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Abstract. The sum of squared score (SSU) and sequence kernel association test (SKAT) are the two good alternative tests for genetic
association studies in case–control data. Both SSU and SKAT are derived through assuming a dose-response model between the risk of
disease and genotypes. However, in practice, the real genetic mode of inheritance is impossible to know. Thus, these two tests might lose
power substantially as shown in simulation results when the genetic model is misspeciﬁed. Here, to make both the tests suitable in broad
situations, we propose two-phase SSU (tpSSU) and two-phase SKAT (tpSKAT), where the Hardy–Weinberg equilibrium test is adopted to
choose the genetic model in the ﬁrst phase and the SSU and SKAT are constructed corresponding to the selected genetic model in the
second phase. We found that both tpSSU and tpSKAT outperformed the original SSU and SKAT in most of our simulation scenarios. By
applying tpSSU and tpSKAT to the study of type 2 diabetes data, we successfully identiﬁed some genes that have direct effects on obesity.
Besides, we also detected the signiﬁcant chromosomal region 10q21.22 in GAW16 rheumatoid arthritis dataset, with P \ 10-6. These
ﬁndings suggest that tpSSU and tpSKAT can be effective in identifying genetic variants for complex diseases in case–control association
studies.
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Introduction
In the recent decade, large-scale genetic study, especially
genomewide association studies (GWAS) has led to the
discovery of genetic variants for human complex diseases
and traits. A standard case–control GWAS inevitably genotypes a large number of single-nucleotide polymorphisms
(SNPs). A simple and popular approach is to analyse single
SNP ﬁrst and then use a stringent level to select the deleterious SNPs. Although, the single-SNP analysis has been
proven valid in detecting many disease-susceptibility variants, it can be inefﬁcient because the adjustment to control
the false positive rates is conservative, and the genetic effect
is weak. Often with the estimated relative risk ranging from

0.095 (= ln1.1) to 0.405 (= ln1.5), thus it is necessary to
develop many effective methods (Altshuler et al. 2008). In
genetic studies, the true causal SNP is rarely genotyped and
are expected to be in linkage disequilibrium (LD) with it,
and the LD patterns are quite variable in the genome (Daly
et al. 2001; Crawford et al. 2004). The single-SNP analysis
in genotyped SNPs in LD with the causal SNP can serve as
an imperfect surrogate of the causal SNP.
To overcome the drawback of single-SNP analysis, multiple-SNPs approach considering the joint effect of many
SNPs has been developed. A group of SNPs is analysed
together to obtain a global test statistic for the combined
effects. There are many procedures in the literature (Pan
2009; Han and Pan 2010; Neale et al. 2011; Wu et al. 2011;
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Ballard et al. 2010; Yoo et al. 2017), here, we only list some
of them. Based on the comparison of genotype differences
between cases and controls, Xiong et al. (2002) proposed to
use Hotelling’s T 2 test, which is equivalent to applying a
multivariate regression to simultaneously test all SNPs, such
as likelihood ratio test, Wald test and score test in the context
of logistic regression (Wang and Elston 2007). Based on the
differences of LD patterns between cases and controls,
Zaykin et al. (2006) came up with a LD contrast test, and
Wang et al. (2007) gave its modiﬁed version. To contrast
both genotypes scores and LD patterns, Pan (2009) and Pan
et al. (2014) proposed the SSU and their weighted versions,
and Wu et al. (2010) proposed a SKAT. It has been shown
that SSU is equivalent to SKAT with a linear kernel being
used (Basu and Pan 2011; Wu et al. 2011).
All the above methods have a common point, i.e. the
association of genetic variants with a disease or a trait is
assessed under the additive genetic mode of inheritance.
According to the dose of risk allele in regression model, the
genotypes are usually encoded as 0, 1 and 2 corresponding
to the number of risk allele. The genetic model is a functional relationship of the risk measurement of a given
genotype, which describes the effect of genotypes on phenotypes (Zheng et al. 2016). In reality, it is impossible to
know the true inheritance pattern. For example, Moltke et al.
(2014) reported a genetic variant p.Arg684Ter being associated with 2-h plasma glucose levels and type 2 diabetes in
a recessive model. Nik-Zainal et al. (2016) found ﬁve genes
including MED23, FOXP1, MLLT4, XBP1 and ZFP36L1,
acting in breast cancer in a recessive fashion. Misspecifying
genetic model might lead to a decline in power of a test.
Thus, it is important to develop a robust test that is free of
genetic model and has a satisfactory power over a range of
genetic models.
The Hardy–Weinberg equilibrium (HWE) in principal
plays an important role in genetic epidemiologic studies.
Checking whether the HWE holds in the control sample is a
key before doing an association test. There are many factors
that can result in deviation from HWE, such as genotyping
error, population stratiﬁcation and so on (Hosking et al.
2004; Wigginton et al. 2005; Schaid et al. 2006; Zhang et al.
2015). The HWE test can be used to determine the genetic
model of a SNP (Zheng and Ng 2008; Zhang and Li 2016;
Zheng et al. 2016; Hu et al. 2017). In this work, we propose
a two-phase procedure for multiple-SNPs analysis. In the
ﬁrst phase, we used the HWE test to choose the genetic
model for each SNP. In the second phase, based on the
chosen genetic model, the SSU and SKAT were constructed
to perform the association studies. We used a permutation
procedure to access its statistical signiﬁcance. Extensive
computer simulations were conducted to evaluate the performances of the proposed method by comparing with the
original SSU and SKAT by taking the genotype as a dose
effect. They showed that the proposed method is more
powerful than SSU and SKAT under most of the considered
situations, especially when the real genetic model is

