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Abstract
While novel statistical methods quantifying the shared heritability of traits and diseases between ancestral distinct populations 
have been recently proposed, a thorough evaluation of these approaches under differing circumstances remain elusive. Brown 
et al.2016 proposed the method Popcorn to estimate the shared heritability, i.e. genetic correlation, using only summary 
statistics. Here, we evaluate Popcorn under several parameters and circumstances: sample size, number of SNPs, sample 
size of external reference panel, various population pairs, inappropriate external reference panel, and admixed population 
involved. Our results determined the minimum sample size of the external reference panel, summary statistics, and number 
of SNPs required to accurately estimate both the genetic correlation and heritability. Moreover, the number of individuals 
and SNPs required to produce accurate and stable estimates was directly proportional with heritability in Popcorn. Misrep-
resentation of the reference panel overestimated the genetic correlation by 20% and heritability by 60%. Lastly, applying 
Popcorn to homogeneous (EUR) and admixed (ASW) populations underestimated the genetic correlation by 15%. Although 
statistical approaches estimating the shared heritability between ancestral populations will provide novel etiologic insight, 
caution is required ensuring results are based on the appropriate sample size, number of SNPs, and the generalizability of 
the reference panel to the discovery populations.
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Introduction

As the number of genome-wide association studies con-
ducted in both single- and multi-ancestral populations 
increase, the significance of estimating genetic correla-
tion for complex traits has become more enormous. Brown 
et al. 2016 expanded the definition of genetic correlation 
to the trans-ancestral context and developed the method 
Popcorn to estimate genetic correlation using summary sta-
tistics. Although Popcorn produces unbiased estimators of 
genetic correlation and heritability, it requires large sample 
sizes, large number of SNPs and matched external refer-
ence panels, and is limited to the utility of homogenous 

populations. We evaluated Popcorn under several param-
eters and circumstances: sample size, number of SNPs, 
sample size of external reference panel, various population 
pairs, inappropriate external reference panel and admixed 
population involved. It provides plenty of valuable reference 
information for researchers using the method to obtain more 
accurate and stable estimates for both genetic correlation 
and heritability.

Although the causes of many complex diseases are not 
yet fully understood, genetic variation clearly impacts the 
susceptibility of diseases such as prostate (Schaid 2004), 
breast (Black 1994) and type 2 diabetes (Yukio Horikawa 
2000). A large twin study reported that the heritability of 
cancer overall is 33% (95% CI 30–37%) and significant 
heritability is observed for several cancer types such as 
melanoma (58%; 95% CI 43–73%), prostate (57%; 95% 
CI 51–63%), nonmelanoma skin (43%; 95% CI 26–59%), 
ovary (39%; 95% CI 23–55%), kidney (38%; 95% CI 
21–55%), breast (31%; 95% CI 11–51%), and corpus uteri 
(27%; 95% CI 11–43%) in Nordic countries (Mucci et al. 
2016). In recent years, numerous genome-wide association 
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studies (GWAS) have been conducted focusing on iden-
tifying the genetic architecture of these diseases. How-
ever, the vast majority of GWAS have been conducted in 
individuals of European ancestry with much less focus on 
non-European and multi-ancestral populations. This has 
led to a gap elucidating the genetic contribution in non-
European populations, including the overall shared herit-
ability between ancestral populations.

Therefore, estimating shared heritability, the measure of 
the common genetic contribution for two traits or a com-
mon trait between two ancestral populations, can provide 
important information for the transferability of epidemio-
logical results. For example, the known genetic architecture 
of a trait in population A will transfer to population B if the 
shared heritability of the trait is substantial between popula-
tions A and B. On the contrary, we will not expect the same 
results on B if the shared heritability is close to 0. Estimat-
ing shared heritability could facilitate mapping the causative 
loci for diseases in multiple ethnic population with informa-
tion from GWAS studies (Coram et al. 2015; Morris 2011).

Genetic correlation is a component of shared heritability 
and indicates the extent we can treat ancestral populations 
as one regarding the underlying disease genetic architec-
ture. Furthermore, shared heritability has profound impli-
cations in the biomedical and clinical practice of diverse 
populations, assessing the contribution of non-additive and 
rare-variant effects, and modeling the genetic architecture of 
complex traits (Brown et al. 2016). Quantifying the genetic 
correlation of a complex trait between ancestral distinct 
populations may be instrumental identifying underlying 
determinants of health disparities.

