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increasing challenges associated with individual-level genotype and phenotype

GWAS, it has been long recognized that population stratification can seriously
confound association results. For large GWAS, it is very likely that there
exist population stratification and cryptic relatedness, which will result in
inflated Type I error in association testing. Although many methods have been
developed to control for population stratification, only two of these approaches
can be used to control population stratification without individual-level data:
one is based on genomic control (GC) and the other one is based on linkage
disequilibrium score regression (LDSC). However, the performance of these
two approaches is currently unknown. In this study, we use extensive
simulation studies including populations with subpopulations, spatially
structured populations, and populations with cryptic relatedness to compare
the performance of these two approaches to control for population
stratification using only GWAS summary statistics without individual-level
data. Data sets from the genetic analysis workshop 19 and UK Biobank are also
used to evaluate these two approaches. We demonstrate that the intercept of
LDSC can be used as a more accurate correction factor than GC. The results
from this study will provide very useful information for researchers using
GWAS summary statistics while trying to control for population stratification.
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1 | INTRODUCTION methods for association studies based on GWAS sum-

mary statistics, which avoids the increasing challenges
Over the past 16 years, genome-wide association studies associated with individual-level genotype and phenotype
(GWAS) have generated a wealth of new information. data sharing. However, for population-based association
Summary data from many GWAS are now publicly  studies, it has been long recognized that population
available, promoting the development of many statistical stratification can seriously confound association results
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(Knowler et al., 1988; Lander & Schork, 1994). For large
GWAS, it is very likely that there exist population
stratification and cryptic relatedness, which will result in
inflated Type I error in association testing. To correct the
inflation, many methods that use a set of genomic
markers genotyped in the same samples have been
developed to control for population stratification. These
methods include the genomic control (GC) approach
(Devlin & Roeder, 1999; Devlin et al., 2001; Reich &
Goldstein, 2001), linkage disequilibrium score regression
(LDSC) (Bulik-Sullivan et al., 2015), principal component
(PC)-based approaches (Chen et al., 2003; Price et al.,
2006; S. Zhang et al., 2003), approaches by dividing the
underlying population into several homogeneous sub-
populations and then constructing test statistics based on
homogeneous subpopulations (Pritchard, Stephens, &
Donnelly, 2000; Pritchard, Stephens, Rosenberg, et al.,
2000; S. Zhang & Zhao, 2001), mixed linear model ap-
proaches (Kang et al., 2010; Z. Zhang et al., 2010), and
approaches for rare variants association studies (Jiang
et al., 2013; Sha et al., 2016; Y. Zhang et al., 2013).

Although many methods have been developed to
control for population stratification, only two of these
approaches can be used to control for population
stratification without individual-level data: one is based
on GC (Devlin & Roeder, 1999) and the other one is
based on LDSC (Bulik-Sullivan et al., 2015). GC assumes
that only a small fraction of single-nucleotide polymor-
phisms (SNPs) are associated with a trait, and no
association exists for other SNPs (Yang et al., 2011).
Under this assumption, GC corrects the inflation of test
statistics by dividing a correction factor. However, GC
fails to distinguish polygenicity (i.e., many small genetic
effects) from confounding bias based on that assumption
and polygenicity also contributes to the inflation of test
statistics (Bulik-Sullivan et al., 2015). Furthermore, with
the evidence that the GC correction factor increases as a
sample size increases in the presence of polygenicity, GC
is too conservative and suffers a loss of power for large
samples (Devlin & Roeder, 1999; Yang et al., 2011).

The other approach to control for population
stratification without individual-level data is based on
LDSC (Bulik-Sullivan et al., 2015). As discussed by Bulik-
Sullivan et al., the intercept of LDSC provides a more
robust quantification of inflation. In LDSC, the LD score
is constructed to measure the degree of trait-associated
genetic variation tagged by an SNP. For a given trait,
SNPs with higher LD scores are more likely to tag causal
SNPs and thus have more inflated corresponding test
statistics. Besides, the inflation from cryptic relatedness
or population stratification is not correlated with LD
scores (Bulik-Sullivan et al., 2015; Devlin & Roeder, 1999;
Voight & Pritchard, 2005; Yang et al., 2011). Based on
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these two key evidences, LDSC associates x> statistics
with LD scores by a simple linear regression model and
the inflation caused by confounding is distributed to the
intercept. Therefore, LDSC can distinguish polygenicity
from confounding.

