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Abstract

In genetic association analysis of complex traits, permutation testing can be a valuable tool

for assessing significance when the distribution of the test statistic is unknown or not well-

approximated. This commonly arises, e.g, in tests of gene-set, pathway or genome-wide

significance, or when the statistic is formed by machine learning or data adaptive methods.

Existing applications include eQTL mapping, association testing with rare variants, inclusion

of admixed individuals in genetic association analysis, and epistasis detection among many

others. For genetic association testing in samples with population structure and/or related-

ness, use of naive permutation can lead to inflated type 1 error. To address this in quantita-

tive traits, the MVNpermute method was developed. However, for association mapping of a

binary trait, the relationship between the mean and variance makes both naive permutation

and the MVNpermute method invalid. We propose BRASS, a permutation method for binary

traits, for use in association mapping in structured samples. In addition to modeling structure

in the sample, BRASS allows for covariates, ascertainment and simultaneous testing of mul-

tiple markers, and it accommodates a wide range of test statistics. In simulation studies, we

compare BRASS to other permutation and resampling-based methods in a range of scenar-

ios that include population structure, familial relatedness, ascertainment and phenotype

model misspecification. In these settings, we demonstrate the superior control of type 1

error by BRASS compared to the other 6 methods considered. We apply BRASS to assess

genome-wide significance for association analyses in domestic dog for elbow dysplasia

(ED) and idiopathic epilepsy (IE). For both traits we detect previously identified associations,

and in addition, for ED, we detect significant association with a SNP on chromosome 35 that

was not detected by previous analyses, demonstrating the potential of the method.

Author summary

To determine whether genetic association with a trait is significant, permutation methods

are an attractive and popular approach when analytic methods based on distributional

assumptions are not available, e.g., when applying machine learning or data adaptive
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methods, or when performing a multiple testing correction, e.g., to assess region-wide or

genome-wide significance in association mapping studies. Existing applications include

eQTL mapping, association testing with rare variants, inclusion of admixed individuals in

genetic association analysis, and detection of genetic interaction among many others.

However, when there is population structure in the sample, naive permutation of the data

can lead to inflated significance of the association results. For continuous traits, linear

mixed-model based approaches have been proposed for permutation-based tests that can

also adjust for sample structure; however, these do not remain valid when applied to

binary traits, as key features of binary data are not well accounted for. We propose

BRASS, a permutation-based testing method for binary data that incorporates important

characteristics of binary data in the trait model, can accommodate relevant covariates and

ascertainment, and adjusts for the presence of structure in the sample. In simulations, we

demonstrate the superior control of type 1 error by BRASS compared to other methods,

and we apply BRASS in the context of correcting for multiple testing in two genome-wide

association studies in domestic dog: one for elbow dysplasia and one for idiopathic

epilepsy.

Introduction

In genome-wide association studies (GWAS), the primary objective is generally to identify

associations between a phenotype of interest and genetic variants. This involves assessing the

p-values of certain test statistics by deriving the appropriate null distribution or an asymptotic

approximation to it. However, this is not always feasible as the distribution may be intractable.

This can arise when the test statistics result from black-box machine learning methods [1, 2],

or in region-based tests where association signals over multiple sites are combined, e.g., rare

variant tests [3], and/or when the test statistic involves data-adaptive weights [4]. A further

limitation can arise when, even if the distribution (or the asymptotic distribution) of the test

statistic is known for single tests, significance needs to be assessed for the maximum of many

correlated tests. This occurs in genome scans to establish a genome-wide significance thresh-

old, where the linkage disequilibrium present between the markers induces correlation

between the association tests [5–7].

To overcome these limitations, a common approach is to perform permutation testing so as

to obtain replicates of the data under the null hypothesis from which an empirical distribution

can be derived [6, 7]. A fundamental assumption underlying permutation testing is exchange-

ability of the subjects in the sample, which is often approximately satisfied in population-based

samples. However, this assumption can be violated in the presence of genetic structure in the

sample (e.g., kinship, cryptic relatedness, and/or population structure), as it will introduce cor-

relation in the sample, including in the phenotype values through polygenic effects [8, 9].

Hence, naive application of permutation testing will usually not preserve the correlation struc-

ture and can result in inflated type 1 error rates [10] (though this can be avoided if, for exam-

ple, all subjects in the sample are equally related [11]). We consider here the problem of

permutation testing for a binary trait in the presence of polygenic effects in a sample with pop-

ulation structure, cryptic and/or family relatedness. For quantitative traits, a permutation-

based test that adjusts for the correlation structure has previously been proposed [9, 11]. The

approach, called MVNpermute, is based on a linear mixed model (LMM) and is applicable for

multivariate-normal data. It incorporates genetic relatedness through the inclusion of random

effects in the LMM and can also adjust for covariates. However, as MVNpermute is primarily
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designed for quantitative traits that are multivariate-normal, there will be more model misspe-

cification when applied to binary traits as the binary nature of the data is not incorporated into

the LMM.

We propose BRASS (for “binary trait resampling method adjusting for sample structure”),

a permutation procedure for a binary trait which incorporates both covariates and the correla-

tion structure present in the sample. In contrast to the LMM-based approach, it accommo-

dates the binary nature of the trait through a quasi-likelihood framework that considers the

effect of covariates on a logit scale in the mean structure as well as the relationship between the

trait mean and its variance, both of which are important features of binary data (see, e.g., [12]

for importance of modeling covariates in binary data). Hence, BRASS benefits from less model

misspecification in the presence of important covariates relative to the LMM-based approach.

Here, we show that the permutation-based replicates obtained with BRASS are able to main-

tain correct type 1 error control, and we compare it with several alternative approaches. We

demonstrate the use of our method in a context of assessing genome-wide significance in

domestic dog GWAS. In animal studies, permutation testing is commonly used when there is

not a consensus threshold for genome-wide significance [13–16], and it is also used in some

human studies when the consensus threshold might not be applicable [6]. We apply BRASS to

perform association mapping in two GWAS of domestic dogs, one for elbow dysplasia (ED

[OMIA: 000330–9615]) and and one for idiopathic epilepsy (IE [OMIA: 000344–9615]).