Genetic correlation can be estimated from genotype- and 
mixed-model-based methods available in several software 
packages. For example, GCTA is able to perform a bivari-
ate restricted maximum likelihood analysis to estimate the 
genetic correlation between two quantitative traits, two 
binary disease traits, or a quantitative and a binary disease 
trait (Lee et al. 2012; Yang et al. 2011). However, these 
approaches require individual-level genetic data where 
access may raise privacy concerns or additional logistical 
considerations thus restricting access to individual-level 
data (refers to genome-wide single nucleotide polymor-
phisms (SNP) and trait values for each individual included 
in a GWAS. However, summary associations are not scaled 
by the number of individuals in a study and often are readily 
accessible Benner C et al. 2017. The recent public avail-
ability of summary statistics from GWAS meta-analyses has 
generated exciting new opportunities to develop statistical 
methods without access to individual-level genotype–phe-
notype data (Benner et al. 2017). For example, linkage dis-
equilibrium (LD) score regression has been developed to 
estimate heritability and genetic correlation from GWAS 
summary statistics between two traits through regressing χ2 

statistics against LD scores generated in a reference popula-
tion (Bulik-Sullivan et al. 2015a, b). However, this method 
is limited to a single homogenous population (Bulik-Sullivan 
et al. 2015b).

Brown et al. (2016) expanded the definition of genetic 
correlation to better account for a trans-ancestral context 
and developed the novel approach Popcorn, where estimat-
ing genetic correlation between differing ancestral popula-
tions using only summary association statistics is feasible. 
GWAS summary statistics refer to estimated effect sizes 
and their standard errors (SE) for each SNP analyzed and 
sometimes include the allele frequency. Popcorn considers 
both allele effect sizes and allelic impact to define trans-
ancestral genetic-effect correlation as correlation coefficient 
of the per-allele SNP effect sizes (Lee et al. 2012) and trans-
ancestral genetic-impact correlation as the correlation coef-
ficient of the population-specific allele-variance-normalized 
SNP effect sizes (Brown et al. 2016). The method combines 
the information of LD from external reference panels with 
summary association data to avoid privacy concerns while 
using the entire spectrum of GWAS associations account-
ing for LD to avoid filtering correlated SNPs (Brown et al. 
2016) employed a Bayesian approach wherein they assume 
genotypes are drawn separately from within each popula-
tion and effect sizes have a normal prior. The infinitesimal 
assumption yields a multivariate normal distribution on 
the observed test statistics, where the covariance matrix is 
a function of the heritability and genetic correlation. Then 
they maximized an approximate weighted likelihood func-
tion to find the heritability and genetic correlation (Brown 
et al. 2016).

Popcorn has been utilized on several occasions, including 
European and Yoruban gene-expression data (Hoen et al. 
2013), GWAS summary statistics from European and East 
Asian cohorts with rheumatoid arthritis (RA) and type 2 
diabetes (T2D), and Genetic European Variation in Health 
and Disease (GEUVADIS) data (Chang et al. 2015; Su et al. 
2011). As demonstrated in Brown et al. 2016, the method 
produced unbiased estimates of the genetic correlation and 
the population-specific heritability with a standard error 
(SE) inversely correlated with the number of SNPs and 
individuals in the studies (Brown et al. 2016). The sum-
mary statistic-based estimator was shown to be concordant 
with the mixed-model-based estimator (Brown et al. 2016). 
Although Popcorn is powerful, it still has several limita-
tions: (1) a large sample size and number of SNPs is required 
to achieve a sufficient SE for accurate estimation, (2) limited 
to relatively common SNPs with allele frequency greater 
than 0.05, and 3) relies on LD similarity between the exter-
nal reference panels and the target populations.

