
 Open access  Posted Content  DOI:10.1101/593814

Meta-MultiSKAT: Multiple phenotype meta-analysis for region-based association test
— Source link 

Diptavo Dutta, Sarah A Gagliano Taliun, Joshua S. Weinstock, Matthew Zawistowski ...+7 more authors

Institutions: University of Michigan, University of Sassari, National Institutes of Health

Published on: 30 Mar 2019 - bioRxiv (Cold Spring Harbor Laboratory)

Topics: Omnibus test

Related papers:

 Meta‐MultiSKAT: Multiple phenotype meta‐analysis for region‐based association test

 Gene level meta-analysis of quantitative traits by functional linear models

 General Framework for Meta-analysis of Rare Variants in Sequencing Association Studies

 Genome-Wide Meta-Analysis of Joint Tests for Genetic and Gene-Environment Interaction Effects

 Meta-analysis of genetic association studies and adjustment for multiple testing of correlated SNPs and traits.

Share this paper:    

View more about this paper here: https://typeset.io/papers/meta-multiskat-multiple-phenotype-meta-analysis-for-region-
28pwn3vgol

https://typeset.io/
https://www.doi.org/10.1101/593814
https://typeset.io/papers/meta-multiskat-multiple-phenotype-meta-analysis-for-region-28pwn3vgol
https://typeset.io/authors/diptavo-dutta-16lj7f9f1g
https://typeset.io/authors/sarah-a-gagliano-taliun-1rxlf69ox1
https://typeset.io/authors/joshua-s-weinstock-2odoryxsx4
https://typeset.io/authors/matthew-zawistowski-2g1f4usamm
https://typeset.io/institutions/university-of-michigan-1mlowl97
https://typeset.io/institutions/university-of-sassari-1zrl9zun
https://typeset.io/institutions/national-institutes-of-health-3vdo448k
https://typeset.io/journals/biorxiv-318tydph
https://typeset.io/topics/omnibus-test-1tmb49bf
https://typeset.io/papers/meta-multiskat-multiple-phenotype-meta-analysis-for-region-34j98ds4sv
https://typeset.io/papers/gene-level-meta-analysis-of-quantitative-traits-by-4f9sqa8jo8
https://typeset.io/papers/general-framework-for-meta-analysis-of-rare-variants-in-3eqzjblxt1
https://typeset.io/papers/genome-wide-meta-analysis-of-joint-tests-for-genetic-and-3wcs80gfxj
https://typeset.io/papers/meta-analysis-of-genetic-association-studies-and-adjustment-4ketywta46
https://www.facebook.com/sharer/sharer.php?u=https://typeset.io/papers/meta-multiskat-multiple-phenotype-meta-analysis-for-region-28pwn3vgol
https://twitter.com/intent/tweet?text=Meta-MultiSKAT:%20Multiple%20phenotype%20meta-analysis%20for%20region-based%20association%20test&url=https://typeset.io/papers/meta-multiskat-multiple-phenotype-meta-analysis-for-region-28pwn3vgol
https://www.linkedin.com/sharing/share-offsite/?url=https://typeset.io/papers/meta-multiskat-multiple-phenotype-meta-analysis-for-region-28pwn3vgol
mailto:?subject=I%20wanted%20you%20to%20see%20this%20site&body=Check%20out%20this%20site%20https://typeset.io/papers/meta-multiskat-multiple-phenotype-meta-analysis-for-region-28pwn3vgol
https://typeset.io/papers/meta-multiskat-multiple-phenotype-meta-analysis-for-region-28pwn3vgol


1 
 

Meta-MultiSKAT: Multiple phenotype meta-analysis for region-based association test 

 

Diptavo Dutta,1,2 Sarah A. Gagliano Taliun,1,2 Joshua S. Weinstock,1,2 Matthew Zawistowski,1,2 

Carlo Sidore,3 Lars G. Fritsche,1,2 Francesco Cucca,3,4 David Schlessinger,5 Gonçalo R. 

Abecasis,1,2 Chad M. Brummett,6,7 Seunggeun Lee1,2,* 

 

1. Department of Biostatistics, School of Public Health, University of Michigan, Ann 

Arbor, Michigan, 48109, USA 

2. Center for Statistical Genetics, School of Public Health, University of Michigan, Ann 

Arbor, Michigan, 48109, USA  

3. Istituto di Ricerca Genetica e Biomedica, Consiglio Nazionale delle Ricerche (CNR), 

Monserrato, Cagliari, 09042, Italy 

4. Dipartimento di Scienze Biomediche, Università degli Studi di Sassari, Sassari, 

07100, Italy 

5. Laboratory of Genetics, National Institute on Aging, US National Institutes of Health, 

Baltimore, Maryland, 21224, USA 

6. Division of Pain Medicine, Department of Anesthesiology, University of Michigan 

Medical School, Ann Arbor, Michigan, 48109, USA 

7. Institute for Healthcare Policy and Innovation, University of Michigan, Ann Arbor, 

Michigan, 48109, USA 

 

 

 

*: Corresponding author 

Address: Department of Biostatistics, School of Public Health, University of Michigan, 

    1420 Washington Heights, Ann Arbor, MI 48109, USA 

Email: leeshawn@umich.edu   

.CC-BY-ND 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted March 30, 2019. ; https://doi.org/10.1101/593814doi: bioRxiv preprint 

https://doi.org/10.1101/593814
http://creativecommons.org/licenses/by-nd/4.0/


2 
 

Abstract 

The power of genetic association analyses can be increased by jointly meta-analyzing multiple 

correlated phenotypes. Here, we develop a meta-analysis framework, Meta-MultiSKAT, that 

uses summary statistics to test for association between multiple continuous phenotypes and 

variants in a region of interest. Our approach models the heterogeneity of effects between 

studies through a kernel matrix and performs a variance component test for association. Using a 

genotype kernel, our approach can test for rare-variants and the combined effects of both 

common and rare-variants. To achieve robust power, within Meta-MultiSKAT, we developed fast 

and accurate omnibus tests combining different models of genetic effects, functional genomic 

annotations, multiple correlated phenotypes and heterogeneity across studies. Additionally, 

Meta-MultiSKAT accommodates situations where studies do not share exactly the same set of 

phenotypes or have differing correlation patterns among the phenotypes. Simulation studies 

confirm that Meta-MultiSKAT can maintain type-I error rate at exome-wide level of 2.5x10-6. 

Further simulations under different models of association show that Meta-MultiSKAT can 

improve power of detection from 23% to 38% on average over single phenotype-based meta-

analysis approaches. We demonstrate the utility and improved power of Meta-MultiSKAT in the 

meta-analyses of four white blood cell subtype traits from the Michigan Genomics Initiative 

(MGI) and SardiNIA studies. 