Description of the methods

Overview of BRASS method

We consider the problem of resampling a binary trait variable that is correlated across individ-

uals, where the correlation can arise from, e.g., population structure or related individuals.

Our aim is to derive replicates of the trait under the null hypothesis of no association while

accounting for the correlation that is present in the sample but whose structure is unknown.

To obtain these replicates, we start by modeling the response using a previously described

quasi-likelihood framework for correlated binary traits [17, 18],

μ :¼ EðYjX;GÞ ¼ logit� 1
ðXβþ GgÞ; and ð1Þ

Ω :¼ VarðYjX;GÞ ¼ Γ1=2 Σ Γ1=2: ð2Þ

where Y = (Y1,. . .,Yn)T denotes the phenotype vector for n subjects, X is the n × k matrix of k
covariates (including an intercept term), which is assumed to be of rank k, G = (G1,. . .,Gn)T is

the vector of genotypes at the marker of interest, where Gi denotes the minor allele count for

the ith individual, β is a k-length vector representing the unknown effects of covariates, γ rep-

resents the unknown effect of the genetic marker, Γ is an n × n diagonal matrix with ith diago-

nal entry μi(1 − μi) where μi is the ith element of μ, the n × n matrix S is given by

Σ ¼ xΦþ ð1 � xÞ In; ð3Þ

where the unknown scalar parameter ξ 2 [0, 1] can be viewed as a heritability parameter, and

the n × n matrix Φ is generally a kinship or genetic relatedness matrix (GRM).

The framework characterized by (1) and (2) allows for modeling important covariates, such

as biological or ancestry informative covariates, in the mean structure, while the residual corre-

lation between subjects is captured directly within the variance structure by the inclusion of Φ
in (3). Furthermore, by including the matrix Γ in (2), this framework models the dependence

of the phenotypic variance on the mean, a key feature of binary data.
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Since we wish to simulate replicates of the binary trait under the null hypothesis of no asso-

ciation, H0 : γ = 0, the remaining unknown parameters are β and ξ, which need to be estimated

from the data. The null estimate ðβ̂; x̂Þ is easily obtained by iteratively solving the following

system of estimating equations [18] under the constraint γ = 0,

DT
β Ω� 1

ðY � μÞ ¼ 0; ð4Þ

ðY � μÞTΓ� 1=2Σ� 1ðΦ � IÞΣ� 1Γ� 1=2ðY � μÞ ¼ traceðΣ� 1ðΦ � IÞÞ; ð5Þ

where Dβ ¼
@μ
@β is a Jacobian of the conditional mean of the trait with respect to β. In our model

with a logit link function, Dβ = Γ X.

The justification underlying an ordinary permutation test is an assumption of exchange-

ability under the null hypothesis, which does not generally hold in most situations of corre-

lated data. Instead, we develop and apply an approximate permutation test based on second-

order exchangeability, in which we permute a vector, ζ̂ , whose entries each have the same

mean and variance and are uncorrelated with each other. Our approach builds on previous

work [9, 11] that was limited to quantitative traits, and we extend the ideas to binary traits.

We start by fitting the null model given by Eqs 1 and 2 with γ = 0, and we let Y � μ̂ denote

the resulting residual vector. We aim to map Y � μ̂ to a lower-dimensional orthonormal space

in which its entries will be second-order exchangeable, with the result of this map being ζ̂ . To

form ζ̂ , we need to first obtain the approximate covariance matrix of Y � μ̂ under the null

hypothesis, which is challenging because Y � μ̂ has no closed-form expression as a function of

the data.

To obtain the approximate covariance matrix, we first fix ξ and let UðβÞ ¼ DT
β Ω� 1

ðY � μÞ,
which corresponds to the quasi-score function for β. Under the null hypothesis of γ = 0, let β0

denote the true value of β, and let μ0, Γ0, D0 and O0 correspond to μ, Γ, Dβ andO, respectively,

evaluated at β0 and γ = 0. Similarly, let μ̂; Γ̂; D̂ and Ω̂ be the same quantities evaluated at β̂
and γ = 0. We apply a Taylor series expansion to U(β) around β0, evaluated at β̂:

Uðβ̂Þ � Uðβ0Þ þ
@UðβÞ
@β

�
�
�
�

β¼β0

� ðβ̂ � β0Þ: ð6Þ

Using the fact that Uðβ̂Þ ¼ 0, replacing the Jacobian in (6) by its expectation (similar to

Fisher scoring), and solving for β̂ � β0 we get,

β̂ � β0 � �

�

E
@UðβÞ
@β

� ��
�
�
�

β¼β0

�� 1

Uðβ0Þ;

¼ ðDT
0

Ω� 1

0
D0Þ

� 1DT
0

Ω� 1

0
ðY � μ0Þ:

ð7Þ

As μ̂ is a non-linear function of β̂, a Taylor series expansion is performed on μ around β0,

and evaluated at β̂,

μ̂ � μ0 þD0 ðβ̂ � β0Þ; ð8Þ
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Combining (7) and (8), we get for the residual vector

Y � μ̂ ¼ Y � μ0 � ðμ̂ � μ0Þ;

� ½I � D0 ðD
T
0

Ω� 1

0
D0Þ

� 1DT
0

Ω� 1

0
� ðY � μ0Þ:

ð9Þ

As a result, we can approximate the covariance matrix of the residuals as

VarðY � μ̂Þ � Ω0 � Γ0X ðX
TΓ0 Ω� 1

0
Γ0XÞ

� 1XTΓ0: ð10Þ

The correlation present in ðY � μ̂Þ arises from two sources: that introduced by Φ through

O0 and that introduced from using the estimated mean μ̂ instead of the true unknown mean

μ0. We use a factorization C of O0, with O0 = CTC, to remove the correlation due to Φ and

obtain,

Var½C� TðY � μ̂Þ� � I � WðWTWÞ� 1WT ¼ Ψ0; ð11Þ

where W = C−TΓ0X. The matrix Ψ0 in (11) is symmetric, idempotent and of rank n − k, so it

can be expressed as Ψ0 = V VT where the columns of V contain the eigenvectors of Ψ0 corre-

sponding to eigenvalue 1, and VTV = I n−k. We use VT to remove the remaining correlation

that is driven by parameter estimation.

