
 10.1101/gr.115998.110Access the most recent version at doi:
2011 21: 1099-1108 originally published online April 26, 2011Genome Res. 

  
Li Luo, Eric Boerwinkle and Momiao Xiong
  
Association studies for next-generation sequencing

  
References

  
 http://genome.cshlp.org/content/21/7/1099.full.html#ref-list-1

This article cites 28 articles, 7 of which can be accessed free at:

  
License

Service
Email Alerting

  
 click here.top right corner of the article or 

Receive free email alerts when new articles cite this article - sign up in the box at the

 https://genome.cshlp.org/subscriptions
go to: Genome Research To subscribe to 

Copyright © 2011 by Cold Spring Harbor Laboratory Press

 Cold Spring Harbor Laboratory Press on June 21, 2026 . Published by genome.cshlp.orgDownloaded from  Cold Spring Harbor Laboratory Press on June 21, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/lookup/doi/10.1101/gr.115998.110
http://genome.cshlp.org/content/21/7/1099.full.html#ref-list-1
http://genome.cshlp.org/cgi/alerts/ctalert?alertType=citedby&addAlert=cited_by&saveAlert=no&cited_by_criteria_resid=protocols;10.1101/gr.115998.110&return_type=article&return_url=http://genome.cshlp.org/content/10.1101/gr.115998.110.full.pdf
http://genome.cshlp.org/cgi/adclick/?ad=58174&adclick=true&url=https%3A%2F%2Fcellecta.net%2Ffxlscreen-genres-2301-468x68
https://genome.cshlp.org/subscriptions
http://genome.cshlp.org/
http://www.cshlpress.com
http://genome.cshlp.org/
http://www.cshlpress.com


Method

Association studies for next-generation sequencing
Li Luo, Eric Boerwinkle, and Momiao Xiong1

Human Genetics Center, University of Texas School of Public Health, Houston, Texas 77030, USA

Genome-wide association studies (GWAS) have become the primary approach for identifying genes with common var-
iants influencing complex diseases. Despite considerable progress, the common variations identified by GWAS account for
only a small fraction of disease heritability and are unlikely to explain the majority of phenotypic variations of common
diseases. A potential source of the missing heritability is the contribution of rare variants. Next-generation sequencing
technologies will detect millions of novel rare variants, but these technologies have three defining features: identification
of a large number of rare variants, a high proportion of sequence errors, and a large proportion of missing data. These
features raise challenges for testing the association of rare variants with phenotypes of interest. In this study, we use
a genome continuum model and functional principal components as a general principle for developing novel and
powerful association analysis methods designed for resequencing data. We use simulations to calculate the type I error
rates and the power of nine alternative statistics: two functional principal component analysis (FPCA)–based statistics, the
multivariate principal component analysis (MPCA)–based statistic, the weighted sum (WSS), the variable-threshold (VT)
method, the generalized T2, the collapsing method, the CMC method, and individual x2 tests. We also examined the impact
of sequence errors on their type I error rates. Finally, we apply the nine statistics to the published resequencing data set
from ANGPTL4 in the Dallas Heart Study. We report that FPCA-based statistics have a higher power to detect association of
rare variants and a stronger ability to filter sequence errors than the other seven methods.

[Supplemental material is available for this article.]

Testing the phenotypic association of millions of individual SNPs

across the genome has become the primary approach for identi-

fying genes having common variants influencing complex dis-

eases (Frazer et al. 2009; Hindorff et al. 2009). To date, hundreds of

putative disease gene loci have been identified by genome-wide

association studies (GWAS). Despite this progress, these newly dis-

covered loci typically account for only a small fraction of disease

heritability. This implies that individual common variations iden-

tified by GWAS are unlikely to explain the majority of phenotypic

variance on disease susceptibility (Schork et al. 2009). A potential

source of the majority of missing heritability is the contribution of

rare variants (Cohen et al. 2006; Ji et al. 2008; Marini et al. 2008;

Manolio et al. 2009; Nejentsev et al. 2009; Zhu et al. 2010). As

an alternative to the popular common disease common variants

(CDCV) hypothesis, it may be possible that common diseases in the

population at large are influenced by numerous rare or low-fre-

quency variants with large effects on disease risk (CDRV). Recently,

Dickson et al. (2010) proposed that the association of common

alleles identified by GWAS could come from the effect of rare alleles

and their association with common marker alleles.

Next-generation sequencing technologies have the potential

to discover the entire spectrum of sequence variations in a sample of

well-phenotyped individuals. Despite their promise, next-genera-

tion sequencing platforms also present challenges. First, the error

rate of these platforms is higher than conventional sequencing

methods, and many errors are not random events ( Johnson and

Slatkin 2008; Chaisson et al. 2009; Lynch 2009; Bansal et al.

2010a). These errors may be frequent enough to obscure true asso-

ciations or systematic enough to generate false-positive associa-

tions. Second, the data produced by next-generation sequencing

technologies also have a high rate of missing data (Pool et al. 2010).

Although imputation may be useful for common and low-fre-

quency variants, it is likely to be dubious for truly rare variants. In

some cases, the signal we seek consists of a single variant in a single

individual, where imputation will be of no use.

