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Abstract

This primer provides some background to help non-specialists understand a new theoretical
evolutionary genetics study that helps explain why thousands of variants of small effect con-
tribute to complex traits.

If population genetics is the study of allele frequencies and quantitative genetics the study of
allelic effects, then evolutionary genetics aims to understand how they interact over time.
Matching of models to data has traditionally been constrained by the bias of observation
toward common alleles that have large effects, limiting our ability to address questions such as
“what maintains variation in natural populations,” “how many genes influence a trait,” or “to
what extent do drift and selection influence allele frequencies” [1]. Now that we are well into
the deep sequencing and genome-wide association study (GWAS) era, that situation is chang-
ing and it is now feasible to test models against comprehensive empirical data. The paper by
Simons et al in this issue [2] goes a long way toward building a framework for synthesizing
population genetics and the new quantitative genetics.

Two findings differentiate GWAS from much of 20th century genetics: the extraordinarily
high polygenicity of traits and the dearth of evidence for interaction effects, whether among
genes or with the environment [3]. Whereas a typical genetic mapping experiment in a cross
between two lines or in a pedigree reveals perhaps 10-20 so-called quantitative trait loci
(QTL), each explaining perhaps 5% of the phenotypic variation, GWAS on tens or hundreds
of thousands of unrelated individuals discover hundreds and implicate many thousands of
loci, each explaining a fraction of a percent of the variance. From height to educational attain-
ment, diabetes to schizophrenia, human geneticists now embrace the infinitesimal model with
little exception, accepting that as many as 5% of all common variants in an even greater per-
centage of genes might associate with any given trait [4], along with an unknown number of
rare variants of larger effect [5].

Despite this complexity, there are also signs that what is called the “genetic architecture”
does differ among traits, namely that different numbers of genes with different spectra of allele
frequencies (and perhaps propensity to interact) associate with each trait [6]. This is partly
reflected in the fact that the heritability, or proportion of the variance in a population that is
attributable to genetic differences, varies, but is also true of traits that have similar heritabili-
ties. Why?

Very soon after the first GWAS studies appeared 10 years ago, it was recognized that con-
siderably less genetic variation was being discovered than expected, given well-validated
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heritability estimates [7]. This led to much spilled ink on the missing heritability problem, but
once it is recognized that most genetic effects are very small, it becomes apparent that GWAS
is generally underpowered and that it is more a hidden heritability problem [8]. If your keys
drop out of your purse in the subway, they are likely to be forever missing, but if they are lost
under the pile of papers on your desk, they are temporarily hidden. Concerted effort will find
them. In GWAS, this means larger sample sizes or more subtle study designs, and indeed ever-
larger meta-analyses do seem to discover more and more variants. Whether or not this will
continue to be the case with studies of millions of people is an important question [6], so it is
notable that one of the implications of Simons et al [2] is that there may be a limit to the dis-
covery of very small-effect loci, which will remain inferred but forever missing.

Contrasting these interpretations requires accurate estimation of the distribution of allelic
effects. Three general approaches have been used to do so, broadly extrapolation, interpola-
tion, and simulation. Extrapolation studies [9] take the observed distribution of GWAS hits for
a given sample size and estimate how many more loci would be uncovered if the sample size is
increased—they make no assumptions about evolutionary parameters. Interpolation is based
on modeling the relationship between genetic similarity and phenotypic similarity without
attempting to identify individual loci [10,11], but it turns out that how much so-called SNP-
based heritability (the total amount of variation attributable to common variants) is inferred
depends on your assumptions about, among other things, the relationship between allele fre-
quency and effect size. Simulation attempts to evolve populations in silico in the presence of
mutation, selection, and diverse demographic scenarios, matching the genetics of hypothetical
traits to observed architectures. One prominent example [12] concluded that GWAS findings
are consistent with a broad but nevertheless constrained range of parameters, concluding that
only weak coupling between selection and phenotypic effects was required to explain observed
allele frequency distributions for disease.

The reason why allele frequencies matter is that the amount of variance a biallelic polymor-
phism contributes is equal to 2pga’, where p and g are the two allele frequencies, and a is the
effect size of the allele in standard deviation units (sdu’s). Thus, if an SNP with a frequency of
0.5 adds an average of 7 mm to a person’s height, which is 0.1 sdu, then it accounts for about
0.5% of the variation in the population, which it turns out would be a large contribution. One
with a frequency of 0.1 adding 1 mm would, by contrast, explain 0.0037% of the variation,
which is more typical of observed contributions. As shown by the blue curve in Fig 1A, the
rarer the allele, the less variance explained (and the less likely it is to be discovered), although
several lines of evidence now suggest that effect sizes tend to be larger for less common alleles.
These include empirical distributions of effect sizes [13], interpolation approaches that capture
more heritability under this scenario [14], and the observation that very rare variants are
underrepresented in the human genome [15].