Keywords: multiple-phenotypes; meta-analysis; region-based; rare-variant; kernel-regression; 
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Introduction 

The advent of large scale genome-wide association studies (GWAS) has shown that many 

distinct phenotypes share substantial genetic etiology(Bulik-Sullivan et al., 2015) and many loci 

have pleiotropic effects(Cotsapas et al., 2011; Purcell, Smoller, Cotsapas, Solovieff, & Lee, 

2013; Sivakumaran et al., 2011).  To leverage the widespread pleiotropy, a statistical model to 

jointly test multiple phenotypes is beneficial. Although data on multiple related phenotypes are 

often collected in hospital or population based studies, association tests are usually performed 

with one phenotype at a time. Such methods that do not account for the correlation between 

phenotypes may lack power to detect cross-phenotype effects of associated loci(Ferreira & 

Purcell, 2009; Huang, Johnson, & O’Donnell, 2011; Ray, Pankow, & Basu, 2016). Alternatively, 

joint tests which aggregate association signals in multiple phenotypes can substantially improve 

power over single phenotype-based tests(Ferreira & Purcell, 2009; Ray et al., 2016; Ried et al., 

2012; Zhou & Stephens, 2014).  

Meta-analysis of multiple studies, using association summary statistics, is a practical approach 

to increase power by increasing sample sizes(Panagiotou, Willer, Hirschhorn, & Ioannidis, 

2013). Meta-analysis is especially valuable for association analysis of variation on the lower end 

of the allele frequency spectrum, since detecting such associations often require large sample 

sizes. It seems logical to expect that meta-analyzing multiple phenotypes can further increase 

power of rare variant tests. Various methods have been developed for meta-analysis of multiple 

phenotypes(Majumdar, Haldar, Bhattacharya, & Witte, 2018; Ray & Boehnke, 2018; Zhu et al., 

2015), but most of them are single variant-based methods, which have low power to identify 

rare variant associations. More powerful gene or region-based tests for multiple phenotypes 

have been developed for use within a single study(Broadaway et al., 2016; Selyeong Lee et al., 

2017; B. Wu & Pankow, 2016). However, to the best of our knowledge, no work has been done 

to extend these methods to meta-analysis. This is partly because most of the methods are 
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similarity-based non-parametric methods, which are difficult to extend to meta-analysis. We 

have developed a regression-based method, Multiple phenotype sequence kernel association 

test (Multi-SKAT)(Dutta, Scott, Boehnke, & Lee, 2019), that can aggregate signals across 

models with different kernels, which cannot be done by current methods.  

In this article we propose Meta-MultiSKAT, a meta-analysis extension of Multi-SKAT, which 

uses summary statistics. Meta-MultiSKAT models the relationship between effect sizes of 

different studies through a kernel matrix and performs a variance component test of association. 

Our method is based on summary statistics from individual studies and retains useful features of 

Multi-SKAT, including fast computation. Meta-MultiSKAT can incorporate various missing data 

scenarios, including situations where studies do not share exactly the same set of phenotypes, 

and test for only rare variants as well as for the combined effects of both common and rare 

variants. The latter allows us to evaluate the overall effect of gene or region on multiple 

phenotypes. By using kinship adjusted score statistics, Meta-MultiSKAT can account for sample 

relatedness, an important feature to use in a study with widespread relatedness, such as the 

SardiNIA study(Sidore et al., 2015; Vacca et al., 2006). To avoid loss of the power due to model 

misspecification, we have also developed a minimum p-value-based omnibus test that can 

aggregate results across different patterns of association. We evaluate the performance of our 

method through extensive type-I error and power simulations.   

We applied Meta-MultiSKAT to meta-analyze four white blood cell (WBC) subtype traits from the 

Michigan Genomics Initiative (MGI)(Fritsche et al., 2018) study and the SardiNIA study(Sidore 

et al., 2015; Vacca et al., 2006) . In addition to detecting the genes PRG2 [MIM: 605601]  and 

RP11-872D17.8, that had significant association signals with WBCs within one of the studies, 

Meta-MultiSKAT further identified two additionally associated genes (IRF8 [MIM: 601565] and 

CCL24 [MIM: 602495]) that did not have any significant signals in either of the studies but were 

identified as significant only as a result of meta-analysis. 
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Material and Methods 

Gene-based tests with multiple phenotypes for a single study 

Suppose we intend to conduct a meta-analysis with S studies each having K phenotypes. For 

the sth study ns subjects are genotyped in a region that has ms variants. Let 

��� � ����� , … , �������  be the ns×1 vector for the kth phenotype on ns individuals in the sth study; 

��� � ����� , … , �������   is an ns×1 vector of the minor allele counts (0, 1, or 2 variant alleles) for 

variant j and �� � ���� , … , ����� is an ns×ms genotype matrix for the ms genetic variants in the 

target gene/region. For a gene-based multiple phenotype test, we consider the following 

regression model 

   	� � 
���
   ����

  ��        (1)  

where Ys = (y1s, …, yKs) is an ns×K phenotype matrix of ns individuals and K phenotypes; 

��
 � ������ is an ms×K matrix where ���� is the regression coefficient of phenotype k on Gjs ; As 

is a qs×K matrix of regression coefficients for non-genetic covariates Xs; and Es is an ns×K 

matrix of the error terms. The null hypothesis of no genetic association between variants in the 

region and the phenotype is H0: ���� � 0 for all j and k.  

Let �� �   ��
��	� � �̂�����

	�
 be the ms x K score matrix for the sth study where �̂� is an ns×K matrix 

of the estimated mean of Ys under the null hypothesis of no association, and ���
 
 is the K x K 

estimated null residual covariance matrix among the K phenotypes in the sth study. To test the 

null hypothesis of no association, we use a variance component test. Under the mixed effect 

model set-up, we assume that the vectorized form of matrix ��
 , represented as ������

 �, follows 

a distribution with mean 0 and variance �
����� (for details on �� and �� see below), where � 

is a Kronecker product. The null hypothesis of no genetic association hence can be written as 

H0: � � 0. The corresponding score-test statistic is 
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���� , �� � !�������"����
 ����!�������"                                   (2) 

Under the null hypothesis, ������� asymptotically follows #�0, $�� where $�
 

 is the phenotype-

adjusted variant relationship matrix 

$�
 

� %��
���  � ��

�
��
�
�
� 	�
�

���& ����
	�                            (3) 

and ���� , ��  asymptotically follows a mixture of chi-squares distribution. The mixing 

parameters are the eigenvalues of ' $�'� where ������� � ''�. 

