straightfor-
ward in principle, the direct strategy faces practical hurdles. A
systematic whole-genome application requires the identification
of all 50,000−100,000 human genes, as well as their common
variants. Currently, complete sequence is available for only a
fraction of all human genes. Furthermore, it is difficult to identify
variants that affect gene function by means other than changing
the coding sequence (for example, regulatory and intronic poly-
morphisms). For these reasons, near-term applications of the
direct strategy will probably be limited to studies of coding varia-
tion in selected sets of candidate genes.

The indirect strategy avoids the need for cataloguing potential
susceptibility variants by relying instead on association between

disease and neutral polymorphisms located near a risk-conferring
variant. Such associations may arise as a result of linkage disequi-
librium (LD) between the risk locus and nearby polymorphisms.
The indirect strategy thus employs a dense map of polymorphic
markers to scan the genome systematically for regions associated
with disease. Biallelic single nucleotide polymorphisms (SNPs)
are the markers of choice because of their high frequency, low
mutation rates and amenability to automation5,6.

A key question facing the indirect strategy is: how many mark-
ers are needed to adequately cover the genome? The answer
depends on the chromosomal extent of LD in human popula-
tions. The factors that govern LD are complex, and the ultimate
answer must await comprehensive experimental studies of many
genomic regions in many populations. Nonetheless, it is useful to
know what to expect based on our current knowledge. Here, I
provide estimates of the extent of LD between a marker and a
variant in the general human population as well as in isolated
populations. These estimates are based on coalescent simulations
that use simplified scenarios of population history, mutation and
recombination. These simulations suggest that useful levels of LD
are unlikely to extend beyond an average distance of approxi-
mately 3 kb in the general population. This result implies that
roughly 500,000 SNPs will be required for whole-genome associ-
ation studies in samples drawn from large outbred populations.
Furthermore, these simulations indicate that the extent of LD is
similar in isolated populations unless the founding bottleneck is
very narrow (effective size of 10−100 unrelated individuals) or
the frequency of the variant is low (<5%).

Assumptions
Populations were simulated based on the coalescent process8.
This approach takes into account genetic drift, accommodates
different models of population history, allows estimation of LD
conditional on variant and marker allele frequencies, does not

Recently, attention has focused on the use of whole-genome linkage disequilibrium (LD) studies to map
common disease genes. Such studies would employ a dense map of single nucleotide polymorphisms
(SNPs) to detect association between a marker and disease. Construction of SNP maps is currently under-
way. An essential issue yet to be settled is the required marker density of such maps. Here, I use population
simulations to estimate the extent of LD surrounding common gene variants in the general human pop-
ulation as well as in isolated populations. Two main conclusions emerge from these investigations. First,
a useful level of LD is unlikely to extend beyond an average distance of roughly 3 kb in the general pop-
ulation, which implies that approximately 500,000 SNPs will be required for whole-genome studies. Sec-
ond, the extent of LD is similar in isolated populations unless the founding bottleneck is very narrow or
the frequency of the variant is low (<5%).

© 1999 Nature America Inc. • http://genetics.nature.com
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The promise

• Almost gene-level resolution (kb instead of Mb) 

• No need for pedigrees! 

• But does it work?



The HapMap Project

ARTICLES

Genome-wide association study of 14,000
cases of seven common diseases and
3,000 shared controls
The Wellcome Trust Case Control Consortium*

There is increasing evidence that genome-wide association (GWA) studies represent a powerful approach to the
identification of genes involved in common human diseases.We describe a joint GWAstudy (using the Affymetrix GeneChip
500KMapping Array Set) undertaken in the British population, which has examined,2,000 individuals for each of 7 major
diseases and a shared set of ,3,000 controls. Case-control comparisons identified 24 independent association signals at
P, 53 1027: 1 in bipolar disorder, 1 in coronary artery disease, 9 in Crohn’s disease, 3 in rheumatoid arthritis, 7 in type 1
diabetes and 3 in type 2 diabetes. On the basis of prior findings and replication studies thus-far completed, almost all of these
signals reflect genuine susceptibility effects. We observed association at many previously identified loci, and found
compelling evidence that some loci confer risk for more than one of the diseases studied. Across all diseases, we identified a
large number of further signals (including 58 loci with single-point P values between 1025 and 53 1027) likely to yield
additional susceptibility loci. The importance of appropriately large samples was confirmed by the modest effect sizes
observed at most loci identified. This study thus represents a thorough validation of the GWA approach. It has also
demonstrated that careful use of a shared control group represents a safe and effective approach to GWA analyses of
multiple disease phenotypes; has generated a genome-wide genotype database for future studies of common diseases in the
British population; and shown that, provided individuals with non-European ancestry are excluded, the extent of population
stratification in the British population is generally modest. Our findings offer new avenues for exploring the pathophysiology
of these important disorders. We anticipate that our data, results and software, which will be widely available to other
investigators, will provide a powerful resource for human genetics research.

Despite extensive research efforts for more than a decade, the genetic
basis of common humandiseases remains largely unknown. Although
there have been some notable successes1, linkage and candidate gene
association studies have often failed to deliver definitive results. Yet
the identification of the variants, genes and pathways involved in
particular diseases offers a potential route to new therapies, improved
diagnosis and better disease prevention. For some time it has been
hoped that the advent of genome-wide association (GWA) studies
would provide a successful new tool for unlocking the genetic basis
of many of these common causes of humanmorbidity andmortality1.

Three recent advances mean that GWA studies that are powered to
detect plausible effect sizes are now possible2. First, the International
HapMap resource3, which documents patterns of genome-wide vari-
ation and linkage disequilibrium in four population samples, greatly
facilitates both the design and analysis of association studies. Second,
the availability of dense genotypingchips, containing sets of hundreds of
thousands of single nucleotide polymorphisms (SNPs) that provide
good coverage of much of the human genome, means that for the first
timeGWAstudies for thousandsof cases andcontrols are technically and
financially feasible. Third, appropriately large and well-characterized
clinical samples have been assembled for many common diseases.

The Wellcome Trust Case Control Consortium (WTCCC) was
formed with a view to exploring the utility, design and analyses of
GWA studies. It brought together over 50 research groups from the
UK that are active in researching the genetics of common human
diseases, with expertise ranging from clinical, through genotyping, to

informatics and statistical analysis. Here we describe the main experi-
ment of the consortium: GWA studies of 2,000 cases and 3,000 shared
controls for 7 complex human diseases of major public health import-
ance—bipolar disorder (BD), coronary artery disease (CAD), Crohn’s
disease (CD), hypertension (HT), rheumatoid arthritis (RA), type 1
diabetes (T1D), and type 2 diabetes (T2D). Two further experiments
undertaken by the consortium will be reported elsewhere: a GWA
study for tuberculosis in 1,500 cases and 1,500 controls, sampled from
The Gambia; and an association study of 1,500 common controls with
1,000 cases for each of breast cancer, multiple sclerosis, ankylosing
spondylitis and autoimmune thyroid disease, all typed at around
15,000 mainly non-synonymous SNPs. By simultaneously studying
seven diseases with differing aetiologies, we hoped to develop insights,
not only into the specific genetic contributions to each of the diseases,
but also into differences in allelic architecture across the diseases. A
further major aim was to address important methodological issues of
relevance to all GWA studies, such as quality control, design and ana-
lysis. In addition to our main association results, we address several of
these issues below, including the choice of controls for genetic studies,
the extent of population structure within Great Britain, sample sizes
necessary to detect genetic effects of varying sizes, and improvements in
genotype-calling algorithms and analytical methods.