Applying these two linear transformations, we obtain ζ ¼ VTC� TðY � μ̂Þ, which has

covariance matrix

VarðζÞ � VTΨV ¼ In� k: ð15Þ ð12Þ

Thus, we obtain a transformation of the residuals where the entries have approximately the

same variance and are uncorrelated.

In practice ξ is also unknown, and the matrices V and C are functions of both the unknown

parameters ξ and β0, so we plug in the values x̂ and β̂ estimated under the null hypothesis and

call the resulting matrices V̂ and Ĉ. Finally we obtain ζ̂ ¼ V̂ TĈ � TðY � μ̂Þ. For each permuta-

tion replicate, we draw a random permutation matrix Π and obtain Πẑ, a permuted version of

ζ̂ , which we then back-transform to the residual space by applying ĈTV̂ . Finally, we add on μ̂
in order to obtain the trait replicate:

Yp ¼ μ̂ þ ĈTV̂ΠV̂TĈ � TðY � μ̂Þ: ð13Þ

Under the identity permutation, meaning that Π = I, we would recover the original

response vector. We note that because Γ̂ is just a diagonal matrix, Ĉ can be obtained from a

factorization (e.g., cholesky or eigen decomposition) of Σ̂ ¼ x̂Φþ ð1 � x̂Þ I, which in turn

could be obtained from a factorization of Φ if desired, as was done in [9].

Examining the form of (13), there are three main steps used to obtain a transformation of

the residuals with second-order exchangeable entries. The first is to center the response by

using the estimated phenotypic mean. The second is to remove the correlation present due to

polygenic effects, which is done by the pre-multiplication by Ĉ � T . The last step is to remove

the correlation that is generated from using parameter estimates instead of the true values

when centering, and is represented by the pre-multiplication by V̂T . It is possible that the last

step might have only a minor impact on the method for large sample sizes and low number of

parameters, though we did not investigate this. The replicates generated from this approach

are quantitative, i.e., the binary nature of the response is not preserved during resampling. In

subsection Additional resampling methods considered, we describe how the replicates can

be transformed to be binary, and we consider both approaches in simulations. The fixed effects
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and covariance structure estimated under the null are preserved in the trait replicates, making

our method applicable to general scenarios where there are important covariates and/or popu-

lation structure.

LogMM-PQL

A logistic mixed model (LogMM) is a natural modeling choice for correlated binary data, and

an alternative approach to BRASS for generating replicates of correlated binary data could be

to fit a LogMM under the null hypothesis and then generate binary replicates from the fitted

model. We have developed such an approach, which we call LogMM-PQL. The model under-

lying LogMM-PQL is that, conditional on X, G and u, Yi is Bernoulli(mi), independently

across i = 1, . . ., n, where mi is the ith component of the vector

m :¼ EðYjX;GÞ ¼ logit� 1
ðXβþ Ggþ uÞ; ð14Þ

where Φ, Y, X, G, β and γ are as before; u is a multivariate normal random effects vector of

length n with u* MVN(0, σ2Φ) where σ2 is an unknown scalar, and where γ will be set to

zero because the model will be fitted under the null hypothesis of no effect.

The major difficulty with use of LogMMs in the GWAS context is that they are computa-

tionally challenging to fit as they involve high-dimensional integrals. Therefore, their use can

involve a trade-off between computational feasibility and accuracy of the results. For the

parameter estimation part of LogMM-PQL, we use a fast penalized quasi-likelihood (PQL)

approach, as implemented in GMMAT [19]. With γ set to zero, we use GMMAT to obtain esti-

mates β̂ and ŝ2, and then generate trait replicates by drawing random vectors Y from the

LogMM specified by Eq (14) with (β, γ, σ2) set equal to ðβ̂; 0; ŝ2Þ. LogMM-PQL renders binary

replicates that incorporate the mean and variance structure specified by the fitted logistic

model.

Additional resampling methods considered

In addition to BRASS and LogMM-PQL, the other resampling methods we compare in simula-

tions include the previously proposed MVNpermute [9, 11], as well as a method we call Naive,

which involves fitting a LMM whose form under the null is Y = X β + e, with

e � MVNð0;s2
1
Φþ s2

2
IÞ. After obtaining the estimated coefficients β̂, the Naive method repli-

cates are obtained by permuting the residuals ðY � Xβ̂Þ, and adding back Xβ̂.

While the LogMM-PQL replicates are binary, those from BRASS, MVNpermute and Naive

are not. However, we consider alternative approaches based on converting these replicates to

binary, referred to as BRASSmod, MVNpermutemod and Naivemod, respectively, where the sub-

script “mod” indicates that the trait replicate has been modified to convert it to binary. To con-

vert a continuous trait replicate Yπ to binary, a threshold is set and the values of Yπ above and

below that threshold are converted to 1 and 0, respectively, with the threshold chosen so that

the original trait Y and the binary replicate Yπ have the same case/control proportions.

The features of the various methods are summarized and compared in S1 Table.

Modeling sample structure in the replicates

All 7 resampling strategies described above involve fitting a trait model that incorporates the

structure present in the sample. A common approach to modeling trait correlation due to

additive polygenic effects is to include a GRM in a LMM for the trait so as to model the struc-

ture using random effects [20]. Alternatively, the top principal components of a given GRM

can be used as covariates to model the structure present using fixed effects [21]. Here, we allow

PLOS GENETICS BRASS: Permutation methods for binary traits in genetic association studies with structured samples

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011020 November 7, 2023 6 / 21

https://doi.org/10.1371/journal.pgen.1011020


either of the two approaches or they can be combined (i.e., both fixed and random effects can

be used) to capture the sample structure in the null model. To combine the two approaches,

we use the top PCs from a GRM as fixed effects in the null model and then build a new GRM

that is adjusted to exclude the effects of these top PCs in order to capture the leftover structure

as random effects. In the simulations and data analysis, we form the new GRM using equation

4 of a previous work [22].