Traditional statistical methods testing the association of com-

mon alleles with common disease have mainly focused on the serial

investigation of individual variants. These methods are ill-suited for

large amounts of allelic heterogeneity present in sequence data

(Gorlov et al. 2008) and do not account for sequencing errors or

handle large amounts of missing data without imputation. Group

tests that record rare sequence variants at different genomic posi-

tions and collectively test association have recently been proposed

(Li and Leal 2008; Madsen and Browning 2009; Bansal et al. 2010b;

Li et al. 2010; Price et al. 2010). Although, in some cases, group tests

have higher power than the individual tests, they also suffer limi-

tations. First, group tests ignore differences in genetic effects among

SNPs at different genomic locations. Second, group tests do not le-

verage linkage disequilibrium (LD) in the data. And third, since se-

quence errors are cumulative when rare variants are grouped, some

group tests are sensitive to genotyping errors and missing data.

Recently developed functional data analysis techniques (Ramsay

and Silverman 2005) are ideally suited for association studies using

next-generation sequencing data. It has been shown that the

number of rare alleles in large samples is approximately distributed

as a Poisson process with its intensity depending on the total mu-

tation rate ( Joyce and Tavare 1995). The intensity of the Poisson

process within a genomic region can be interpreted as a function of

the genomic location. A collection of genetic variants for each in-

dividual can be viewed as a realization of the Poisson process. To

jointly test the association of multiple variants thus can be trans-

formed to test the equality of two random functions or processes

between cases and controls. However, we do not need to assume that

the number of rare variants strictly follow the Poisson process. The

purpose of this study is to use functional data analysis techniques
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to develop statistics for testing the phenotypic association of rare

variants with high power, nominal type I error rates and the ability

to buffer the impact of sequencing errors and missing data. A

program for implementing the developed statistics can be down-

loaded from our website, http://www.sph.uth.tmc.edu/hgc/faculty/

xiong/index.htm.

Methods

Model
Let t be the position of a genetic variant along a chromosome or
within a genomic region and T be the length of the genomic region
being considered. For convenience, we rescale the region ½0;T� to
½0;1�. Because the density of genetic variants is high, we can view t as
a continuous variable in the interval ½0;1�. Although the variants are
discretely located along the chromosomes, the map of variants from
next-generation sequencing is very dense. When the genomic
region is scaled into the interval of [0,1], the genomic location
parameter of the variants can be approximately viewed as a real
continuous number. The model that considers a chromosome as
a continuum is defined as the genome continuum model (Bick-
eboller and Thompson 1996). Assume that nA cases and nG con-
trols are sampled and sequenced.

We define the genotype of the ith case as

YiðtÞ =
2 MM
1 Mm
0 mm

8<
: ; i = 1; � � � ;nA; ð1Þ

where M is an allele at the genomic position t. We can define
a similar function XiðtÞ; ði = 1; � � � ;nGÞ for the ith control. Through-
out this study, functions YiðtÞ and XiðtÞ in which genomic in-
formation is recorded at multiple variant sites are referred to as
‘‘genetic variant functions.’’ The genetic variant functions can also
be defined by recording the allele status of the individual at the site.
We can also view the product of the value of the genetic variant
function and the probability of the variant site being functional as
a genetic variant function. We also can incorporate prior biological
information into the definition of genetic variant functions. The
definition of genetic variant function is very flexible.

Defining functional principal component analysis for genetic
variant data

Similar to principal component analysis (PCA) for multivariate data
where we consider a linear combination of variables to capture the
variations contained in the entire data, we can consider a linear
combination of functional values:

f =

Z 1

0

bðtÞXðtÞdt; ð2Þ

where bðtÞ is a weight function and XðtÞ is a centered genotype
function defined in Equation 1. To capture the genetic variations
in the genotype function, we chose the weight function bðtÞ to
maximize the variance of f . By the formula for the variance of
stochastic integral (Henderson and Plaschko 2006), we have:

Varðf Þ =
Z 1

0

Z 1

0

bðsÞRðs; tÞbðtÞdsdt; ð3Þ

where Rðs; tÞ is the covariance function of the genotype function
XðtÞ. Since multiplying bðtÞ by a constant will not change the
maximizer of the variance, Varðf Þ, we impose a constraint to make
the solution unique:

Z 1

0

b2ðtÞdt = 1: ð4Þ

Therefore, to find the weight function, we seek to solve the
following optimization problem:

max

Z 1

0

Z 1

0

bðsÞRðs; tÞbðtÞdsdt

s:t:

Z 1

0

b2ðtÞdt = 1

: ð5Þ

By the Lagrange multiplier, we reformulate the constrained
optimization problem (5) into the following nonconstrained op-
timization problem:

max
b

Z 1

0

Z 1

0

bðsÞRðs; tÞbðtÞdsdt + lð1�
Z 1

0

b2ðtÞdtÞ; ð6Þ

where l is a parameter.
By variation calculus (Struwe 1990), the weight function bðtÞ

that solves the problem (6) should satisfy the following integral
equation: Z 1

0

Rðs; tÞbðtÞdt = lbðsÞ ð7Þ

for an appropriate eigenvalue l. The left side of the integral
Equation 7 defines an integral transform R of the weight function
b. Therefore, the integral transform of the covariance function
Rðs; tÞ is referred to as the covariance operator R. The integral
Equation 7 can be rewritten as:

Rb = lb; ð8Þ
where bðtÞ is an eigenfunction and referred to as a principal com-
ponent function. Equation 8 is also referred to as an eigenequation.
Clearly, the eigenequation 8 looks the same as the eigenequation
for the multivariate PCA if the covariance operator and eigen-
function are replaced by a covariance matrix and eigenvector.