The kernel �� represents the effect sizes of the variants to a phenotype. In general, �� is 

assumed to be a sandwich matrix WRGW, where ( � )*+��,�, … , ,��
�� is a diagonal matrix for 

the variant-weighting, and RG = �1 � .�/�����
  . 0��

0�
��

is a compound symmetric correlation 

matrix, where /�����
 is an ms×ms identity matrix and 0��

� �1,1, … ,1�� is an ms×1 vector with all 

elements being unity. This model can cover a wide range of scenarios of the genetic effect 

distribution. For example, with one phenotype (K = 1), if ρ=1 (i.e. RG=0��
0�

��
), which assumes 

homogeneous effects of the variants to the phenotype, the test reduces to a Burden test(Li & 

Leal, 2008; Madsen & Browning, 2009). Similarly if ρ = 0 (i.e. RG = /�����
), the test is equivalent 

to a SKAT test(M. C. Wu et al., 2011).  

The kernel �� represents the effect sizes of a variant on the phenotypes. For example, under 

the assumption that the genetic effects of a variant on each phenotype are independent, we can 

use �� = IK×K, which is numerically equivalent to Het-MAAUSS(Selyeong Lee et al., 2017). If the 

covariance structure in phenotypes is assumed to follow genetic effect residual covariance, we 

can use ��� as ��, which results in the test equivalent to GAMuT(Broadaway et al., 2016), 

MSKAT(B. Wu & Pankow, 2016) and DKAT(Zhan et al., 2017).  

Input summary statistics from each study for meta-analysis 
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Single-variant meta-analyses are conducted with single-variant summary statistics, such as the 

estimated effect sizes and their standard errors. For region based tests with a single phenotype, 

Lee et al.(Seunggeun Lee, Teslovich, Boehnke, & Lin, 2013) showed that the score statistics of 

the variants, minor allele frequencies (MAFs) and the variant relationship matrix can be used as 

summary statistics for meta-analysis. With multiple phenotypes, the multivariate forms of these 

summary statistics from each study are needed. In particular from the sth study, the score 

matrix, ��, the phenotype-adjusted variant relationship matrix, $�, the residual covariance 

structure of the phenotypes, ��� , and the MAFs of the variants in the region are needed for meta-

analysis. 

Meta-MultiSKAT: Meta-analysis of gene-based tests with multiple phenotypes 

For simplicity, here we assume that all variants and phenotypes are observed in all S studies, 

so that m = m1 =…= ms. We will relax this assumption later. Suppose summary statistics 

��� , $��, 1 � 1, … , 2 are provided by S studies. We first construct the meta-score-vector as 

����� �  �������  � , �����
�� … ���������
�
. The variance component test statistic for meta-

analysis is   

����� � !�����������"������
 ����!����������"                       (4) 

Under the null hypothesis, �����  follows a mixture of chi-square and the corresponding p-value 

can be obtained by inverting the characteristic function (See Appendix A for details).  

Here we have introduced another kernel ��. Similarly as the other kernels, �� models the 

heterogeneity between the effects of the contributing studies. In particular we will consider two 

special structures of ��: 

Homogeneous, ��;��� �  0�  0�
�, which assumes that across the S studies the effects of the 

variants on all the phenotypes are the same (homogeneous). 
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Heterogeneous, ��;��� �  /�, which assumes that across the S studies the effects of the variants 

on the phenotypes are uncorrelated or heterogeneous. 

The test statistic (4) assumes that the kernels ��
  and �� are the same across studies. This 

assumption is restrictive since different studies might be analyzed with different hypotheses, 

reflected in different  ��
 , �� across studies. This can be resolved by modifying (4) as 

����� � �����3���������� /� /�������3�����              (5) 

where �3���� �  ������3�  � , �����3
 
� … �����3����

�
and �3� � ��;�

�

�
 

 
��  ��;�

�

� represents the 

kernelized scores incorporating study specific ��;�
  and ��;� for the sth study. (See Appendix B 

for details) 

Variant weighting scheme: In region-based analysis, Wu et al.(MC et al., 2011) suggested MAF- 

based weighting scheme. To upweight the rare-variants, they proposed to use Beta(1,25) 

weights. When the homogeneity across the studies are assumed (i.e. �� � ��;����, pooled 

MAFs across studies can be used to generate weights for variants. For �� � ��;���, we use 

study specific weights obtained using MAF’s of each study. Alternatively, functional scores, such 

as CADD(Kircher et al., 2014) and Eigen(Ionita-Laza, Capanu, De Rubeis, McCallum, & 

Buxbaum, 2014) can be used to upweight functionally important variants. In addition to using 

the MAF-based weighting, we have also explored the use of CADD scores as weights for 

variants in the meta-analysis of MGI and SardiNIA datasets. 

Combined effect of common and rare variants (Meta-MultiSKAT-Common-Rare) 

The default setting for SKAT type tests (SKAT, MultiSKAT and Meta-MultiSKAT) is to use a 

MAF-based weighting scheme that up-weights the contribution of the rare variants and down-

weights that of common variants. When there are common variants in the region associated 
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with the phenotype, this weighting scheme can lead to a loss in power. Similar to Ionita-Laza et 

al.(Ionita-Laza, Lee, Makarov, Buxbaum, & Lin, 2013), we propose a test of the combined 

effects of common and rare variants on the phenotype. As in equation (4), the Meta-MultiSKAT 

test statistic is given by the quadratic form, ����� � �����������4 ��������� �, where 4 �

������
 ����. Given each study MAF, we compute the pooled MAF and using a cut-off on that 

we partition the variants into common and rare. In practice, cut-offs like 5% MAF or 1% MAF are 

commonly used. To explicitly separate the effects of common and rare variants, we construct 

the test statistic separately for common and rare variant. In particular, we construct 

�����;������ � ���������;������ �4������  ���������;������  

�����;���� � ���������;������4����  ���������;���� , 

where �����;������ and 4������ (alternatively �����;���� and4����) are constructed using 

common variants (alternatively rare variants) only. The two matrices 4������ and 4����  only 

differ in terms of the underlying ��
 matrices and we can allow different weighting schemes for 

the ��  kernels corresponding to common and rare variants. In particular, here, we use 

Beta(0.5,0.5) weights for the common variants and Beta(1,25) weights for the common variants. 

The combined sum (Meta-MultiSKAT-Common-Rare) is then constructed as 

�����;������	���� �  �1 � 5������;������  5�����;����   

with a given weight 5. A simple approach, as used in Ionita-Laza et al.(Ionita-Laza et al., 2013), 

is to select 5 such that the rare and common variants contribute equally to the test statistics, i.e.   

5 �  ��������; 
�
��

��������; ������� ��������; 
�
��
.  The asymptotic p-value of �����;������	���� can be 

calculated from a mixture of chi-squared distribution, similar to the previous discussion.  