When generating replicates, it is of course important to accurately model the structure pres-

ent in the sample, but in addition, it is also important to avoid creating new structure (not

present in the data) as an artifact of the replication procedure. To do this, we recommend the

use of leave-one-chromosome-out (LOCO) GRMs [23, 24] in the replication procedure. In

that case, replicates would be generated separately for each chromosome, with the SNPs for

the given chromosome left out of the GRM. This avoids introducing new trait-SNP association

in the replicates.

Methods for simulation studies

We perform simulation studies to compare the effectiveness of the 7 proposed permutation-

based methods for generating binary trait replicates in the context of correcting for multiple

testing, with both population structure and pedigree structure present in the sample. We con-

sider a setting in which a binary trait is tested for association with each of m markers and the

aim is to assess the significance of the smallest p-value out of the m association tests. This con-

text would arise in testing significance of a genomic region or in assessing genome-wide signif-

icance. We simulate non-causal markers that are tested for association with a binary trait and

estimate the significance threshold for the top signal amongst them using the empirical distri-

bution from trait replicates generated under the null hypothesis of no association. Genotype,

trait and covariates are generated under multiple simulation settings. In real data applications,

the true trait model is usually not known a priori, and it can be important to assess the impact

of model misspecification on type 1 error [25]. We consider the effects of model misspecifica-

tion due to (1) assuming a logistic link function when the true model is a liability threshold

model and (2) exclusion of an important covariate from the model. In addition, we investigate

the impact of ascertainment in the sample as case-control studies often involve phenotype-

based ascertainment which can introduce misspecification in the model as well.

For each setting, we perform a simulation study consisting of 4 stages: (1) data set creation,

i.e., simulation of genotype and trait data under the null hypothesis of no association, with

20,000 data sets per setting; (2) generation of permutation replicates, in which we consider

every possible pair (i, j) of simulated data set i and permutation method j, for 1� i� 20, 000

and 1� j� 7, and for each of these, 10,000 permutation replicates are drawn for data set i
using permutation method j; (3) analysis of permutation replicates, where for each trio (i, j, k)

of simulated data set i, permutation method j, and permutation replicate k, 1� k� 10, 000,

the trait in permutation replicate k is tested for association with each of the m non-causal

markers in data set i, the smallest p-value is recorded in each case, and then the resulting

10,000 p-values for each pair (i, j) are used to estimate a genomewide significance threshold (at

level α = 10−3) for data set i based on permutation method j; and (4) evaluation of the type 1

error rate of the genomewide threshold for each permutation method j by comparing the

smallest p-value for each data set i to the threshold determined in (3) for pair (i, j) and assess-

ing whether the overall proportion of rejections among the 20,000 data sets is significantly dif-

ferent from α for method j. We now describe each of these stages.

For stage (1) data set creation, we simulate genotypes using a 2 sub-population Balding-

Nichols model [26] with F = .01 and ancestral allele frequencies for SNPs drawn independently
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and uniformly on (.2, .8). We simulate multiple pedigrees of the same configuration (S1 Fig),

with equal numbers of pedigrees assigned to each of the two sub-populations. Founder alleles

for a pedigree are assumed to be drawn from the sub-population to which the pedigree is

assigned, and gene dropping is used to determine genotypes for other pedigree members. We

simulate phenotypes according to two different generative models for the trait. In each case,

Mc = 104 causal SNPs are simulated as well as 3 covariates: age, sex and an i.i.d. standard nor-

mal covariate. The first generative model we use is logistic:

YijXi;Wi;α � BernoulliðpiÞ; independently; with logitðpiÞ ¼ XiβþWiα; ð15Þ

where Xi is the covariate row vector for the ith individual; β are the fixed effects for the covari-

ates; Wi is a row vector representing the SNP information for the ith individual corresponding

to the Mc causal markers standardized to have mean 0 and variance 1; α ¼ ða1; � � � ; aMc
Þ
T
�

MVNð0; s2IÞ represent the random effects of the Mc causal markers with resulting total addi-

tive polygenic variance s2
a ¼ s

2Mc. The values for β and s2
a are chosen so that, considering the

variance of logit(pi) due to covariate effects and additive polygenic random effects, the fraction

of this variance due to covariates is fixed at 20%, 40%, 60% or 80% (while the remaining frac-

tion is due to additive polygenic random effects), and so that Bernoulli error explains on aver-

age either (a) about 20% of the total phenotypic variability, resulting in a prevalence of 30% or

(b) about 55% of the total phenotypic variability, resulting in a prevalence of 5%. In addition,

the effect size of the standard normal covariate is set so that the p-value for its significance in a

LMM Wald test is on average 0.05. (This is the covariate that is set to be missing in the settings

in which an important covariate is missing from the observed data set.) The second generative

model we use is a liability threshold model:

Yi ¼ 1fLi>0g; with Li ¼ XiβþWiα þ �i; ð16Þ

where Li is the latent liability for individual i, and ϵ ¼ ð�1; . . . ; �nÞ
T
� MVNð0; s2

eIÞ. The val-

ues of β, s2
a, and s2

e are chosen using analogous constraints as for the logistic model, where the

phenotypic variability due to ϵ is constrained to be about 20% of the total phenotypic variabil-

ity, and the prevalence is set to either 30% or 5%. In both 15 and 16, larger values of s2
a corre-

spond to more severe confounding effects of population/family structure on phenotype-

genotype association. For the settings in which ascertainment is used, we simulate data under

either the model in (15) or that in (16) and select 1,000 individuals at random to be retained in

the sample using either (a) a balanced case-control ratio or (b) a 3:7 case-control ratio. In all

settings, in addition to the Mc causal SNPs, m = 100 non-causal SNPs are generated as above

and used for testing under the null hypothesis of no association. (Further details on the stage

(1) simulations can be found in S1 Text.)