In fact, under the null hypothesis of GWAS, the
theoretical expectation of a y test statistic is one for each
SNP. Then, if there is an inflation due to confounding or
other artifacts, the intercept of LDSC can measure the
contribution. In spite of this, as mentioned in Bulik-
Sullivan et al. (2015), if there were a positive correlation
between LD score and Wright Fg (Bhatia et al., 2013), the
intercept of LDSC would underestimate the contribution
of population stratification to the inflation in y* statistics.

Although the intercept of LDSC plays a key role in
estimating the inflation, how to use the intercept to
control for population stratification and the perform-
ance of using the intercept as a correction factor are
unknown. In this paper, we consider two approaches to
control for population stratification using the intercept
of LDSC: (1) every x* statistic will be corrected by
minus the intercept (LD-M); (2) similar to GC, let the
intercept be a correction factor, then every )(2 statistic
will be corrected by dividing the correction factor
(LD-D). We use extensive simulations, including (1)
populations with k, subpopulations; (2) spatially
structured populations; (3) populations with cryptic
relatedness, to compare LD-M and LD-D with GC and
evaluate the performance of these methods. We also
apply LD-M, LD-D, and GC to data sets from the
genetic analysis workshop 19 (GAW19) and UK
Biobank for further evaluations.

2 | METHODS

If an individual-level genotype and phenotype data set is
available for a GWAS, we can use a score test statistic
to test the association between a trait and an SNP.
Suppose that there are a total of n individuals and J
SNPs in a GWAS. For the jth SNP, we let y, and x;
denote the trait and genotype for the ith individual,
where i = 1,..,n. The score test statistic is given by
Tdoe (j) = U?/V, where U =3 (3 — §)(x; — %) and
V= %27:1()’1' — J)*YL (¢ — x)2. Under the null hypoth-
esis that the jth SNP is not associated with the trait, the
test statistic T2, (j) asymptotically follows a y* distribu-
tion with one degree of freedom (df) (Sha et al., 2011). If
individual-level genotype and phenotype data are not
available and only GWAS summary statistics are availa-
ble, we let Z; be the Z-score for the jth SNP, then
Toore(J) = Z7 for j=1,2,..,7.
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In GC (Devlin & Roeder, 1999), the inflation of
the score test statistic TQ,.(j) for the jth SNP is

corrected by dividing the correction factor A, where
A= median(Tch’Ore ), ... TY . (J ))/0.456, the ratio of the

median of the observed test statistics and the median of
the yj_, distribution.

In LDSC (Bulik-Sullivan et al., 2015), we first
calculate the LD score for the jth SNP by [; = Zkrfk,
1-Rj .
n—2
the squared correlation between SNP j and SNP k,
and Rjzk is the squared Pearson correlation between SNP j
and SNP k. Then, we obtain the score test statistic T,
for each SNP from a GWAS either using individual-level
genotype and phenotype data or using summary statis-
tics. At last, by LDSC, E[TSLc’me( j)‘lj] =c+1+pl, we
can estimate the intercept ¢ + 1.

Under different scenarios, we compare the following
four test statistics to control for population stratification:
1) GC: TY,../4; (2) LD-D: ngore/(c + 1), the score test
statistic divided by the intercept in LDSC; (3) LD-M:
TY e — (c + 1), the score test statistic minus the

where j=1,...J, k=1,..,J, and rj = R} —

intercept in LDSC; and (4) uncorrected: T, .

3 | RESULTS

3.1 | Simulation studies

To compare the performance of the above four methods,
we consider scenarios that confounding bias is due to
population stratification and cryptic relatedness. We use
the simulation procedures similar to the simulations in
Devlin and Roeder (1999) and Sha et al. (2016). For
scenarios where confounding bias is due to population
stratification, we consider both qualitative and quantitative
traits. To generate qualitative traits, we use a liability
threshold model with a 30% prevalence for the simulated
disease status and define cases and controls based on the
generated quantitative traits (case:control = 3:7). We con-
sider three sets of simulations: (1) populations with kg
subpopulations; (2) populations with spatially structured
populations; and (3) populations with cryptic relatedness.