The latter finding is parsimoniously attributed to purifying selection: larger effect alleles are
more likely to be deleterious and less likely to rise in frequency in the gene pool. It is easy to
think about purifying selection as selection against deleterious variants that promote disease,
but it turns out that for a substantial proportion of GWAS hits, the “risk” allele is either the
more common one and/or the ancestral one. Both properties belie the simple interpretation
that selection against disease is the major factor shaping the genetic architecture of traits.
Rather, many consider stabilizing selection to be more prominent [16], namely selection
against variants that tend to perturb the phenotype away from an optimal intermediate value,
either in the high or low direction. This is certainly true of transcript abundance [17], and
because the majority of GWAS variants are regulatory, affecting gene expression, it follows
that stabilizing selection is pervasive. An additional twist is that we also think that pleiotropy is
the norm, namely that most functional variants impact multiple traits [18]. These may be
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Fig 1. Relationships between allele frequency, selection differential, effect size, and variance explained. (A) The blue
curve shows how the percent of variance explained varies as a function of minor allele frequency, p, namely %Variance
Explained = 2p(1-p)a’. The curve assumes 1,000 alleles, each with an additive contribution, a, of 0.015 sdu’s (about 1 mm of
human height). (B) Simons et al [2] demonstrate that for relatively strongly selected alleles, the variance explained per site, v,
is a function of the contribution to fitness in a population size N with degree of pleiotropy n. Specifically, v, = 2w*/nN, and
because the selection coefficient s = a*/w?, then v, = 2a*/snN. The magenta curve approximates the expected selection
coefficient consistent with a = 0.015 in a population with an effective size of 10,000 alleles affecting 10 traits, and v, expected
for 1,000 alleles to produce the indicated % Variance Explained: as selection increases, less variance is explained because the
allele frequencies drop. Alternatively, the solid green curve assumes a constant s = 10™* and shows the effect sizes consistent
with variation explained, while the dashed green curve shows how increasing the selection pressure 5-fold reduces the
amount of variance that can be maintained. Alleles explaining on average 0.01% of the variance under these scenarios could
be consistent with substitution effects of 0.015 sdu, intermediate selection coefficients approximately 510~ leading to
minor allele frequencies about 0.33; or with a = 0.023, and s = 10 * and p ~ 0.1; with a = 0.05, and s = 5 x 107%, p ~ 0.02, and
so forth. sdu, standard deviation unit.

https://doi.org/10.1371/journal.pbio.2005485.g001

independent, perhaps height and intelligence due to gene activity in bone and brain, or some-
how related, such as propensity to nicotine addiction and lung cancer. In either case, their
impact on organismal fitness may or may not be correlated (the same allele can have big or
small, positive or negative, effects on a visible phenotype and disease susceptibility), which
makes modeling of the effect of evolutionary processes on allele frequencies even harder.
Nevertheless, a convenient framework for accommodating pleiotropy and purifying selec-
tion, first introduced by R.A. Fisher almost a century ago, is the geometric model [19]. If we
imagine all SNPs that reduce fitness by some value s as lying equidistant in two-dimensional
fitness space from the optimum, they would describe a circle around the optimal center with
radius proportional to s. Drawing a new effect on a second trait from any point on the circle,
there is a slightly greater chance that the arrow points outside than inside the circle; in other
words, it is more likely to decrease fitness than increase it, and similarly, with respect to a
sphere in three dimensions, and so forth. Pleiotropy tends to reduce the advantage of even
beneficial variants at a focal trait, and this “multivariate” nature of genetics is partly what
ensures that only small effect alleles become common. Much mathematical work has explored
this model (e.g., [20-22]), including influential work on “adaptive walks,” which it turns out
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can be dominated by relatively large-effect alleles [23]. Until now, though, theory relating the
model to stable infinitesimal traits has been lacking.