We now describe stage (2) generation of permutation replicates for each data set and for

each of the 7 permutation methods (BRASS, LogMM-PQL, MVNpermute, Naive, BRASSmod,

MVNpermutemod, and Naivemod). For a given data set, the same covariate and GRM informa-

tion is input to each of the 7 permutation methods. The GRM Φ is calculated using the Mc

causal markers, and then D = 1 top PC is removed from Φ using equation 4 of a previous work

[22], resulting in adjusted GRM ~Φ, which is the GRM input to each permutation method. In

most settings, the 4 covariates input to each permutation method are the top PC plus the 3

covariates used to generate the trait. In the settings in which an important covariate is assumed

to be missing from the data set, the 3 covariates input to each permutation method are the top

PC, age and sex, with the normal covariate left out.

In stage (3), for each pair (i, j) of data set and permutation method, the 104 permutation

replicates from method j are each tested for association against the panel of m SNPs in data set
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i, and the smallest p-value among the m SNPs is recorded for each permutation replicate,

resulting in 104 p-values for pair (i, j). The genome-wide threshold value, corresponding to sig-

nificance level α, for pair (i, j) is estimated by the 100αth percentile of the p-values observed

for that pair. In principle, any association testing method could be used for the stage (3) associ-

ation tests, provided that the same method is also used in stage (4). One consideration is that

only four of the permutation methods we examine create binary replicates, while the other

three create non-binary, real-valued replicates. Whether having non-binary replicates is prob-

lematic or not depends on the method of analysis. For example, it is not a problem if the data

are analyzed using a linear mixed model or using the CARAT [18] or CERAMIC [17] binary

trait methods, because these methods are based on solving certain estimating equations and

work well provided that the first and second moments of the data are appropriately modeled.

However, analysis by ordinary logistic regression would require binary data. To be able to test

all 7 methods, we therefore use a (slightly modified) version of CARAT for the stage (3) and

(4) association tests, where the modification is in the estimation of s2
g , the genotypic variance

parameter for CARAT. In the original CARAT paper [18] s2
g is estimated by ŝ2

g ¼ 2f̂ ð1 � f̂ Þ

with f̂ ¼ :5�G, where �G is the sample average of G in the data. Our modification is to replace

this with ~s2
g ¼ GTPG=ðn � D � 1Þ where D is the number of PCs removed from the GRM,

and P ¼ ~Φ � 1 � ~Φ � 1ZðZT ~Φ � 1ZÞ� 1ZT ~Φ � 1, where Z is the n × (D + 1) matrix whose columns

are the D eigenvectors that are removed as well as a columns of ones. (The rationale for this

modification is detailed in S1 Text.) When we apply CARAT, we use ~Φ as the GRM, and we

include as fixed effects the top PC plus the 3 covariates that were used to generate the trait. For

the settings when an important covariate is assumed to be missing from the data set, the 3

covariates used in the analysis of replicates are the top PC, age and sex, with the normal covari-

ate left out.

Finally, in stage (4), we evaluate the type 1 error of the genomewide threshold for each per-

mutation method j by by comparing the p-value for each data set i to the threshold determined

in stage (3) for the pair (i, j) and assessing whether the overall proportion of rejections out of

20,000 data sets is significantly different from the nominal level α for method j. To make our

massive simulation project more computationally efficient, we actually used an adaptive proce-

dure so that, e.g., if a dataset is sufficiently far from the significance threshold based on analysis

of the first 103 permutation replicates, it would not be necessary to analyze the remainder of

the 104 permutation replicates (see S1 Text for details). The amount of downward bias intro-

duced in the empirical type 1 error estimate by this procedure is very small compared to the

Monte Carlo sampling variability. For example, when level .01 is tested under the null hypoth-

esis with 20,000 Monte Carlo replicates using the adaptive procedure, the squared bias in the

type 1 error estimate due to the adaptive procedure is less than 5e-10, which is several orders

of magnitude smaller than the Monte Carlo error variance of 5e-07.

Verification and comparison

Assessment of type 1 error

We assess and compare the performance of the 7 proposed resampling methods in the context

of correcting for multiple testing, with both population and pedigree structure present in the

sample in addition to important covariates. Fig 1 shows the empirical type 1 error rates of all

methods, compared to the nominal, when the true trait model is logistic. The type 1 error of

BRASS is well-controlled in all settings. For LogMM-PQL, we observe significant inflation in

the type 1 error rate, with the amount of inflation increasing as the confounding due to struc-

ture present in the sample increases. This likely occurs because the PQL model fitting
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approach tends to underestimate the variance component and hence, results in less correlation

present in the simulated data compared to that in the original data. We observe that permuting

the residuals from a linear mixed model (Naive) leads in all settings to lack of control of the

type 1 error. More precisely, when covariates explain most of the variation on the logit scale,

the method is overly conservative and when instead polygenic effects explain most of the vari-

ability, the type 1 error rate is significantly inflated. Moreover, we also find that adjusting for

sample correlation prior to permutation based on LMM residuals, as done in MVNpermute,

still leads to a very conservative test when covariates highly influence the variability on the

logit scale. This is most likely because a linear mixed model does not allow any dependence

between the trait variance and the mean, which is influenced by the covariates. As covariates

become less important, we do see somewhat better control of the type 1 error. For Naivemod

and MVNpermutemod, control of the type 1 error is improved compared to the corresponding

original methods when covariates strongly influence the phenotypic mean, and for BRASSmod,

Fig 1. Empirical Type 1 Error Rates with Logistic Model Including all Covariates at Nominal Level 0.01. The error rate is based on 20,000 simulated

replicates. The solid horizontal line represents the nominal level and the dashed lines represent rejection bounds outside of which the z-test comparing

the estimated type 1 error to the nominal level is rejected at level .05. Estimates inside the rejections bounds are represented by circles and those outside

the bounds are represented by triangles. Red, black and blue symbols represent inflated, well-controlled and conservative type 1 error rates, respectively.

The proportion of variability on the logit scale attributable to polygenic effects vs. covariates is varied from 20 to 80% in increments of 20%. Prevalence

is 30%.

https://doi.org/10.1371/journal.pgen.1011020.g001
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type 1 error control is worse compared to BRASS. All of the methods except BRASS show

inflated type 1 error in at least one setting, whereas BRASS maintains the correct type 1 error

rate in all settings.