Since the number of function values is theoretically infinite,
we may have an infinite number of eigenvalues. Provided the func-
tions Xi and Yi are not linearly dependent, there will be only N � 1
nonzero eigenvalues, where N is the total number of sampled in-
dividuals (N = nA + nG). Eigenfunctions satisfying the eigenequation
are orthonormal (Ramsay and Silverman 2005). In other words,
Equation 8 generates a set of principal component functions:

Rbk = lkbk; with l1 $ l2 $ � � �

These principal component functions satisfy:

ð1Þ
Z 1

0

b2
kðtÞdt = 1

and

ð2Þ
Z 1

0

bkðtÞbmðtÞdt = 0 for all k < m:

The principal component function b1 with the largest eigen-
value is referred to as the first principal component function, and
the principal component function b2 with the second largest ei-
genvalue is referred to as the second principal component func-
tion, etc.

Computations for the principal component function
and the principal component score

The eigenfunction is an integral function and difficult to solve
in closed form. A general strategy for solving the eigenfunction
problem in Equation 8 is to convert the continuous eigen-analysis
problem to an appropriate discrete eigen-analysis task (Ramsay and
Silverman 2005). FPCA methods effectively pool data across in-
dividuals to estimate the covariance functions, eigenfunctions, and
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functional principal component scores by nonparametric tech-
niques that will use the correlation feature among the variants to
maximize the available information. Unlike the multivariate prin-
cipal component analysis (MPCA), the FPCA methods can be ap-
plied to sparse and irregularly spaced genomic variants data. They
will not assume that each person should have at least two rare
variants directly contributing to diseases.

In this study, we separately use discretization and basis func-
tion expansion methods to achieve this conversion. As is discussed
below, these two methods are not the same, and one or the other
may be more appropriate in specific situations. To help readers to
understand FPCA easier, we briefly introduce these methods.

Discretization method

In practice, the available genetic variants occur at discrete genomic
positions. Assume that in a genomic region there are K variable loci,
which are indexed as t1; t2; � � � tK . For the ith individual, the ob-
served genetic variants can be expressed as Xiðt1Þ; � � �XiðtKÞ. The
covariance function Rðs; tÞ at these loci can be written as a matrix:

R =
Rðs1; t1Þ; � � � Rðs1; tKÞ
� � � � � � � � �

RðsK ; t1Þ � � � RðsK ; tKÞ

2
4

3
5
:

ð9Þ

Let wk = tk+1�tk�1

2 ; k = 1; � � �K: The principal component function
bðtÞ at K loci is a vector and is written as b = ½bðt1Þ; � � � ;bðtKÞ�T . By
methods for numerical integration, the integral Equation 8 can be
converted to an ordinary matrix eigenequation. For each sk, we have:

RbðskÞ=
Z

Rðsk; tÞbðtÞdt » +
l

Rðsk; tlÞbðtlÞwl: ð10Þ

Then, Equation 8 has the approximate discrete form:

RWb = lb; ð11Þ
where W = diagðw1; � � � ;wKÞ.

Let u = W
1
2b: Then, Equation 11 can be reduced to:

W
1
2RW

1
2u = lu: ð12Þ

Equation 12 is the usual eigenequation from multivariate
analysis. Compute the eigenvalues lk and eigenvectors uk of
W

1
2RW

1
2. Then, bk = W�1

2uk and lk are a pair of discrete eigen-
functions and eigenvalues, respectively, of the original functional
eigenequation (8).

Basis function expansion method

Another method for solving the functional eigenequation (8) is to
expand XiðtÞ as a linear combination of the basis function fj:

XiðtÞ= +
T

j = 1

CijfjðtÞ: ð13Þ

Define the vector-valued function XðtÞ = ½X1ðtÞ; � � � ;XNðtÞ�T
and the vector-valued function fðtÞ = ½f1ðtÞ; � � � ;fT ðtÞ�T . The joint
expansion of all N genetic variant profiles can be expressed as:

XðtÞ = CfðtÞ; ð14Þ
where the matrix C is given by

C =
C11; � � � C1T

� � � � � � � � �
CN1 � � � CNT

2
4

3
5
:

Table 1. Type 1 error rates of five statistics for testing the association of rare variants in a genomic region with the disease

Sample size Method a = 0.05 a = 0.01 a = 0.001

500 CMC methodb (0.0486–0.0505) (0.0085–0.0096) (0.0004–0.0012)
Collapsing 0.0492 0.0107 0.0011
T 2 0.0410 0.0104 0.0005
FPCA (Fourier expansion) 0.0486 0.0093 0.001
FPCA (discretization method)a 0.0492 0.0101 0.0009
MPCA 0.0523 0.0100 0.0012
Individual x2 testc (0.0212–0.0559) (0.0042–0.0118) (0.0003–0.0011)

1000 CMC methodb (0.0262–0.0348) (0.0039–0.0093) (0.0003–0.001)
Collapsing 0.0527 0.0115 0.0011
T 2 0.0310 0.0053 0.0002
FPCA (Fourier expansion) 0.0494 0.0096 0.0008
FPCA (discretization method)a 0.0487 0.0106 0.0012
MPCA 0.0458 0.0089 0.0012
Individual x2 testc (0.0278–0.0513) (0.0046–0.0127) (0.0004–0.0011)