Kinship adjustment within studies 
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Individual studies might require adjustment for kinship if there are related individuals within the 

study. For instance, if study s has related individuals with kinship matrix Ψ, co-heritability matrix 

Vg;s and the shared non-genetic effect matrix ��;� then we construct scores as: 

������� �  ����/���3�;�
	������	��  � �����̂��� 

Where �3�;� �  Ψ��� ;�   /�� 8
�;� represents the estimated total covariance matrix for Ys. 

Discrepant phenotypes and genotypes across studies 

The studies included in the meta-analysis may not have exactly the same set of variants 

genotyped (or sequenced). In particular, some variants may be observed in only a subset of 

studies. If variant j was not observed in study s, we set the (j,k)th element in �� (k = 1, 2,…, K) 

and the corresponding elements in $� to be zero, which implies that the studies with missing 

data do not contribute to the score statistic. This also corresponds to imputing the missing data 

with the respective mean under the null hypothesis of no association. Using the same 

framework, if phenotype k in study s was not collected, we set the (j,k)th element in �� (j = 1, 

2,…, ms) and the corresponding elements in $� to be zero. As above, this corresponds to the 

null hypothesis that the missing phenotype is not associated with the region of interest. 

Minimum p-value-based omnibus tests: Meta-Hom, Meta-Het, and Meta-Com  

The Meta-MultiSKAT model and tests have three parameters ��  , �� and �� that are absent in 

the null model. Since this is a score test, these parameters cannot be estimated from the data. 

One possible solution is to select them based on prior information, reflecting a specific 

hypothesis about the underlying model of association. However if the selected values do not 

reflect the true model, then the corresponding test might be underpowered(Selyeong Lee et al., 

2017; Ray et al., 2016). To overcome such issues, minimum p-value-based omnibus tests have 

been proposed, which aggregate results across different values of the parameters to produce 
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robust results(Dutta et al., 2019; Engel et al., 2013; He, Xu, Lee, & Ionita-Laza, 2017; Urrutia et 

al., 2015; Zhan et al., 2017). Here we use the same strategy to formulate robust tests across 

different choices of ��  , �� and ��. 

We first calculate p-values from different choices of (��, ��, ��) and obtain the minimum of 

these p-values. Since the tests are correlated, using a Bonferroni correction can result in 

conservative type-I error and low power. Instead, we use a fast resampling approach to 

estimate the null correlation between the tests being aggregated and subsequently use a copula 

approach to estimate the p-value of the minimum p-value test statistic (See Appendix C for 

details)(Demarta & McNeil, 2007; Dutta et al., 2019). This approach has also been used 

previously to integrate information from multiple functional annotations(He et al., 2017). 

Specifically we consider the following tests:  

Meta-Hom: minimum p-value of Meta-MultiSKAT tests with �� �  ��;��� across different choices 

of �� and ��. Specifically, we consider the following four different choices of (��, ��� 

• �� �  ���, �� �  24�9 

• �� �  ���, �� �  �:;)�<  

• �� �  /�, �� �  24�9 

• �� �  /�, �� �  �:;)�<   

The minimum p-value across these four tests will be used as the test statistic to evaluate the 

associations. 

Meta-Het: minimum p-value of Meta-MultiSKAT tests with �� �  ��;��� across different choices 

of �� and ��. We will use the same four sets of (��, ��� as in Meta-Hom. 

Meta-Com: combined test of Meta-Het and Meta-Het. We use the minimum p-value of the tests 

used in Meta-Hom and Meta-Het as test statistics.  
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Simulations 

We carried out extensive simulation studies to evaluate the type I error rate and power of Meta-

MultiSKAT tests. For type-I error simulations and all power simulations, we generated 10,000 

chromosomes over 1Mb-regions using a coalescent simulator with a European ancestry 

model(Schaffner,Stephen F et al., 2005). Because the average total exon length of a gene is 

about 3 kbps, we randomly selected a 3 kb region for each simulated dataset to test for 

associations.  

Simulation setting within individual study: 

 In the sth study, we generate K phenotypes according to the linear model: 

�!   ~ >�#?�����  �
�
  @  ����  �/� , ��;"A 

where ��;" is the covariance of the non-systematic error term. We use ��;" to define level of 

residual covariance between the traits. The matrix ��;" is set to be compound symmetric 

throughout all the simulation settings with varying values of the correlation parameter ρ (low 

correlation: ρ = 0.3; mild correlation: ρ = 0.5; high correlation: ρ = 0.7). /� is a K×1 indicator 

vector, which has 1 when the corresponding phenotype is associated with the region and 0 

otherwise. Throughout our simulations we set /� � �1,1,1,0,0�B meaning the first 3 phenotypes 

are associated with the region of interest in a particular study.  

For estimating type-1 error rates we set �! � 0 for all the variants in all the studies. For power 

simulation, we used two different settings. In the first setting, to estimate the power of Meta-

MultiSKAT as a rare-variant test, we set 30% of the rare variants (MAF ≤ 1%) to be causal. 

Next, to estimate the performance of Meta-MultiSKAT as a test of combined effects of common 

and rare variants, we set 30% of all variants (common or rare) in the region to be causal. We 

modeled rare variants to have stronger association with the phenotypes than the common 
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variants by setting C��C � �log �# |>�H�| with � � 0.2 for all the simulation scenarios. For both the 

settings, as mentioned earlier, the first three among the five phenotypes in each study were 

associated with the region of interest. 

Simulation settings across studies: 

Throughout our simulations we have used settings which consist of three studies on European 

samples with five phenotypes of interest. The sample sizes for the studies were 2000, 2000 and 

1000 respectively. To assess the performance of Meta-MultiSKAT under scenarios of missing 

data, we considered the following 3 scenarios: 

Scenario A: all the individuals in each of the study have complete information on 5 correlated 

phenotypes 

Scenario B: 10% samples (chosen completely at random) in the 3rd study have information on 4 

phenotypes only. This means, 100 samples in study 3 have information on 4 phenotypes and 

misses information on 1 phenotype, while the rest 900 samples have information on all the 5 

phenotypes. All the 2000 samples in study 1 and 2 have complete information on all the 5 

phenotypes. 

Scenario C:  The 5th phenotype for study 3 is missing for all the samples. For study 1 and 2, all 

the 2000 samples have complete information on all the 5 phenotypes. 

For these above scenarios, in addition to the Meta-MultiSKAT tests (Meta-Hom, Meta-Het and 

Meta-Com), we evaluated the following single phenotype-based approaches:  

1. MinPhen-Het: Bonferroni-adjusted minimum p-value from the single phenotype region-

based meta-analysis using  Heterogeneous Meta-SKAT-O (Het-Meta-SKAT-O) 

2. MinPhen-Hom: Bonferroni-adjusted minimum p-value from the single phenotype region-

based meta-analysis using Homogeneous Meta-SKAT-O (Hom-Meta-SKAT-O) 
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Meta-analysis of white blood cell traits 

To investigate the pleiotropic roles of low frequency and rare-variants on WBC subtypes, we 

analyzed data collected under the Michigan Genomics Initiative (MGI study)(Fritsche et al., 

2018) Phase 2 (data-freeze on December 2017) and the SardiNIA(Vacca et al., 2006) study. 