Samples and experimental analyses

Individuals included in the study were living within England,
Scotland and Wales (‘Great Britain’) and the vast majority had

*Lists of participants and affiliations appear at the end of the paper.
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from the analyses described above, and consideration of an expanded
reference group, described below.
Bipolar disorder (BD). Bipolar disorder (BD; manic depressive ill-
ness26) refers to an episodic recurrent pathological disturbance in
mood (affect) ranging fromextreme elationormania to severedepres-
sion and usually accompanied by disturbances in thinking and beha-
viour: psychotic features (delusions and hallucinations) often occur.
Pathogenesis is poorly understood but there is robust evidence for a
substantial genetic contribution to risk27,28. The estimated sibling
recurrence risk (ls) is 7–10 andheritability 80–90%

27,28. Thedefinition
of BD phenotype is based solely on clinical features because, as yet,
psychiatry lacks validating diagnostic tests such as those available for
many physical illnesses. Indeed, a major goal of molecular genetics
approaches to psychiatric illness is an improvement in diagnostic
classification that will follow identification of the biological systems
that underpin the clinical syndromes. The phenotype definition that
we have used includes individuals that have suffered one or more
episodes of pathologically elevated mood (see Methods), a criterion
that captures the clinical spectrum of bipolar mood variation that
shows familial aggregation29.

Several genomic regions have been implicated in linkage studies30

and, recently, replicated evidence implicating specific genes has been
reported. Increasing evidence suggests an overlap in genetic suscept-
ibility with schizophrenia, a psychotic disorder with many similar-
ities to BD. In particular association findings have been reported with

both disorders at DAOA (D-amino acid oxidase activator), DISC1
(disrupted in schizophrenia 1), NRG1 (neuregulin1) and DTNBP1
(dystrobrevin binding protein 1)31.

The strongest signal in BD was with rs420259 at chromosome
16p12 (genotypic test P5 6.33 1028; Table 3) and the best-fitting
genetic model was recessive (Supplementary Table 8). Although
recognizing that this signal was not additionally supported by the
expanded reference group analysis (see below and Supplementary
Table 9) and that independent replication is essential, we note that
several genes at this locus could have pathological relevance to BD,
(Fig. 5). These include PALB2 (partner and localizer of BRCA2),
which is involved in stability of key nuclear structures including
chromatin and the nuclear matrix; NDUFAB1 (NADH dehydrogen-
ase (ubiquinone) 1, alpha/beta subcomplex, 1), which encodes a
subunit of complex I of the mitochondrial respiratory chain; and
DCTN5 (dynactin 5), which encodes a protein involved in intracel-
lular transport that is known to interact with the gene ‘disrupted in
schizophrenia 1’ (DISC1)32, the latter having been implicated in sus-
ceptibility to bipolar disorder as well as schizophrenia33.

Of the four regions showing association at P, 53 1027 in the
expanded reference group analysis (Supplementary Table 9), it is of
interest that the closest gene to the signal at rs1526805 (P5 2.23
1027) is KCNC2 which encodes the Shaw-related voltage-gated pot-
assium channel. Ion channelopathies are well-recognized as causes of
episodic central nervous system disease, including seizures, ataxias
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Figure 4 | Genome-wide scan for seven diseases. For each of seven diseases
2log10 of the trend test P value for quality-control-positive SNPs, excluding
those in each disease that were excluded for having poor clustering after
visual inspection, are plotted against position on each chromosome.

Chromosomes are shown in alternating colours for clarity, with
P values,13 1025 highlighted in green. All panels are truncated at
2log10(P value)5 15, although some markers (for example, in the MHC in
T1D and RA) exceed this significance threshold.
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Genome-wide association analysis identifies 20 loci that
influence adult height
Michael N Weedon1,2,23, Hana Lango1,2,23, Cecilia M Lindgren3,4, Chris Wallace5, David M Evans6,
Massimo Mangino7, Rachel M Freathy1,2, John R B Perry1,2, Suzanne Stevens7, Alistair S Hall8,
Nilesh J Samani7, Beverly Shields2, Inga Prokopenko3,4, Martin Farrall9, Anna Dominiczak10, Diabetes Genetics
Initiative21, The Wellcome Trust Case Control Consortium21, Toby Johnson11–13, Sven Bergmann11,12,
Jacques S Beckmann11,14, Peter Vollenweider15, Dawn M Waterworth16, Vincent Mooser16, Colin N A Palmer17,
Andrew D Morris18, Willem H Ouwehand19,20, Cambridge GEM Consortium22, Mark Caulfield5,
Patricia B Munroe5, Andrew T Hattersley1,2, Mark I McCarthy3,4 & Timothy M Frayling1,2

Adult height is a model polygenic trait, but there has been limited success in identifying the genes underlying its normal variation.
To identify genetic variants influencing adult human height, we used genome-wide association data from 13,665 individuals and
genotyped 39 variants in an additional 16,482 samples. We identified 20 variants associated with adult height (P o 5 ! 10"7,
with 10 reaching P o 1 ! 10"10). Combined, the 20 SNPs explain B3% of height variation, with a B5 cm difference between
the 6.2% of people with 17 or fewer ‘tall’ alleles compared to the 5.5% with 27 or more ‘tall’ alleles. The loci we identified
implicate genes in Hedgehog signaling (IHH, HHIP, PTCH1), extracellular matrix (EFEMP1, ADAMTSL3, ACAN ) and cancer
(CDK6, HMGA2, DLEU7) pathways, and provide new insights into human growth and developmental processes. Finally, our
results provide insights into the genetic architecture of a classic quantitative trait.