3.1.1 | Simulation Set 1: Populations
with kysubpopulations

In this simulation, we use the minor allele frequencies
(MAFs) of 24,487 SNPs from the GAW17. In GAW17, there
are 697 unrelated individuals. We follow the procedures of

Price et al. (2006) and Sha et al. (2016) to generate
genotypes of individuals in a population with ko sub-
populations. For each SNP, we randomly choose a MAF
from 24,487 SNPs in GAW17 as the ancestral population
allele frequency p. Then, we independently draw k, values
py» - Dy, from the p-distribution with parameters
p(1 — E)/Fy and (1 — p)(1 — E)/F;, where F; is the
Wright measure of population subdivision (Balding &
Nichols, 1995) (in this study, F; = 0.01). We accept
P> - Dy, as allele frequencies for the ko subpopulations

if kiozfglpi > 0.002; otherwise, we redraw p,, ..., py, .

To generate quantitative traits, we use the model
Yic = My + Pxi + €, where i=1,..,nm, k=1,..ko,
the number of individuals n = ny +---4 ny,, ¥, and xi
are the trait and genotype of the ith individual in the kth
subpopulation, and ¢ ~ N (0, 1). Under the null hypoth-
esis, we set 8 = 0. In this study, we consider n = 1000,
me = n/ko(k = 1, ..., ko), ko =1,5,10, and 20, w, =0,
and p, = pu3 = ---= = (ko — Du. We set u = 0.1 for
evaluating powers and u = 0.3 for evaluating Type I
error rates.

3.1.2 | Simulation Set 2: Population with
spatially structured populations

To generate spatially structured populations, we follow the
simulation procedures in Mathieson and McVean (2012) and
Sha et al. (2016). We first divide the space into Ky X K, grid
squares. Then, we start with the number of individuals and
their locations on the grid. Based on random genealogical
events, including the coalescence of two lineages and a
migration of a single lineage from one square to another, we
generate genotypes backwards in time. The relative rates of
coalescence and migration depend on the population-scaled
migration rate M and the number and distribution of
lineages on the grid (Sha et al., 2016).

For n individuals, let ¢(i) = (k,h) if the ith
individual originates from grid square k,h, where
k=1,..,Ky and h =1,..,Ky. Denote the nongenetic
risk in grid square k, h by Ry . Then, under the null
hypothesis, the trait of the ith individual is generated by
Y, = aRyq) + €, where g ~ N(0,1) and « is a constant.
Under the alternative hypothesis, the trait for an
individual is generated by y = x + y,, where y, is the
trait generated under the null hypothesis.

In this study, we wuse n =800, K,= 20, the
population-scaled migration rate M = 0.01, and o = 2.
We generate genotypes for J = 1000 SNPs and there is
one causal SNP in the simulation of power. Spatially
structured populations can be analogized under three
scenarios for different values of Ry j,. Scenario 1: There is
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no population stratification with Ry, = 0 for all k and h.
Scenario 2: There is a small and sharp spatial distribution
with Ry, =1 for k=6,7,14,15 and h =6, 7, 14, 15,
and Ry, =0 for other k,h. Scenario 3: There is a
wide and smooth spatial distribution in which
Rk,h = 0.46_((k_k0)2+(h_h0)2)/18 and kO = hO = 6.

3.1.3 | Simulation Set 3: Population with
cryptic relatedness

To generate a population with cryptic relatedness, we
follow the simulation procedures in Devlin and
Roeder (1999). In this simulation, we only consider a
balanced case-control study and assume that cases
and controls both have a fixed allelic correlation F;
and F,, respectively.

To generate genotypes for the evaluation of Type
I error rates, we first draw a value of p from a
B-distribution with parameters o =8 = (1 — Fy)/2F,
where F; = F; for cases and E; = F, for controls. Then,
we generate a binomial sample of two alleles with
parameter p to form the genotype. Under the null
hypothesis, we assume that F| = F, = F;, and we let
E; = 0.00001, 0.0001, 0.001, and 0.01 in our simula-
tion studies. Considering the influence of the large
sample size, we generate genotypes at J = 1000 SNPs for
n =1000, 5000, and 10,000.

In the simulation for power comparison, cases
are likely to be related compared with controls in a
randomly mating population as they share a genetic
disorder, so we let F; = 0.00001, 0.001, and 0.005 and
F, = 0.00001 and 0.001. Under the alternative hypothesis,
we generate a binomial sample of two alleles with
parameter p = y/(1+y) to form the genotype at the
causal SNP for each of the cases; for noncausal SNPs in
cases, we use p drawn from a p-distribution with
parameters a = 8 = (1 — F,)/2F,. For controls, we use
p drawn from a pS-distribution with parameters
a = = (1 — F,)/2F,, and genotypes are generated under
the null hypothesis.