Robustness to model misspecification: Liability threshold vs. logistic model

As the true model for the trait is generally unknown in an association study, we are interested

in assessing robustness of the type 1 error results to model misspecification. Thus, we also per-

form simulations in which the phenotype is simulated from a liability threshold model, which

is more dissimilar to the models fit by BRASS and LogMM-PQL than logistic is. The type 1

error results for the liability threshold model are shown in Fig 2. The primary effect of the

model misspecification in this case seems to be to make all the methods except Naive slightly

more conservative.

Robustness to missing an important covariate

We assess the robustness of the type 1 error results when an important covariate is omitted

from both the fitted model and the model used for generating replicates. As it is usually not

known a priori which variables should be kept in the analysis, one would commonly try

including different combinations of covariates to finally determine the ones to include in the

final model. It may occur that one of the covariates has a moderate effect on the trait and leads

to a p-value close to the significance threshold (e.g. 0.05). Hence, a judgment call would be

required for whether to keep the covariate in the model and one may decide to exclude it. It is

thus of interest to see how the proposed methods would fare in such a scenario as the replicates

generated would come from a more misspecified model.

The simulation results are displayed in S2 Fig. Similarly to the previous model misspecifica-

tion results, the general effect is to make the results more conservative for all permutation

methods except Naive.

Robustness to ascertainment

We determine the robustness of the proposed methods when trait-based ascertainment has

been applied to the sample. This is commonly used in case-control studies where individuals

are included in the sample based on their disease affection status, such as if the prevalence of

the trait in the population is too low to obtain sufficient power.

The results are shown in Figs 3 and 4, where it can be seen that BRASS is the only method

that retains good control of the type 1 error rate in all of the ascertainment settings considered.

In contrast, both logMM-PQL and Naivemod show significantly inflated type 1 error in every

setting, while both MVNpermute and Naive give excessively conservative results when covari-

ates have a major impact on the trait and tend to give significantly inflated results when the

effect of covariates is low.

Robustness to ascertainment, model misspecification and missing

covariate, combined

Finally, we consider a scenario that simultaneously combines multiple features of the previous

settings: (1) ascertainment from a prevalence of 5% to a case-control ratio of 3:7; (2) model

misspecification in which the true model is a liability-threshold model, which is more dissimi-

lar to the models fit by BRASS and LogMM-PQL than logistic is; and (3) model misspecifica-

tion due to an important covariate being missing. The results are shown in Fig 5. As before,

the model misspecification due to the liability threshold model and the omission of an
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important covariate have the effect of making most of the methods more conservative, where

this effect seems most pronounced when covariate effects are much more important than poly-

genic effects (left-most case corresponding to “20/80” in each plot).

From the results across all the simulation settings, with and without ascertainment or

model misspecification, it can be seen that BRASS provides the best type 1 error control and is

the only method that does not have significantly inflated type 1 error in any setting.

Applications

We apply BRASS to the problem of determining genome-wide significance for GWAS of two

different traits in domestic dog. Unlike with humans, a genome-wide threshold for signifi-

cance in domestic dog GWAS has not been well established. We analyze data from a large

domestic dog study [27], with 4,224 dogs representing over 150 breeds genotyped at 185,805

Fig 2. Empirical Type 1 Error Rates with Liability Threshold Model at Nominal Level 0.01. The model is misspecified with the true model being a

liability threshold model. The error rate is based on 20,000 simulated replicates. The solid horizontal line represents the nominal level and the dashed

lines represent rejection bounds outside of which the z-test comparing the estimated type 1 error to the nominal level is rejected at level .05. Estimates

inside the rejections bounds are represented by circles and those outside the bounds are represented by triangles. Red, black and blue symbols represent

inflated, well-controlled and conservative type 1 error rates, respectively. The proportion of variability on the liability scale attributable to polygenic

effects vs. covariates is varied from 20 to 80% in increments of 20%. Prevalence is 30%.

https://doi.org/10.1371/journal.pgen.1011020.g002
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SNPs with multiple phenotypes recorded. We analyze two binary traits from this study, ED,

for which the data contain 113 cases and 633 controls among 82 breeds, and IE, for which

there are 34 cases and 168 controls from the Irish Wolfhound breed. For each trait, we com-

pute a GRM after LD pruning and filtering for MAF < .05. For ED, we take the top 10 PCs out

of the GRM and include them as covariates, and sex is included as a covariate for both traits.

The data are then analyzed with CARAT. To generate trait replicates using BRASS, we create

LOCO GRMs for each chromosome, where for ED we also take out the top 10 PCs in each

case and include them as covariates, and sex is included as a covariate for both traits. For

genome-wide significance assessment for each trait, we used BRASS to generate 10,000 repli-

cates under the null hypothesis of no association. We analyzed each replicate in the same way

that we analyzed the data and used the results of these analyses to form an empirical distribu-

tion of the test statistic under the null hypothesis. Genome-wide p-values were then estimated

using the empirical distribution for each trait.

Fig 3. Empirical Type 1 Error Rates with Ascertainment Scenario 1 at Nominal Level 0.01. The error rate is based on 20,000 simulated replicates.

The solid horizontal line represents the nominal level and the dashed lines represent rejection bounds outside of which the z-test comparing the

estimated type 1 error to the nominal level is rejected at level .05. Estimates inside the rejections bounds are represented by circles and those outside the

bounds are represented by triangles. Red, black and blue symbols represent inflated, well-controlled and conservative type 1 error rates, respectively.