recessive. Finally, we applied these two tests, tpSSU and
tpSKAT, to GAW16 rheumatoid arthritis data and GENEVA
diabetes data to further demonstrate their potential
usefulness.

Materials and methods
Suppose that there are n individuals randomly sampled in a
source population and m SNPs are genotyped on each subject in a case–control genetic study. Denote the disease status
of the ith individual by yi ; where yi ¼ 1 means a case and
yi ¼ 0 indicates a healthy control, i ¼ 1; 2; . . .n. Without
loss of generality, an allelic SNP with alleles A and a is
considered here and let gi ¼ ðgi1 ; gi2 ; . . .; gim Þs be the
genotype values of the ith subject, where gij 2 f0; 1; 2g
denotes the number of allele A, i ¼ 1; 2; . . .n; j ¼ 1; 2; . . .m,
and s denotes the transpose of a matrix or a vector and a bold
variable indicates it as a vector or a matrix. For the jth SNP,
we deﬁne rj as the number of cases, r0j ; r1j and r2j as the
number of subjects with genotype aa, Aa and AA in cases,
respectively, and n0j ; n1j and n2j as the number of subjects
with genotype aa, Aa and AA in the whole sample, respectively. Denote zi ¼ ðzi1 ; zi2 ; . . .; zik Þs as k-dimensional
covariates. The proposed tests consist of two phases: ﬁrstly
choosing the genetic model for SNP of interest in Phase 1,
then constructing the association tests under the chosen
model in Phase 2.

Phase I: genetic model selection

Song and Elston (2006) proposed a HWE test (HWET)
based on the data of both cases and controls. Recently,
Zheng et al. (2016) showed that the HWET constructed
only in cases has a higher power to detect the genetic
model than that constructed in both cases and controls.
The HWET on the basis of case data for jth SNP
(j ¼ 1; 2; . . .m) is,
pﬃﬃﬃ ^
rj Dpj


Tj ¼ 
n2
n1 n2
n1 ;
1  n  2n
n þ 2n

2
^pj ¼ p^  p^ þ p^j1 ; p^ ¼ rjd ; d ¼ 0; 1; 2: Then,
where D
j2
j2
jd
2
rj
the genetic model can be determined as: if Tj [ 1:65, the
recessive model is selected; if Tj \  1:65, the dominant
model is selected; otherwise (Tj   1:65), the additive
model is assumed.
Next, we recode the genotype values based on the determined genetic model. For the jth SNP, the genotypes
ðaa; Aa; AAÞ are recoded as (0,0,1) (0,0.5,1) and (0,1,1)
corresponding to recessive, additive and dominant models,
respectively. Denote the recoded genotype values by
g~i ¼ ðg~i1 ; g~i2 ; . . .; g~im Þs ; i ¼ 1; . . .; n:

Two-phase SSU and SKAT

The logistic regression model is used to evaluate the association between the genotypes and disease as
LogitðPrðyi ¼ 1ÞÞ ¼ a þ g~si b þ zsi c;
g
;g 2
where Logit is a logistic function with LogitðgÞ ¼ 1g
s
ð0; 1Þ; b ¼ ðb1 ; b2 ; . . .; bm Þ is the parameter of interest and
c ¼ ðc1 ; c2 . . .; ck Þs is the parameter corresponding to

s
covariate zi : We denote xi ¼ gsi ; zsi ; i ¼ 1; 2; . . .; n: The
null hypothesis is H0 : b ¼ 0m ; where 0m is an m-dimensional column vector with all zero units.
Following Pan (2009, 2010), we can construct the SSU
called tpSSU. If there is no covariate in the model, i.e. k ¼ 0,
the score vector and its covariance matrix based on logistic
regression model are:
n
X

ðyi  yÞ~
gi ;

i¼1

V ¼ yð1  yÞ

n
X
ðg~i  gÞðg~i  gÞs ;
i¼1

P
P
where y ¼ ni¼1 yi =n and g ¼ ni¼1 g~i =n. If k  1, the full
score vector under H0 is

n
X
Ub
ðyi  n^0i Þxi
Uf ¼
¼
Uc
i¼1
!
Pn
^
ðy

n
Þ~
g
i
0i i
¼ Pi¼1
;
n
^
i¼1 ðyi  n0i Þzi
 
in which Logit n^0i ¼ a^0 þ zsi c^, a^0 and c^ are the maximum
likelihood estimates of the regression coefﬁcient estimated under
the null model. The covariance matrix of U f can be consistently
estimated by the expected Fisher information matrix,
n


X
n^0i 1  n^0i ðxi  xÞðxi  xÞs ;
Vf ¼
i¼1
Pn
i xi :

To test H0 , the score vector U ¼ U b,
where x ¼
which is the ﬁrst m components of Uf , and the covariance
matrix of U is V , where V 1 is the upper-left submatrix of
V 1
with size m  m. Once we get U and V , the SSU is
f
constructed as (here, we called it tpSSU since the genotype
values are recoded based on the selected model in phase I),
tpSSU ¼

m U2
X
j
j¼1

vj
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s
where y ¼ ðy1 ; y2 ; . . .; yn Þs , n^0 ¼ n^01 ; n^02 ; . . .; n^0n ; K is

Phase II: SSU and SKAT
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the kernel function used in the statistic, we used the identi

cal-by-state
(IBS)
kernel
function
K g~i ; g~i0 ¼


P 


0 
~
~
in our work.
1

g

g
m1 m

ij
ij
l¼1
Statistical signiﬁcance calculations

To get the statistical signiﬁcance of tpSSU and tpSKAT, we
have to know their distribution, but it is really hard to get the
joint distribution of ðT1 ; T2 ; . . .; Tm ; tpSSUÞs and ðT1 ; T2 ; . . .;
Tm ; tpSKATÞs , hence we used a permutation procedure to
get the P values of both two-phase tests. The detailed procedures are as follows: (i) set a large permutation number B,
for example, B ¼ 1000. (ii) Determine the genetic model of
each SNP. For the jth SNP, we construct the HWET Tj based
on yi ; gij in cases; i ¼ 1; . . .; n; j ¼ 1; . . .; m. The genetic
model can be determined by if Tj [ 1:65, the recessive
model is selected; if Tj \
  1:65, the dominant model is

selected; otherwise ( Tj   1:65), the additive model is
assumed. (iii) The genotype score (0,1,2) is recoded as
(0,0,1) (0,0.5,1) and (0,1,1) corresponding to the chosen
recessive, additive and dominant models, respectively.
Denote the recorded genotype values by g~i ¼
ðg~i1 ; g~i2 ; . . .; g~im Þ; i ¼ 1; . . .; n. Then calculate the tpSSU and
tpSKAT based on fyi ; g~i ; zi g; i ¼ 1; . . .; n: Denote them by
S1 and S2 ; respectively. (iv) Permute the original data
fðyi ; gi ; zi Þji ¼ 1; . . .; ngB times. For b ¼ 1; 2; . . .; B; we
compute the tpSSU and tpSKAT and denote them by
S1b and S2b ; respectively. (v) Calculate the P values as,
ptpSSU ¼

