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The problem of missing heritability, that is to say the gap between heritability estimates from

genotype data and heritability estimates from twin data, has been a source of debate for about

a decade [1]. It might appear that the advent of whole genome sequence data on tens of thou-

sands of people is poised to resolve the issue, but here I want to sound a note of caution: more

sequence data does not mean methodological problems go away. . .

Heritability measures the overall importance of genetic inheritance in shaping differences

between individuals and is defined as the fraction of trait variation in a population due to

genetic inheritance [2]. The advent of twin studies[3] made it possible to estimate heritability

by comparing the phenotypic similarity of identical (monozygotic) twins to non-identical

(dizygotic) twins: since monozygotic twins are genetically identical, whereas non-identical

twins are only half identical on average, greater similarity of identical over non-identical twins

is evidence for a contribution of genetic variation to trait variation. However, the twin design

makes several assumptions, most importantly that there is no greater environmental similarity

of identical over non-identical twins. Whether twin studies have overestimated heritability for

human traits, especially social and behavioural traits, remains controversial [4].

The dawn of the genome-wide association study (GWAS) era, around the year 2007,

brought with it the question: can we identify specific genetic variations that explain the herita-

bility estimated from twin studies? The small sample sizes of early GWAS meant they had

power to identify only common genetic variants with relatively strong effects, and the amount

of trait variation that these variants explained was typically only a small fraction of the herita-

bility estimated by twin studies. For height, by 2010 around 40 variants had been identified

that collectively explained around 5% of the variation in height, compared to a twin heritability

of around 80% [5]. This gap became labelled ’the problem of missing heritability’ and has stim-

ulated heated debate ever since [1].

Many different explanations for the ’missing heritability’ have been proposed [6]. I will

focus on two: 1) that complex traits are highly polygenic and affected by many rare variants; 2)

that twin studies have overestimated heritability. Note that both of these explanations could

contribute to explaining the ‘missing heritability’. The idea behind 1) was that GWAS were not

sufficiently powerful to detect the many genetic variants with weak effects on a trait like height,

and the genotyping array technologies were not capturing the rare genetic variants that may

explain a substantial fraction of the heritability [1,5,6]. The idea behind 2) was that twin studies

were overestimating heritability, perhaps due to genetic interactions [7], gene-environment

interactions[8], or violation of twin studies assumptions about the environment [4], so that

less heritability was in fact missing.

The deepest solution to the missing heritability problem would involve identifying all of the

causal genetic variants and measuring how much trait variation they explain. An intermediate

step towards this solution is to show how much variation we could hope to explain from all
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measured genetic variation, even if we do not have the statistical power to identify all of the

specific causal variants.

In 2010, a paper took a step towards this intermediate solution by showing that ~45% of the

variation in height could be explained by the genetic variation captured on a particular geno-

typing array that measured ~250k common single nucleotide polymorphisms (SNPs)

(Table 1). This implied that the genetic variation captured on the genotyping array explained a

lot more of the variation in height than the particular variants that had been identified to affect

height at the time. Therefore, there were many common variants with relatively weak effects

on height that had been missed by GWAS due to a lack of statistical power.

The authors employed a methodology that later became termed GREML (Genomic Relat-

edness Restricted Maximum Likelihood) [9,10]. The GREML methodology estimates the vari-

ance explained by the SNPs by measuring how phenotypic similarity changes with SNP

similarity. Typically, GREML restricts the analysis to distantly related individuals in order to

avoid bias due to certain kinds of environmental effects shared between close relatives and

genetic interactions [5,10]. The GREML methodology can only capture phenotypic variation

explained by SNPs that are correlated with genotyped SNPs due to linkage disequilibrium

(LD) [9–11]. Genotyping arrays mostly measure genetic variants that are common in the pop-

ulation, and most rare variants are in low LD with the common variants on a typical genotyp-

ing array [12,13], so the GREML methodology applied in 2010 was unable to capture most of

the phenotypic variation explained by rare variants. In 2015, the GREML methodology was

extended to include rarer genetic variations inferred by imputation [12], a statistical procedure

that can infer genetic variants not measured on a genotyping array through reference to more

complete genome sequence data. This increased the variance explained for height from 45% to

56% (Table 1). The question then remained: was the ~80% number from twin studies too high,

or do very rare variants that cannot be imputed accurately explain the gap?

One approach to answering this question is to extend the GREML methodology to high

quality whole genome sequence (WGS) data[13], an extension that I’ll call GREML-WGS.