The proportion of variability on the logit scale attributable to polygenic effects vs. covariates is varied from 20 to 80% in increments of 20%. Prevalence

is 30%, and ascertainment results in a case-control ratio of 1:1.

https://doi.org/10.1371/journal.pgen.1011020.g003
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Manhattan plots of the p-values of the single-SNP tests for the observed data are presented

in Fig 6 for both ED and IE phenotypes, along with the estimated genome-wide significance

thresholds, which are estimated at nominal level 0.05 from the empirical distribution of the

top association signal based on the trait replicates. The genomic control inflation factors for

ED and IE are 1.02 and 0.98, respectively. For IE, we detect a previously-identified [27] 12Mb

region on chromosome 4 (position 7.5–19.3 Mb) that reaches the BRASS genome-wide signifi-

cance threshold, with nominal p-value 2.1 × 10−8 corresponding to a genomewide p-value of

.0008 obtained from BRASS. For ED, we detect 3 loci, summarized in Table 1. Compared to a

previous reference [27], we detected one additional significant locus (rs23910667 on chromo-

some 35) that is not detected there. The genomewide p-values by the other 6 methods for these

same SNPs (detailed in S1 Text) are somewhat smaller than those from BRASS, which is in

line with the simulation studies showing that the other methods tend to be anti-conservative

Fig 4. Empirical Type 1 Error Rates with Ascertainment Scenario 2 at Nominal Level 0.01. The error rate is based on 20,000 simulated replicates.

The solid horizontal line represents the nominal level and the dashed lines represent rejection bounds outside of which the z-test comparing the

estimated type 1 error to the nominal level is rejected at level .05. Estimates inside the rejections bounds are represented by circles and those outside the

bounds are represented by triangles. Red, black and blue symbols represent inflated, well-controlled and conservative type 1 error rates, respectively.

The proportion of variability on the logit scale attributable to polygenic effects vs. covariates is varied from 20 to 80% in increments of 20%. Prevalence

is 5%, and ascertainment results in a case-control ratio of 3:7.

https://doi.org/10.1371/journal.pgen.1011020.g004
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overall and in particular for models in which polygenic effects are more important than

covariates.

Computation time

In order to generate replicates from BRASS, the null model given by Eqs 1 and 2 with γ = 0

needs to be fitted, which includes specifying covariates and a GRM Φ. If not provided, obtain-

ing the eigen decomposition of Φ is the main computationally intensive step involved in fitting

the null model [18]. However, this step (or one of equivalent computational complexity) is also

typically performed when analyzing the data or when using permutation methods based on a

linear or logistic mixed model. Once parameter null estimates are obtained, the transformed

residuals ζ̂ as well as the linear map ĈTV̂ in (13) need to be computed; however, once

obtained, they can be re-used when generating trait replicates. As the eigen decomposition of

Fig 5. Empirical Type 1 Error Rates with Ascertainment, ModelMisspecification and Missing Covariate at Nominal Level 0.01. The model is

misspecified with the true model being a liability threshold model. The error rate is based on 20,000 simulated replicates. The solid horizontal line

represents the nominal level and the dashed lines represent rejection bounds outside of which the z-test comparing the estimated type 1 error to the

nominal level is rejected at level .05. Estimates inside the rejections bounds are represented by circles and those outside the bounds are represented by

triangles. Red, black and blue symbols represent inflated, well-controlled and conservative type 1 error rates, respectively. The proportion of variability

on the liability scale attributable to polygenic effects vs. covariates is varied from 20 to 80% in increments of 20%. Prevalence is 5%, and ascertainment

results in a case-control ratio of 3:7. The effect of the omitted covariate on the trait correspond to a Wald test p-value of .05 using a linear mixed model.

https://doi.org/10.1371/journal.pgen.1011020.g005
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Φ, and hence Σ̂, is obtained prior to fitting the null model, we use it to compute Ĉ. Therefore,

the most computationally intensive step is to obtain the eigenvectors of Ψ̂ (the estimate for Ψ0

in (11)), which involves a time complexity of O(n3). By using the singular value decomposition

of the matrix W in (11), which involves a time complexity of O(nk2) (assuming the number of

Fig 6. Genome screen results in the domestic dog data. Manhattan plots of the single-SNP association p-values using CARAT (on—log10 scale) for

(A) ED and (B) IE, with genomic position on the x-axis. The horizontal lines represent estimated genome-wide thresholds at nominal level 0.05 using

BRASS. SNPS from the 38 autosomes of the domestic dog genome are depicted.

https://doi.org/10.1371/journal.pgen.1011020.g006

Table 1. Top association signals for ED.

SNP Chr Position MAF Single SNP p-value Genomewide p-value

rs9000666 26 16554631 .18 1.0 × 10–7 .010

rs21895578 1 77938330 .17 1.5 × 10–7 .014

rs23910667 35 7272763 .08 3.6 × 10–7 .033

https://doi.org/10.1371/journal.pgen.1011020.t001
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covariates k< n), we are able to obtain the eigenvectors of Ψ̂ without having to construct it

and compute its eigen decomposition. Past this step, the additional cost for generating L repli-

cates is O(n2L); this computation can easily be parallelized to generate sets of traits replicates

independently.

BRASS is implemented in a freely downloadable software package at https://github.com/

joellesophya/BRASS. We report run times for BRASS in simulated data. Using a single proces-

sor on a machine with 6 core Intel Xeon 3.50 GHz CPUs and 32 GB RAM, on simulated data

with 1,000, 5,000 and 10,000 individuals, it takes 1.6 s, 1 min and 4.6 min (275 s), respectively,

to generate 1,000 trait replicates. As the use of BRASS will vary based on the context (e.g. mul-

tiple testing correction, region-based association testing), the computational burden involved

in comparing the statistic between the observed trait and its replicates will vary based on what

statistic is being considered.

Dryad DOI

https://doi.org/10.5061/dryad.266k4 [32]

Discussion

In genetic studies of binary traits, it may often be of interest to assess significance of a test sta-

tistic whose distribution is unknown or not well-approximated, or to assess significance of the

maximum of many correlated tests. Examples could include test statistics based on machine

learning methods [1], rare variant tests [3], test statistics that involve data-adaptive weights [4],

and assessment of genomewide significance [5] in a variety of situations such as inclusion of

admixed individuals in GWAS [6]. Permutation tests are an attractive and popular approach,

but in the presence of population structure, cryptic relatedness and/or family structure, which

are all common sources of confounding in genetic association studies, ordinary permutation

tests are usually not appropriate as they fail to retain the structure present in the data.