A corollary of the geometric model is that under pleiotropy, the distribution of allelic
effects influencing a trait of interest can be very different from that expected if selection
acted only on that trait. Previous research has explored these distributions under various
assumptions, but the new paper derives mathematical expectations from first principles and
then checks the conclusions against the most recent GWAS conclusions for height [24] and
BMI [25]. Two key results are that the majority of discovered variants in GWAS are likely to
be experiencing relatively strong purifying selection and that the expected variance explained
by these sites is a simple function of the effect of the allele on fitness divided by the combina-
tion of the degree of pleiotropy and the effective population size. Because allele frequencies
covary with the selection differential (Fig 1B), strongly selected variants are predicted to have
similar effects on the trait, the magnitude of which is set by the variance for fitness and the
mutational target size. This model provides a better fit to the empirical data than does the
assumption of direct selection on the trait, and the 2-3-fold difference in heritability (as well
as number of variants discovered) between height and BMI is mostly attributed to differences
in the greater number of loci in which mutations will affect height and fitness than BMI and
fitness.

It should be emphasized that strong selection is a relative term: scaled by the effective popu-
lation size, selection differentials need only be greater than about 10~ in a population of
10,000 individuals, which is thought to represent most of human history. Such a differential is
much smaller, for example, than de novo mutations that are causal in schizophrenia [26], and
much smaller than effects field zoologists could expect to measure as organisms adapt to a new
niche [27]. These results serve to remind us that the bulk of the genetic variation segregating in
natural populations is due to alleles of very small effect, rather than the types of large-effect
sites that tend to be promoted as representative examples of adaptive loci.

Simons et al [2] should be regarded as a framework for further theoretical development and
hypothesis testing. They provide one example at the end of the paper, with which they argue
that much of the variation affecting disease risk in Europeans will derive from alleles that arose
in the bottleneck before Homo sapiens spread across and out of Africa, which in turn predicts
an age distribution for GWAS hits that can be tested [28]. Humans are somewhat unusual as
species go in terms of our ability to occupy diverse ecological niches and, most recently, to
construct our own environment, for better or for worse. How many of the traits we measure
and are interested in relate to historical fitness is difficult to know, which might in turn some-
times affect the expectations derived from this theory. More generally, though, we now have a
good explanation for why tens of thousands of variants influence quantitative traits, and a way
forward to explain differences in genetic architecture among traits, among populations, and
even among species.

References

1. Barton NH, Turelli M. Evolutionary quantitative genetics: How little do we know? Annu Rev Genet.
1989; 23: 337-370. https://doi.org/10.1146/annurev.ge.23.120189.002005 PMID: 2694935

2. Simons YB, Bullaughey K, Hudson RR, Sella G. A population genetic interpretation of GWAS find-
ings for human quantitative traits. PLoS Biol 2018; 16(3): €2002985. doi: 10.1371/journal.pbio.
2002985

3. Zaitlin N, Kraft P. Heritability in the genome-wide association era. Hum Genet. 2012; 131: 1655-1664.
https://doi.org/10.1007/s00439-012-1199-6 PMID: 22821350

4. Boyle EA, Li YI, Pritchard JK. An expanded view of complex traits: From polygenic to omnigenic. Cell
2017; 169: 1177-1186. https://doi.org/10.1016/j.cell.2017.05.038 PMID: 28622505

PLOS Biology | https://doi.org/10.1371/journal.pbio.2005485 March 16,2018 4/6


https://doi.org/10.1146/annurev.ge.23.120189.002005
http://www.ncbi.nlm.nih.gov/pubmed/2694935
https://doi.org/10.1371/journal.pbio.2002985
https://doi.org/10.1371/journal.pbio.2002985
https://doi.org/10.1007/s00439-012-1199-6
http://www.ncbi.nlm.nih.gov/pubmed/22821350
https://doi.org/10.1016/j.cell.2017.05.038
http://www.ncbi.nlm.nih.gov/pubmed/28622505
https://doi.org/10.1371/journal.pbio.2005485

@'PLOS | BIOLOGY

GWAS and popgen

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.
20.

21.

22,

23.

24,

25.

26.