WGS data directly measures all genetic variants. If GREML-WGS could show that the variance

explained by all sequence variants was in line with twin heritability estimates, this would sug-

gest that the full twin heritability is waiting to be unlocked by large samples with whole

genome sequence data. Initial results suggest that a substantial fraction of height variation is

explained by the effects of very rare variants that are not well imputed[13]. This result is plausi-

ble for traits under selection, which will tend to make alleles with large effects on traits rare in

the population[14]. If the gap between heritability estimated from imputed SNPs and twin her-

itability is accounted for by the effects of rare variants that are not well imputed, this would be

Table 1. Heritability of height estimated by different methods.

Genetic data type Method Population Estimate S.E. Reference

None ACE (Twins) European (various) 0.73–0.81 - Silventoinen et al. 2003 [29]

SNP array GREML Australian 0.45 0.08 Yang et al. 2010 [5]

SNP array + imputation GREML-LDMS European ancestry meta-analysis 0.56 0.023 Yang et al. 2015 [12]

Whole genome sequence GREML-WGS European ancestry (USA) 0.79 0.09 Wainschtein et al. 2019 [13]

Identity-by-descent sharing RDR Iceland 0.55 0.045 Young et al. 2018 [27]

Identity-by-descent sharing Sib-Regression European ancestry meta-analysis 0.68 0.079 Young et al. 2018[27] and Hemani et al. 2013 [30].

We give the range of sex-averaged estimates of the heritability of height from the ACE model from European ancestry samples in seven different countries [26]. The

other estimates are taken from main results of the referenced papers, apart from the Sib-Regression estimate, which is a fixed-effects meta-analysis estimate combining

the estimate from Iceland [27] and from a previous meta-analysis that did not include Icelandic data [28].

https://doi.org/10.1371/journal.pgen.1008222.t001
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an important step towards solving the missing heritability problems and be informative of the

genetic architecture of complex traits. I therefore outline a series of challenges that would need

to overcome before we could be confident of such a result from GREML-WGS.

The first challenge is one of precision. The information used to estimate heritability from

rare variants by GREML-WGS comes from the variation in sharing of rare variants among dis-

tantly related pairs of individuals [13, 15]. However, distantly related individuals typically do

not share any particular rare variant, so the variation in rare variant sharing is low. This means

that large samples with high quality WGS data are required to obtain precise estimates, and

such samples are not common yet. Based on the only existing application of GREML-WGS

[13], a sample size of ~40,000 would produce estimates precise enough to be statistically distin-

guished from other heritability estimates (Table 1). It is likely that this challenge will be over-

come shortly, since samples of similar magnitude already exist [16].

However, when the challenge of achieving sufficient precision of GREML-WGS estimates is

overcome, questions about methodological assumptions remain. The methodology assumes

that effect sizes are normally distributed within each bin, where the variants have been divided

into bins based upon their frequency and the strength of their correlations with other variants

(LD). Since GREML makes inferences about the distribution of effect sizes, GREML heritabil-

ity estimates can become biased when assumptions about the distribution of effect sizes are

violated [17]. This could be more problematic for the rare variants used in GREML-WGS than

for the common variants used in standard GREML, as one expects there to be a small fraction

of rare variants with strong effects, implying a large deviation from the assumed normal distri-

bution of effect sizes.

Population stratification presents another challenge for the GREML-WGS methodology.

Population stratification occurs when two genetically distinct subpopulations have different

mean trait values. This implies that any genetic variant that is differentiated between these sub-

populations (which is usually due to chance, i.e. genetic drift) will be correlated with the trait

even though it has no causal effect on the trait. Recently, two papers were published showing

that stratification has affected genome-wide association studies of height, leading to spurious

inferences about selection on height in Europe [18–20]. This work has shown that stratifica-

tion can remain problematic even after attempting to correct for it using principal component

analysis (PCA) [21], a technique that attempts to infer the major axes of genetic variation in a

population (principal components), which are typically associated with geographic separation

[22].

If mean trait values differ along the major principal components, adjusting for the major

principal components can remove bias due to population stratification. However, it is hard to

accurately infer all of the relevant axes of genetic variation that may be correlated with mean

trait values in order to completely eliminate bias due to stratification [23]. The situation is

even trickier for the rare variants used in GREML-WGS. Rare variants tend to have more com-

plicated spatial distributions than common variants, making it even more difficult to infer the

axes of genetic variation required to remove bias due to stratification [24, 25].