#fS1b : jS1b j [ jS1 j; b ¼ 1; . . .; Bg
;
B

ptpSKAT ¼

#fS2b : jS2b j [ jS2 j; b ¼ 1; . . .; Bg
;
B

where the #fg indicates the number of elements in a set.

Simulation and result
Simulation settings

;

where Uj is the jth component of U ¼ ðU1 ; U2 ; . . .; Um Þs ,
and vj is the jth diagonal element of V .
Similarly, we can construct the SKAT, called tpSKAT.
From Wu et al. (2010), the tpSKAT is constructed as

s 

tpSKAT ¼ y  n^0 K y  n^0 ;

We carried out the simulation studies according to Wang and
Elston (2007) and Pan (2009) considering m ¼ 10 and
m ¼ 20, and the sample size is n ¼ 1000; with 500 cases and
500 controls.
The following steps were used to generate the genotypes.
First, a latent vector with length of 10 was generated from a
multivariate normal distribution, with two different covariance structures: a compound symmetry (CS) with the correlation q ¼ 0:4, and AR-1 with the correlation matrix
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Table 1. Trait scenarios for simulation studies.

Scenarios

Number
of causal
SNP

S1

1

S2

2

S3

2

S4
S5

1
1

Genetic
model

bj ; j ¼ 1; . . .; c

Recessive 0, 0.18, 0.34, 0.47, 0.59, 0.69,
0.79, 0.88, 0.96
Recessive 0, 0.18, 0.34, 0.47, 0.59, 0.69
(equal)
Recessive 0, 0.18, 0.34, 0.47, 0.59, 0.69,
0.79,0.88, 0.96 (opposite)
Dominate 0, 0.18, 0.34, 0.47, 0.59, 0.69
Additive 0, 0.18, 0.34, 0.47, 0.59, 0.69

qij ¼ 0:8jijj between components i and j; i; j ¼ 1; . . .; 10.
The CS correlation structure suggests that each SNP provides similar information on the disease locus, and in the
AR-1, the pairwise correlation qij represents that the LD is
primarily a function of marker distance. Second, the latent
vector is dichotomized to yield genotypes on 10 SNPs with
allele frequencies randomly between 0.2 and 0.8, while the
allele frequency for the disease-causing SNP is ﬁxed at 0.3.

Third, the genotypes (0, 1, 2) are recoded as (0, 0, 1) (0, 0.5,
1) and (0, 1, 1) corresponding to recessive, additive and
dominant models, respectively. Denote the recoded genogi1 ; . . .; g~im Þ, and the disease-causing genotypes as g~i ¼ ð~

types is recoded as g~i ¼ ð~
gi1
; . . .; g~ic Þ, where c is the number
of disease-causing SNPs. And the covariate zi is generated
from a standard normal distribution. The disease status yi of
subjects i is generated from a logistic regression model:
Logit Prðyi ¼ 1Þ ¼ a þ

c
X

bj g~ij þ czi ;

j

where we chose a ¼ 2:94 and c ¼ 0:5. To evaluate the
type I error, we set all bj being 0. For power calculation, we
set bj ; j ¼ 1; . . .c ranging from 0.18 to 0.96, and bj were
equal or opposite sign when c ¼ 2. Finally, following the
case–control design, we sampled n1 ¼ 500 cases (with
yi ¼ 1) from the case group and n0 ¼ 500 controls (with
yi ¼ 0) from the control group.
To compare the two classical approaches, SSU and SKAT,
we conducted extensive simulation studies under ﬁve scenarios to investigate the performance of the proposed

Figure 1. The empirical type-I error rates of the tpSSU, tpSKAT, SSU and SKAT with the CS correlation structure and AR-1 correlation
structure (AR-1). (a) the numbers of SNPs: m ¼ 10 (b) the numbers of SNPs: m ¼ 20:

