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Abstract. Increasing evidence shows that one variant can affect multiple traits, which is a widespread phenomenon in complex
diseases. Joint analysis of multiple traits can increase statistical power of association analysis and uncover the underlying genetic
mechanism. Although there are many statistical methods to analyse multiple traits, most of these methods are usually suitable for
detecting common variants associated with multiple traits. However, because of low minor allele frequency of rare variant, these
methods are not optimal for rare variant association analysis. In this paper, we extend an adaptive combination of P values method
(termed ADA) for single trait to test association between multiple traits and rare variants in the given region. For a given region,
we use reverse regression model to test each rare variant associated with multiple traits and obtain the P value of single-variant test.
Further, we take the weighted combination of these P values as the test statistic. Extensive simulation studies show that our approach
is more powerful than several other comparison methods in most cases and is robust to the inclusion of a high proportion of neutral
variants and the different directions of effects of causal variants.
Keywords. association analysis; rare variant; common variant; multiple traits.

Introduction
Genomewide association studies (GWAS) have
successfully detected a large number of common genetic
variants in human complex diseases (Visscher et al. 2012;
Welter et al. 2014). However, these common variants
explain only a small proportion of disease heritability
(Maher 2008; McCarthy et al. 2008; Bansal et al. 2010).
Next-generation sequencing technology can identify the
rare causal variants that are associated with the complex
traits. Rare variants are actually responsible for part of
disease heritability (Pritchard 2001; Pritchard and Cox
2002; Manolio et al. 2009). Because of low minor allele
frequency of rare variant, it will be difficult to detect single rare variant. Hence, most of the methods used for single
common variant are underpowered to detect rare variants.
To improve the power of the rare-variant association test,
many approaches have been proposed to test the collective
effect of rare variants in a genomic region to enrich the
association signal. These methods are roughly divided into

burden tests and nonburden tests. Burden tests summarize
the rare variants in a genomic region by a single value and
then test the association between the single value and the
interesting trait, such as the cohort allelic sums test (Morgenthaler and Thilly 2007), the combined multivariate and
collapsing method (Li and Leal 2008), the weighted sum
statistic (Madsen and Browning 2009), the variable minor
allele frequency threshold method (Price et al. 2010), and
so on. The burden tests are more powerful to the same
directions of effects of variants and suffer from the loss of
power with both protective and deleterious variants (Basu
and Pan 2011). On the other hand, nonburden tests (also
called variance-component tests), evaluate the distribution
of genetic effects of a set of rare variants, such as the Calpha (Neale et al. 2011), the sequence kernel association
test (Wu et al. 2011). These methods are robust to the different directions of effects of variants.
However, almost all of the aforementioned methods
analyse only the association between multiple variants and
one trait. Increasing evidence shows that many human
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traits are highly correlated, and it is widespread for one
variant to impact on multiple traits in complex diseases
(Sivakumaran et al. 2011). Further, multiple correlated
traits are usually measured in complex diseases, such as
mental illness and behavioural disorders (Sattar et al. 2008;
Sivakumaran et al. 2011). The joint analysis of multiple
traits can increase statistical power to detect the genetic
variants and to provide additional insights into the genetic
architecture of the complex disease (Aschard et al. 2014).
Currently, there are many methods for detecting genetic
association in multiple traits such as regression methods
(Korte et al. 2012; OReilly et al. 2012; Zhou and Stephens
2014), combining test statistics from univariate analysis
(OBrien 1984; Yang et al. 2010; Van Der Sluis et al. 2013),
dimension reduction methods (Ott and Rabinowitz 1999;
Lange et al. 2004; Klei et al. 2008; Aschard et al. 2014).
Most methods have primarily focussed on the common
variants. In recent times there has been a gradual increase
in demand to develop statistic methods for detecting rare
variants associated with multiple traits. Tang and Ferreira (2012) proposed a method to simultaneously test
the association between multiple continuous traits and
rare variants across a gene or region in unrelated individuals, based on canonical correlation analysis (CCA).
Wang et al. (2016) used an adaptive weighting reverse
regression (AWRR) to test rare variants in a genomic
region associated with multiple traits. Madsen and Browning (2009) and Wang et al. (2016) used the weighted sum
reverse regression (WSRR) to test the association between
rare variants and multiple traits. When the three methods
(CCA, AWRR and WSRR) consider testing the collective
effect of rare variants in the region, this strategy inevitably
leads to include neutral variants, which may cause loss
of power. To address this type of issue, we extend an
adaptive combination of P-values method (termed ADA)
(Lin et al. 2014) to detect association between multiple
traits and rare variants in the given region, therefore the
method is termed MUL-ADA. For the given region, we
use reverse regression model to separately test association between each rare variant and multiple traits; in other
words, we treat all the traits as predictors and the number
of minor allele of rare variant as response variable. Based
on score test, we obtain the P value of single-variant test.
To guard against the noise caused by neutral variants, we
remove the variants with P values larger than a truncation threshold. Then we take the weighted combination of
the remaining P values as test statistic (Yu et al. 2009; Lin
et al. 2014). Weights of our approach are based on minor
allele frequencies and covariance between the first principal component of multiple traits and each variant, and
we apply sign of the covariance to reasonably distinguish
the directions of effects of variants. Consequently, because
of removing more neutral variants and reasonably using
weights to combine P values, our method is more powerful,
effective and robust. Extensive simulation studies indicate
that our proposed method really outperforms the other