The linear mixed model methodology underlying GREML methods can also be used to

adjust for stratification in GWAS [30–32]. Linear mixed model GWAS methods model the

effects of genome-wide SNPs jointly with the focal SNP, resulting in an estimate of the variance

explained by the genome-wide SNPs and an estimate of the effect of the focal SNP. Linear

mixed model GWAS can account for more complicated patterns of stratification than PCA by

modelling the effects of all genome-wide SNPs, rather than considering stratification along the

major principal components alone, leading to reduced bias in SNP effect estimates compared

to PCA adjustment [32]. However, this implies that those stratification effects that linear

mixed models pick up, but PCA misses, are likely to contribute to the heritability estimate
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from GREML, leading to an overestimation of heritability. Supporting this, I have found evi-

dence that the heritability of height in Iceland was overestimated by a method that is very simi-

lar to GREML [27], and I suspect that this overestimation was due in part to population

stratification that had not been properly controlled for by PCA.

The problem of population stratification is even trickier for the very rare variants used by

GREML-WGS. The GREML-WGS methodology measures the contribution from rare variants

in part by measuring the degree to which pairs of individuals who share rare variants tend to

have more similar phenotypes than people who do not. However, if a pair of individuals share

a very rare variant, then it is likely that they inherited this variant from a recent common

ancestor, even if their genome-wide relatedness is low. Pairs of individuals who share a recent

common ancestor are more likely to have similar environments than those who do not, imply-

ing that the GREML methodology could mistakenly infer contributions from rare genetic vari-

ants that are in fact environmental contributions. It is hard to see how this type of

stratification could be corrected for by PCA because it is specific to particular pairs or clusters

of individuals who share a recent common ancestor.

It will be difficult to assess the impact of population stratification on GREML-WGS without

using some form of family data, where the randomisation of genetic material during meiosis

can be used to disentangle genetic from environmental influences [34–37]. Family data can

also be used to estimate heritability in a way that is robust to population stratification. Siblings

vary in their relatedness due to random inheritance of the same or different copies of parental

chromosomes. A method that I call Sib-Regression takes advantage of the random variation in

relatedness between siblings in a family to estimate heritability with little bias from population

stratification and environment [38]. However, Sib-Regression requires hundreds of thousands

of genotyped siblings pairs to obtain precise estimates. Last year, I described a method, related-

ness disequilibrium regression (RDR), that generalises Sib-Regression to all relative pair clas-

ses, gaining precision while retaining robustness to population stratification [27]. Ideally, one

would obtain WGS data on a large sample of families and compare Sib-Regression, RDR, and

GREML-WGS estimates.

We can examine existing heritability estimates from RDR and Sib-Regression (Table 1) to

get a sense of what we might expect from precise GREML-WGS estimates. The RDR estimate

of the heritability of height in Iceland is 55% (S.E. 4.4%). The Sib-Regression estimate is 68%

(S.E. 9.6%), which gives an estimate of 68% (S.E. 7.9%) when combined with a previous esti-

mate [30]. These estimates suggest that the heritability of height may be lower than estimated

by twin studies. Furthermore, if one compares RDR and Sib-Regression estimates to twin esti-

mates, the RDR and Sib-Regression estimates are consistently lower across traits (Fig 1). This

implies that even with WGS data there may still be some ‘missing heritability’, in that there is

still a gap between heritability estimated from robust genomic methods (RDR and Sib-Regres-

sion) and twin estimates.

While my methodological concerns about GREML-WGS might be answered through fur-

ther analyses for a trait like height, my own work has shown that the GREML approach leads

to substantial overestimation of heritability for traits like educational attainment [27]. This is

due to the influence of indirect genetic effects (‘genetic nurture’) from relatives [35], which are

the effects of genetic variants in relatives (mostly siblings and parents) on an individual

through their environment. Family data is required to adjust for indirect genetic effects from

relatives. Therefore, solving the problem of missing heritability for traits like educational

attainment will require large samples of families with WGS data.

Further collection of family data may also contribute to solving a related puzzle about

genetic prediction. By using the estimated effects of genome-wide SNPs, a model that predicts

trait values from genotype data can be constructed, termed a polygenic score [38]. While the
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correlation between the polygenic score and educational attainment suggests that it can predict

around 11–13% of the variation in educational attainment, within-family analyses suggest that

at least half of this predictive ability comes from indirect genetic effects from relatives, popula-

tion stratification, and assortative mating [35, 39]. Similar results have been obtained for other

cognitive and behavioural traits [40, 41]. The within-family design removes the total influence

of indirect genetic effects from relatives, assortative mating, and population stratification; how-

ever, the relative contribution of these different factors to polygenic prediction is not well char-

acterised. Building a better understanding of assortative mating and the relationship between

genetic and environmental influences on traits will form a key part of the deep solution to the

missing heritability problem, which will also leverage whole genome sequence data to con-

struct a more detailed understanding of genetic architecture and stronger polygenic

predictors.