Although the application of Popcorn to estimate genetic 
correlation across differing ancestral populations is pow-
erful, potential limitations include a thorough evaluation 
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of Popcorn. First, it is important to define a ‘large’ sam-
ple size and the number of SNPs to better interpret results 
when applied to summary statistics. Different sample sizes 
are available for different traits and include a wide range. 
For example, summary statistics of 184,035 individuals are 
available for coronary artery disease (Nikpay et al. 2015) 
while only 5422 for attention deficit hyperactivity disorder 
Neale et al. (2010) among individuals of European ancestry. 
A greater sample size discrepancy will exist when evaluat-
ing non-European ancestral populations. The paper fails to 
provide a specific minimum number large enough for accu-
racy though it tests 5,000, 10,000, and 15,000 when using 
simulated data and 20,000–60,000 individuals for an applied 
example between European and East Asian populations. Sec-
ond, it is necessary to find the smallest sample size of the 
external reference panel where the minimum accuracy of 
the estimates is lost from the analysis given different sample 
sizes of summary statistics. Brown et al. 2016 uses about 
500 individuals from each ancestrally distinct population to 
serve as the external reference panel for both simulation and 
real data tests. Obviously, a larger number of individuals in 
the reference panel can better capture the LD structure of 
the target population, particularly for lower allele frequen-
cies (MAF < 0.05). However, the number of individuals is 
directly correlated with the required computational time 
since LD score is calculated from individual-level data. 
Furthermore, for some population pairs, the sample sizes of 
the reference panel available might be very different while 
the complexity of the LD structure for different populations 
may be inconsistent. If we want to use data from the 1000 
Genome project, for example, as the reference panel, there 
are 504 and 503 individuals in the EUR and EAS popula-
tions while only 62 and 120 in ASW and YRI, respectively 
(Genomes Project et al. 2015). The accuracy of the estima-
tion from Popcorn under such circumstance is also expected 
to be tested. Third, the frequency threshold for the minor 
allele will compromise the accuracy of the estimation. The 
allele frequency range should be determined for application 
of Popcorn. Fourth, the performance of Popcorn on other 
ancestral population (such as African) other than European 
and East Asian should also be evaluated. All of the pre-
vious simulations were performed on Europeans and East 
Asians and the only two real data applications focused on 
RA and T2D are also on these two populations and obtained 
relatively underestimated results due to, as explained in the 
paper, the correction of genomic control in summary asso-
ciation data (Brown et al. 2016). It is still not clear how Pop-
corn performs if other ancestral population (such as Afri-
can) involved when the test parameters (sample size, number 
of SNPs, minor allele frequency, etc.) change. Lastly, it is 
instructive to check how Popcorn will perform if we use an 
inappropriate reference panel. External reference panels are 
the only resource to provide the information of LD matrix 

while we do not have individual-level data of target popula-
tions. The similarity of LD structure between reference panel 
and target population determines the accuracy of following 
estimation. It is very important to choose an appropriate 
external reference panel during the analysis process in Pop-
corn while sometimes the structure of the target population 
is unclear.

Materials and methods

Popcorn utilizes summary association statistics from differ-
ing ancestral populations as input and LD based on external 
reference panels similar to the populations. It first estimates 
the LD matrix products then maximizes an approximate 
weighted likelihood function to find heritability and genetic 
correlations, respectively (Brown et al. 2016). Here to obtain 
simulated data to perform the evaluation, we simulated 
European (EUR), East Asian (EAS), and Yoruban (YRI) 
ancestral populations based on HapMap3 data. Furthermore, 
we simulated an admixed African ancestry based on south-
west USA (ASW) populations from HapMap 3. We gener-
ated N1 and N2 individuals for population 1 (pop1) and 2 
(pop2), respectively, in each population pair; and M SNPs 
after filtering rare alleles with minor allele frequency below 
f0 and relatedness of individuals above r0 . We randomly 
selected L individuals from each population as an external 
reference panel. Effect sizes for SNPi , �i = (�1i, �2i) T, are 
drawn from a ‘spike and slab’ model,

where h2
1
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performance of Popcorn. We define ‘ideal estimates’ as the 
results with ‘accurate’ (bias is less than 0.05) and ‘stable’ 
(SE is less than 0.1) estimates.

Results

Reproducibility of simulation in Popcorn paper

We first tried to replicate the results of simulation tests 
for estimation of genetic correlation and heritability in 

original Popcorn paper. We simulated 100,000 individu-
als and 329,382 SNPs from each population of EUR and 
EAS (Pair 1) using hapgen2 (Su et al. 2011) with an allele 
frequency above 1% on chromosome 1 to 3. After fil-
tering individuals with relatedness (kinship coefficient) 
above 0.05, we ended with 26,119 and 20,147 individuals, 
respectively. Then we randomly selected 500 individuals 
from each population to serve as external reference panel. 
At last, 205,452 SNPs common in both populations after 
minor allele frequency and indel filter are included in the 
LD scores calculation. Since it has been proved that the 