Adult height is a model polygenic trait. It is the ideal phenotype for
genetic studies of quantitative traits in humans, as it is easily and
accurately measured and highly heritable, with up to 90% of variation
in adult height within a population explained by genetic variation1–5.
Final adult height is the result of growth and developmental processes.
Identifying genes for human height should therefore provide insights
into mechanisms of growth and development, as well as into the
genetic architecture of quantitative traits and how best to dissect them.
Despite its strong heritability, there has been little success in

identifying the specific genetic variants that influence height in the
general population5,6. Some mutations resulting in extreme stature

have been identified, but these are rare and cannot explain normal
variation of adult height6. Linkage and candidate gene association
studies have not identified any robustly associated loci. The advent of
genome-wide association (GWA) studies, however, is providing new
opportunities for identifying genetic variants influencing adult height.
Recently, using GWA study data from 4,921 individuals, we identi-

fied the most convincing example to date of a common variant
associated with adult height variation7. The variant was the only
one to reach a level of significance suggestive of true association in the
GWA study (P ¼ 4 ! 10"8), and we confirmed the association in
19,064 adults from four further studies (P ¼ 3 ! 10"11). The variant
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Genome-wide association analysis identifies 20 loci that
influence adult height
Michael N Weedon1,2,23, Hana Lango1,2,23, Cecilia M Lindgren3,4, Chris Wallace5, David M Evans6,
Massimo Mangino7, Rachel M Freathy1,2, John R B Perry1,2, Suzanne Stevens7, Alistair S Hall8,
Nilesh J Samani7, Beverly Shields2, Inga Prokopenko3,4, Martin Farrall9, Anna Dominiczak10, Diabetes Genetics
Initiative21, The Wellcome Trust Case Control Consortium21, Toby Johnson11–13, Sven Bergmann11,12,
Jacques S Beckmann11,14, Peter Vollenweider15, Dawn M Waterworth16, Vincent Mooser16, Colin N A Palmer17,
Andrew D Morris18, Willem H Ouwehand19,20, Cambridge GEM Consortium22, Mark Caulfield5,
Patricia B Munroe5, Andrew T Hattersley1,2, Mark I McCarthy3,4 & Timothy M Frayling1,2

Adult height is a model polygenic trait, but there has been limited success in identifying the genes underlying its normal variation.
To identify genetic variants influencing adult human height, we used genome-wide association data from 13,665 individuals and
genotyped 39 variants in an additional 16,482 samples. We identified 20 variants associated with adult height (P o 5 ! 10"7,
with 10 reaching P o 1 ! 10"10). Combined, the 20 SNPs explain B3% of height variation, with a B5 cm difference between
the 6.2% of people with 17 or fewer ‘tall’ alleles compared to the 5.5% with 27 or more ‘tall’ alleles. The loci we identified
implicate genes in Hedgehog signaling (IHH, HHIP, PTCH1), extracellular matrix (EFEMP1, ADAMTSL3, ACAN ) and cancer
(CDK6, HMGA2, DLEU7) pathways, and provide new insights into human growth and developmental processes. Finally, our
results provide insights into the genetic architecture of a classic quantitative trait.

Adult height is a model polygenic trait. It is the ideal phenotype for
genetic studies of quantitative traits in humans, as it is easily and
accurately measured and highly heritable, with up to 90% of variation
in adult height within a population explained by genetic variation1–5.
Final adult height is the result of growth and developmental processes.
Identifying genes for human height should therefore provide insights
into mechanisms of growth and development, as well as into the
genetic architecture of quantitative traits and how best to dissect them.
Despite its strong heritability, there has been little success in

identifying the specific genetic variants that influence height in the
general population5,6. Some mutations resulting in extreme stature

have been identified, but these are rare and cannot explain normal
variation of adult height6. Linkage and candidate gene association
studies have not identified any robustly associated loci. The advent of
genome-wide association (GWA) studies, however, is providing new
opportunities for identifying genetic variants influencing adult height.
Recently, using GWA study data from 4,921 individuals, we identi-

fied the most convincing example to date of a common variant
associated with adult height variation7. The variant was the only
one to reach a level of significance suggestive of true association in the
GWA study (P ¼ 4 ! 10"8), and we confirmed the association in
19,064 adults from four further studies (P ¼ 3 ! 10"11). The variant
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• ~700,000 samples 
• 3,290 SNPs 
• ~24.6% of the variance



REVIEWS

Finding the missing heritability of complex
diseases
Teri A. Manolio1, Francis S. Collins2, Nancy J. Cox3, David B. Goldstein4, Lucia A. Hindorff5, David J. Hunter6,
Mark I. McCarthy7, Erin M. Ramos5, Lon R. Cardon8, Aravinda Chakravarti9, Judy H. Cho10, Alan E. Guttmacher1,
Augustine Kong11, Leonid Kruglyak12, Elaine Mardis13, Charles N. Rotimi14, Montgomery Slatkin15, David Valle9,
Alice S.Whittemore16,MichaelBoehnke17, AndrewG.Clark18, EvanE. Eichler19,GregGibson20, JonathanL.Haines21,
Trudy F. C. Mackay22, Steven A. McCarroll23 & Peter M. Visscher24

Genome-wide association studies have identified hundreds of genetic variants associated with complex human diseases and
traits, and have provided valuable insights into their genetic architecture. Most variants identified so far confer relatively
small increments in risk, and explain only a small proportion of familial clustering, leading many to question how the
remaining, ‘missing’ heritability can be explained. Here we examine potential sources of missing heritability and propose
research strategies, including and extending beyond current genome-wide association approaches, to illuminate the genetics
of complex diseases and enhance its potential to enable effective disease prevention or treatment.

M
any common human diseases and traits are known to
cluster in families and are believed to be influenced by
several genetic and environmental factors, but until
recently the identificationof genetic variants contributing

to these ‘complex diseases’ has been slow and arduous1. Genome-wide
association studies (GWAS), in which several hundred thousand to
more than a million single nucleotide polymorphisms (SNPs) are
assayed in thousands of individuals, represent a powerful new tool for
investigating the genetic architecture of complex diseases1,2. In the past
few years, these studies have identified hundreds of genetic variants
associated with such conditions and have provided valuable insights
into the complexities of their genetic architecture3,4.

The genome-wide association (GWA) method represents an
important advance compared to ‘candidate gene’ studies, in which
sample sizes are generally smaller and the variants assayed are limited
to a selected few, often on the basis of imperfect understanding of
biological pathways and often yielding associations that are difficult
to replicate5,6. GWAS are also an important step beyond family-based
linkage studies, in which inheritance patterns are related to several
hundreds to thousands of genomic markers. Despite many clear
successes in single-gene ‘Mendelian’ disorders7,8, the limited success
of linkage studies in complex diseases has been attributed to their low
power and resolution for variants of modest effect9–11.

The underlying rationale for GWAS is the ‘common disease,
common variant’ hypothesis, positing that common diseases are
attributable in part to allelic variants present in more than 1–5% of
the population12–14. They have been facilitated by the development of
commercial ‘SNP chips’ or arrays that capturemost, although not all,
common variation in the genome. Although the allelic architecture of
some conditions, notably age-related macular degeneration, for the
most part reflects the contributions of several variants of large effect
(defined loosely here as those increasing disease risk by twofold or
more), most common variants individually or in combination confer
relatively small increments in risk (1.1–1.5-fold) and explain only a
small proportion of heritability—the portion of phenotypic variance
in a population attributable to additive genetic factors3. For example,
at least 40 loci have been associated with human height, a classic
complex trait with an estimated heritability of about 80%, yet they
explain only about 5% of phenotypic variance despite studies of tens
of thousands of people15. Although disease-associated variants occur
more frequently in protein-coding regions than expected from their
representation on genotyping arrays, in which over-representation of
common and functional variants may introduce analytical biases, the
vast majority (.80%) of associated variants fall outside coding
regions, emphasizing the importance of including both coding and
non-coding regions in the search for disease-associated variants3.
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...height has a heritability of 80%!