We generate genotypes at J = 1000 SNPs for n = 1000
individuals. We only consider one causal SNP in
the simulation of power. We use y = 1.25, 1.35,
1.45, and 1.55 to generate the causal SNP in cases.

3.2 | Simulation results

3.2.1 | Type I error rates

To evaluate Type I error of the four methods, we consider
different types of traits, different sample sizes, and different

models. For each simulation set, we generate 1000
replicated samples. Each individual contains genotypes at
1000 SNPs and a phenotype. We consider 1000 replicated
samples and 1000 SNPs as 1000 x 1000 = 10° replicated
samples. For 10° replicated samples, the 95% confidence
interval (CI) of Type I error rates divided by nominal level
0.05 is (0.9915, 1.009). The Type I error rates beyond the
corresponding upper bound of 95% CIs are boldfaced in
Tables 1-3.

For simulation set 1, we consider a population with
ko=1, 5, 10, and 20 subpopulations. The Type I
error rates divided by the nominal level 0.05 of each
method are summarized in Table 1. For a quantitative
trait, we can find that when there is no subpopulation
(kg = 1), all methods can control Type I error rates.
When subpopulations exist, the uncorrected test has
inflated Type I error rates, LD-M can control Type I error
rate for ko = 5, but fail to control Type I error for more
subpopulations; LD-D and GC both have correct Type 1
error rates. For a qualitative trait, we can find similar
results, and the Type I error rate of the uncorrected test is
inflated even for a homogeneous population (ko = 1).

For simulation set 2, we consider three scenarios of
spatially structured populations. The results of Type I error
rates are summarized in Table 2. For a quantitative trait,
we find that when there is no population stratification
(Scenario 1), all methods have correct Type I error rates;
but in the cases of population stratification (Scenarios 2
and 3), only LD-D can control Type I error rates. For a
qualitative trait, only the uncorrected test cannot control
Type 1 error rates under any of the three scenarios.

For simulation set 3, we consider a balanced case-
control study with different sample sizes. Type I error

TABLE 1 Type I error rates are divided by the nominal level
0.05 of uncorrected test, GC, LD-D, and LD-M for simulation set 1

Trait ko Uncorrected GC LD-D LD-M
Quantitative 1 1.002 1.01 0.9936  0.5525
5 229 0.9814 0.9856 0.9736

10 2.935 0.9488 0.9789 1.536

20  2.767 0.9487 0.9836 1.459
Qualitative 1 1.059 0.7442  0.9307 0.4628
5 1.834 0.7739  0.8995 0.8844

10 2314 0.7144  0.892 1.138

20 2.334 0.7261 0.8911 1.162

Note: Type I error rates in boldface indicate the values beyond the upper
bound of the 95% CIs.

Abbreviations: CI, confidence interval; GC, genomic control; LD-D, every )(2
statistic will be corrected by dividing the intercept; LD-M, every x> statistic
will be corrected by minus the intercept.
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Trait Scenario Uncorrected GC

Quantitative 1 1.004 0.9998
2 2.475 1.404
3 1.974 1.156

Qualitative 1 1.217 0.5119
2 2.056 0.6668
3 1.829 0.66

TABLE 2 Type I error rates divided

LD-D LD-M
by the nominal level 0.05 of uncorrected
0.9956 0.5516 test, GC, LD-D, and LD-M for simulation
1.008 1.406 set 2
1.002 1.113
0.9529 0.3286
0.8263 0.8617
0.8014 0.6798

Note: Type I error rates in boldface indicate the values beyond the upper bounds of the 95% CIs.

Abbreviations: CI, confidence interval; GC, genomic control; LD-D, every y* statistic will be corrected by
dividing the intercept; LD-M, every ) statistic will be corrected by minus the intercept.