Two-phase SSU and SKAT
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Figure 2. The empirical power of the tpSSU, tpSKAT, SSU and SKAT under scenarios S1. (a) 10 SNPs with the CS correlation structure.
(b) 20 SNPs with the CS correlation structure (CS). (c) 10 SNPs with the AR-1 correlation structure (AR-1). (d) 20 SNPs with the AR-1
correlation structure (AR-1).

methods. Detailed parameter settings of the ﬁve scenarios
are described in table 1. For each scenario, 1000 replicated
datasets to estimate the empirical type I error and power with
setting the signiﬁcant level of 0.05 are conducted. For the
permutation procedure, B ¼ 1000.
Type I error rates

Figure 1 shows the empirical type I error rates of the tpSSU,
tpSKAT, SSU and SKAT. Obviously, all the values were very
close to the nominal signiﬁcance level of 0.05, which means that
all the considered methods can control the type I error rates well.
For example, when m = 10, with the AR-1 covariance structures,
the empirical type I error rates of the tpSSU, tpSKAT, SSU and
SKAT were 0.054, 0.053, 0.055 and 0.056, respectively.
Power comparison

The empirical power results of scenario S1 to S5 are shown
in ﬁgures 2–6. It can be easy to catch that the tpSSU and

tpSKAT are more robust than the SSU and SKAT. When the
genetic model of causal SNPs is additive, all of the methods
have similar results, and when the genetic model of causal
SNP is dominate, the tpSSU and tpSKAT are more powerful
than the SSU and SKAT, especially when the genetic model
of causal SNP is recessive, the tpSSU and tpSKAT have a
great power promotion. Note, that the power results are very
similar in various scenarios, here we just report results for
m ¼ 10 in detail.
Figure 2 shows the empirical power of scenario S1. It can
be seen that sometimes the tpSSU and SKAT has more than
20% power improvements than the SSU and SKAT. For
example, under scenario S1, when b is 0.69 with the CS
covariance structure, the empirical power of the tpSSU,
tpSKAT, SSU and SKAT are 0.564, 0.484, 0.353 and 0.364,
respectively; when b is 0.88 with the AR-1 covariance
structure, the power of the tpSSU, tpSKAT, SSU and SKAT
are 0.823, 0.76, 0.619, and 0.635, respectively.
Figure 3 shows the empirical power of scenario S2. From
the ﬁgure, we can get the same result as above when there
are two causing SNPs. For instance, when b is 0.47 with the
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Figure 3. The empirical power of the tpSSU, tpSKAT, SSU and SKAT under scenarios S2. (a) 10 SNPs with the CS correlation structure
(CS). (b) 20 SNPs with the CS correlation structure. (c) 10 SNPs with the AR-1 correlation structure (AR-1). (d) 20 SNPs with the AR-1
correlation structure (AR-1).

CS covariance structure, the empirical power of the tpSSU,
tpSKAT, SSU and SKAT are 0.677, 0.589, 0.489 and 0.505,
respectively; when b is 0.47 with the AR-1 covariance
structure, the power of the tpSSU, tpSKAT, SSU and SKAT
are 0.63, 0.534, 0.432 and 0.437, respectively.
Figure 4 shows the empirical power of scenario S3. It can be
easy to ﬁnd that the power of all methods is less than that shown
in S2, where the two causal SNPs have the same sign. And under
the scenario S3, we can get the same results, the tpSSU and
tpSKAT also has a signiﬁcant improvement of power than the
SSU and SKAT. For example, with the CS covariance structure,
when b is 0.88, the power of the tpSSU, tpSKAT, SSU, and
SKAT are 0.57, 0.435, 0.264 and 0.315, respectively; when the b
is 0.79, the power of the tpSSU, tpSKAT, SSU, and SKAT are
0.71, 0.612, 0.501 and 0.507, respectively.
Figure 5 shows the empirical power results when the
genetic model of causing SNP is dominate. We can also ﬁnd
that there was about 5–8% power improvement. For example, with the CS covariance structure, when b is 0.59, the
power of the tpSSU, tpSKAT, SSU and SKAT are 0.893,
0.939, 0.817 and 0.888, respectively.