2000 CMC methodb (0.029–0.0457) (0.0044–0.009) (0.0003–0.0007)
Collapsing 0.0515 0.0116 0.0011
T 2 0.0340 0.0045 0.0003
FPCA (Fourier expansion) 0.0496 0.0096 0.0008
FPCA (discretization method)a 0.0474 0.0104 0.0010
MPCA 0.0459 0.0088 0.0006
Individual x2 testc (0.0322–0.0584) (0.0067–0.0122) (0.0004–0.0009)

3000 CMC methodb (0.039–0.0499) (0.0066–0.0105) (0.0002–0.001)
Collapsing 0.0516 0.0102 0.0011
T 2 0.0381 0.0060 0.0001
FPCA (Fourier expansion) 0.0487 0.0091 0.0008
FPCA (discretization method)a 0.0492 0.0085 0.0009
MPCA 0.0495 0.0101 0.0010
Individual x2 testc (0.0418–0.0524) (0.0056–0.0109) (0.0006–0.0013)

aThe number of eigenfunctions was selected to account for 80% of the total variation.
bSignificant levels for the CMC method are the range of levels obtained from testing the data of grouped genetic variants that correspond to three cut-off
values of allele frequencies: 0.0001, 0.0003, 0.0041.
cThe range of significance levels for the individual x2 test obtained from testing 40 loci.
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In matrix form we can express the variance–covariance func-
tion of the genetic variant profiles as:

Rðs; tÞ =
1

N
XT ðsÞXðtÞ

=
1

N
fT ðsÞCTCfðtÞ:

ð15Þ

Similarly, the eigenfunction bðtÞ can be expanded as:

bðtÞ = +
T

j = 1

bjfjðtÞ

or

bðtÞ = fðtÞTb; ð16Þ
where b = ½b1; . . . ; bT �T . Substituting expansions 15 and 16 of the
variance–covariance R(s,t) and the eigenfunction bðtÞ into the
functional eigenequation (8), we obtain:

1

N
CT CWb = lb; ð17Þ

where

W =

Z
T

fðtÞfT ðtÞdt:

The normalization condition
R

T b2ðtÞdt = 1 implies that:

bTWb = 1: ð18Þ

Let u = W
1
2b. Then, the eigenequation (17) and normalization

condition (18) can be reduced to:

1

N
W

1
2CT CW

1
2u = lu; uTu = 1: ð19Þ

Solving the multivariate eigenvalue and eigenvector prob-
lems in Equation 19 will yield the eigenvalue l and eigenvector u.
Then, the eigenfunction bðtÞ is finally given by:

bðtÞ= fT ðtÞW�1
2u: ð20Þ

If the basis functions fjðtÞ are orthonormal, then W = I, the
identity matrix.

Test statistic

We use the pooled genetic variant profiles XiðtÞ of cases and YiðtÞ of
controls to estimate the principal component function fjðtÞ using
the discretization or basis expansion methods. By the Karhunen-
Loéve expansion (Yao et al. 2005), XiðtÞ and YiðtÞ can be expressed as:

XiðtÞ= +
j

jijbjðtÞ

and

YiðtÞ = +
j

hijbjðtÞ; ð21Þ

where

Table 2. Impact of sequencing errors on the type 1 error rates of the test

Error rate Error rate Method a = 0.05 a = 0.01 a = 0.001
(Common) (Rare)

No No CMC method 0.0486–0.0505 0.0085–0.0096 0.0004–0.0012
Collapsing 0.0492 0.0107 0.0011
T 2 0.041 0.0104 0.0005
FPCA (Fourier) 0.0486 0.0093 0.001
FPCA (discretization) 0.0492 0.0101 0.0009
MPCA 0.0523 0.01 0.0012
Individual x2 0.0212–0.0559 0.0042–0.0118 0.0003–0.0011

0.00001 0.00001 CMC method 0.0469–0.0484 0.0065–0.0083 0.0004–0.0009
Collapsing 0.0448 0.01 0.0011
T 2 0.0563 0.0079 0.0005
FPCA (Fourier) 0.0492 0.0096 0.0009
FPCA (discretization) 0.0496 0.0106 0.0011
MPCA 0.0468 0.0079 0.0005
Individual x2 0.0252–0.0528 0.0038–0.0101 0.0003–0.001

0.0001 0.0001 CMC method 0.0383–0.0525 0.0063–0.0127 0.0003–0.0011
Collapsing 0.0542 0.0122 0.0014
T 2 0.0579 0.0088 0.0002
FPCA (Fourier) 0.0485 0.0102 0.0008
FPCA (discretization) 0.0511 0.097 0.0011
MPCA 0.0492 0.0096 0.0012
Individual x2 0.0242–0.0531 0.0045–0.0104 0.0002–0.0008

0.001 0.001 CMC method 0.0342–0.0611 0.0051–0.0125 0.0003–0.0014
Collapsing 0.0513 0.0095 0.0009
T 2 0.1105 0.0451 0.0054
FPCA (Fourier) 0.0497 0.0101 0.001
FPCA (discretization) 0.0503 0.098 0.0012
MPCA 0.0517 0.011 0.0007
Individual x2 0.0312–0.0543 0.0036–0.0112 0.0003–0.0014