TABLE 3 Type I error rates divided by the nominal level 0.05

of uncorrected test, GC, LD-D, and LD-M for simulation set 3
n F,; Uncorrected GC LD-D LD-M
1000 0.00001 1.022 1.007 0.9992  0.566
1000 0.0001 1.232 1.01 0.9976  0.6812
1000 0.001 3.314 0.997 0.9967 1.74
1000 0.01 11.14 0.9491 0.9846 4.952
5000 0.00001 1.118 1.003 0.9965 0.6152
5000 0.0001 2.198 1.008 0.9952  1.182
5000 0.001 8.479 1.002 0.998 4.012
5000 0.01 15.7 0.9416 0.9765 6.068
10,000  0.00001 1.231 1.006 0.9948  0.6772
10,000  0.0001 3.318 1.02 0.9999 1.755
10,000  0.001 11.08 1.009 0.9944 4.918
10,000 0.01 16.93 0.9523 0.9793  6.235

Note: Type I error rates in boldface indicate the values beyond the upper
bounds of the 95% Cls.

Abbreviations: CI, confidence interval; GC, genomic control; LD-D, every )(2
statistic will be corrected by dividing the intercept; LD-M, every y* statistic
will be corrected by minus the intercept.

rates of each method are summarized in Table 3. We find
that (1) LD-D always has correct Type I error rates; (2)
GC has inflated Type I error rates when Fy = 0.0001; (3)
LD-M only can control Type I error rate when F; is
small; and (4) uncorrected test always has inflated Type 1
error rates.

3.2.2 | Powers

To evaluate the power of the four methods, we consider
1000 replicated samples. Each sample contains 1000
SNPs and a trait. We use a significant level of 0.05 in the
power comparison.

For simulation set 1 with a population including
ko=1, 5, 10, and 20 subpopulations, the powers of
each method are summarized in Figures 1 and 2 for a
quantitative trait and a qualitative trait, respectively.
For a quantitative trait, we can find that (1) when there
is only one subpopulation (ko =1), LD-D, GC, and
uncorrected test have comparable powers, but LD-M has
lower power; and (2) when there is more than one
subpopulation, the uncorrected test has the highest
power, but its Type I error rates are inflated; LD-M is
more powerful than GC and LD-D, but the Type I error
rates of LD-M are also inflated; LD-D is more powerful
than GC, although both of them can control Type I error
rates. For a qualitative trait, we can find similar results.

For simulation set 2, there are three scenarios of
spatially structured populations. From Figure 3, we find
that for a quantitative trait (1) when there is no population
stratification (Scenario 1), all of these four methods, GC,
LD-D, LD-M, and uncorrected test, have comparable
powers; and (2) for spatially structured populations with
a small and sharp spatial distribution or with a wide and
smooth spatial distribution (Scenarios 2 and 3), LD-D has
the smallest power, but only LD-D can control Type I error
rates in these cases. For the powers of a quantitative trait
shown in Figure 4, the uncorrected test and LD-D have
higher powers when there is no population stratification
(Scenario 1); however, the Type I error rate of the
uncorrected test is inflated; LD-M has the lowest power.
For the two scenarios of spatially structured populations
(Scenarios 2 and 3), although the uncorrected test has the
highest power, it cannot control Type I error rate; among
the three methods, LD-M, LD-D, and GC can control Type
I error rates, and LD-M and LD-D have higher power
than GC.

For simulation set 3, we compare the powers of each
method with the sample size n = 1000. From Figure 5,
we can find that (1) the powers of GC and LD-D are
comparable; (2) LD-M has higher powers than LD-D and
GC, but it only can control Type I error rate when F is
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FIGURE 1 Power comparisons of GC, LD-D, LD-M, and uncorrected test in the simulation set 1 for a quantitative trait with

Heritability = 0.004, 0.008, 0.012, and 0.016. GC, genomic control; LD-D, every x* statistic will be corrected by dividing the intercept;

LD-M, every y* statistic will be corrected by minus the intercept.

small; and (3) the power of the uncorrected test is always
the highest, but its Type I error rates are inflated.

In summary, (1) LD-D can control Type I error rates
for all simulation scenarios and it is also more powerful
than GC; (2) GC cannot control Type I error rates under
some simulation scenarios; (3) LD-M cannot control
Type I error rates for more simulation scenarios than GC;
and (4) uncorrected test cannot control Type I error rates
for all simulation scenarios that have population
stratifications or cryptic relatedness, although it has the
largest power.