comparison methods (AWRR, CCA and WSRR) over a
wide range. Because of using reverse regression model, our
method can be suitable for continuous traits, binary traits
and mixed types of traits, and does not need to know the
complex distributions of the traits.

Materials and methods
We consider continuous traits. Suppose that n subjects are
sequenced in the given region with M variants sites. Each
one has K correlated traits. For the ith individual, yik
denotes the kth continuous trait value, and gim ∈ {0, 1, 2}
denotes the number of minor allele at the mth variant
(i = 1, 2, . . . , n; m = 1, 2, . . . , M; k = 1, 2, . . . , K ). Due
to the extreme rarity of single rare variant, in fact, gim
essentially is 0 or 1. Let Yi = (yi1 , . . . , yiK )T denote the K
traits for ith individual. The detailed steps of our method
are given as follows.
Step 1 : Define the direction of effect of each rare variant.
We compute the first principal component of the K traits,
denoted as Ycomp . Let gm = (g1m , . . . , gnm )T for the mth
variant. If cov(Ycomp , gm ) > 0, the variant is called ‘deleterious variant’, and if cov(Ycomp , gm ) < 0, the variant is
called ‘protective variant’.
Step 2 : Obtain P value of single-variant association test
between each rare variant and the K traits. For the mth
variant, we apply reverse regression model:
logit(pim ) = am0 + am1 yi1 + · · · + amK yiK ,
(i = 1, 2, . . . , n)

(1)

where pim = P(gim = 1), m = 1, 2, . . . , M. Association
test between the K traits and each rare variant corresponds
to testing the null hypothesis H0 : am1 = · · · = amK = 0.
The score test statistic is given by
Sm = UmT Vm−1 Um ,
where
Um =

n
i=1
n

Yi (gim − g m ),
n
(gim − g m )2

1
i=1
n
1 n
gm =
gim ,
i=1
n

Vm =

i=1

(Yi − Y )(Yi − Y )T ,

and
Y =

1 n
Yi .
i=1
n

Under the null hypothesis, Sm is approximated by χK2 distribution, thus the P value of Sm can be obtained, which
is denoted as pm , m = 1, 2, . . . , M.
Step 3 : Combine the P values of single-variant tests as
statistic. To effectively guard against the noise caused by
neutral variants, we first impose a truncation threshold
upon the P values (pm , m = 1, 2, . . . , M), then combine
the P values that are smaller than the given truncation
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threshold. We allow multiple truncation thresholds and
assume that there are J candidate truncation thresholds
(θ1 , . . . , θJ ) (say, 0.1, 0.11, 0.12, . . . , 0.2) (Lin et al. 2014).
For the jth truncation threshold θj , the significance scores
of the deleterious and protective variants are separate
SRjd

=−

M


Table 1. Type-I error rates.

Case 1
Case 2

ψm · I[pm <θj ] · ωm · log pm

m=1

α

MUL-ADA

CCA

WSRR

AWRR

0.01
0.05
0.01
0.05

0.006
0.034
0.010
0.042

0.004
0.052
0.004
0.052

0.012
0.050
0.012
0.050

0.008
0.052
0.012
0.042

α represents the significance level.