Fig. 1   True and estimated genetic correlation and heritability for EUR and EAS. Simulations were conducted on 26,119 simulated EUR and 
20,147 simulated EAS individuals with 329,382 SNPs. The default genetic correlation and heritability was 0.5
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estimators from Popcorn are robust to violation of infin-
itesimal assumption (Brown et al. 2016), we simulated 
effect sizes using p = 0.99 . We varied �ge from − 1 to 1 
and h2

1
 and h2

2
 from 0 to 1 at increments of 0.1 (other two 

parameters are 0.5 when one of them changed). Figure 1 
shows observed values were very close to the expected 
values for genetic correlation and heritability estimated 

from Popcorn. It verified that Popcorn provides nearly 
unbiased estimation for both the genetic correlation and 
heritability with a slight underestimation when they are 
close to the boundary (Brown et al. 2016).

Fig. 2   Estimated genetic correlation and heritability for EUR and 
EAS from different sample sizes of the external reference panel. 
Simulations were conducted on 26,119 simulated EUR and 20,147 

simulated EAS individuals with 329,382 SNPs. The default genetic 
correlation and heritability was 0.5
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Evaluation tests

External reference panel sample size

We applied the same settings from the reproduction part but 
changed L from 50 to 1,000 at increments of 50. Figure 2 
shows that the accuracy of the estimation is increased as L 
goes up but L has little impact on the SE. As observed in the 
figure, a minimum of 200 people in the external reference 
panel are sufficient to accurately estimate the genetic corre-
lation while a minimum of 500 are required for heritability. 
Furthermore, heritability of EAS requires even more people, 
approximately 750 in the reference panel.

Sample size

We varied the number of individuals though random sam-
pling in each simulation. Without loss of generality, we made 
N1 = N2 = N in this section of simulation. We changed N 
from 1000 to 20,000 with increments of 1000. Due to the 
different performance Popcorn had for the boundary estima-
tion, we assessed performance after setting genetic correla-
tion and heritability both close to the boundaries of 0.1 and 
0.9, and the middle of 0.5.

Figure 3A1–C2 indicates that both accuracy and stability 
of the estimation of the genetic correlation increased as we 
enlarged the sample size. The estimation of genetic correla-
tion which is in the middle (0.5) is accurate and has small 
enough SE (within 0.1 up and down) when the sample size 
reached 10,000 and same amount of people are required for 
genetic correlation near the boundary (0.1 and 0.9)

Enlarging sample size lead to more accurate estimation 
of heritability with less SE as well (shown in Fig. 3A–C) 
though higher heritability generally has larger SE. Therefore, 
the higher the heritability is, the larger the required sample 
size is. We could obtain ideal estimate with 7000 individu-
als for heritability of 0.1, around 11,000 for 0.5 and 15,000 
for 0.9.

Number of SNPs

We started with 205,452 SNPs on their respective chromo-
some and then evaluated a range of 10–100% in 10% incre-
ments on each chromosome to test different SNP densities, 
defined as the number of SNPs we included in the analysis 
over the total number of SNPs. The specific number of SNPs 
in each test are shown in Table 1. We show in Fig. 5 that 
M does not have a significant impact on SE and the SE are 
consistently low since we have more than 20,000 individu-
als in the analysis. The estimation accuracy of the genetic 
correlation stabilizes when M reaches 123,270.

We are basically able to accurately estimate low genetic 
correlation when we have around 80,000 SNPs in the analy-
sis while more than 180,000 SNPs are required to estimate 
high genetic correlation with an acceptable SE as shown in 
Fig. 4A1–C2. Overall, the higher the genetic correlation to 
estimate, the larger the number of SNPs required.

Figure 4A–C indicates that M has little effect on accuracy 
and stability of the estimation of heritability regardless if the 
true heritability lies in the middle or close to the boundary. 
We set p as 0.99 in each test which means we set 99% of the 
SNPs as causal ones in the analysis no matter how many 
SNPs are in the analysis. Therefore, we captured all of the 
heritability when we adjusted M . In real life, however, it 
is usually hard to find all of causal variants and that’s also 
where the bias estimate of heritability usually comes from.

