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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.
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What, then, is the solution? In a groundbreaking 
1918 paper, Fisher6 showed how the phenotypic covari-
ance between relatives depends on their genetic related-
ness, assuming that phenotypic variation was due to 
the additive effects of a large number of loci of small 
effect. The basic idea is very simple: the more alleles 
that individuals share, the more similar they will be. In 
human genetics, the same logic underlies the Haseman–
Elston regression7, and in animal breeding the classic 
Henderson mixed model8 has been used to reduce the 
confounding effects of genetic background when map-
ping in pedigrees5.

By estimating relatedness from SNPs instead of pedi-
grees, Henderson’s model can also be used in GWASs9. 
There have been two distinct applications. In the first, 
a mixed model is used to assess the effect of a specific 
locus while controlling the effect of the genetic back-
ground by estimating genome-wide relatedness9. This 
approach has been shown to outperform methods 
that try to estimate population structure directly and 
to include it as a fixed effect9–12. The second applica-
tion focuses on estimating the heritability (again via 
genome-wide relatedness) and does not try to map any 
genes. This approach has been used to demonstrate 
that SNP variation accounts for a substantial fraction 
of human height, despite the fact that the variants iden-
tified in GWASs jointly explain very little (the so-called 
‘missing heritability’)13.

Importantly, while both approaches model the 
genetic background via estimates of pairwise related-
ness, relatedness is really only a proxy for allele sharing at 
causative loci. Thus, although any sample from a natural  
population will contain different levels of relatedness, 
the mixed model approach would work even in an  
idealized population without any such differences. If we 
simulate a sample by independently drawing each indi-
vidual from the population allele frequencies, there will 
still be stochastic differences in allele sharing between 
individuals, and these can be captured using Henderson’s 
model, at least as long as the basic assumptions hold6. 
Simulations suggest that this will be the case under  
a range of genetic architectures, at least as long as inter-
actions are additive14,15.

Deviations from additivity may cause biases16, and 
selection can clearly have a dramatic effect, because it 
will, by definition, make the causal polymorphisms 
have a different distribution than the non-causal ones, 
and there is thus no reason to believe that the latter 
would predict the phenotypic covariance well. Under 
these conditions at least, other methods for reduc-
ing confounding may be required. Examples include 
flowering time in maize and Arabidopsis thaliana9,10, 
in which mixed models that included both related-
ness and direct estimates of population structure were 
found to outperform models that included relatedness 
only. The probable reason is that variation for these 
traits is partly due to genes that have been under very 
strong selection and hence have a different distribu-
tion from the rest of the genome9. Indeed, given that 
the background genes are the true confounding fac-
tors, they should be included if possible17,18. Linkage 

disequilibrium between closely linked causative sites (as 
is often observed in cases of allelic heterogeneity), espe-
cially in combination with background confounding, 
can make fine-mapping extremely challenging17,19,20.  
The problem is, of course, that we usually do not 
know what the causal loci are, and methods that try to 
identify them are prone to over-fitting. Nonetheless, 
including known causal polymorphisms, either as fixed 
effects14 or as estimators of the phenotypic covariance 
matrix (an approach that is closely related to Bayesian 
linear regression)21,22, may greatly increase power. 
Intuitively, the more we know about the genetics of a 
trait, the greater our power is to detect the rest of the 
genetic contribution.

To conclude, the underlying sources of confounding 
in GWASs are environmental and genetic. Population 
structure per se is not the problem, nor is relatedness: 
estimates of either can help us to reduce confounding, 
but to do this well, it is helpful to understand its true 
source. Mixed models that attempt to describe pheno-
typic covariance are a natural way to model this con-
founding. They have a solid mechanistic basis, and the 
variance components estimated are easily interpreted, 
allowing us to distinguish genetic from environmental 
components23,24.
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