I
f you want to predict 
how tall your children 
might one day be, a 
good bet would be to 

look in the mirror, and at 
your mate. Studies going 
back almost a century have 
estimated that height is 80–90% heritable. So 
if 29 centimetres separate the tallest 5% of a 
population from the shortest, then genetics 
would account for as many as 27 of them1.

This year, three groups of researchers2–4 
scoured the genomes of huge populations 
(the largest study4 looked at more than 30,000 
people) for genetic variants associated with the 
height differences. More than 40 turned up. 

But there was a problem: the variants had  
tiny effects. Altogether, they accounted for 
little more than 5% of height’s heritability — 
just 6 centimetres by the calculations above. 

Even though these genome-wide association 
studies (GWAS) turned up dozens of variants, 
they did “very little of the prediction that you 
would do just by asking people how tall their 
parents are”, says Joel Hirschhorn at the Broad 
Institute in Cambridge, Massachusetts, who 
led one of the studies3. 

Height isn’t the only trait in which genes 
have gone missing, nor is it the most impor-
tant. Studies looking at similarities between 
identical and fraternal twins estimate herit-
ability at more than 90% for autism5 and more 
than 80% for schizophrenia6. And genetics 
makes a major contribution to disorders such 
as obesity, diabetes and heart disease. GWAS, 
one of the most celebrated techniques of the 
past five years, promised to deliver many of 
the genes involved (see ‘Where’s the reward?’, 
page 20). And to some extent they have, iden-
tifying more than 400 genetic variants that 

contribute to a variety of traits and common 
diseases. But even when dozens of genes have 
been linked to a trait, both the individual 
and cumulative effects are disappointingly 
small and nowhere near enough to explain 
earlier estimates of heritability. “It is the big 
topic in the genetics of common disease right 
now,” says Francis Collins, former head of the 
National Human Genome Research Insti-
tute (NHGRI) in Bethesda, Maryland. The 
unexpected results left researchers at a point 
“where we all had to scratch our heads and 
say, ‘Huh?’”, he says.

Although flummoxed by this missing herit-
ability, geneticists remain optimistic that they 
can find more of it. “These are very early days, 
and there are things that are doable in the next 
year or two that may well explain another size-
able chunk of heritability,” says Hirschhorn. So 
where might it be hiding?

When scientists opened up the human genome, they expected to find the genetic components of 
common traits and diseases. But they were nowhere to be seen. Brendan Maher shines a light on 
six places where the missing loot could be stashed away.

The case of the missing heritability
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ANALYS I S

SNPs discovered by genome-wide association studies (GWASs) 
account for only a small fraction of the genetic variation of 
complex traits in human populations. Where is the remaining 
heritability? We estimated the proportion of variance for 
human height explained by 294,831  SNPs genotyped on 
3,925 unrelated individuals using a linear model analysis, and 
validated the estimation method with simulations based on 
the observed genotype data. We show that 45% of variance 
can be explained by considering all SNPs simultaneously. Thus, 
most of the heritability is not missing but has not previously 
been detected because the individual effects are too small 
to pass stringent significance tests. We provide evidence 
that the remaining heritability is due to incomplete linkage 
disequilibrium between causal variants and genotyped SNPs, 
exacerbated by causal variants having lower minor allele 
frequency than the SNPs explored to date.

GWASs in human populations have discovered hundreds of SNPs 
 significantly associated with complex traits1,2, yet for any one 
trait they typically account for only a small fraction of the genetic 
 variation. Where is the missing heritability, the so-called dark matter 
of the genome3,4? Suggested explanations include the existence of 
gene-by-gene or gene-by-environment interactions5, the common 
disease–rare variant hypothesis6 and the possibility that inherited 
epigenetic factors cause resemblance between relatives7,8. However, 
the variance explained by the validated SNPs is usually much less than 
the narrow-sense heritability, the proportion of phenotypic variance 
due to additive genetic variance. Non-additive genetic effects do not 
contribute to the narrow-sense heritability, so explanations based on 
non-additive effects are not relevant to the problem of missing herit-
ability (Supplementary Note). There are two logical explanations 
for the failure of validated SNP associations to explain the estimated  
heritability: either the causal variants each explain such a small amount 

of variation that their effects do not reach stringent significance 
thresholds and/or the causal variants are not in complete linkage 
disequilibrium (LD) with the SNPs that have been genotyped. Lack 
of complete LD might, for instance, occur if causal variants have lower 
minor allele frequency (MAF) than genotyped SNPs. Here we test 
these two hypotheses and estimate the contribution of each to the 
heritability of height in humans as a model complex trait.

Height in humans is a classical quantitative trait, easy to measure 
and studied for well over a century as a model for investigating the 
genetic basis of complex traits9,10. The heritability of height has been 
estimated to be ~0.8 (refs. 9,11–13). Rare mutations that cause extreme 
short or tall stature have been found14,15, but these do not explain 
much of the variation in the general population. Recent GWASs on 
tens of thousands of individuals have detected ~50 variants that are 
associated with height in the population, but these in total account 
for only ~5% of phenotypic variance16–19.

Data from a GWAS that are collected to detect statistical associations 
between SNPs and complex traits are usually analyzed by testing each 
SNP individually for an association with the trait. To account for the 
large number of significance tests carried out, a very stringent P value 
is used. This reduces the occurrence of false positives, but it may cause 
many real associations to be missed, especially if individual SNPs have a 
small effect on the trait. An alternative approach designed to overcome 
this problem is to fit all the SNPs simultaneously20. The effects of the 
SNPs are treated statistically as random, and the variance explained by 
all the SNPs together is estimated. This approach, which we use here, 
does not attempt to test the significance of individual SNPs but provides 
an unbiased estimate of the variance explained by the SNPs in total.

RESULTS
Estimating genetic variance explained by genome-wide SNPs
From a number of GWASs, we selected 4,259 individuals who were 
not knowingly related to one another and confirmed this with SNP 
data. We then estimated their pairwise genetic relationships using 
all autosomal markers (MAF q 0.01) and retained 3,925 individuals 
(3,248 adults and 677 16-year-olds) whose pairwise relationship was 
estimated at less than 0.025 (maximum relatedness approximately 
corresponding to cousins two to three times removed; Supplementary 
Fig. 1). We fitted a linear model to the height data and used restricted 
maximum likelihood (REML)21 to estimate the variance explained 
by the SNPs. (In the Online Methods, we show how this can be 

Common SNPs explain a large proportion of the heritability 
for human height
Jian Yang1, Beben Benyamin1, Brian P McEvoy1, Scott Gordon1, Anjali K Henders1, Dale R Nyholt1,  
Pamela A Madden2, Andrew C Heath2, Nicholas G Martin1, Grant W Montgomery1, Michael E Goddard3 &  
Peter M Visscher1

1Queensland Institute of Medical Research, Brisbane, Queensland, Australia. 
2Department of Psychiatry, Washington University, St. Louis, Missouri, USA. 
3Department of Food and Agricultural Systems, University of Melbourne, 
Parkville, Victoria, Australia. Correspondence should be addressed to P.M.V. 
(peter.visscher@qimr.edu.au).
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...of tiny effect...