Other population pairs

We did similar tests across differing ancestral population 
pairs, such as EUR vs. YRI (Pair 2) and EAS vs. YRI (Pair 
3). The simulation steps are as same as those outlined above 
in reproduction part, and the detailed numbers of individuals 
and SNPs finally left in the two tests are shown in Table 2. 
We proved Popcorn provides unbiased estimation for genetic 
correlation and heritability as well (shown in Figures S1 and 
S7). Results from other tests which are about number of 
individuals in reference panel, sample size and number of 
SNPs are shown in Figures S2–S6 and S8–S12 and listed in 
Table 3 as well. First, 200–300 individuals in the external 
reference panel are able to provide enough information for 
estimates of genetic correlation while around 500–700 are 
needed for heritability. More specifically, Popcorn requires 
400–500 for EUR and 700 individuals for EAS and YRI. 
Second, accurate genetic correlation estimates with low 

Fig. 3   Estimated genetic correlation heritability on EUR and EAS 
from different sampe size. Simulations were conducted on different 
number of individuals with 329,382 SNPs and 500 individuals in 
external reference panel. The default heritability in A1 to C2 was 0.5 
and genetic correlation was 0.1, 0.5, and 0.9, respectively in each row. 
The default genetic correlation in A, B and C was 0.5 and heritability 
was 0.1, 0.5, and 0.9, respectively

◂

Table 1   The density and number of SNPs in each test to evaluate Popcorn

Test # 1 2 3 4 5 6 7 8 9 10

SNP density (%) 10 20 30 40 50 60 70 80 90 100
Number of SNPs 20,543 41,089 61,634 82,180 102,725 123,270 143,815 164,361 184,906 205,452
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SE requires sample size of 10,000 for Pair 2 and 15,000 
for Pair 3 and the number doesn’t change for different true 
genetic correlation values while at least 15,000 individuals 
are needed for accurate estimation of heritability with low 
SE and higher true heritability requires larger sample size to 
be accurately estimated. As for number of SNPs, more SNPs 
are needed for estimates of larger true genetic correlation 
and heritability. The required minimum number of SNPs 
does not have large discrepancy in either of the two popula-
tion pairs. Only if we have large enough sample size, around 
20,000 SNPs could be able to provide accurate estimates for 
heritability of 0.1 and only 90,000 are needed even for herit-
ability of 0.9. However, genetic correlation estimates require 
more SNPs, ranging from 110,000 to 168,000, according to 
different true genetic correlation.  

Using inappropriate reference panel

For the summary statistics in pair 1, we chose 500 individu-
als randomly from YRI to serve as external reference panel 
for EAS. The correct reference panel was used for EUR. As 
shown in Fig. 5 the genetic correlation was overestimated 
by 20%. Heritability of EUR was accurate as expected and 
the EAS was overestimated by 60%. Inaccurate external 
reference panel has more dramatic influence on heritability 
compared with that on genetic correlation.

Admixed population involved

After filtering out SNPs with minor allele frequency below 
1% and related individuals, we had 26,119 EUR individuals, 
32,421 ASW individuals and 238,164 SNPs in the analysis. 
The results are shown in Fig. 6. Genetic correlation has been 
overestimated by 7%. Heritability of EUR was accurately 
estimated as expected since the external reference panel for 
EUR is appropriate and EUR is homogenous population 
while heritability of ASW has been underestimated by 25%. 
Popcorn cannot be applied to admixed population since it 
fails to account for long-range LD induced by admixed pop-
ulations and take covariate effects into consideration.

We also tested how Popcorn performed with AFR serving 
as the external reference panel for ASW. As we could see in 
Fig. 7, the genetic correlation was even more overestimated, 
up to 80%. The situation of heritability of ASW was also 
worse. It was underestimated by 90%. Although African is 

one of the ancestries of African American, African popula-
tion is not appropriate to serve as reference panel to estimate 
LD structure of African American in estimation of genetic 
correlation and heritability in Popcorn method. 

Discussion

In this work, we evaluated Popcorn under several input 
parameters and circumstances. We confirmed that 300–500 
individuals in the external reference panel are able to pro-
vide adequate information for LD structure estimates. 
When the sample size reaches 5000–7000 and the number 
of SNPs 80,000–180,000, Popcorn is capable to gener-
ate accurate and stable estimates for both genetic corre-
lation and heritability. We obtained similar conclusions 

Fig. 4   Estimated genetic correlation and heritability on EUR and 
EAS from different number of SNPs. Simulations were conducted on 
26,119 simulated EUR and 20,147 simulated EAS individuals with 
different number of SNPs and 500 individuals in the  external refer-
ence panel. The default heritability in A1 to C2 was 0.5 and genetic 
correlation was 0.1, 0.5, and 0.9, respectively in each row. The default 
genetic correlation in A,B and C was 0.5 and heritability was 0.1, 0.5, 
and 0.9, respectively