Figure 6 shows the empirical power results when the
genetic model of causing SNP is additive. We can see that all
the four methods have similar results. For example, with the
CS covariance structure, when b is 0.69, the power of the
tpSSU, tpSKAT, SSU and SKAT are 0.722, 0.703, 0.699 and
0.698, respectively.

Real data application
GENEVA diabetes data: The health professionals follow-up study
(HPFS) was launched in 1986, organized by the national institutes
of health (NIH) as a part of the gene environment association
studies (GENEVA). We try to reanalyse the GENEVA type 2
diabetes data using the proposed tpSSU and tpSKAT, aiming to
identify the genetic factors that are associated with type 2 diabetes
phenotypes, biomarkers, and others. We have downloaded datasets
of interest from dbGaP (through accession number
phs000091.v2.p1). Here we focus on the analysis of obesity. One
with body mass index (BMI) of 30 and above is considered obese.
Environmental factors considered include age and family history

Two-phase SSU and SKAT
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Figure 4. The empirical power of the tpSSU, tpSKAT, SSU and SKAT under scenarios S3. (a) 10 SNPs with the CS correlation structure.
(b) 20 SNPs with the CS correlation structure. (c) 10 SNPs with the AR-1 correlation structure (AR-1). (d) 20 SNPs with the AR-1
correlation structure (AR-1).
of diabetes among ﬁrst degree (famda), both of which have been
suggested to be potentially associated with BMI. For genotypes,
we mainly analyse SNPs on chromosome 4 based on some previous research results. Preprocessing includes subject matching,
standard quality control for SNPs, and missing data imputation.
The working dataset contains 1454 subjects with 40,568 SNPs. To
evaluate the performance of the proposed method, we formed
SNP sets by grouping SNPs that lie within the same gene. To this
end, 375 obesity cases and 979 controls were analysed. We set
B ¼ 106 for permutation procedure, and successfully detected
many signiﬁcant genes using the tpSSU and tpSKAT. For example, the P values for genes YTHDF1, SULTE1 and NPFFR2 with
the tpSSU were 0.009, 0.007 and 0.047, respectively. And the
corresponding P values were 0.007, 0.045 and 0.038 with the
tpSKAT. It is noted that previous literature has suggested that
these above mentioned three genes indeed have direct effects on
obesity. Speciﬁcally, YTHDF1 is one of m6A readers/effector
proteins and the cellular m6A methylation status plays a role in
the regulation of fat mass and obesity (Kasowitz et al. 2018).
SULT1E1 is a proadipogenic factor which may serve as a druggable target to inhibit the turnover and accumulation of adipocytes

in obese patients (Ihunnah et al. 2014). In human fat cells,
NPFFP2 receptor stimulation and inhibition caused a signiﬁcant
and marked decrease and increase, respectively, of lipolysis,
which could be linked to catecholamine stimulation of adipocytes
through b-adrenergic receptors (Dahlman et al. 2007).

GAW16 rheumatoid arthritis data

Rheumatoid arthritis (RA) is a chronic autoimmune disease that
are generally triggered by infections and inﬂammatory mediators, with a prevalence of *0.3–1% worldwide (Liang et al.
2009; Chaudhari et al. 2016). Here we use the RA case–control
data in genetic analysis workshop 16 (GAW16) to illustrate the
application of the four methods: tpSSU, tpSKAT, SSU and
SKAT. After quality control, there were 868 RA cases and 1194
controls (Plenge et al. 2007). Since chromosome 10 has been
shown to be signiﬁcantly associated with RA (Zhang et al.
2009; Okada et al. 2014), we just analysed chromosomal
region 10q21.22 (49.64–49.79 Mb on chromosome 10), which
contains m ¼ 52 SNPs in total. We also set B ¼ 106 for
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Figure 5. The empirical power of the tpSSU, tpSKAT, SSU and SKAT under scenarios S4. (a) 10 SNPs with the CS correlation structure.
(b) 20 SNPs with the CS correlation structure. (c) 10 SNPs with the AR-1 correlation structure (AR-1). (d) 20 SNPs with the AR-1
correlation structure (AR-1).