Pritchard JK. Are rare variants responsible for susceptibility to complex diseases? Am J Hum Genet.
2001; 69: 124-37. https://doi.org/10.1086/321272 PMID: 11404818

Visscher PM, Wray NR, Zhang Q, Sklar P, McCarthy MI, Brown MA, Yang J. 10 years of GWAS discov-
ery: biology, function, and translation. Am J Hum Genet. 2017; 101: 5-22. https://doi.org/10.1016/].
ajhg.2017.06.005 PMID: 28686856

Manolio TA, Collins FS, Cox NJ, Goldstein DB, Hindorff LA, Hunter DJ, et al. Finding the missing herita-
bility of complex diseases. Nature. 2009; 461: 747-753. https://doi.org/10.1038/nature08494 PMID:
19812666

Gibson G. Hints of hidden heritability in GWAS. Nat Genet. 2010; 42: 558-560. https://doi.org/10.1038/
ng0710-558 PMID: 20581876

Park JH, Wacholder S, Gail MH, Peters U, Jacobs KB, Chanock SJ, Chatterjee N. Estimation of effect
size distribution from genome-wide association studies and implications for future discoveries. Nat
Genet. 2010; 42: 570-575. https://doi.org/10.1038/ng.610 PMID: 20562874

Yang J, Benyamin B, McEvoy BP, Gordon S, Henders AK, et al. Common SNPs explain a large propor-
tion of the heritability for human height. Nat Genet. 2010; 42: 565-569. https://doi.org/10.1038/ng.608
PMID: 20562875

Bulik-Sullivan BK, Loh PR, Finucane HK, Ripke S, Yang J, et al. LD Score regression distinguishes con-
founding from polygenicity in genome-wide association studies. Nat Genet. 2015; 47: 291-295. https:/
doi.org/10.1038/ng.3211 PMID: 25642630

Agarwala V, Flannick J, Sunyaev S, Consortium GD, Altshuler D. Evaluating empirical bounds on com-
plex disease genetic architecture. Nat Genet. 2013; 45: 1418-1427. https://doi.org/10.1038/ng.2804
PMID: 24141362

Chatterjee N, Wheeler B, Sampson J, Hartge P, Chanock SJ, Park J-H. Projecting the performance of
risk prediction based on polygenic analyses of genome-wide association studies. Nat Genet. 2013; 45:
400-405. https://doi.org/10.1038/ng.2579 PMID: 23455638

Speed D, Cai N, UCLEB Consortium, Johnson MR, Nejentsev S, Balding DJ. Reevealuation of SNP
heritability in complex human traits. Nat Genet. 2017; 49: 986-992. https://doi.org/10.1038/ng.3865
PMID: 28530675

Tennessen JA, Bigham AW, O’Connor TD, Fu W, Kenny EE, et al. Evolution and functional impact of
rare coding variation from deep sequencing of human exomes. Science 2012; 337: 64—69. https://doi.
org/10.1126/science.1219240 PMID: 22604720

Lande R, Arnold SJ. The measurement of selection on correlated characters. Evolution 1983; 37:
1210-1226. https://doi.org/10.1111/j.1558-5646.1983.tb00236.x PMID: 28556011

Hodgins-Davis A, Rice DP, Townsend JP. Gene expression evolves under a house-of-cards model of
stabilizing selection. Mol Biol Evol. 2015; 32: 2130-2140. https://doi.org/10.1093/molbev/msv094
PMID: 25901014

Pickrell JK, Berisa T, Liu JZ, Segurel L, Tung JY, Hinds DA. Detection and interpretation of shared
genetic influences on 42 human traits. Nat Genet. 2016; 48: 709-717. https://doi.org/10.1038/ng.3570
PMID: 27182965

Fisher RA. The genetical theory of natural selection. Oxford, England: Clarendon Press; 1930. 272 pp.

Lande R. The genetic covariance between characters maintained by pleiotropic mutations. Genetics.
1980; 94: 203-215. PMID: 17248993

Keightley PD, Hill WG. Variation maintained in quantitative traits with mutationselection balance: Pleio-
tropic side-effects on fitness traits. Proc R Soc Lond B Biol Sci. 1990; 242: 95-100.

Eyre-Walker A. Genetic architecture of a complex trait and its implications for fitness and genome-wide
association studies. Proc Natl Acad Sci USA. 2010; 107: 1752-1756. https://doi.org/10.1073/pnas.
0906182107 PMID: 20133822

Orr HA. The genetic theory of adaptation: a brief history. Nat Rev Genet. 2005; 6: 119-127. https://doi.
org/10.1038/nrg1523 PMID: 15716908

Wood AR, Esko T, Yang J, Vedantam S, Pers TH, Gustafsson S, et al. Defining the role of common var-
iation in the genomic and biological architecture of adult human height. Nat Genet. 2014; 46: 1173—
1186. https://doi.org/10.1038/ng.3097 PMID: 25282103