A random-effects model is used 
to estimate variance components
The phenotype, y, is written 

where 

are random deviates, with covariance determined by 
the kinship matrix, K, and 

is noise.

y = u+ ✏

u ⇠ N(0,�gK)

✏ ⇠ N(0,�e)



In other words…

• The SNPs that are significantly associated with 
height (in the marginal sense) jointly explain a tiny 
fraction of the variance 

• The joint effect of all SNPs (or even a reasonable 
subset), when used to estimate kinship 
(relatedness), explain a much greater fraction of 
the variance



Could have told you 
so!

R. A. Fisher, “The Correlation Between 
Relatives on the Supposition of Mendelian 
Inheritance”, Transactions of the Royal 
Society of Edinburgh, 52:399-433, 1918



family studies, and can be expected to vary across environments.
Narrow-sense heritability estimates in humans can be inflated if
family resemblance is influenced by non-additive genetic effects
(dominance and epistasis, or gene–gene interaction), shared familial
environments, and by correlations or interactions among genotypes
and environment36,37. However, heritabilities estimated from pedi-
gree studies in animals agree well with heritability estimated from
response to artificial selection, suggesting that estimates from family
studies are not necessarily inflated.

Teasing apart the contributions to heritability of environmental
factors shared among relatives will soon be possible because the
availability of genome-wide markers now provides empirical esti-
mates of identity-by-descent (IBD) allele sharing between pairs of rela-
tives. For example, full sibs share on average half their genetic com-
plement, but this proportion can vary—in one large study it ranged
from 0.37 to 0.62 (ref. 38). By relating phenotypic differences to the
observed IBD sharing fraction among sib pairs, marker data were used
to generate a heritability estimate of 0.8 for height38. This is remarkably
consistent with estimates using traditional methods but free of their
assumptions, suggesting that for height at least, heritability is not over-
estimated. Applying such estimation to distantly related or ‘unrelated’
individuals is now feasible using dense genomic scans39; given the num-
berof peoplewithdensegenotypingdata,heritability estimates couldbe
generated for a wide variety of traits free of potential confounding by
unmeasured shared environment.

Improving estimates of all contributors to heritability will facilitate
determination of the proportion of genetic variance that has been
explained. Despite imprecision in current estimates, it may still be
possible to know that ‘all the heritability’ has been explained by pre-
dicting phenotypes in a new set of individuals from trait-associated
markers, and correlating the predicted phenotypes with the actual
values. If the markers truly explain all the additive genetic variance,
the squared correlation between predicted and actual phenotype will
be equal to the heritability40. Population-based heritability estimates
thus provide a valuable metric for completeness of available genetic
risk information, but individualized disease prevention and treatment
will ultimately require identifying the variants accounting for risk in a
given individual rather than on a population basis.

Rare variants and unexplained heritability
Much of the speculation about missing heritability from GWAS has
focused on the possible contribution of variants of low minor allele
frequency (MAF), defined here as roughly 0.5%,MAF, 5%, or of
rare variants (MAF, 0.5%). Such variants are not sufficiently fre-
quent to be captured by current GWA genotyping arrays14,41, nor do
they carry sufficiently large effect sizes to be detected by classical
linkage analysis in family studies (Fig. 1). Once MAF falls below
0.5%, detection of associations becomes unlikely unless effect sizes
are very large, as in monogenic conditions. For modest effect sizes,
association testingmay require composite tests of overall ‘mutational
load’, comparing frequencies of mutations of potentially similar
functional effect in cases and controls.

Low frequency variants could have substantial effect sizes (increas-
ing disease risk two- to threefold) without demonstrating clear
Mendelian segregation, and could contribute substantially to missing
heritability42. For example, 20 variants with risk allele frequency of 1%
and allelic odds ratio (or probability of an event occurring divided by
the probability of it not occurring, compared in people with versus
without the risk allele) of three would account for most familial
aggregation of type 2 diabetes. There are relatively few examples of
such variants contributing to complex traits, possibly owing to insuf-
ficiently large sample sizes or insufficiently comprehensive arrays.

The primary technology for the detection of rare SNPs is sequen-
cing, which may target regions of interest, or may examine the whole
genome. ‘Next-generation’ sequencing technologies, which process
millions of sequence reads in parallel, provide monumental increases
in speed and volume of generated data free of the cloning biases and

arduous sample preparation characteristic of capillary sequencing43.
Detection of associations with low frequency and rare variants will be
facilitated by the comprehensive catalogue of variants with
MAF$ 1% being generated by the 1,000 Genomes Project (http://
www.1000genomes.org/page.php), which will also identify many
variants at lower allele frequencies. The pilot effort of that program
has already identifiedmore than 11million new SNPs in initially low-
depth coverage of 172 individuals44.

Current mechanisms for using sequencing to identify rare variants
underlying or co-located with GWA-defined associations include
sequencing in genomic regions defined by strong and repeatedly repli-
cated associations with common variants, and sequencing a larger frac-
tion of the genome in people with extreme phenotypes. In the absence
of GWA-defined signals, sequencing candidate genes in subjects at the
extremes of a quantitative trait (such as lipid levels or the age at onset),
can identify other associated variants, both common and rare45,46. An
important finding from these studies is thatmuch of the information is
providedbypeople at the extremesof trait distributions,who seemtobe
more likely to carry loss-of-function alleles47.

Sample sizes used for the initial identification of DNA sequence
variants have generally been modest, and sample size requirements
increase essentially linearly with 1/MAF. Much larger samples are
needed for the identification of associations with variants than those
needed for the detection of the variants themselves. They also scale
roughly linearly with 1/MAF given a fixed odds ratio and fixed degree
of linkage disequilibrium with genotyped markers. Sample size for
association detection also scales approximately quadratically with
1/j(OR2 1)j, and thus increases sharply as the odds ratio (OR)
declines. Sample size is even more strongly affected by small odds
ratios than by small MAF, so low frequency and rare variants will
need to have higher odds ratios to be detected.

Complicating matters further, numerous rare variants may be
detected in a gene or region but they may have disparate effects on
phenotype. Common variants have typically been analysed individu-
ally23,48, but with one or two carriers of each rare variant, pooling
them using specific criteria becomes attractive47,49,50. Pooling variants
of similar class increases the effectiveMAFof the class and reduces the
number of tests performed, but raises several other questions (Box 1).