Data on four WBC subtypes percentages were included in the analysis: lymphocyte, monocyte, 

basophil and eosinophil. We excluded the data on percentage of neutrophils since it was highly 

correlated with lymphocytes (absolute value of correlation > 0.9 in both MGI and SardiNIA). 

European samples with at most two phenotypes missing were included in the analysis for each 

of the studies. In all, we included 11,049 and 5,899 samples from the MGI and the SardiNIA 

studies, respectively (Table 1). 

We annotated protein-coding variants and a region of 20kb (± 10kb) around them to genes 

using Variant Effect Predictor(McLaren et al., 2016) software. 

Within each study, we included age, sex, and study specific top four principal components (PC) 

as fixed effect covariates in the analysis. In each study each of the four WBC subtypes were 

adjusted for the corresponding covariates and the residuals were quantile-normalized. Further, 

we estimated the kinship between the subjects in each study using KING(Manichaikul et al., 

2010) and estimated the co-heritability matrix of the phenotypes using PHENIX(Dahl et al., 

2016). The inverse normalized residuals were then used in region-based multiple phenotype 

analysis (Multi-SKAT with kinship correction). The required summary statistics were calculated 

from the individual tests. 

We conducted three sets of analysis with the extracted summary statistics. First to test the rare-

variant associations of the phenotypes, we used Meta-MultiSKAT tests (Meta-Het, Met-Hom 

and Meta-Com) to test groups of protein-coding variants with pooled MAF ≤ 1%.  We only 
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included the groups that had at least three variants and a total minor allele count of 5. We used 

a Beta(1,25) weighting scheme to upweight the effect of the rare variants. Next, to test the 

combined effect of common and rare variants, we used the Meta-MultiSKAT-Common-Rare 

versions of the above tests with groups of protein-coding variants without any MAF cutoff. This 

means both common (MAF > 1%) and rare variants (MAF ≤ 1%) were present in the regions 

tested. For the rare variants we used Beta(1,25) weights and for the common variants we used 

Beta(0.5,0.5) weights (see Methods). Further, we annotated CADD scores for all the variants 

(common and rare) using ANNOVAR(Wang, Li, & Hakonarson, 2010). We used these scores as 

weights in the genotype kernel �� and performed the above Meta-MultiSKAT tests. 

Results 

Type-I error 

For type-I error simulations, we simulated 107 independent datasets with three studies each 

having five phenotypes with a compound symmetric null residual covariance structure with off-

diagonal elements being equal to 0.5, i.e. ��;#.%. The MAF spectrum for the population allele 

frequencies shows that the majority of the simulated variants are rare (MAF ≤ 1%). We 

estimated the type-1 error rate as the proportion of p-values less than the specified α levels, 

with α set at 10-4, 10-5 and 2.5J10-6.  

Type-I error rates were well maintained at all α levels. For example, at α = 2.5J10-6, the largest 

estimated type-I error rate for any of the Meta-MultiSKAT tests was 2.7J10-6, which was well 

within the estimated 95% confidence interval (Table 2).  

Power 

We compared the empirical power of Meta-MultiSKAT tests with two possible existing 

approaches: minimum of the single phenotype MetaSKAT p-values (MinPhen-Hom and 
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MinPhen-Het). For each simulation setting, we generated 1000 datasets and estimated the 

empirical power as the proportion of p-values less than 2.5J10-6, reflecting the Bonferroni 

correction for testing 20,000 independent genes.  

In power simulations, the first scenario considered the case that each study has the same set of 

causal variants and all of them are trait-increasing. Meta-Hom and Meta-Com had the highest 

powers in all scenarios while the power for Meta-Het is lower (Figure 1). Also, there was a slight 

overall decrease in power from scenario A through scenario C. We expect this decrease in 

power since there is an increase of the amount of missing-ness in the scenarios A through C, 

though the power decrease is small (maximum relative decrease in empirical power < 1%). 

Overall power of all the methods was higher when the correlation is high (ρ = 0.7). 

Next, we considered a heterogeneous situation in which causal variants for each study were 

randomly selected so only small percentage of causal variants were shared among studies 

(Figure 2). As expected, Meta-Het and Meta-Com had high power among the tests being 

compared. Meta-Hom was underpowered compared to these tests, while MinPhen-Hom and 

MinPhen-Het had lower power than the rest.  

We then assumed that the causal variants for each study are chosen randomly within the region 

and 20% of the variants are trait-decreasing (80% are trait increasing) (Figure 3). Similar to the 

previous scenario, Meta-Het and Meta-Com had higher power than the rest of the tests. 

MinPhen-Hom and MinPhen-Het had lower power of detecting association signals, and Meta-

Hom consistently had the lowest power across all the settings.  

Next we considered a situation where the correlation structure among the phenotypes across 

studies varies. For the 1st and 2nd study the correlation among the 5 phenotypes is high (ρ = 0.7) 

while for the 3rd study, the correlation among the 5 phenotypes is moderate (ρ = 0.5). Similar to 

the previous cases, Meta-Het and Meta-Com maintained higher power than the rest of the tests 
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(Figure 4). As before, Meta-Hom performed poorly when 20% of the causal variants are trait-

decreasing. 

We further estimated type-1 error and power for the Meta-MultiSKAT-Common-Rare versions of 

the tests. The results are shown in Supplemental Table S3, Supplemental Figure S2 and S3. 

Type-I error was well maintained at different levels and the patterns of estimated power 

remained the same.    

Overall our simulations show that Meta-MultiSKAT tests can improve power over the existing 

single phenotype-based meta-analysis approaches, while controlling type-I error rates. In 

particular, Meta-Com maintains robust power across all the scenarios regardless of the 

underlying genetic model. 

Meta-analysis of WBC subtype traits 

White blood cells (WBCs) are major cellular components of the human immune system. They 

have been found to be associated with risk of cardiovascular disease(J. H. Kim, Lim, Park, 

Jang, & Choi, 2017) and cancer mortality(Erlinger, Muntner, & Helzlsouer, 2004) among others. 