3.3 | Real data analysis

3.3.1 | Application to GAW19

The first data set we use to conduct our analyses is
a combination of true genotypes and simulated

hypertension phenotypes across 849 Mexican-American
individuals who are part of 20 separate pedigrees and
provided as part of the GAW19. This data set is based on
the family-based design with related individuals. In this
data set, there are two related phenotypes, systolic blood
pressure and diastolic blood pressure (DBP) at three time
points, with 200 replicates. We consider the average of
DBP at three time points as the phenotype of interest in
our analyses (Zhu et al., 2016).

To evaluate the performance of these four methods,
uncorrected, LD-M, LD-D, and GC, under the scenario of
cryptic relatedness in real data sets, we evaluate type I
error rates of these methods based on four SNP sets
obtained from the data set of GAW19. We first randomly
select 1000, 5000, 10,000, and 15,000 SNPs on chromo-
some 15 that are far away from the simulated functional
loci for DBP as four SNP sets. For each of the SNP sets
(1000, 5000, 10,000, and 15,000), we apply the four
methods to each of the 200 phenotypes and each SNP in
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FIGURE 2 Power comparisons of GC, LD-D, LD-M, and uncorrected test in the simulation set 1 for a qualitative trait with
Heritability = 0.004, 0.008, 0.012, and 0.016. GC, genomic control; LD-D, every y* statistic will be corrected by dividing the intercept;
LD-M, every y* statistic will be corrected by minus the intercept.
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FIGURE 3 Power comparisons of GC, LD-D, LD-M, and uncorrected test in the simulation set 2 for a quantitative trait with
Heritability = 0.01, 0.02, 0.03, and 0.04. GC, genomic control; LD-D, every )(2 statistic will be corrected by dividing the intercept; LD-M,
every ) statistic will be corrected by minus the intercept.
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FIGURE 4 Power comparisons of GC, LD-D, LD-M, and uncorrected test in the simulation set 2 for a qualitative trait with
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FIGURE 5 Power comparisons of GC, LD-D, LD-M, and uncorrected test in the simulation set 3 for a balanced case-control study with
y =1.25, 1.35, 145, and 1.55and n = 1000. GC, genomic control; LD-D, every ) statistic will be corrected by dividing the intercept; LD-
M, every ) statistic will be corrected by minus the intercept.
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TABLE 4 Type I error rates divided by the nominal level 0.05
of uncorrected, GC, LD-D, and LD-M for the data set from GAW19

# of SNPs Uncorrected GC LD-D LD-M
1000 2.142 1.095 1.016 1.175
5000 2.053 1.075 0.992 1.119
10,000 2.05 1.069 0.9902 1.118
15,000 2.056 1.039 0.989 1.114

Note: Type I error rates in boldface indicate the values beyond the
corresponding upper bound of the 95% CI divided by the nominal level 0.05.

Abbreviations: # of SNPs, number of SNPs sampled from noncausal SNPs;
CI, confidence interval; GC, genomic control; LD-D, every ) statistic will be
corrected by dividing the intercept; LD-M, every y” statistic will be corrected
by minus the intercept.

an SNP set. For each SNP set, we consider 200 replicated
phenotypes and SNPs in the SNP set as replicated
samples to calculate the Type I error rate of each
method. Table 4 summarizes the Type I error rates
divided by the nominal level 0.05 of each method for
each SNP set. From this table, we can see that
uncorrected has inflated Type I error rates; the two
methods to adjust for population stratification, LD-M and
GC, still have inflated Type I error rates, and only LD-D
can control Type I error rates.

3.3.2 |
of BMI

Application to UK Biobank GWAS

We also assess the performance of uncorrected, GC,
LD-M, and LD-D using the UK Biobank data. Previous
studies have highlighted that population structure within
the United Kingdom is rather limited, but it occurs at
a fine scale (e.g., birth location) on North-South and
East-West clines (The Wellcome Trust Case Control
Consortium, 2007; O'Dushlaine et al., 2010). Cook et al.
(2020) have demonstrated that there is substantial
inflation in GWAS with birth location and body mass
index (BMI) is genetically correlated with birth location.
At the same time, the fine-scale population structure in
the UK Biobank GWAS of BMI cannot be fully accounted
for by adjusting PCs (Cook et al., 2020).