and
p

SRj = −

M


ϕm · I[pm <θj ] · ωm · log pm ,

m=1

where ψm is the indicator variable, which is 1 if the effect of
mth variant is deleterious and 0 otherwise; ϕm is the indicator variable, which is 1 if the effect of mth variant is protective and 0 otherwise; ωm is the weight of the mth variant;
I[pm <θj ] is 1 if the P value of the mth variant is smaller than
the jth truncation threshold θj and 0 otherwise. We define
the weight ωm such that ωm will be large if the mth variant
is a rare one and has a strong association with the first
principal component of the K traits.
 For these purposes,

we define ωm = Beta(MAFm ; 1,25) cov(Ycomp , gm ), m =
1, 2, . . . , M, where MAFm is the minor allele frequency of
the mth variant.
Step 4 : Obtain the overall test statistic. For taking no
account of the direction of the effects, we use the statisp
tic, SRj = max(SRjd , SRj ). Let Pj be the P value of the
statistic SRj , for j = 1, 2, . . . , J. The overall test statistic is
T = min1≤j≤J {Pj }. Because variants within a functional
region are usually not independent, we use permutations to
evaluate the P values of the statistic SRj ( j = 1, 2, . . . , J)
and the overall test statistic T , based on the permutation
process of Lin et al. (2014).
Simulation studies
Simulation design: The GAW17 data set provides real
exome sequence data from 1000 Genomes Project, and is
used as the basis for simulation studies. The data set contains genotypes of 697 unrelated individuals on 3205 genes.
Based on this data set, we follow the simulation setting of
Sha et al. (2012), and choose four genes: ELAVL4 (gene 1),
MSH4 (gene 2), PDE4B (gene 3), and ADAMTS4 (gene
4) with 10, 20, 30, and 40 variants, respectively. The four
genes are emerged into a super gene (Sgene) with 100 variants. According to the genotypes of 697 individuals in the
Sgene, we generate genotypes of n individuals.
To evaluate the type-I error rate and power, we generate
K traits by the factor model:

√
Y = G + ργ f + 1 − ρε,
where Y = (y1 , y2 , . . . , yK )T , G = (g1 , g2 , . . . , gNc )T is
the vector of the genotype scores at the causal variants, Nc

is the number of rare causal variants,  = (β1 , . . . , βk , . . . ,
T
T
βK )T
K ×Nc , βk = (βk1 , . . . , βkNc ) , f = ( f1 , . . . , fR )
∼ MVN(0, I ) is a vector of R-independent standard
normal latent variables, I is the identity matrix, ε =
(ε1 , . . . , εK )T ∼ MVN(0, I ) is a vector of errors, γ is
a K × R loading matrix, and ρ is constant. In simulation studies, we consider two cases: (i) there is only
one factor (R = 1), and γ = (1, . . . , 1)T ; (ii) there
are two factors (R = 2), and γ = diag(D1 , D2 ), where
, D2 = (1, . . . , 1)T
. ThereD1 = (1, . . . , 1)T
[K /2]×1
(K −[K /2])×1
fore, Y ∼ MVN(G, ), where = ργ γ T + (1 − ρ)I .
For evaluating type-I error rates, let βkj = 0, k =
1, . . . , K ; j = 1, . . . , Nc . For power comparasions, we consider βkj , k = 1, . . . , K ; j = 1, . . . , Nc are constants and
their values depend on the total heritability. Suppose that
the heritability of each rare causal variant is not always
equal and rare causal variants impact all traits.
We compare our proposed method (MUL-ADA) with
AWRR (Wang et al. 2016), CCA (Tang and Ferreira 2012),
and WSRR (Madsen and Browning 2009; Wang et al.
2016). The AWRR and WSRR methods are implemented
with their R scripts.

Evaluation on type-I error rates: For evaluating type-I error
rates, sample size is set at 1000, P values are estimated by
1000 permutations and type-I error rates are evaluated by
500 replications. Table 1 summarizes the estimated typeI error rates for given different significance levels (termed
α, α = 0.01, 0.05) in two different cases, and shows that the
estimated type-I error rates are not significantly different
from the nominal levels.
Power comparisons: For power comparison, sample size is
set at 1000, P values are estimated by 1000 permutations
and powers are evaluated by 500 replications at a significance level of 0.05. In simulation, we consider different
values of heritability, different percentages of protective
variants, different percentages of causal variants, and different numbers of traits in two different cases.
Figure 1 shows patterns of power comparisons for
different values of heritability in two cases. In figure
1, our proposed method (MUL-ADA) is more powerful than the other three methods (CCA, AWRR and
WSRR). Of these three methods, AWRR is more powerful than CCA and WSRR, and WSRR is the least
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Figure 1. Power for different values of the total heritability in two cases. The sample size is 1000, and ρ = 0.5. 10% of rare variants
are causal, and 20% of rare causal variants are protective.