References
1. Manolio T. A. et al. Finding the missing heritability of complex diseases.Nature 461, 747–753 (2009).

https://doi.org/10.1038/nature08494 PMID: 19812666

2. Falconer D. S. & Mackay T. F. C. Introduction to Quantitative Genetics. ( Longman, 1996).

3. Boomsma D., Busjahn A. & Peltonen L. Classical twin studies and beyond.Nat.Rev.Genet. 3, 872–82
(2002). https://doi.org/10.1038/nrg932 PMID: 12415317

4. Felson J. What can we learn from twin studies? A comprehensive evaluation of the equal environments
assumption. Soc. Sci.Res. 43, 184–199 (2014). https://doi.org/10.1016/j.ssresearch.2013.10.004
PMID: 24267761

5. Yang J. et al. Common SNPs explain a large proportion of the heritability for human height.Nat.Genet.
42, 565–9 (2010). https://doi.org/10.1038/ng.608 PMID: 20562875

Fig 1. Comparison of heritability estimates from RDR and Sib-Regression in Iceland to Swedish twin studies. The error bars give 95% confidence intervals for the
estimates. The estimates are taken from Young et al. 2018 [27]. The RDR and Sib-Regression estimates are from Icelandic samples, and the Swedish twin estimates are
taken from various publications utilising the Swedish twin registry [27,33].

https://doi.org/10.1371/journal.pgen.1008222.g001

PLOSGenetics | https://doi.org/10.1371/journal.pgen.1008222 June 24, 2019 5 / 7

https://doi.org/10.1038/nature08494
http://www.ncbi.nlm.nih.gov/pubmed/19812666
https://doi.org/10.1038/nrg932
http://www.ncbi.nlm.nih.gov/pubmed/12415317
https://doi.org/10.1016/j.ssresearch.2013.10.004
http://www.ncbi.nlm.nih.gov/pubmed/24267761
https://doi.org/10.1038/ng.608
http://www.ncbi.nlm.nih.gov/pubmed/20562875
https://doi.org/10.1371/journal.pgen.1008222.g001
https://doi.org/10.1371/journal.pgen.1008222


6. Eichler E. E. et al. Missing heritability and strategies for finding the underlying causes of complex dis-
ease.Nat. Rev.Genet. 11, 446–50 (2010). https://doi.org/10.1038/nrg2809 PMID: 20479774

7. Zuk O., Hechter E., Sunyaev S. R. & Lander E. S. Themystery of missing heritability: Genetic interac-
tions create phantom heritability. Proc.Natl. Acad. Sci.U. S. A. 109, 1193–8 (2012). https://doi.org/10.
1073/pnas.1119675109 PMID: 22223662

8. Purcell S. Variance components models for gene-environment interaction in twin analysis. Twin Res. 5,
554–571 (2002). https://doi.org/10.1375/136905202762342026 PMID: 12573187

9. Yang J., Lee S. H., Goddard M. E. & Visscher P. M. GCTA: a tool for genome-wide complex trait analy-
sis. Am. J.Hum.Genet. 88, 76–82 (2011). https://doi.org/10.1016/j.ajhg.2010.11.011 PMID: 21167468

10. Yang J., Zeng J., Goddard M. E., Wray N. R. & Visscher P. M. Concepts, estimation and interpretation
of SNP-based heritability.Nat.Genet. 49, (2017).

11. Speed D. et al. Reevaluation of SNP heritability in complex human traits.Nat Genet 49, 986–992
(2017). https://doi.org/10.1038/ng.3865 PMID: 28530675

12. Yang J. et al. Genetic variance estimation with imputed variants finds negligible missing heritability for
human height and body mass index.Nat.Genet. 47, 1114–1120 (2015). https://doi.org/10.1038/ng.
3390 PMID: 26323059

13. Wainschtein P., Jain D. P., Yengo L. & Zheng Z. Recovery of trait heritability from whole genome
sequence data. bioRxiv 1–23 (2019).

14. Simons Y. B., Bullaughey K., Hudson R. R. & Sella G. A population genetic interpretation of GWAS find-
ings for human quantitative traits. PLoS Biol. 16, 1–20 (2018).