permutation procedure, and found that both P value results of
the tpSSU and tpSKAT are less than 10-6. Meanwhile, the P
value results reported by SSU and SKAT were 7:14  1010
and 1:97  1014 , respectively. All the four tests showed that
the 10q21.22 region is strongly associated with RA. Note that
the most signiﬁcant SNP is rs2671692, which is one of the 42
novel loci identiﬁed in a large GWAS study meta-analysis
based on a total of [100,000 subjects of European and Asian
ancestries (Okada et al. 2014).

Discussion
Multiple-SNPs analysis has been well appreciated because
of its potentially improved statistical power in genetic
association studies. Most of the existing association studies
were done by assuming an additive genetic effect, but the
true genetic mode of inheritance is usually unknown in
advance. It is well known that a test derived from an
improper model might result in a substantial loss of power,
especially when the true genetic model is recessive. To

overcome this drawback, a new test, which is free of genetic
model assumption, is ideal. In this work, to handle this issue,
we proposed two tests, tpSSU and tpSKAT. By simulation,
we demonstrated that, compared with the test derived under
the additive genetic model, the testing power of tpSSU and
tpSKAT has a signiﬁcant improvement when the genetic
model of the causal SNPs is recessive or dominant. In fact, if
the underlying genetic model for causal SNP is recessive,
our proposed methods would show greater efﬁciency. To
demonstrate the potential of these two methods, we applied
tpSSU and tpSKAT into the studies of GENEVA diabetes
data and GAW16 RA data. In the analysis of type 2 diabetes
data, the proposed methods successfully identiﬁed many
genes, e.g. YTHDF1, SULTE1, NPFFR2, which have been
reported to be related to BMI by some existing studies. In
the analysis of RA data, two proposed methods obtained
consistent P value results (less than 106 ) for the 10q21.22
region, which is strongly associated with RA.
A genetic model is a measure of the risk of a functional
relationship, but in reality, it is usually unknown. Using
inappropriate genetic model will inevitably result in loss of

Two-phase SSU and SKAT
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Figure 6. The empirical power of the tpSSU, tpSKAT, SSU, and SKAT under scenarios S5. (a) 10 SNPs with the CS correlation structure
(CS). (b) 20 SNPs with the CS correlation structure (CS). (c) 10 SNPs with the AR-1 correlation structure (AR-1). (d) 20 SNPs with the
AR-1 correlation structure (AR-1).

efﬁciency especially when the true model is recessive
(dominant) and a dominant (recessive) used. The adopted
HWE test in this paper, which is determined only by case
data shows a high accuracy rate to detect the true genetic
model (Zheng et al. 2016; Hu et al. 2017).
In general, there is no consistency in most powerful tests
for multiple parameters in the case of multi-SNPs association
tests, nevertheless, the SSU and SKAT have shown its
popularity in most situation (Park et al. 2018). The SSU in
our work is the weight version of SSU in Pan (2009), which
is called the summation of weighted squared score in the
original paper. Both tests were based on ignoring the
covariance matrix of the score test statistic. In most situations, the summation of weighted squared score has a robust
property. There are also some other types of SSU. Pan and
Shen (2011) proposed the adaptive tests for association
analysis of rare variants and Pan et al. (2015) proposed a
general score-based statistic test. Except for the IBS kernel
function, the common kernel function for SKAT includes
linear kernel function and quadratic kernel function (Wu
et al. 2010). It has shown that SSU is equivalent to kernel
machine regression test with a linear kernel (Basu and Pan

2011; Wu et al. 2011). And a weighted version of SKAT is
also available and one can get more details about the setting
of weight in Wu et al. (2011).
In this work, we only consider the association between
multiple-SNPs and a binary trait. In reality, researchers have
pointed out that both recessive and dominant models can be
commendably deﬁned for a quantitative trait as well (e.g.
Zheng et al. 2016), the deﬁnition of the genetic model can be
got by a transformed binary trait. It is worth studying the
further extension of the two-phase method to the ordinal or
quantitative outcome.
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