Determining which of the multitude of variants carried by an
individual are responsible for a given phenotype represents a massive
task, especially if the causal alleles are relatively anonymous in terms
of known functional consequences. Because only a small proportion
will have obvious functional consequences for the resultant protein,
lesser evidence of association may suffice to implicate variants of this
sort. The best approaches for combining functional credibility and
statistical support in the evaluation of such variants remain to be
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“The world’s most expensive test of the 
mutation-selection balance hypothesis”

case-control studies and cohorts with population-based
ascertainment strategies. Because of the decreased power
afforded by the smaller sample size of the restricted anal-
ysis, p values were reduced in comparison to those of phase
III, but all identified lead SNPs in phase III remained
marginally significant with the same direction of effect.
It appears likely that many of the loci associated with

variation in adult height in individuals of European
ancestry will have the same direction of effect in African
American, South Asian, and Hispanic populations. Associ-
ation results from the additional ethnicities did not inde-
pendently uncover array-wide or genome-wide significant
associations, which is not unexpected given the lower
power of the smaller data sets. When replication of the
lead SNPs from the European ancestry cohorts in the addi-
tional ethnicities was attempted, the direction of effect was
concordant more often than would be expected to result

from chance. With the same approach used, replication
of common variants associated with lipid traits in addi-
tional ethnicities showed similar trends, suggesting that
many common alleles associated with complex traits are
likely to have similar direction of effect across ethnicities.30

The effect sizes of the associatedvariants in thismeta-anal-
ysiswere similar toprevious reports, ranging from0.15cmto
0.81 cm per allele. Unfortunately, the current study was
unable to directly compare the total extent of explained vari-
ation to previous reports, because 60 of 87 previously re-
ported height loci were not genotyped in the current study.
The current study identified five genes containing two inde-
pendent signals for associationwithheight.However, condi-
tional analysis was only possiblewithin phase I cohorts with
individual-level data available. A total of seven loci reported
tobe associatedwithheightbefore2010 failed to reacharray-
wide significance in the current study. Marginal association
was observed for all of the nonreplicated loci (p % 0.05).
Four reasons exist for a locus to fail to replicate: (1) the first
report was a false positive; (2) the current report is a false
negative; (3) differences in study design or phenotype exist;
or (4) differences in study populations exist. In all cases
except insulin-like growth factor 1 (IGF1 [MIM 147440]),
thepreviously reported lead SNPwasnot directly genotyped,
leaving inadequate coverageas a likely reason fornonreplica-
tion. Additionally, heterogeneity of study design between
cohorts contributing to themeta-analysismayhave reduced
the signal-to-noise ratio for less robust signals. Interestingly,
only three of the seven nonreplicated loci were found to be
associated in another large meta-analysis of height that was
recently reported.5

In conclusion, meta-analyses of up to 114,223 individ-
uals across six ethnic groups from 47 studies genotyped
on the genecentric IBCarray identified64height-associated
loci. Association between height and either IL11 or SMAD3
would not have been observed without the inclusion of
direct genotyping of uncommon SNPs and large sample
size. The direction of effect of common variants associated

Figure 2. The Effect Size of Identified Height-Associated
Genetic Variants as a Function of Minor Allele Frequency
Each point is colored by the strength of association observed in
the phase III meta-analysis.

Table 3. Loci with Significant Evidence of Two Independent Height Association Signals

Gene SNP Positiona MAF Phase I p Conditional p r2 with Lead SNP D0 with Lead SNP

NPR3 rs1173736 32807695 0.26 1.1 3 10!7 - - -

rs1421811 32750027 0.39 1.1 3 10!4 1.9 3 10!6 0.01 0.22

PROCR-MMP24 rs2425019 33282831 0.46 4.9 3 10!14 - - -

rs8115394 33353764 0.30 9.1 3 10!15 1.1 3 10!6 0.20 0.61

NPPC rs2679178 232506105 0.09 1.3 3 10!9 - - -

rs3107179 232496569 0.40 4.9 3 10!8 9.6 3 10!10 0 0.03

PPARD rs3734254 35502988 0.22 3.2 3 10!7 - - -

rs7751726 35479602 0.03 1.1 3 10!6 2.5 3 10!7 0.01 0.35

ACAN rs16942341 87189909 0.03 1.8 3 10!9 - - -

rs938609 87199635 0.36 7.6 3 10!5 4.6 3 10!9 0.05 1.00

a National Center for Biotechnology Information (NCBI) build 36.
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How many diseases does it take to map a
gene with SNPs?
Kenneth M . Weiss1 & Joseph D. Terwilliger2

1Departments of Anthropology and Biology, Penn State University, University Park, Pennsylvania, USA. 2Department of Psychiatry and Columbia Genome
Center, Columbia University, New York, New York, USA. Correspondence should be addressed to K.M.W. (e-mail: kmw4@psu.edu).

Through rose-coloured glasses darkly
There are more than a few parallels between the California gold
rush and today’s frenetic drive towards linkage disequilibrium (LD)
mapping based on single-nucleotide polymorphisms (SNPs). This
is fuelled by a faith that the genetic determinants of complex traits
are tractable, and that knowledge of genetic variation will materially
improve the diagnosis, treatment or prevention of a substantial
fraction of cases of the diseases that constitute the major public
health burden of industrialized nations1–5. Much of the enthusiasm
is based on the hope that the
marginal effects of common
allelic variants account for a sub-
stantial proportion of the popu-
lation risk for such diseases in a
usefully predictive way6,7. A
main area of effort has been to
develop better molecular and
statistical technologies8–12, often
evaluated by the question: how
many SNPs (or other markers)
do we need to map genes for
complex diseases? We think the
question is inappropriately
posed, as the problem may be
one primarily of biology rather
than technology. Here we try to
clarify fundamental issues
related to LD-based mapping,
for which high hopes are widely
held. These issues have ramifica-
tions that may not be widely
appreciated13,14. A balanced dis-
course on the prospects for LD
mapping of complex traits
might be gained by pointing out
some of the potential problems
and inverting the question to:
how many diseases must we sort
through to find individual alleles
of widespread impact on dis-
ease? Are the current strategies
the best we can do for public
health, or even for genetics?

A SNP is not the same as a disease-predisposing allele
A linkage or LD analysis would test the null hypothesis that
alleles of some gene (Gp) that influence some phenotype (Ph)
are inherited independently of alleles at some specific chromo-
somal position (GX; Box 1, equation 1). In this case, the only
correlation to be tested is that owing to linkage or LD correlat-
ing GX and GP (Fig. 1, green arrow). As most SNPs have arisen
only once in history (or only a few times, but on different chro-
mosomal backgrounds), one could potentially map the posi-

tion, X, of such a gene based
on LD with markers at nearby
chromosomal positions.