Figure 2. Power for different percentages of protective variants in two cases. The sample size is 1000, and ρ = 0.5. 10% of rare
variants are causal, and the total heritability of all causal variants is 0.04.

powerful. In addition, our method is much more powerful than the other three methods when the heritability is very small, because our approach can exclude
more neutral variants, strengthen the association signal
and guard against the noise caused by neutral variants.
Figure 2 shows patterns of power comparisons for different percentages of protective variants in two cases. In
figure 2, we can see that MUL-ADA is the most powerful,
and WSRR is the least powerful. MUL-ADA, AWRR and
CCA are robust to the percentage of protective variants.
However, WSRR suffers from substantial loss of power
when both deleterious and protective variants are present.
Figure 3 shows patterns of power comparisons for different percentages of causal variants in two cases. In figure 3,
MUL-ADA is the most powerful. The leading cause is that

our method can better guard against the noise caused by
neutral variants. WSRR is still the least powerful and suffers from loss of power with a high proportion of neutral
variants.
Figure 4 shows patterns of power comparisons for
different numbers of traits in two cases. In figure 4,
WSRR is the least powerful and MUL-ADA is the most
powerful. MUL-ADA and AWRR are robust to the different numbers of traits. But CCA and WSRR suffer
from loss of power with the increase of numbers of
traits.
In summary, our proposed method is more powerful
than the other comparison methods in most situations,
and is robust to the inclusion of a high proportion of neutral variants, and different directions of effects of causal
variants.
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Figure 3. Power for different percentages of rare causal variants in two cases. The sample size is 1000, and ρ = 0.5. 20% of rare
causal variants are protective, and the total heritability of all causal variants is 0.04.

Figure 4. Power for different numbers of traits impacted by causal variants in two cases. The sample size is 1000, and ρ = 0.5. 10%
of rare variants are causal, 20% of rare causal variants are protective, and the total heritability of all causal variants is 0.04.

Discussion
In genetic studies, joint analysis of multiple traits can
increase statistical power to detect genetic variants. But
the existing methods are usually suitable for common
variants. Consequently, there is a surprising demand to
develop statistical methods to detect rare variants associated with multiple traits. Here, we extend an adaptive combination of P-values method for single trait to
test rare variants associated with multiple traits. Further, our method can be suitable for continuous traits,
binary traits and mixed types of traits, and does not
need to know the complex distributions of the
traits.

In the presence of noise traits, our proposed method is
still powerful and effective through simulation studies. For
power comparison, we consider 10 traits and rare causal
variants impact on four traits among the 10 traits. Simulation results given in figure 5 indicate that the powers of the
three methods (MUL-ADA, CCA and AWRR) are very
close in most cases, and WSRR is the least powerful one.
When rare variants impact on all the traits, our method
is the most powerful. However, our method suffers from
loss of power in the presence of a large number of noise
traits (i.e., rare variants impact on two traits among the 10
traits). The leading cause is that we use the first principal
component of all the traits to define the direction of effect
of each variant.
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Figure 5. The total number of traits is 10, the sample size is 1000, and ρ = 0.5 in case 1. (a) Power for different values of the total
heritability, 10% of rare variants are causal, and 20% of rare causal variants are protective. (b) Power for different percentages of
protective variants, 10% of rare variants are causal, and the total heritability of all causal variants is 0.04. (c) Power for different
percentages of rare causal variants, 20% of rare causal variants are protective, and the total heritability of all causal variants is 0.04.
Causal variants impact on four traits among the 10 traits (a–c). (d) Power for different numbers of traits impacted by causal variants.
Ten per cent of rare variants are causal, 20% of rare causal variants are protective, and the total heritability of all causal variants is
0.04.

Owing to the fact that rare and common variants can
commonly cause complex disease (Walsh and King 2007;
Bodmer and Bonilla 2008; Stratton and Rahman 2008;
Ng et al. 2009; Teer and Mullikin 2010), we apply our
method to detect rare and common variants associated
with multiple traits. Concretely, variants are divided into
rare and common variants. For rare variant, we still apply
model (1) for testing single-variant association and obtain
P value of single-variant test. Because genotype score of
common variant is 0, 1 or 2, we use the proportional odds
models:
logit{P(gi ≤ l)} = αl + b1 yi1 + · · · + bK yiK ,

l = 0, 1, 2

where gi , yi1 , . . . , yiK are the same as those in model (1).
We use the likelihood ratio test to test the null hypothesis H0 : b1 = b2 = · · · bK = 0. Under H0 , the likelihood
ratio test statistic asymptotically follows χK2 and can be
obtained by R software. Thus the P value of each common
variant test can be obtained. Further we combine these P
values of common and rare variant tests as statistic. Further, in future we need to investigate the performance of

our proposed method for testing rare and common variants associated with multiple traits.
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