Certain disease risk factors including high blood pressure, cigarette smoking, adiposity and 

increased levels of plasma inflammatory markers have been reported to be linked to elevated 

WBC counts(Hasegawa, Negishi, & Deguchi, 2002; Mu oz et al., 2012). WBCs are classified 

into subtypes according to the functionality and morphology. Abundances (counts or 

percentage) of these WBC subtypes have been found to be important biomarkers for diseases 

including COPD(D. K. Kim et al., 2012) and rheumatoid arthritis(Salomon et al., 2017), and 

several GWAS have identified genetic variants associated with them(Astle et al., 2016; Crosslin 

et al., 2013; Kanai et al., 2018; Keller et al., 2014). In this analysis, we tested the abundances of 

lymphocyte, monocyte, basophil and eosinophil. Correlations among the phenotypes are shown 

in Supplemental Figure S4. There are more strong correlations in MGI samples.  
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We applied Meta-MultiSKAT tests to the analysis of WBC subtypes from the MGI and SardiNIA 

studies (See Methods for details). In particular, we applied Meta-Het, Meta-Hom and Meta-Com 

tests along with MinPhen-Hom and MinPhen-Het. We also evaluated the single-phenotype tests 

and multiple-phenotype tests (Multi-SKAT) for each study (Supplemental Table S1).  

Results for rare variants with MAF-based weighting. First, we used the MAF-based weighting 

scheme to upweight the rare variants as suggested by Wu et al(MC et al., 2011). Using the 

variants with pooled MAF ≤ 1%, we used Beta(1,25) weights. Overall 5,109 genes with at least 

3 variants and a total minor allele count > 5 were tested. This produces a Bonferroni cut-off of 

9.8×10−6 (approximately 1×10−5)  

The QQ-plots shown in Figure 5 corresponding to the Meta-MultiSKAT tests do not show any 

indication of inflation (genomic control varying from 0.998 to 1.003). Table 3 shows the genes 

that had p-values less than 1×10−5 for at least one of the tests. Two genes PRG2 (p-value = 

5.9×10−7) and RP11-872D17.8 (p-value = 1.7×10−7) were identified as significant by Meta-

MultiSKAT tests while the p-values for the existing tests did not reach significance.  

PRG2 gene [MIM: 605601] encodes a protein, which is a major contributor to the crystalline 

core of the eosinophil granule. Multiple phenotype analysis (Multi-SKAT) shows evidence for a 

strong association in the SardiNIA study (p-value = 2.8×10−7) whereas the p-value in the MGI 

study (p-value = 0.76) does not show evidence for association (Supplemental Table S1). This 

signal is driven by the association of the gene with eosinophils in SardiNIA (SKAT-O p-value = 

3.7 �10
-7; Supplemental Table S1). A low-frequency SNP at 11:57156106 (A/G; MAF 3% in 

SardiNIA), which is significantly associated with the eosinophil percentages (p-value = 

9.3×10−12). This variant is only observed for the individuals in SardiNIA study and was not 

observed in MGI. The signal for RP11-872D17.8, an adjacent gene to PRG2, is also driven by 

the same variant.  

.CC-BY-ND 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted March 30, 2019. ; https://doi.org/10.1101/593814doi: bioRxiv preprint 

https://doi.org/10.1101/593814
http://creativecommons.org/licenses/by-nd/4.0/


19 
 

Our results suggest that Meta-MultiSKAT can outperform the standard tests in detecting rare-

variant associations while maintaining calibrated type-1 error rate. The genes PRG2 and RP11-

872D17.8 were identified in a particular study and were again identified through Meta-

MultiSKAT tests.  

Results with combined effects of common and rare variant. To illustrate how Meta-MultiSKAT 

can test the combined effect of common and rare variants, we used Meta-MultiSKAT-Common-

Rare version of each test to analyze the WBC data from the MGI and SardiNIA studies. All the 

variants, common and rare, were used in this analysis. The same two genes, PRG2 and RP11-

872D17.8, had p-values less than 1×10−5, but with different p-values along with CCL24 and 

IRF8 (Table 4).  

Among the genes that showed signal, Chemokine (C-C motif) ligand 24 gene (CCL24 [MIM: 

602495]) encodes a protein that interacts with chemokine receptor CCR3 to induce chemotaxis 

in eosinophils(White et al., 1997). This chemokine is also strongly chemotactic for resting T 

lymphocytes and slightly chemotactic for neutrophils(Salcedo et al., 2002). Multiple phenotype 

tests of CCL24 did not reach significance in any of the individual studies (p-value in SardiNIA = 

1.3×10−2; p-value in MGI = 2.0×10−4; Supplemental Table S1). But Meta-Het (p-value = 

4.8×10−7) and Meta-Com (p-value = 8.1×10−7) are significant indicating the utility of meta-

analysis to identify this signal. 

Interferon regulatory factor 8 (IRF8 [MIM: 601565]) at 16q24.1 has been previously reported as 

associated with several WBC subtype traits. IRF8 has been found to be associated with 

monocyte count(Sichien et al., 2016) and has also been identified as a multiple sclerosis 

susceptibility locus(De Jager et al., 2009). Animal model studies showed that IRF8 as a 

transcription factor plays an essential role in the regulation of lineage commitment during 

monocyte differentiation(Kurotaki et al., 2018; Yáñez, Ng, Hassanzadeh-Kiabi, & Goodridge, 
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2015). Astle et al(Astle et al., 2016) (2016) found several associations of IRF8 with WBC 

subtype traits like Neutrophils (high correlation with Lymphocytes) and combinations (sum of 

neutrophil and basophil counts) in the UK Biobank. Meta-Hom (p-value= 1.8×10−10) and Meta-

Com (p-value = 2.9×10−10) show evidence for strong association.  

For IRF8 (p-value = 2.9×10−10), CCL24 (p-value = 8.1×10−7) and PRG2 (p-value = 4.2×10−8) the 

combined effect of common and rare variants produces substantially more significant results 

compared to the MAF-based weighting with rare variants, without evidence of inflated false 

discoveries. In comparison, the p-values for RP11-872D17.8 (p-value = 2.4×10−6) remain 

approximately of the same order of significance. The results from this analysis demonstrate that 

Meta-MultiSKAT can be applied as a region-based test for testing the combined effect of 

common and rare variants.  

Results with CADD-score weighting with both common and rare variants. We reanalyzed the 

WBC data from the MGI and SardiNIA studies by weighting the variants with a functional score. 

Both common and rare variants were used in this analysis. We used CADD-scores as weights 

in �� � WRGW. The results are shown in Table 5. The same set of 4 genes identified using 

MAF-based weighting remained significant (p-value< 1×10−5), but with slightly different p-values. 

For PRG2 (p-value = 1.2×10−8), IRF8 (p-value = 1.6×10−7) and CCL24 (p-value = 1.1×10−6), 

weighting by functional scores resulted in a slightly smaller p-value as compared to MAF-based 

weighting. For RP11-872D17.8 (p-value = 2.4×10−6), however, the p-value remained nearly the 

same. 