◂ Table 2   Number of individuals and SNPs in test of EUR vs YRI and 
EAS vs. YRI

Populations Individual SNP

EUR and YRI EUR 26,119 220,687
YRI 35,267

EAS and YRI EAS 20,147 35,267
YRI 35,267

Table 3   Results of minimum number of individuals in reference 
panel, sample size and number of SNPs for accurate and stable esti-
mates of genetic correlation and heritability in the test of various pop-
ulation pairs

Population 
Pairs

Estimates Values L N M

EUR VS EAS Genetic cor-
relation

0.1 – 10,000 102,725
0.5 200 10,000 123,270
0.9 – 10,000 143,815

Heritability 0.1 – 7,000 20,543
0.5 500/750 11,000 41,089
0.9 – 15,000 123,270

EUR VS YRI Genetic cor-
relation

0.1 – 16,000 132,411
0.5 200 14,000 154,479
0.9 – 16,000 154,479

Heritability 0.1 – 7,000 22,067
0.5 400/700 10,000 66,205
0.9 – 15,000 88,273

EAS VS YRI Genetic cor-
relation

0.1 – 10,000 112,034
0.5 300 10,000 149,379
0.9 – 9,000 168,052

Heritability 0.1 – 5,000 18,671
0.5 700/700 9,000 74,689
0.9 – 13,000 93,362
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from other ancestral population pairs though there was 
slightly different minimum number of sample size, number 
of SNPs and number of individuals in external reference 
panel. Moreover, we confirmed that misrepresentation of 
the reference panel overestimated the genetic correlation 

by 20% and heritability by 60%. Lastly, we found that the 
method overestimates the genetic correlation by 7–9% 
and underestimate the heritability by 25% with 39% more 
of SE when admixed population involved. The conclu-
sions above are drawn according to the definition of ‘ideal 

Fig. 5   True and estimated genetic correlation and heritability for 
EUR and EAS with YRI to serve as external reference panel for EAS. 
Simulations were conducted on 26,119 simulated EUR and 20,147 

simulated EAS individuals with 329,382 SNPs. The default genetic 
correlation and heritability was 0.5
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estimates’ and should be modified if there is stricter or 
looser standardization. It provides plenty of valuable ref-
erence information for researchers using the method to 
obtain more accurate and stable estimates for both genetic 
correlation and heritability.

We used simulated data to do the evaluation both 
because we lacked real data results and simulation has 
multiple advantages: (1) we could change conditions and 
parameters as we want and expect the results; (2) we could 
use a small dataset to speed up the process to save time; 
and (3) we could produce large datasets, which is rare in 

Fig. 6   True and estimated genetic correlation and heritability for EUR and ASW. Simulations were conducted on 26,119 simulated EUR and 
32,421 simulated ASW individuals with 238,164 SNPs. The default genetic correlation and heritability was 0.5
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real life, to do the test. However, the results and conclusion 
could be biased for real data since all tests are performed 
on simulated data with ideal conditions which are not pos-
sible to completely represent real life. We would like to 
extend our evaluation applied to more real data sets and 
related results in the future.

Bias is produced when we apply Popcorn on the sim-
ulation of EUR and ASW. Popcorn fails to account for 
long-range LD induced by admixed populations and take 
covariate effects into consideration. Determining the genetic 
correlation of complex traits among admixed populations 
from summary statistics is challenging. However, African 
Americans have a higher incidence and mortality than other 

Fig. 7   True and estimated genetic correlation and heritability for 
EUR and ASW with YRI to serve as external reference panel for 
ASW. Simulations were conducted on 26,119 simulated EUR and 

32,421 simulated ASW individuals with 238,164 SNPs. The default 
genetic correlation and heritability was 0.5
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ancestral populations for several traits including several can-
cer types. Many results of various cancers for homogenous 
populations (Europeans and Asians) from GWAS have been 
reported in previous publications but limited sample size and 
results for African Americans and other admixed popula-
tions. If the genetic correlation of prostate cancer between 
those non-admixed populations and African Americans can 
be estimated, the transferability of the results from former 
to African Americans can be instrumental for avoiding addi-
tional tests and research. We expect to extend Popcorn to 
estimate genetic correlation for admixed populations. A pos-
sible direction is to capture the complex LD and long-range 
correlations which was neglected before though adjusting 
principle components of SNPs as covariates into the calcula-
tion of LD scores (Luo et al. 2020).