15. Visscher P. M. et al. Statistical Power to Detect Genetic (Co)Variance of Complex Traits Using SNP
Data in Unrelated Samples. PLoSGenet. 10, (2014).

16. Arnadottir G. A. et al. A homozygous loss-of-function mutation leading to CYBC1 deficiency causes
chronic granulomatous disease.Nat. Commun. 1–9 (2018). https://doi.org/10.1038/s41467-017-
02088-w

17. Hou K., Burch K. S., Majumdar A. & Shi H. Accurate estimation of SNP-heritability from biobank-scale
data irrespective of genetic architecture. bioRxiv 1–29 (2019).

18. Sohail M. et al. Polygenic adaptation on height is overestimated due to uncorrected stratification in
genome-wide association studies. Elife 8, 8–11 (2019).

19. Berg J. J. et al. Reduced signal for polygenic adaptation of height in UK Biobank. 1–47 (2019).

20. Barton N., Hermisson J. & Nordborg M. Population Genetics: Why structure matters.Elife 8, e45380
(2019). https://doi.org/10.7554/eLife.45380 PMID: 30895925

21. Patterson N., Price A. L. & Reich D. Population structure and eigenanalysis. PLoS Genet. 2, 2074–
2093 (2006).

22. Novembre J. et al. Genes mirror geography within Europe.Nature 456, 98–101 (2008). https://doi.org/
10.1038/nature07331 PMID: 18758442

23. Chen, C. & Bloemendal, A. MIA: Christina Chen, PCA and stratification in GWAS; Alex Bloemendal,
primer on randommatrix theory. https://www.youtube.com/watch?v=B7ub92OLw1g (2019).

24. Mathieson I. & McVean G. Differential confounding of rare and common variants in spatially structured
populations.Nat.Genet. 44, 243–246 (2012). https://doi.org/10.1038/ng.1074 PMID: 22306651

25. Bhatia G. et al. Subtle stratification confounds estimates of heritability from rare variants. bioRxiv
048181 (2016). https://doi.org/10.1101/048181

26. Silventoinen K. et al. Heritability of Adult Body Height: A Comparative Study of Twin Cohorts in Eight
Countries. Twin Res. 6, 399–408 (2003). https://doi.org/10.1375/136905203770326402 PMID:
14624724

27. Young A. I. et al. Relatedness disequilibrium regression estimates heritability without environmental
bias.Nat.Genet. 50, (2018).

28. Hemani G. et al. Inference of the genetic architecture underlying bmi and height with the use of 20,240
sibling pairs. Am. J.Hum.Genet. 93, 865–875 (2013). https://doi.org/10.1016/j.ajhg.2013.10.005
PMID: 24183453

29. Silventoinen K. et al. Heritability of adult body height: a comparative study of twin cohorts in eight coun-
tries. Twin Res. 6, 399–408 (2003). https://doi.org/10.1375/136905203770326402 PMID: 14624724

30. Kang H. M. et al. Variance component model to account for sample structure in genome-wide associa-
tion studies.Nat.Genet. 42, 348–54 (2010). https://doi.org/10.1038/ng.548 PMID: 20208533

31. Yang J., Zaitlen N. a, Goddard M. E., Visscher P. M. & Price A. L. Advantages and pitfalls in the applica-
tion of mixed-model association methods.Nat.Genet. 46, 100–6 (2014). https://doi.org/10.1038/ng.
2876 PMID: 24473328