Further, Supplemental Table S1 lists the single phenotype and multiple phenotype p-values for 

these four genes in each study. It is to be noted that, no other gene had a p-value less than 

1×10−5 in any of the single phenotype or multi-phenotype tests in each study. 
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As a further illustration, we performed Meta-MultiSKAT tests by masking lymphocyte data in 

SardiNIA and treating that as a missing phenotype (See Appendix D for details). The results 

(Supplemental Table S2) show that Meta-MultiSKAT has a robust power under such scenarios 

while controlling type-1 error. 

Computation Time 

We estimated the computation time of Meta-MultiSKAT tests using simulated datasets on 3 

studies (as described in the Simulations section) with 5 phenotypes and 50 genetic variants. We 

set the number of perturbation iterations to 1000. On average, Meta-Hom and Meta-Het tests 

required approximately 8 CPU-seconds (Intel Xeon 2.80 GHz) and Meta-Com required 12 CPU-

sec. Analyzing the MGI and SardiNIA datasets, using the extracted summary statistics from 

each study, required about thirty CPU-hours when parallelized to 10 processes.  

Discussion 

We propose a new method, Meta-MultiSKAT, which meta-analyzes region-based association of 

multiple phenotypes across studies. The model is based on study-specific summary statistics for 

the region and is flexible to accommodate a range of heterogeneity of genetic effects across 

studies. The simulation and the real data analysis results involving the summary statistics from 

MGI and SardiNIA demonstrate that Meta-MultiSKAT can substantially increase power 

compared to the existing tests and can identify additional association signals, while maintaining 

the desired type-I error rate. The method is implemented as an R-package (MetaMultiSKAT, 

see Web Resources). 

We note that the test statistics, assuming homogeneous genetic effects, are essentially identical 

to joint analysis test statistics using all individual level data and accounting for study-specific 

covariate effects, resulting in nearly identical power using meta-analysis and joint analysis. Our 

power-simulations confirm this finding (Supplemental Figure S1).  
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For Meta-MultiSKAT tests with a given choice of ��  , �� and ��, asymptotic p-values can be 

calculated. For Meta-Hom and Meta-Het, we are aggregating four such Meta-MultiSKAT tests 

for a given choice of ��  , �� and ��. Although the corresponding p-values depend on a 

resampling scheme, they still can be calculated using a small number of perturbations. Similarly, 

p-values for Meta-Com that aggregates 8 Meta-MultiSKAT tests with a given choice of ��  , �� 

and �� can also be calculated using a small number of resampling iterations. The reported 

computation times show that Meta-MultiSKAT tests are computationally manageable at a 

genome-wide level. 

In addition, Meta-MultiSKAT retains the desirable properties of Multi-SKAT. For instance, Multi-

SKAT effectively incorporates kinship information through a regression framework, allowing the 

use of the whole sample rather than only unrelated individuals in a particular study. Meta-

MultiSKAT can use the kinship adjusted summary statistics from the Multi-SKAT tests across 

several studies to produce a test of association, in which kinship information for each study has 

been incorporated. This integration allows for the use of all samples for each of the studies, 

further augmenting statistical power.  

The asymptotic p-value calculations for Meta-MultiSKAT rely on the normality assumption of the 

score vectors. When at least one pair of the phenotypes is very strongly correlated (i.e. absolute 

correlation > 0.9), this assumption may be violated. Currently, we do not have a mechanism to 

adaptively select an active set of phenotypes which might produce the optimal association 

signal for a particular region. Hence, we recommend that the data be pre-pruned for correlation 

and such strongly correlated phenotypes be excluded before analysis.  

Currently, the framework of Meta-MultiSKAT is developed for continuous phenotypes. A 

direction of future research is to extend this framework for phenotypes that are a mixture of 

continuous and discrete types.  
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In summary, we have developed Meta-MultiSKAT, a meta-analysis method for testing rare-

variant associations of multiple correlated phenotypes. Meta-MultiSKAT has robust power and 

can handle practical problems such as missing data and different covariance structures. The 

method provides a scalable and practical solution to test multiple phenotypes jointly and thus 

can contribute to detecting regions in the genome with pleiotropic effects.  
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Tables: 

Phenotype N (MGI) N (SardiNIA) N (Total) 

Lymphocyte % 11049 5895 16944 

Monocyte % 11049 5876 16925 

Basophil % 11038 5866 16904 

Eosinophil % 11037 5795 16830 

Complete Cases 11035 5735 16770 

Total Samples 11049 5898 16948 

 

Table 1: Sample sizes for each phenotype in each study for MGI-SardiNIA meta-analysis. 
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α Meta-Hom Meta-Het Meta-Com 

2.5× 10
−6

 2.3× 10
−6

 2.6× 10
−6

 2.7× 10
−6

 

1× 10
−5

 1.1× 10
−5

 1.1× 10
−5

 1.2× 10
−5

 

1× 10
−4

 1.2× 10
−4

 1.2× 10
−4

 1.3× 10
−4

 

 

Table 2: Estimated Type-1 error rates for Meta-MultiSKAT tests.
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Table 3: Genes/ regions identified by either of the Meta-MultiSKAT methods (Meta-Hom, Meta-Het or Meta-Com) or the existing 

approaches (MinPhen-Hom or MinPhen-Het). The p-values < 10
−5 were marked in bold. Variants with pooled MAF ≤ 1% are included 

as rare. 

  

Gene Number of Rare 

Variants 

Meta-Het Meta-Hom Meta-Com MinPhen-Hom MinPhen-Het 

RP11-872D17.8 3 5.3 × 10
−8

 2.1×10
−4

 1.7×10
−7

 2.9×10
−5

 1.3×10
−5

 

PRG2 2 3.1 × 10
−8

 6.1×10
−4

 5.9×10
−7

 6.3×10
−5

 1.1×10
−5
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Gene Number of 

Common variants 

Number of 

Rare variants 

Meta-Het Meta-Hom Meta-Com MinPhen-Hom MinPhen-Het 

IRF8 28 3 1.3×10
−4

 1.8×10
−10

 2.9×10
−10

 7.4×10
−3

 4.9×10
−4

 

PRG2 5 2 5.7×10
−8

 5.3×10
−5

 4.2×10
−8

 6.3×10
−5

 1.1×10
−5

 

CCL24 12 1 4.6×10
−7

 8.3×10
−4

 8.1×10
−7

 8.2×10
−2

 2.2×10
−4

 

RP11-872D17.8 9 3 1.1×10
−6

 1.1×10
−3

 2.4×10
−6

 2.9×10
−5

 1.3×10
−5

 

 

Table 4: Genes/ regions identified by either of the Meta-MultiSKAT-Common-Rare methods (Meta-Hom, Meta-Het or Meta-Com). 