0.001 0.01 CMC method 0.0408–0.049 0.0082–0.0113 0.0008–0.0012
Collapsing 0.0489 0.0087 0.0007
T 2 0.1557 0.0521 0.0073
FPCA (Fourier) 0.0493 0.0109 0.001
FPCA (discretization) 0.0508 0.0094 0.0011
MPCA 0.0477 0.0095 0.0012
Individual x2 0.0392–0.0528 0.0042–0.0114 0.0004–0.0011
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jij =

Z
T

XiðtÞbjðtÞdt

and

hij =

Z
T

YiðtÞbjðtÞdt;

where jij and hij are uncorrelated random variables with zero mean
and variances lj with +jlj < ‘. Define the averages �jj and �hj of the
principal component scores jij and hij in the cases and controls.
Then, the statistic for testing the association of a genomic region
with disease is defined as:

TFPC =
1

1
nA

+ 1
nG

+
k

j = 1

ð�jj � �hjÞ
2

Sj
; ð22Þ

where

Sj =
1

nA + nG � 2
½+

nA

i = 1

ðjij � �jjÞ2 + +
nG

i = 1

ðhij � �hjÞ
2�:

Under the null hypothesis of no association of the genomic
region, the test statistic TFPC is asymptotically distributed as a
central x2

ðkÞ distribution.

Results

Null distribution of test statistics

When the sample size is large, the distribution of the test statistic

TFPC for testing the association of the genomic region with a trait of

interest is distributed under the null hypothesis of no association

as a central x2
ðKÞ distribution, where K is the number of functional

principal components used in the test. To examine the validity of

this statement, we performed a series of simulation studies. We used

the MS software (Hudson 2002) to generate a population of 1 mil-

lion chromosomes each with 100 variable loci under a neutrality

model. Forty of the loci had a minor allele frequency (MAF) be-

tween 0.0001 and 0.036, and these were used to calculate the type I

error rates under the null hypothesis. The number of individuals

ranged from 500 to 3000, each with two chromosomes, and each

individual was assigned with an equal probability of being a case or

a control. Each data set was analyzed using the methods described

above, and 10,000 data sets were generated.

Table 1 summarizes the type I error rates of the statistics TFPC,

the multivariate PCA-based statistic (MPCA), Hotelling’s T2 test,

the collapsing x2 test, the CMC method, and the individual x2 test

for each locus with sample sizes 500, 1000, 2000, and 3000. For the

TFPC, both the discretization method and the basis function ex-

pansion method are provided. Table 1 shows that the estimated

type I error rates of the FPCA-based statistics TFPC and the col-

lapsing test were, in general, not appreciably different from the

expected nominal levels a = 0:05, a = 0:01, and a = 0:001. How-

ever, the type I error rates of the CMC method, the generalized T2

test, and the individual x2 test showed large deviations from the

expected nominal levels.

Impact of genotyping errors on the tests

The error rates for the new generation of sequencing technologies

are higher than traditional Sanger sequencing (Harismendy et al.

2009). Variants caused by sequencing errors may bias available

genotype–phenotype association tests. Investigating the impact of

sequencing errors on association analyses will provide guidance for

developing robust statistics for association tests. For simplicity, we

assumed that the genotyping error rate for common alleles (fre-

quencies $ 0.05) and rare variants (frequencies <0.05) ranges

Figure 1. Power of nine statistics: FPCA (discretization approach)–
based statistics, FPCA (Fourier expansion approach)–based statistic, mul-
tivariate PC–based statistic, WSS, VT, collapsing method, generalized T2

statistic, single marker x2 test, and CMC method (the variants with fre-
quencies # 0.005 were collapsed) as a function of proportion of risk-in-
creasing variants for testing association of 22 rare variants with the disease
under the additive disease model, assuming baseline penetrance of 0.01,
2000 cases, and 2000 controls.

Figure 2. Power of nine statistics: FPCA (discretization approach)–
based statistics, FPCA (Fourier expansion approach)–based statistic,
multivariate PC–based statistic, WSS, VT, collapsing method, generalized
T2 statistic, single marker x2 test, and CMC method (the variants with
frequencies # 0.005 were collapsed) as a function of proportion of risk-
increasing variants for testing association of 22 rare variants with the dis-
ease under the dominant disease model, assuming baseline penetrance of
0.01, 2000 cases, and 2000 controls.
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from 10�5 to 10�3 and from 10�5 to 0.01, respectively. We gener-

ated 500 cases and 500 controls, with each individual having ge-

notype data at 100 loci with MAF ranging from 0.0001 to 0.036

within a defined genomic region. As in the above case, 10,000

sample sets were generated. Table 2 provides the type I error rates

for each test in the presence of the variant genotype error rate

where the number of eigenfunctions was selected to account for

80% of the total variation and three cut-off values of allele fre-

quencies: 0.0001, 0.0003, and 0.0041 were taken for the CMC

method.

These errors led to no significant deviation of the type I error

rates of the FPCA-based statistics TFPC, the MPCA-based statistics,

and the collapsing method from the expected nominal levels.

However, we observed that sequencing errors, indeed, inflated the

type I error rates of the CMC method, the generalized T2 test, and

the single marker test. Table 2 strongly suggests that the FPC-based

statistics are insensitive to the genotyping errors.