For genes influencing disease
outcomes, until the locus is
identified (which is the map-
ping objective), one only
observes phenotypes (Ph), and
not the underlying risk geno-
types (GP), such that inference
can only be based on a test of
independence of observed phe-
notypes and marker genotypes
(Fig. 1, heavy black arrow, and
Box 1, equation 2). As correla-
tions between GX and Ph only
exist because of correlations
between GX and GP (linkage
and/or LD) and between GP
and Ph, the power of a study is a
function of P(GP|Ph), the abil-
ity of the observed disease phe-
notypes to predict the
underlying risk genotypes (Fig.
1, dotted purple arrow), condi-
tional on the ascertainment.
Because there is a one-to-many
relationship between pheno-
types and genotypes, one must
allow for the possibility of all
admissible genotypes of the
trait locus, conditional on the
observed phenotypes. That is to
say we test whether or not the

“They all talked at once, their voices insistent and contradictory
and impatient , making of unreality a possibility, then a probability, then

an incontrovertible fact , as people will when their desires become words.”
—W. Faulkner, The Sound and the Fury, 1929

correlation

to be tested

cultural
factors

common
environment

polygenic
background

Ph

individual
environment

GP3-GPN

GP2

Gx
linkage

mode of
inheritance

& linkage
disequilibrium

Gp

P2

P1

P3

P4

Fig. 1 Schematic model of trait aetiology. The phenotype under study, Ph, is
influenced by diverse genetic, environmental and cultural factors (with interac-
tions indicated in simplified form). Genetic factors may include many loci o f
small or large effect , GPi, and polygenic background . Marker genotypes, Gx,
are near to (and hopefully correlated with) genetic factor, Gp, that a ffects the
phenotype . Genetic epidemiology tries to correlate Gx with Ph to localize Gp.
Above the diagram , the horizontal lines represent different copies o f a chro-
mosome; vertical hash marks show marker loci in and around the gene , Gp,
affecting the trait . The red Pi are the chromosomal locations o f aetiologically
relevant variants, relative to Ph.
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Population structure 
confounding in GWAS



…meanwhile, people doing 
GWAS in model organisms* had 

run into a different problem…

*maize, mouse, Arabidopsis
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...except when it doesn’t...
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matter of confounding...
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...because of “population 
structure”!
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Alleles are not 
independent!



Dealing with “population 
structure”

• The vast excess of highly significant associations is 
due to the genetic background

• We handled this using the same mixed model used 
for human height above:

Y = X� + u+ ⇥ u ⇠ N(0,�gK) � ⇠ N(0,⇥eI), , 



We understand this now...

The nature of confounding in  
genome-wide association studies
Bjarni J. Vilhjálmsson1,2 and Magnus Nordborg3,4

The authors argue that population structure per se is not a problem in genome-wide 
association studies — the true sources are the environment and the genetic background, 
and the latter is greatly underappreciated. They conclude that mixed models effectively 
address this issue.

Thanks to dramatically decreasing genotyping and 
sequencing costs, genome-wide association studies 
(GWASs) are becoming the default method for studying 
the genetics of natural variation. The increasing num-
ber and diversity of GWASs will require appropriate 
statistical analysis methods. The most basic problem is 
assessing the significance of an association in the light of 
confounding effects that may cause spurious associations.

The aspect of this problem that has received the 
most attention is the danger of false positives in struc-
tured populations. If the study population is a mixture  
of populations that differ with respect to allele frequen-
cies as well as the trait of interest, spurious correlations 
will arise. To take a classic example, a GWAS for skill with 
chopsticks carried out in San Francisco might identify 
human leukocyte antigen A1 (HLA-A1) as an allele asso-
ciated with chopstick skill simply because this allele is  
more common in people of East Asian origin1.

Thus stated, the problem is straightforward. 
Population structure acts as a confounding factor that 
must either be eliminated through better study design 
or controlled in the analysis2–4. However, although com-
pelling, the chopstick example is actually misleading: 
population structure is not the fundamental source of 
the problem, and removing it is not the solution.

The source of confounding in the chopstick example 
is better thought of as the environment. The problem 
arises because different subgroups have different levels 
of exposure to chopsticks. This type of confounding is  
extremely familiar to genetic epidemiologists, but it  
is unimportant in settings where the environment can be 
experimentally controlled or randomized (as is routinely 
done in plant breeding, for example).

There is another source of confounding, however, 
and that is the genetic background. The estimate of the  
effect of a particular locus can be confounded by  
the other causal loci in the genome. This genetic back-
ground effect will always be present to some extent, even 

in ‘unrelated’ individuals. Variation in relatedness is a 
basic property of natural populations, as is correlation 
between causative loci. This issue is familiar to quantita-
tive geneticists5 but has not been widely appreciated in 
other fields. It is important for GWASs and will become 
crucial as sample sizes increase.

To demonstrate this, let us return to the chopstick 
example but fast-forward to the era of millions of SNPs. 
Genetic differentiation between East Asians and other 
populations means that vast numbers of markers in addi-
tion to HLA-A1 would be associated with chopstick skill. 
These markers would also be correlated with HLA-A1, 
with each other and with any trait (genetic or not) that 
differed systematically between East Asians and other 
populations. A naive GWAS of any such trait would 
identify large numbers of false positives in addition to 
the true positives. For some traits, confounding would be 
due both to differences in environmental factors across 
groups and the genetic background, whereas for other 
traits (for example, eye colour), the environmental effect 
would be negligible. Only for traits that really have no 
genetic basis (such as chopstick skills) could we ignore 
the genetic background.

But why distinguish between genetic and environ-
mental confounding if both can be controlled using 
population structure as a proxy? The answer is that this 
approach will work well only in very simple cases. An 
obvious problem is that San Francisco is not just a sim-
ple mixture of two (or more) homogeneous populations. 
More generally, there really is no such a thing as a homo-
geneous population. As discussed above, any sample 
will contain various levels of relatedness, and whether 
this matters depends not only on the magnitude of this 
variation but also on the genetics of the trait. A genetic 
background effect that is trivial compared to the mar-
ginal effect of a major locus may be enormous compared 
to the effect of a minor locus and may even be strong 
enough to cause false positives at loci with no true effect.

1Harvard School of Public 
Health, Boston, 
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2The Broad Institute, 
Cambridge, Massachusetts 
02143, USA.
3Gregor Mendel Institute, 
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population 
structure is not 
the fundamental 
source of the 
problem, and 
removing it is not 
the solution
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The problem of fine 
mapping

GWAS for germination rate after 21 days storage 
in Swedish lines



The problem of fine 
mapping

GWAS for germination rate after 21 days storage 
in Swedish lines

Peak includes Delay Of Germination 1



..but peak is far from the 
obvious candidate...

peak obvious candidate



Including two co-factors 
eliminates spurious peak

peak obvious candidate

co-factors in 
promotor-region



A simulation example…

the two causal loci

a false negative a false positive



Some obvious extensions

• GWAS with multiple loci (stepwise 
regression [Segura et al., Nature Genet. 
2012])

• Fully Bayesian estimation of the additive 
effect of all polymorphism in the genome 
(Erbe et al., J. Dairy Sci. 2012)



Advances in genomics have made 
it possible to use genome-wide 
association (GWA) studies to explore 
the genetic basis of common traits 
in humans, leading to advances in 
biological knowledge and technical 
expertise. The power of the GWA 
approach has now been extended 
successfully to Arabidopsis thaliana, 
in which results are proving to 
be strikingly different from those 
obtained in humans.

It is hoped that GWA studies in 
plants will shed light on the natural 
genetic variation that underlies 
adaptive and commercially impor-
tant traits. Plant geneticists are 
aided in this task by the existence 
of inbred lines of A. thaliana, which 
can be phenotyped easily for many 
traits in different environments. 
Atwell et al. conducted their GWA 
study on almost 200 such lines by 
analysing associations between a 
genome-wide set of 250,000 SNPs 
and 107 traits across four categories: 
flowering, development, defence and 
element concentration.