The p-values < 10
−5 were marked in bold. Variants with pooled MAF ≤ 1% (> 1%) are included as rare (common).  
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Gene Number of 

Common variants 

Number of 

Rare variants 

Meta-Het Meta-Hom Meta-Com MinPhen-Hom MinPhen-Het 

IRF8 28 3 1.2×10
−5

 9.4×10
−8

 1.6×10
−7

 7.4×10
−3

 4.9×10
−4

 

PRG2 5 2 7.4×10
−9

 3.6×10
−4

 1.2×10
−8

 6.3×10
−5

 1.1×10
−5

 

CCL24 12 1 8.2×10
−7

 5.7×10
−4

 1.1×10
−6

 8.2×10
−2

 2.2×10
−4

 

RP11-872D17.8 9 3 1.0×10
−6

 1.1×10
−3

 2.3×10
−6

 2.9×10
−5

 1.3×10
−5

 

 

Table 5: Genes/ regions identified by either of the Meta-MultiSKAT methods (Meta-Hom, Meta-Het or Meta-Com) with functional 

(CADD) score weights were used for the variants. The p-values < 10
−5 were marked in bold. Variants with pooled MAF ≤ 1% (> 1%) 

are included as rare (common). 
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Figures 

  

Figure 1: Power for Meta-MultiSKAT tests compared with the existing methods when the set of 

causal variants is the same across different studies and has the same direction of effect. 

Empirical power for Meta-Hom, Meta-Het and Meta-Com plotted for 3 different scenarios 

compared against MinPhen-Hom and MinPhen-Het (See Simulations for details). Left panel 

shows the results for low correlation (ρ = 0.3) among the phenotypes and right panel shows the 

results for high correlation (ρ = 0.7).  
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Figure 2: Power for Meta-MultiSKAT tests compared with the existing methods when the set of 

causal variants is randomly chosen for each study and has the same direction of effect. 

Empirical power for Meta-Hom, Meta-Het and Meta-Com plotted for 3 different scenarios 

compared against MinPhen-Hom and MinPhen-Het (See Simulations for details). Left panel 

shows the results for low correlation (ρ = 0.3) among the phenotypes and right panel shows the 

results for high correlation (ρ = 0.7). 
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Figure 3: Power for Meta-MultiSKAT tests compared with the existing methods when the set of 

causal variants is randomly chosen for each study and 20% of the causal variants are trait-

decreasing. Empirical power for Meta-Hom, Meta-Het and Meta-Com plotted for 3 different 

scenarios compared against MinPhen-Hom and MinPhen-Het (See Simulations for details). Left 

panel shows the results for low correlation (ρ = 0.3) among the phenotypes and right panel 

shows the results for high correlation (ρ = 0.7). 
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Figure 4: Power for Meta-MultiSKAT tests compared with the existing methods when the set of 

causal variants is randomly chosen for each study and the studies have different covariance 

structure across the phenotypes. Empirical power for Meta-Hom, Meta-Het and Meta-Com 

plotted for 3 different scenarios compared against MinPhen-Hom and MinPhen-Het (See 

Simulations for details). Left panel shows the results when all the causal variants are trait 

increasing; right panel shows the same when 20% of the causal variants are trait-decreasing. 
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Figure 5: QQ plots for the Meta-MultiSKAT (Meta-Het, Meta-Hom and Meta-Com respectively) 

p-values obtained from MGI-SardiNIA meta-analysis. 
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Appendix 

Section A: P-value for Meta-MultiSKAT tests  

In equation (4), under null hypothesis, �����  asymptotically follows ��0, ������ where ����� �
 	�� 
 0� � �0 
 ��

. Hence, under the null hypothesis, �����, as in equation (4) follows a mixture of 

chi-squares. The mixing parameters of the distribution are eigenvalues of  ��  �������� with 

����	
 ��� � �����. The p-value for this test can be obtained by inverting the characteristic 

function of the null distribution. 

Section B: Kernelized Scores 

It is to be noted that equation (4) assumes that �	
 , �� are the same for individual studies. This 

assumption is restrictive as different studies might be analysed with different hypotheses, 

reflected in different  �	
 , �� across studies. We can relax this assumption by using kernelized 

score matrix for each study in place of the score matrix. We construct the kernelized score 

statistic in each study as: 

��� � �	

�

�   ��  ��

�

� 

Under the null hypothesis of no association, ��������~ ��0, ���� where  

��� � ��	

�

���

����	

�

� � �	

�

���

������
�������

����	

�

�� � ���

�

�����

�

�  is the kernelized phenotype 

adjusted variant relationship matrix. Given !���, ���" !���, ���" … ���� , ����, we similarly 

construct the kernelized meta score vector as ������ �  ����!��� "� , ���!���"� … �����������

 

which under the null hypothesis follows a normal distribution with mean 0 and variance-
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covariance matrix ������ �  $��� 
 0� � �0 
 ���

%. Then the test statistics can be constructed as 

����� � ���������� ������ &�� &������������ � which follows a mixture of chi-square under the 

null hypothesis. The mixing parameters of the null distribution are the eigen values of  

�'
 �������' � where ��� &�� &� � �' �' �. 

Section C: Resampling algorithm 

In equation (4), ��  ~ ��0, ��� and in particular �����  ~ ��0, ������ under the null hypothesis of 

no association. Suppose we have B Meta-MultiSKAT tests with corresponding kernel matrices 

��  , �� and �	 and the corresponding p-values TP = (p1, p2, …, pB). Our test statistic is pmin = 

min(p1, p2, …, pB). Here we adopt a resampling based approach to estimate this correlation 

structure.  

1. Generate null ��;����  ~ ��0, ��� for s = 1,2,…,S and form �����;���� 

2. Calculate �����;���� � (���������;������)�����	
 ����(���������;�����) for each 

combination of ��  , �� and �	 

3. Calculate the corresponding asymptotic p-value  

4. Repeat the previous steps for R ( = 500 or 1000) times and calculate the null correlation 

between the p-values 

With the estimated null correlation structure, we use a t-Copula to approximate the joint 

distribution of TP. The final p-value for pmin is then calculated from the distribution function of the 

assumed t-Copula. As the same way, the resampling approach can be used with the kernelized 

score ������ .  
Section D: Illustration: Missing phenotype 
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To demonstrate the utility of Meta-MultiSKAT to handle missing phenotypes, we performed an 

analysis with all the 4 WBC phenotypes (lymphocyte, monocyte, basophil, eosinophill) in 

SardiNIA and only 3 (monocyte, basophil and eosinophil) in MGI. The models used for individual 

studies to extract the summary statistics remained the same. 

We used Meta-MultiSKAT-Common-Rare tests in this analysis (Supplemental Table S2). All the 

variants, common and rare, were used in this analysis. The genes that were identified in the 

previous analysis were found to be significant or suggestive (p-value < 10
−5) in this analysis as 

well, but with slightly differing p-values. As before, PRG2, RP11-872D17.8, IRF8 and CCL24 

found to be significant using Meta-MultiSKAT methods.  
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