Power evaluation

To evaluate the performance of the FPCA-based statistics for testing

the association of a set of rare variants with disease, we used sim-

ulated data to estimate their power to detect a true association. We

considered four disease models: additive, dominant, recessive, and

multiplicative. To mimic the distribution of rare variants in a nat-

ural population, we used the July 2010 release of genotype data of

the gene ‘‘CoL6A3’’ from 90 non-Hispanic white (CEU) individuals

in the exon pilot study of the 1000 Genomes Project (http://www.

1000genomes.org/). Based on these data, we included 22 rare vari-

ants with frequencies <0.05. The frequencies of the 22 variants are

summarized in Supplemental Table 1.

CoL6A3 haplotypes were inferred from genotype data using

phase 2.0 (Stephens and Donnelly 2003). A population of 2 million

haplotypes was generated by sampling from 180 inferred haplotypes

with replacement. Two haplotypes were randomly sampled from

the population and assigned to an individual.

An individual’s disease status was determined based on the

individual’s genotype and the penetrance for each locus. Let Ai be

a rare risk allele at the ith locus. Let Gki
ðk = 0;1;2Þ be the genotypes

aiai, Aiai, and AiAi, respectively, and f ki be the penetrance of ge-

notypes Gki
at the ith locus. The relative risk (RR) at the ith locus is

defined as R1i =
f 1i

f 0i
and R2i =

f 2i

f 0i
, where f 0i is the baseline pene-

trance of the wild-type genotype at the ith variant site. We assume

that for the additive disease model, R2i = 2R1i � 1; for the dominant

disease model, R2i = R1i; for the recessive disease model, R1i = 1;

and for the multiplicative disease model, R2i = R2
1i. The genotype

relative risk was assumed to be inversely proportional to MAF,

where the population attributable risk (PAR) of each group was

assumed to be 0.005 (Li et al. 2010). We assumed that the relative

risks across all variant sites are equal and that the variants influence

disease susceptibility independently (i.e., no epistasis). Each in-

dividual was assigned to the group of cases or controls depending

on their disease status. The process for sampling individuals from

the population of 2 million haplotypes was repeated until the de-

sired samples were reached for each disease model.

Figures 1–4 plot the power curves of nine statistics: FPCA-

discretization, FPCA-Fourier expansion, weighted sum statistic

(WSS), variable threshold (VT), multivariate principal component

(MPC)–based statistic, collapsing method, generalized T2 statistic,

single marker x2 test where permutation was used to adjust for

multiple testing, and the CMC method (variants with frequen-

cies # 0.005 were collapsed) as a function of the proportion of

risk-increasing variants for testing the association of 22 rare vari-

ants with disease under additive, dominant, multiplicative, and

Figure 3. Power of nine statistics: FPCA (discretization approach)–
based statistics, FPCA (Fourier expansion approach)–based statistic,
multivariate PC–based statistic, WSS, VT, collapsing method, generalized
T2 statistic, single marker x2 test, and CMC method (the variants with
frequencies # 0.005 were collapsed) as a function of proportion of risk-
increasing variants for testing association of 22 rare variants with the dis-
ease under the multiplicative disease model, assuming baseline pene-
trance of 0.01, 2000 cases, and 2000 controls.

Figure 4. Power of nine statistics: FPCA (discretization approach)–
based statistics, FPCA (Fourier expansion approach)–based statistic,
multivariate PC–based statistic, WSS, VT, collapsing method, generalized
T2 statistic, single marker x2 test, and CMC method (the variants with
frequencies # 0.005 were collapsed) as a function of proportion of risk-
increasing variants for testing association of 22 rare variants with the dis-
ease under the recessive disease model, assuming baseline penetrance of
0.01, 3000 cases, and 3000 controls.
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recessive disease models, assuming a baseline penetrance of 0.01.

The FPCA-based statistics had the highest power followed by WSS

and VT under the additive, dominant, and multiplicative disease

models. Under the recessive model, the collapsing method will

have higher power than the WSS and VTstatistics. The explanation

for this observation is that each individual in cases under the re-

cessive model may just have a few risk-increasing variants col-

lapsing then will not lose much information. The generalized T2

and CMC methods under all disease models have the lowest power

to detect association of rare variants. When the PAR is assumed

a constant, the number of risk-increasing variants determines the

marginal PAR of each variant in the group. From these figures, we

can see that the power of all nine statistics is an increasing function

of the proportion of risk variants.

Next, we study the impact of the sample sizes on the power.

We assume that half of the 22 rare variants were risk-increasing

variants under the additive, dominant, and multiplicative models,

and 70% of the 22 rare variants were risk variants under the re-

cessive model. Figures 5–8 show the power of the above nine sta-

tistics as a function of sample sizes. Similar to Figures 1–4, we ob-

served that the FPCA-based statistics had the highest power in all

cases. Differences in the power between the FPCA-based statistics

and the seven other statistics increased as the sample sizes increased

except for the collapsing method under the recessive model. We

also observed that most of the time the power of FPCA by expan-

sion is higher than that of FPCA by the discretization method, al-

though their difference is small.

Since the MAF of variants in the exon pilot data set in the

1000 Genomes Project is not very low, we used MS software

(Hudson 2002) to simulate 1 million individuals with 80 variants,

the MAF of which ranges from 0.0003 to 0.036. The results for MS

simulated data are summarized in Supplemental Figures 1–8.