We propose BRASS, a novel permutation-based resampling procedure for generating

binary trait replicates in samples with population structure, cryptic relatedness and/or family

structure. BRASS allows for covariates and ascertainment, and it accommodates a wide range

of test statistics. It uses an estimating equation approach that can be viewed as a hybrid of

logistic regression and linear mixed-effects model methods, which allows for use of a GRM

and/or principal components or other ancestry-informative covariates to account for sample

structure. BRASS relies on obtaining an invertible transformation of phenotypic residuals to

achieve approximate second-order exchangeability. After permutation, new trait replicates are

obtained by inverting the transformation, in order to preserve structure present in the original

sample. BRASS differs from existing methods such as Naive and MVNpermute [11] in that it

incorporates key features of a binary trait such as nonlinear effects of covariates and depen-

dence of the variance on the mean, which we show improve the performance of BRASS on

binary traits.

In simulations, we demonstrate the superior type 1 error control of BRASS compared to

other methods. Across simulation settings, we find that BRASS maintains control of the type 1

error under varying amounts of population structure, familial relatedness, ascertainment and

sources of trait model misspecification. In contrast, all 6 of the other methods we consider

show significant inflation of type 1 error in multiple settings. In addition, the Naive and

MVNpermute methods, which are two of the 4 methods that are based on an LMM, are exces-

sively conservative when covariate effects are substantial. Taken together, the results show that

simply accounting for the sample structure with an LMM, without incorporating key features

associated with the binary nature of the trait such as nonlinear scale for covariate effects and
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the dependence of the variance on the mean, is not sufficient to obtain replicates that correctly

estimate the null distribution of the statistic. Secondarily, we find that when polygenic effects

are important, adjusting for the correlation in the residuals prior to permutation, as is done in

BRASS and MVNpermute leads to better control of the type 1 error compared to ignoring it,

as is done when permuting the raw residuals from a LMM (Naive method). Furthermore, we

find that the additional step of binarizing the quantitative replicates results in improvement in

the accuracy of the type 1 error rate for the LMM-based methods when the polygenic compo-

nent has a low impact on the trait distribution relative to covariates, but does not control the

type 1 error when more structure is present in the sample.

In principle, use of a logistic mixed model would seem to be a natural and promising alter-

native to BRASS for fitting the binary trait data and generating appropriate replicates that pre-

serve the correlation structure. However, for LogMM-PQL, we observe significant inflation in

the type 1 error rate, with the amount of inflation increasing as the confounding due to struc-

ture present in the sample increases. This is likely explained by the use of PQL to fit the

LogMM, as PQL is known to be fast but to give biased estimates in binary data [28]. However,

fitting a LogMM is computationally intensive and requires a trade-off between computational

time and accuracy of the approximation of the high-dimensional integral involved. Algorithms

with higher accuracy than PQL (e.g. the Laplace approximation [29] or Gauss-Hermite quad-

rature [30]) lead to increased computational burden and do not scale well for even moderately

large GWAS. In contrast, BRASS is seen to be extremely fast computationally.

We applied BRASS in the context of multiple testing correction in association mapping

studies of ED and IE in domestic dogs. In the analysis of ED, we detected genomewide signifi-

cant association with 3 loci, 2 of which were previously reported [27], with the 3rd locus also

reaching significance based on the BRASS threshold. In the analysis of IE, we detected a 12 Mb

region on chromosome 4 that reached the BRASS genome-wide significance threshold and has

been previously associated with IE [27]. For the ED data analysis, breed information was avail-

able, but we chose to instead use PCs as ancestry informative covariates, due to apparent inac-

curacies in the breed labeling information as well as the presence of dogs of mixed or

unknown breed in the data set. Interestingly, the genome-wide p-value threshold estimated

using replicates from BRASS for the ED trait in a sample of 82 breeds was about half that for

the IE trait in a single breed. This is expected given the extremely different population struc-

ture between the two samples.

BRASS is designed as a very flexible tool that can be used in a range of situations in which

replicates of correlated binary data are needed. Because BRASS generates replicates of the phe-

notype, it can be used with a variety of genetic predictors. For example, it could be directly

applied to association testing of haplotypes, to association testing of variants on sex chromo-

somes, or to tests of GxE or GxG interaction. Although imbalanced case-control ratio can have

an impact on some association testing methods, it would not be expected to have any particu-

lar impact on generation of BRASS replicates, because (1) the appropriate modeling of the con-

nection between the mean and the variance for binary data means the method does not break

down for small or large probabilities, in contrast to an LMM, and (2) the asymptotic approxi-

mations used for inference in logistic regression are not needed in BRASS. In our simulation

results, for the settings with imbalanced case-control ratio (Figs 1, 2, 4, 5), there was no notice-

able impact. In our simulations, we have considered various types of model misspecification

and demonstrated robustness of BRASS for association testing. We note that certain applica-

tions such as testing of interaction have been shown to be more sensitive to model misspecifi-

cation than association testing is [25], so additional sensitivity analyses may be needed when

performing interaction analyses, regardless of the method used to assess significance.
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Depending on the application, one can consider a different approach to capture the struc-

ture present in the sample, as the model used by BRASS can accommodate both covariates and

random effects. In the simulation studies and data analysis, we chose to partition the related-

ness into random and fixed effects and include both in our model. A previously proposed

method, PC-Air [31], obtains PCs from a derived subset of mutually unrelated subjects that

are representative of the ancestral diversity present in the sample, so as to ensure that the top

PCs will only capture distant genetic relatedness (i.e. population structure). Such methods

could easily be used to obtain the population structure information input to BRASS, if desired.

BRASS generates non-binary replicates, which can be used directly in some types of analy-

ses, e.g., when the data are analyzed using a linear mixed model or using the CARAT [18] or

CERAMIC [17] binary trait methods, because these methods are based on solving certain esti-

mating equations and work well provided that the first and second moments of the data are

appropriately modeled. However, analysis by ordinary logistic regression would require binary

data. If binary replicates are needed and if the additive polygenic component is estimated to

have a low impact on the trait distribution relative to the covariates, then we would recom-

mend either BRASSmod or MVNpermutemod which both provided good type 1 error control in

our simulations in those cases.
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