PLOSGenetics | https://doi.org/10.1371/journal.pgen.1008222 June 24, 2019 6 / 7

https://doi.org/10.1038/nrg2809
http://www.ncbi.nlm.nih.gov/pubmed/20479774
https://doi.org/10.1073/pnas.1119675109
https://doi.org/10.1073/pnas.1119675109
http://www.ncbi.nlm.nih.gov/pubmed/22223662
https://doi.org/10.1375/136905202762342026
http://www.ncbi.nlm.nih.gov/pubmed/12573187
https://doi.org/10.1016/j.ajhg.2010.11.011
http://www.ncbi.nlm.nih.gov/pubmed/21167468
https://doi.org/10.1038/ng.3865
http://www.ncbi.nlm.nih.gov/pubmed/28530675
https://doi.org/10.1038/ng.3390
https://doi.org/10.1038/ng.3390
http://www.ncbi.nlm.nih.gov/pubmed/26323059
https://doi.org/10.1038/s41467-017-02088-w
https://doi.org/10.1038/s41467-017-02088-w
https://doi.org/10.7554/eLife.45380
http://www.ncbi.nlm.nih.gov/pubmed/30895925
https://doi.org/10.1038/nature07331
https://doi.org/10.1038/nature07331
http://www.ncbi.nlm.nih.gov/pubmed/18758442
https://www.youtube.com/watch?v=B7ub92OLw1g
https://doi.org/10.1038/ng.1074
http://www.ncbi.nlm.nih.gov/pubmed/22306651
https://doi.org/10.1101/048181
https://doi.org/10.1375/136905203770326402
http://www.ncbi.nlm.nih.gov/pubmed/14624724
https://doi.org/10.1016/j.ajhg.2013.10.005
http://www.ncbi.nlm.nih.gov/pubmed/24183453
https://doi.org/10.1375/136905203770326402
http://www.ncbi.nlm.nih.gov/pubmed/14624724
https://doi.org/10.1038/ng.548
http://www.ncbi.nlm.nih.gov/pubmed/20208533
https://doi.org/10.1038/ng.2876
https://doi.org/10.1038/ng.2876
http://www.ncbi.nlm.nih.gov/pubmed/24473328
https://doi.org/10.1371/journal.pgen.1008222


32. Listgarten J., Lippert C. & Heckerman D. FaST-LMM-Select for addressing confounding from spatial
structure and rare variants.Nat.Genet. 45, 470–1 (2013). https://doi.org/10.1038/ng.2620 PMID:
23619783

33. Pedersen N. L., Lichtenstein P. & Svedberg P. The Swedish Twin Registry in the Third Millennium. Twin
Res. 5, 427–432 (2002). https://doi.org/10.1375/136905202320906219 PMID: 12537870

34. EwensW. J. & Spielman R. S. The transmission/disequilibrium test: history, subdivision, and admixture.
Am. J. Hum.Genet. 57, 455–464 (1995). PMID: 7668272

35. Kong A. et al. The nature of nurture: Effects of parental genotypes. Science (80-. ). 359, 424–428
(2018). https://doi.org/10.1126/science.aan6877 PMID: 29371463

36. Young A. I. et al. Relatedness disequilibrium regression estimates heritability without environmental
bias.Nat.Genet. 50, 1304–1310 (2018). https://doi.org/10.1038/s41588-018-0178-9 PMID: 30104764

37. Visscher P. M. et al. Assumption-free estimation of heritability from genome-wide identity-by-descent
sharing between full siblings. PLoSGenet. 2, e41 (2006). https://doi.org/10.1371/journal.pgen.
0020041 PMID: 16565746

38. Wray N. R., Kemper K. E., Hayes B. J., Goddard M. E. & Visscher P. M. Complex Trait Prediction from
Genome Data: Contrasting EBV in Livestock to PRS in Humans.Genetics 211, 1131–1141 (2019).
https://doi.org/10.1534/genetics.119.301859 PMID: 30967442

39. Lee J. et al. Gene discovery and polygenic prediction from a 1.1-million-person GWAS of educational
attainment. Nat.Genet. (in Press.

40. Selzam S. et al. Comparing within- and between-family polygenic score prediction. bioRxiv 605006
(2019). https://doi.org/10.1101/605006

41. Mostafavi, H., Harpak, A., Conley, D. & Pritchard, J. K. Variable prediction accuracy of polygenic scores
within an ancestry group.

PLOSGenetics | https://doi.org/10.1371/journal.pgen.1008222 June 24, 2019 7 / 7

https://doi.org/10.1038/ng.2620
http://www.ncbi.nlm.nih.gov/pubmed/23619783
https://doi.org/10.1375/136905202320906219
http://www.ncbi.nlm.nih.gov/pubmed/12537870
http://www.ncbi.nlm.nih.gov/pubmed/7668272
https://doi.org/10.1126/science.aan6877
http://www.ncbi.nlm.nih.gov/pubmed/29371463
https://doi.org/10.1038/s41588-018-0178-9
http://www.ncbi.nlm.nih.gov/pubmed/30104764
https://doi.org/10.1371/journal.pgen.0020041
https://doi.org/10.1371/journal.pgen.0020041
http://www.ncbi.nlm.nih.gov/pubmed/16565746
https://doi.org/10.1534/genetics.119.301859
http://www.ncbi.nlm.nih.gov/pubmed/30967442
https://doi.org/10.1101/605006
https://doi.org/10.1371/journal.pgen.1008222