Supplemental Figures 1–4 plot the power of nine statistics as

a function of the proportion of risk-increasing variants, and Sup-

plemental Figures 5–8 plot the power of the nine statistics as

a function of the sample sizes under the additive, dominant,

multiplicative, and recessive disease models. The patterns of power

of nine statistics for MS software simulated data were similar to

that for exon pilot data in the 1000 Genomes Project. The FPCA-

based statistics had the highest power, followed by the VT and

WSS. We observed that unlike the results for the simulated data

based on the exon pilot project, where the power of WSS was

higher than that of the VT statistic, the power of VT was often

higher than that of WSS for the MS software simulated data.

Application to a real data example

To further evaluate their performance, the FPCA tests were applied

to ANGPTL4 sequence and phenotype data from the Dallas Heart

Study (Romeo et al. 2007). A total of 93 variants were identified

from 3553 individuals. Since the FPCA method requires that each

individual should have at least two rare variants in the genomic

region being tested, we excluded 98 individuals with only one rare

variant. The total number of rare variants with a minor allele fre-

quency below 0.03 in the data set was 71. To examine the phe-

notypic effects of 71 rare variants in ANGPTL4, we selected two

groups of individuals with the lowest and highest quartiles of five

traits related to lipid metabolism. The individuals whose plasma

triglyceride levels less than or equal to the 25th percentile were

classified as the lowest quartiles of the triglyceride, and the in-

dividuals whose plasma triglycerides were greater than or equal to

Figure 5. Power of nine statistics: FPCA (discretization approach)–
based statistics, FPCA (Fourier expansion approach)–based statistic,
multivariate PC–based statistic, WSS, VT, collapsing method, generalized
T2 statistic, single marker x2 test, and CMC method (the variants with
frequencies # 0.005 were collapsed) as a function of sample sizes for
testing association of 22 rare variants, half of which were risk-increasing
variants, with the disease under the additive disease model, assuming
baseline penetrance of 0.01.

Figure 6. Power of nine statistics: FPCA (discretization approach)–
based statistics, FPCA (Fourier expansion approach)–based statistic,
multivariate PC–based statistic, WSS, VT, collapsing method, generalized
T2 statistic, single marker x2 test, and CMC method (the variants with
frequencies # 0.005 were collapsed) as a function of sample sizes for
testing association of 22 rare variants, half of which were risk-increasing
variants, with the disease under the dominant disease model, assuming
baseline penetrance of 0.01.
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the 75th percentile were grouped as the highest quartiles of the

triglyceride. We can similarly classify the individuals as the lowest

and highest quartiles of high-density lipoprotein cholesterol

(HDL), total cholesterol, very low density lipoprotein cholesterol

(VLDL), and body mass index (BMI). P-values from the FPCA-based

statistics, WSS, VT, MPCA-based statistic, the generalized T 2 sta-

tistic, single marker x2 test where permutation was used to adjust

for multiple testing, collapsing, and CMC methods for testing as-

sociation of rare variants in ANGPTL4 with the five traits are

summarized in Table 3. For the CMC method, variants with an

allele frequency below 0.005 were collapsed. The FPCA-based sta-

tistic, the CMC method, WSS, and MPCA showed that rare variants

in ANGPTL4 were collectively associated with BMI, and FPCA by

expansion had the smallest P-value. Comparing the FPCA and

MPCA tests for identifying association of the rare variants in

ANGPTL4 with triglyceride levels, we observed that the P-values for

the FPCA methods (0.0062 and 0.0077) are smaller than that for

the MPCA methods (0.0098). We also observed that P-values

by the FPCA-based statistics for testing association of the rare

variants in ANGPTL4 with triglyceride were smaller than the

P-value (0.016) in their original studies (Romeo et al. 2007). Only

the FPCA-based statistic identified an association of the rare vari-

ants in ANGPTL4 with HDL.

Discussion
The purpose of this study was to explore existing and newly pro-

posed methods for analyzing genotype–phenotype relationships

using large-scale DNA sequence data. These methods must be able

to meet both the opportunities and obstacles of existing se-

quencing technologies. We used a genome continuum model and

functional principal components as a general principle for de-

veloping novel association analysis methods designed for large-

scale sequence data. We use simulations that are based on either

the exon pilot data in the 1000 Genomes Project or MS software

(using population genetic models) generated data to calculate the

power of nine alternative statistics: two FPCA-based statistics,

MPCA-based statistic, WSS, VT, the generalized T 2 statistics, the

collapsing method, the CMC method, and the individual x2 test.

We report that the FPCA-based statistics have a higher power to

detect association of rare variants and better abilities to filter se-

quence errors than the other methods.

Data from large scale next-generation sequencing projects

have two special features: enrichment for rare variants and a high

frequency of sequence errors. Most traditional statistical methods

were originally designed for testing the association of common

alleles with common diseases and have mainly focused on inves-

tigations of individual variants. These methods are ill-suited for

rare variants for the following reasons: First, the power of the single

marker test (e.g., x2 test) is, in general, inversely proportional to the

frequency of the risk-raising allele. Therefore, many single marker

tests have enough power to detect associations of common alleles

with disease but lack the power to detect associations of rare alleles.

In the presence of allelic heterogeneity, the power of the current

variant-by-variant tests for association of rare variants will vanish.

Second, new sequence technologies are error-prone (Johnson and

Slatkin 2008). The impact of sequence errors on association ana-

lyses of rare variants is more severe than their impact on common

variants. As shown here, sequencing errors can inflate the type I

error rates of single marker tests of association with rare variants.