Locke AE, Kahali B, Berndt Sl, Justice AE, Pers TH, Day FR, et al. Genetic studies of body mass index
yield new insights for obesity biology. Nature 2015; 518: 197-206. https://doi.org/10.1038/nature14177
PMID: 25673413

van Dongen J, Boomsma DI. The evolutionary paradox and the missing heritability of schizophrenia.
Am J Med Genet B Neuropsychiatr Genet. 2013; 162B: 122—136. https://doi.org/10.1002/ajmg.b.
32135 PMID: 23355297

PLOS Biology | https://doi.org/10.1371/journal.pbio.2005485 March 16,2018 5/6


https://doi.org/10.1086/321272
http://www.ncbi.nlm.nih.gov/pubmed/11404818
https://doi.org/10.1016/j.ajhg.2017.06.005
https://doi.org/10.1016/j.ajhg.2017.06.005
http://www.ncbi.nlm.nih.gov/pubmed/28686856
https://doi.org/10.1038/nature08494
http://www.ncbi.nlm.nih.gov/pubmed/19812666
https://doi.org/10.1038/ng0710-558
https://doi.org/10.1038/ng0710-558
http://www.ncbi.nlm.nih.gov/pubmed/20581876
https://doi.org/10.1038/ng.610
http://www.ncbi.nlm.nih.gov/pubmed/20562874
https://doi.org/10.1038/ng.608
http://www.ncbi.nlm.nih.gov/pubmed/20562875
https://doi.org/10.1038/ng.3211
https://doi.org/10.1038/ng.3211
http://www.ncbi.nlm.nih.gov/pubmed/25642630
https://doi.org/10.1038/ng.2804
http://www.ncbi.nlm.nih.gov/pubmed/24141362
https://doi.org/10.1038/ng.2579
http://www.ncbi.nlm.nih.gov/pubmed/23455638
https://doi.org/10.1038/ng.3865
http://www.ncbi.nlm.nih.gov/pubmed/28530675
https://doi.org/10.1126/science.1219240
https://doi.org/10.1126/science.1219240
http://www.ncbi.nlm.nih.gov/pubmed/22604720
https://doi.org/10.1111/j.1558-5646.1983.tb00236.x
http://www.ncbi.nlm.nih.gov/pubmed/28556011
https://doi.org/10.1093/molbev/msv094
http://www.ncbi.nlm.nih.gov/pubmed/25901014
https://doi.org/10.1038/ng.3570
http://www.ncbi.nlm.nih.gov/pubmed/27182965
http://www.ncbi.nlm.nih.gov/pubmed/17248993
https://doi.org/10.1073/pnas.0906182107
https://doi.org/10.1073/pnas.0906182107
http://www.ncbi.nlm.nih.gov/pubmed/20133822
https://doi.org/10.1038/nrg1523
https://doi.org/10.1038/nrg1523
http://www.ncbi.nlm.nih.gov/pubmed/15716908
https://doi.org/10.1038/ng.3097
http://www.ncbi.nlm.nih.gov/pubmed/25282103
https://doi.org/10.1038/nature14177
http://www.ncbi.nlm.nih.gov/pubmed/25673413
https://doi.org/10.1002/ajmg.b.32135
https://doi.org/10.1002/ajmg.b.32135
http://www.ncbi.nlm.nih.gov/pubmed/23355297
https://doi.org/10.1371/journal.pbio.2005485

..@.' PLOS | BIOLOGY GWAS and popgen

27. Kingsolver JG, Hoekstra HE, Hoekstra JM, Berrigan D,Vignieri SN, et al. The strength of phenotypic
selection in natural populations. Am Nat 2001; 157: 245-261. hitps://doi.org/10.1086/319193 PMID:
18707288

28. Lohmueller KE. The impact of population demography and selection on the genetic architecture of com-
plex traits. PLoS Genet. 2014; 10(5): e1004379. https://doi.org/10.1371/journal.pgen.1004379 PMID:
24875776

PLOS Biology | https://doi.org/10.1371/journal.pbio.2005485 March 16,2018 6/6


https://doi.org/10.1086/319193
http://www.ncbi.nlm.nih.gov/pubmed/18707288
https://doi.org/10.1371/journal.pgen.1004379
http://www.ncbi.nlm.nih.gov/pubmed/24875776
https://doi.org/10.1371/journal.pbio.2005485