To compare the performance of uncorrected, GC,
LD-M, and LD-D for unrelated samples with fine-scale
population structure, we utilize published association
summary statistics for BMI available from Neale Lab.
Full details of the quality control, phenotype derivation, and
association analyses can be found at: https://www.nealelab.
is/uk-biobank. The results of the GWAS are available for
359,983 unrelated individuals with European ancestry.
There are 13,362,638 SNPs without missing information
on chromosomes 1-22. With GWAS significance threshold
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FIGURE 6 Summary of the significant SNPs associated with
BMI in the UK Biobank. The x-axis represents the chromosome; the
left y-axis is the number of significant SNPs; the right y-axis is the
proportion of significant SNPs for each chromosome. BMI, body
mass index; SNP, single-nucleotide polymorphism.

5.00E-03
4.00E-03

=Proportion

TABLE 5 Type I error rates divided by the nominal level 0.05
of uncorrected test, GC, LD-D, and LD-M for noncausal SNPs in
UK Biobank

# of SNPs Uncorrected GC LD-D LD-M
1000 1.6679 0.0735 0.9919 0.8577
2000 1.6806 0.0712 0.9968 0.8631
3000 1.6820 0.0730 0.9974 0.8633

Note: Type I error rates in boldface indicate the values beyond the
corresponding 95% CI divided by the nominal level 0.05.

Abbreviations: # of SNPs, number of SNPs sampled from noncausal SNPs;
CI, confidence interval; GC, genomic control; LD-D, every )(2 statistic will be
corrected by dividing the intercept; LD-M, every x* statistic will be corrected
by minus the intercept.

5 x 1078, there are a total of 50,839 significant SNPs that are
associated with BMI, which are summarized in Figure 6.
Using GWAS summary statistics, we calculate the )(2
statistics based on the Z-scores. GC inflation factor can be
obtained based on all )(2 statistics, which is 2.17. We also
used LD scores computed from 1000 Genomes Project of the
European sample, which is available from https://data.
broadinstitute.org/alkesgroup/LDSCORE. The LDSC inter-
cept is obtained based on 1,285,620 SNPs shared by both
data sets, which is 1.25.

Based on Figure 6, we can see that chromosome 21 has
the fewest significant SNPs and the smallest proportion of
significant variants; therefore, we consider SNPs in
chromosome 21 with p > 0.005 as noncausal SNPs. There
are a total 172,534 noncausal SNPs. We randomly select
1000, 2000, and 3000 noncausal SNPs with 1000 replicates,
and then we evaluate the Type I error rates of the four
methods at a nominal significance level 0.05. The Type I
error rates of the four methods are summarized in Table 5.
From this table, we can see that only LD-D can control
Type I error rates under all scenarios; uncorrected has
inflated Type I error rates; GC and LD-M can control Type
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I error rates, but are conservative; and GC is much more
conservative compared with LD-M.

4 | DISCUSSION

For the development of statistical methods for associa-
tion studies based on large sample GWAS summary
statistics, it is not always feasible to do comprehensive
quality control and correct for confounding biases
without individual-level genotype and phenotype data.
Typically, GC is a practicable method despite its
limitations. On the other hand, the studies of LDSC
have shown that the intercept of LDSC could provide a
more robust inflation estimation than GCs. To explore
how to use the intercept of LDSC to control for
population stratification in genetic association studies,
two methods, LD-D and LD-M, were investigated in this
paper. We used three different simulation sets and
applications to real data sets from GAWI19 and UK
Biobank to evaluate the performance of LD-D and LD-M
with GC. In conclusion, LD-D has correct Type I error
rates in all simulation scenarios and in the applications
to the real data sets, which is proved to be a more reliable
and accurate correction method than GC. LD-M and GC
cannot control Type I error rates in some scenarios.

In the previous LDSC paper (Bulik-Sullivan et al.,
2015), a potential limitation of LDSC was shown when
variance explained per SNP may be correlated with LD
score for some phenotypes, which result in the under-
estimation of confounding contributions estimated by the
intercept of LDSC. Particularly, LD-M can control Type I
error rates in the situation of spatially structured
populations for unbalanced case-control studies indicat-
ing that the underestimation is due to the correlation
between LD score and Wright F; (Bulik-Sullivan et al.,
2015). However, Lee et al. (2018) showed that dividing
the intercept of LDSC is still a viable means of correcting
confounding even in those cases, which is in accordance
with the performance of LD-D. In conclusion, LD-D is a
more reliable and stronger tool for controlling confound-
ing bias in association studies than GC and LD-M.
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