All of these points argue for a paradigm shift away from single

marker association analysis toward collectively testing for associ-

ation of multiple rare variants.

Figure 7. Power of nine statistics: FPCA (discretization approach)–
based statistics, FPCA (Fourier expansion approach)–based statistic,
multivariate PC–based statistic, WSS, VT, collapsing method, generalized
T2 statistic, single marker x2 test, and CMC method (the variants with
frequencies # 0.005 were collapsed) as a function of sample sizes for
testing association of 22 rare variants, half of which were risk-increasing
variants, with the disease under the multiplicative disease model, as-
suming baseline penetrance of 0.01.

Figure 8. Power of nine statistics: FPCA (discretization approach)–
based statistics, FPCA (Fourier expansion approach)–based statistic,
multivariate PC–based statistic, WSS, VT, collapsing method, generalized
T2 statistic, single marker x2 test, and CMC method (the variants with
frequencies # 0.005 were collapsed) as a function of sample sizes for
testing association of 22 rare variants, 70% of which were risk-increasing
variants, with the disease under the recessive disease model, assuming
baseline penetrance of 0.01.
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The current popular strategies for collectively testing for as-

sociation of multiple rare variants that form the basis for most

of the group tests (Bansal et al. 2010b) are to ‘‘collapse’’ sets of rare

variants into a single group and test differences in their collective

frequency between cases and controls. Such strategies for testing

the association of rare variants suffer some limitations. First, the

variants at different genomic locations may have different sizes of

genetic effects. The frequencies of the variants may not be the only

factor that determines the size of genetic effects. Collapsing sets of

rare variants into groups or its modified version with assigning

weights that are functions of variant frequencies cannot well ex-

plore the size information of genetic effects. Second, multiple rare

variants may be correlated. The group strategies do not take cor-

relations among variants into account.

To overcome these limitations, we proposed a genome con-

tinuum model and used a FPCA method that collectively uses all

of the information that can be accessed for testing the association

of multiple rare variants in a genomic region with a phenotype of

interest. These FPCA methods have several merits. First, the vari-

able at the individual variant site in genetic variant functions can

take integer values to code alleles or genotypes, or real numbers to

represent the number of reads of the sequences, the probability of

the variant being functional, or weights at the variant site. The

FPCA methods can use various types of genetic variant data and

can be extended for association studies of CNVs. They can also

incorporate the functional prediction of the variants into the

tests. Therefore, the FPCA methods provide a unified framework

for testing the association of the entire spectrum of genomic

variation. Second, the FPCA methods simultaneously use genetic

information of the individual variants and correlation informa-

tion (linkage disequilibrium) among all variants. They view the

genetic variation across the genomic region as a function of its

genomic location. Unlike group tests in which the correlated ge-

netic variants are treated separately, the FPCA methods use the

intrinsic functional dependence structure of the data and all

available genetic information of the variants in a genomic region.

Therefore, we can expect that the FPCA methods will have a high

power to detect association of the genomic regions. Through ex-

tensive simulations using 1000 Genomes Project real data and

simulated data based on a population genetics model, we dem-

onstrated that the power of the FPCA-based statistics is much

higher than that of the WSS test, the VT test, the MPCA-based

statistic, the single marker tests, the generalized T 2 test, the col-

lapsing method, and the CMC method. Third, genetic variant data

in a genomic region often have multicollinearity and high di-

mensionality, which the MPCA methods and the generalized T2

statistic are unable to deal with efficiently. FPCA methods use data

reduction techniques to compress the signal into a few compo-

nents. Smoothing data recorded at closely spaced variants can re-

duce the effects of noise. Therefore, application of FPCA-based

statistics helps mitigate the impact of sequence errors on tests. By

simulation, we showed that the impact of sequence errors on the

type I error rates of the FPCA-based statistics was much less than

their impact on the type I error rates for other statistics. Fourth,

missing data are another challenge for sequence-based association

studies. Due to the stochastic placement of sequence reads across

the genome, some regions may not be sampled at all or only at low

coverage. The rates of missing data for next-generation sequencing

platforms are often high (i.e., >20%). Ignoring missing data can

introduce biases in association studies. Because rare variants are

infrequent and irregularly spaced or missed, each individual has

relatively little available information, thus FPCA statistics effec-

tively pool data across individuals by smoothing techniques and

using the correlation feature of the genetic data to maximize the

available information. This feature makes the FPCA-based statistic

less sensitive to missing data.

Sequencing technologies are evolving rapidly and will soon

produce the entire spectrum of nucleotide and structural variation

for an individual in a timely and cost-effective manner. Applica-

tion of these technologies to a large sample of well-phenotyped

individuals provides a great opportunity to unveil the missing

heritability unexplained by current GWAS findings and for fully

dissecting the genetic architectures of complex diseases. However,

the development of efficient analysis tools for sequence-based as-

sociation studies is lagging. An over-abundance of rare variants,

sequencing errors, and missing data are three important challenges

for association tests of DNA sequence data. These challenges

greatly affect the type I error rates and power of the commonly

used statistics for testing genotype–phenotype associations for rare

variants. Although our results are early due to limitations of avail-

able next-generation sequence data from large samples of well-

phenotyped individuals, the concepts and methods described in

this study are expected to emerge as an alternative analytic frame-

work for genetic studies of complex disease and should stimulate

further discussions regarding challenges raised by novel sequenc-

ing technologies.
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