Supplementary Information  The online version contains supplemen-
tary material available at https://​doi.​org/​10.​1007/​s00438-​021-​01817-7.

Acknowledgements  The authors would like to acknowledge Drs. 
Xiaofeng Zhu, William S. Bush, Hao Harry Feng, Chun Li, and Jing 
Li for insightful discussion and comments.

Funding  This work was partly funded by U01 CA194393 (PI: S. 
Lindstroem).

Data and code availability  Codes for simulation tests can be found 
at https://​github.​com/​juzha​ng9/​Popco​rn_​Eval. The datasets support-
ing the current study have not been deposited in a public repository 
because they were all generated from simulations descripted in Mate-
rial and Methods part but are available from the corresponding author 
on request.

Declarations 

Conflict of interest  Ju Zhang declares no conflict of interest. Fredrick 
R. Schumacher declares no conflict of interest.

Ethical approval  This article does not contain any studies with human 
participants or animals performed by any of the authors.

Open Access  This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article's Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article's Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

References

Benner C, Havulinna AS, Jarvelin MR, Salomaa V, Ripatti S, Pirinen 
M (2017) Prospects of fine-mapping trait-associated genomic 

regions by using summary statistics from genome-wide associa-
tion studies. Am J Hum Genet 101(4):539–551. https://​doi.​org/​
10.​1016/j.​ajhg.​2017.​08.​012

Black DM (1994) The genetics of breast cancer. Eur J Cancer 
30A(13):1957–1961

Brown BC, Asian Genetic Epidemiology Network Type 2 Diabetes, C, 
Ye CJ, Price AL, Zaitlen N (2016) Transethnic genetic-correlation 
estimates from summary statistics. Am J Hum Genet 99(1):76–88. 
https://​doi.​org/​10.​1016/j.​ajhg.​2016.​05.​001

Bulik-Sullivan B, Finucane HK, Anttila V, Gusev A, Day FR, Consor-
tium, R, Neale BM (2015a) An atlas of genetic correlations across 
human diseases and traits. Nat Genet 47:1236–1241. https://​doi.​
org/​10.​1101/​014498

Bulik-Sullivan BK, Loh PR, Finucane HK, Ripke S, Yang J, Schizo-
phrenia Working Group of the Psychiatric Genomics, C, Neale 
BM (2015b) LD Score regression distinguishes confounding 
from polygenicity in genome-wide association studies. Nat Genet 
47(3):291–295. https://​doi.​org/​10.​1038/​ng.​3211

Chang CC, Chow CC, Tellier LC, Vattikuti S, Purcell SM, Lee JJ 
(2015) Second-generation PLINK: rising to the challenge of 
larger and richer datasets. Gigascience 4:7. https://​doi.​org/​10.​
1186/​s13742-​015-​0047-8

Coram MA, Candille SI, Duan Q, Chan KH, Li Y, Kooperberg C, Tang 
H (2015) Leveraging multi-ethnic evidence for mapping complex 
traits in minority populations: an empirical Bayes approach. Am 
J Hum Genet 96(5):740–752. https://​doi.​org/​10.​1016/j.​ajhg.​2015.​
03.​008

Genomes Project, C, Auton A, Brooks LD, Durbin RM, Garrison EP, 
Kang HM, Abecasis GR (2015) A global reference for human 
genetic variation. Nature 526(7571):68–74. https://​doi.​org/​10.​
1038/​natur​e15393

Lee SH, Yang J, Goddard ME, Visscher PM, Wray NR (2012) Estima-
tion of pleiotropy between complex diseases using single-nucle-
otide polymorphism-derived genomic relationships and restricted 
maximum likelihood. Bioinformatics 28(19):2540–2542. https://​
doi.​org/​10.​1093/​bioin​forma​tics/​bts474

Luo Y, Li X, Wang X, Gazal S, Mercader JM, Neale BM, Raychaud-
huri S (2020) Estimating heritability and its enrichment in tissue-
specific gene sets in admixed populations. https://​doi.​org/​10.​1093/​
hmg/​ddab1​30

Morris AP (2011) Transethnic meta-analysis of genomewide associa-
tion studies. Genet Epidemiol 35(8):809–822. https://​doi.​org/​10.​
1002/​gepi.​20630