The first striking finding was that, 
compared with humans, A. thaliana 
has a high degree of population 
structure (see also Further Reading 
and Websites below). This could 
potentially lead to a problematic 
number of spurious associations; 
however, the authors show that 
some of these false positives can be 
eliminated by using a mixed-model 
approach (which can correct for 

fine-scale structure). For example, 
previously known variants were eas-
ily identified — including those for 
disease resistance and for variation 
in sodium levels. However, asso-
ciation peaks were not always very 
sharp. In one case, a peak spanned 
500 kb (encompassing 100 genes), 
showing that complex genetic archi-
tecture involving multiple correlated 
causative variants can be a further 
confounding factor — one that has 
previously not been recognized 
in humans.

Second, there is a higher prob-
ability than would be expected 
by chance that the SNPs that are 
strongly associated will include  
candidate SNPs (SNPs that are 
expected to be connected to a trait 
based on functional knowledge).

A third difference is that  
the number of samples used in the 
plant GWA study was very low;  
the study used a maximum of  
192 lines, whereas most human 
GWA studies use thousands of  
individuals. This low sample size 
would seem to preclude identifying 
any association at all were it not for 
two additional advantages offered  
by A. thaliana: the existence of 
intermediate-frequency alleles  
of large effect (explaining up to  
20% of the variation for several traits, 
compared with the preponderance of 
minor-effect alleles in humans) and 
the ability to control for environmental  
noise in the inbred lines. Both of 

these features ‘amplify’ the association 
signal, allowing true associations to 
stand out.

The GWA approach has some 
intrinsic limitations — for example, 
the ability only to identify alleles 
that are common. However, falling 
genotyping and sequencing costs 
and a growing list of new phenotypes 
means that such studies should have 
a bright future for characterizing the 
natural genetic variants that underlie 
quantitative traits in A. thaliana and 
other organisms.

Tanita Casci

ORIGINAL RESEARCH PAPER Atwell, S., 
Huang, Y. S., Vilhjálmsson, B. J. & Willems, G. et al. 
Genome-wide association study of 107 
phenotypes in Arabidopsis thaliana inbred lines. 
Nature 24 Mar 2010 (doi:10.1038/nature08800)
FURTHER READING Platt, A. et al. The scale of 
population structure in Arabidopsis thaliana. 
PLoS Genet. 6, e1000843 (2010)
WEBSITES
1001 Genomes Project:  
http://www.1001genomes.org
Genome-wide association studies in 
Arabidopsis thaliana: http://arabidopsis.usc.edu
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What about skin color?

Genetic Architecture of Skin and Eye Color in an African-
European Admixed Population
Sandra Beleza1,2*, Nicholas A. Johnson3, Sophie I. Candille1, Devin M. Absher4, Marc A. Coram5,

Jailson Lopes2,6,7, Joana Campos2, Isabel Inês Araújo7, Tovi M. Anderson1, Bjarni J. Vilhjálmsson8,

Magnus Nordborg8, António Correia e Silva7, Mark D. Shriver9, Jorge Rocha2,6,10, Gregory S. Barsh1,4.*,

Hua Tang1.

1 Department of Genetics, Stanford University School of Medicine, Stanford, California, United States of America, 2 Instituto de Patologia e Imunologia Molecular da

Universidade do Porto (IPATIMUP), Porto, Portugal, 3 Department of Statistics, Stanford University, Stanford, California, United States of America, 4 HudsonAlpha Institute

for Biotechnology, Huntsville, Alabama, United States of America, 5 Department of Health Research and Policy, Stanford University School of Medicine, Stanford, California,

United States of America, 6 Centro de Investigação em Biodiversidade e Recursos Genéticos (CIBIO), Vairão, Portugal, 7 Universidade de Cabo Verde (Uni-CV), Praia,

Santiago, Cabo Verde, 8 Gregor Mendel Institute, Austrian Academy of Sciences, Vienna, Austria, 9 Department of Anthropology, The Pennsylvania State University,

University Park, Pennsylvania, United States of America, 10 Departamento de Biologia, Faculdade de Ciências da Universidade do Porto, Porto, Portugal

Abstract

Variation in human skin and eye color is substantial and especially apparent in admixed populations, yet the underlying
genetic architecture is poorly understood because most genome-wide studies are based on individuals of European
ancestry. We study pigmentary variation in 699 individuals from Cape Verde, where extensive West African/European
admixture has given rise to a broad range in trait values and genomic ancestry proportions. We develop and apply a new
approach for measuring eye color, and identify two major loci (HERC2[OCA2] P = 2.3610262, SLC24A5 P = 9.661029) that
account for both blue versus brown eye color and varying intensities of brown eye color. We identify four major loci
(SLC24A5 P = 5.4610227, TYR P = 1.161029, APBA2[OCA2] P = 1.561028, SLC45A2 P = 661029) for skin color that together
account for 35% of the total variance, but the genetic component with the largest effect (,44%) is average genomic
ancestry. Our results suggest that adjacent cis-acting regulatory loci for OCA2 explain the relationship between skin and eye
color, and point to an underlying genetic architecture in which several genes of moderate effect act together with many
genes of small effect to explain ,70% of the estimated heritability.
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Introduction

Differences in human skin color have been shaped principally
and dramatically by selection [1,2], and therefore the underlying
genetic architecture may inform disease-related traits such as obesity
or hypertension, for which common susceptibility alleles may have
been advantageous to early humans that came to inhabit different
environments [3]. But our knowledge of skin and eye color genetics
is incomplete, based mostly on the limited range of phenotypic
diversity represented by individuals of European ancestry [4–10], or
on candidate gene studies in African Americans [11–15]. Besides
serving as a model system for gene action and genetic architecture,
more knowledge about human pigmentary variation has the
potential to provide important insights into human diversity,
disentangling biology from both scientific and social stereotypes.

Cape Verde is an archipelago of ten islands located 300 miles off
the coast of Western Africa. The previously uninhabited islands

were discovered and colonized by the Portuguese in the 15th

Century, and subsequently prospered during the transatlantic
slave trade. In this population, extensive genetic admixture
between the African and European ancestral populations during
the last several centuries [16,17] has facilitated assortment of
pigmentary alleles. Blond or red hair color is very rare in Cape
Verde, but there is a wide spectrum of variation in both eye and
skin color, and individuals with dark skin and blue eyes are not
infrequent.

Pigmentary variation in Cape Verde also provides an oppor-
tunity to investigate and disentangle the effects of locus-specific vs.
genome-wide ancestry effects, a problem that is especially relevant
to admixed populations, which are poorly represented in existing
GWAS efforts, and for whom health disparities often correlate
with genome-wide admixture proportions. For example, in
previous studies of African-American cohorts, darker skin color
(used as a proxy for genome-wide ancestry) correlates with higher
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