Mucci LA, Hjelmborg JB, Harris JR, Czene K, Havelick DJ, Scheike 
T, Nordic Twin Study of Cancer, C. (2016) Familial risk and 
heritability of cancer among twins in nordic countries. JAMA 
315(1):68–76. https://​doi.​org/​10.​1001/​jama.​2015.​17703

Neale BM, Medland SE, Ripke S, Asherson P, Franke B, Lesch K-P, 
Faraone SV, Nguyen TT, Schafer H, Holmans P et al (2010) Meta-
analysis of genome-wide association studies of attention-deficit 
hyperactivity disorder. J Am Acad Child Adolesc Psychiatry 
49(9):884–897

Nikpay M, Goel A, Won HH, Hall LM, Willenborg C, Kanoni S, Far-
rall M (2015) A comprehensive 1,000 Genomes-based genome-
wide association meta-analysis of coronary artery disease. Nat 
Genet 47(10):1121–1130. https://​doi.​org/​10.​1038/​ng.​3396

Schaid DJ (2004) The complex genetic epidemiology of prostate can-
cer. Hum Mol Genet 13:R103–R121. https://​doi.​org/​10.​1093/​hmg/​
ddh072

Su Z, Marchini J, Donnelly P (2011) HAPGEN2: simulation of multi-
ple disease SNPs. Bioinformatics 27(16):2304–2305. https://​doi.​
org/​10.​1093/​bioin​forma​tics/​btr341

t Hoen PA, Friedlander MR, Almlof J, Sammeth M, Pulyakhina I, 
Anvar SY, Lappalainen T (2013) Reproducibility of high-through-
put mRNA and small RNA sequencing across laboratories. Nat 
Biotechnol 31(11):1015–1022. https://​doi.​org/​10.​1038/​nbt.​2702

https://doi.org/10.1007/s00438-021-01817-7
https://github.com/juzhang9/Popcorn_Eval
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.ajhg.2017.08.012
https://doi.org/10.1016/j.ajhg.2017.08.012
https://doi.org/10.1016/j.ajhg.2016.05.001
https://doi.org/10.1101/014498
https://doi.org/10.1101/014498
https://doi.org/10.1038/ng.3211
https://doi.org/10.1186/s13742-015-0047-8
https://doi.org/10.1186/s13742-015-0047-8
https://doi.org/10.1016/j.ajhg.2015.03.008
https://doi.org/10.1016/j.ajhg.2015.03.008
https://doi.org/10.1038/nature15393
https://doi.org/10.1038/nature15393
https://doi.org/10.1093/bioinformatics/bts474
https://doi.org/10.1093/bioinformatics/bts474
https://doi.org/10.1093/hmg/ddab130
https://doi.org/10.1093/hmg/ddab130
https://doi.org/10.1002/gepi.20630
https://doi.org/10.1002/gepi.20630
https://doi.org/10.1001/jama.2015.17703
https://doi.org/10.1038/ng.3396
https://doi.org/10.1093/hmg/ddh072
https://doi.org/10.1093/hmg/ddh072
https://doi.org/10.1093/bioinformatics/btr341
https://doi.org/10.1093/bioinformatics/btr341
https://doi.org/10.1038/nbt.2702


1234	 Molecular Genetics and Genomics (2021) 296:1221–1234

1 3

Yang J, Lee SH, Goddard ME, Visscher PM (2011) GCTA: a tool for 
genome-wide complex trait analysis. Am J Hum Genet 88(1):76–
82. https://​doi.​org/​10.​1016/j.​ajhg.​2010.​11.​011

Yukio Horikawa NO, Cox MJ, Li X, Orho-Melander M, Hara M, 
Hinokio Y, Lindner TH, Mashina H, Schwarz PEH et al (2000) 
Genetic variation in the gene encoding calpain-10 is associated 
with type 2 diabetes mellitus. Nat Genet 26:163–175

Publisher's Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.1016/j.ajhg.2010.11.011

	Evaluating the estimation of genetic correlation and heritability using summary statistics
	Abstract
	Introduction
	Materials and methods
	Results
	Reproducibility of simulation in Popcorn paper
	Evaluation tests
	External reference panel sample size
	Sample size
	Number of SNPs

	Other population pairs
	Using inappropriate reference panel
	Admixed population involved

	Discussion
	Acknowledgements 
	References




