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ABSTRACT

It is critical to develop and apply powerful statistical tests for genetic association
studies due to typically weak associations with complex human diseases or pheno-
types. For population-based case-control studies with unphased multilocus genotype
data, most of the existing methods are based on comparing genotype scores, e.g. allele
frequencies, between the case and control groups. Another class of approaches are
motivated to contrast linkage disequilibrium (LD) patterns between the two groups.
It is expected that no single test can be uniformly most powerful across all situations,
and different tests may perform better under different scenarios. A recent effort has
been devoted to combining the above two classes of approaches, which however has
some potential drawbacks. Here we propose a general and simple framework to unify
the above two classes of approaches: it is based on the simple idea to incorporate LD
measurements, in addition to genotype scores, as covariates in a logistic regression
model, from which various tests can be constructed by taking advantage of the nice
properties of the score statistics for the logistic model. It also has an advantage in
easily accommodating covariates and other study designs. We use simulated data to
show that our proposed tests performed well across several scenarios. In particular,
in contrast to either of the two classes of the tests that is only powerful in detecting
only one, but not both, of the two types of the distributional differences between

cases and controls, our proposed tests are sensitive to both.

Key Words: Genome-wide association study; Linkage disequilibrium (LD); LD con-
trast test; Logistic regression; Multilocus analysis; Score test; SNP; Sum of squared

score tests.



1. INTRODUCTION

As genome-wide association studies have become feasible with many being under-
way, there have been intensive researches in developing powerful statistical tests to
detect genetic association with multiple single-nucleotide polymorphisms (SNPs) in
a candidate region. There are at least two compelling reasons for such developments.
First, for complex human diseases or phenotypes, recent studies have confirmed usu-
ally weak genetic associations, often with estimated relative risks only from 1.1 to 1.5,
hence powerful statistical tests are needed to discover genetic loci or variants weakly
associated with a disease (Altshuler et al 2008). Second, it is known that there is
no uniformly most powerful test for multiple parameters (Cox and Hinkley 1974),
as for association studies with multiple SNPs. Instead, different tests are expected
to perform best under different scenarios. For example, the standard multivariate
score test and a sum of squared score test can be each regarded as an estimated most
powerful tests (Pan 2009) under different situations.

Among the existing statistical tests for population-based case-control studies with
unphased multilocus genotype data, there are several classes of tests that aim to detect
different aspects of distributional differences of genotypes between cases and controls.
The first class includes some most popular approaches, such as Hotelling’s 72 test (Fan
and Knapp 2003; Xiong et al 2002) and single-locus-based tests (Roeder et al 2005).
These tests are based on comparing genotype scores between the case and control
groups. Another class includes a linkage disequilibrium (LD) contrast (LDC) test
(Zaykin et al 2006) and a modified LDC (mLDC) test (Wang et al 2007). The main
idea of these tests is to capitalize on possible differences of LD patterns between the
case and control groups (Hayes et al 2004). Because of their different targets, different
classes of the tests have high power for different aspects of distributional differences
of genotypes between the case and control groups. As expected, if the distributional

difference between the two groups is only or mainly in their mean genotype scores, the



first class of the tests is expected to be more powerful than the second class. Similarly,
if the main difference lies only in their varying LD patterns, the second class will be
more powerful, as to be confirmed by our simulation studies. For any real data, since
the distributional difference could be in either or both aspects, it would be desirable to
have a test that are powerful in detecting either and both types of the distributional
differences. For this purpose, Wang et al (2009) attempted to combine the ideas
of the two classes of approaches and proposed a Normal-based likelihood ratio test
(LRT) to compare both the mean vectors and covariance matrices of genotype scores
between the two groups. However, there are several potential drawbacks associated
with their method. First, a covariance matrix may not be most suitable for an LDC
test as pointed out by Zaykin et al (2006). More importantly, it cannot incorporate a
background-corrected LD measurement as proposed by Wang et al (2007), which was
adopted in the mLDC test shown to perform better than the correlation-based LDC
test. Second, their LRT is based on the working assumption that genotype scores have
a multivariate Normal distribution, which does not hold due to the discreteness of any
genotype score. Although the LRT test is still valid with this incorrect Normality
assumption, the power of the test can be negatively influenced, as to be shown.
Finally, due to the use of permutations and the need to calculate large covariance
matrices and their determinants, the method is computationally slow.

Here we propose a general framework under logistic regression to contrast both
genotype scores and LD patterns simultaneously. The basic idea is to incorporate
some terms measuring LD patterns, in addition to genotype scores, as covariates into
a logistic regression model. As for popular main-effects logistic regression, by taking
advantage of some nice properties of the associated score statistics, we can construct
a class of tests, not just a single one. Specifically, in addition to the usual multivariate
score test, we can also apply a sum of squared score (SSU) test or its weighted version

(SSUw), and univariate or single-locus-based minP (UminP) test. The SSU, SSUw



and UminP tests have been shown to perform well across a wide range of scenarios in
main-effects logistic regression models to compare genotype scores between the two
groups (Chapman and Whittaker 2008; Pan 2009). In this way, even only for the
purpose of contrasting LD patterns between the two groups, we have an expanded
set of LDC-type tests. For example, rather than taking a simple average of the
terms measuring LD differences between the two groups as in the LDC and mLDC
tests, we can take a weighted average by putting higher weights to those terms with
smaller variances as implemented in the SSUw test, or take the most significant
one as in the UminP test. Additionally and importantly, rather than depending on
computationally intensive permutations as in the LDC, mLDC and LRT tests, we
can use simple and accurate asymptotic distributions to calculate p-values for these
new tests. Furthermore, the proposed regression framework can easily accommodate
covariates and other study designs.

A potential technical difficulty in incorporating LD measurements into logistic
regression is the large number of regression coefficients induced by the added LD
terms, leading to possibly a large number of degrees of freedom (DF) and thus possibly
reduced power for a test. The SSU and SSUw tests, and to a lesser degree the
UminP test, are robust to the large number of parameters to be tested. In fact, the
SSU test (and thus SSUw) is closely related to an empirical Bayes test specifically
developed to test parameters in a high-dimensional space (Goeman et al 2006; Pan
2009). Hence, the robustness of these tests facilitates their use in a largely expanded
logistic regression model including many LD-related terms. As to be shown using
simulated data, if information on genetic association is mainly embedded in varying
LD patterns between the case and control groups, these tests are among the most
powerful. Otherwise, they may still maintain high power, and in particular are more
powerful than the LDC test (Zaykin et al 2006), mLDC test (Wang et al 2007) and
Normal-based LRT (Wang et al 2009).



2. METHODS

2.1 Data

We consider a population-based case-control study with a disease indicator as the
binary trait ¥; = 0 or 1, and some genotyped markers in a candidate gene or region
X; = (X, ..., Xix)". We adopt the popular dosage coding for X;;: X, ; =0, 1 or 2
represents the copy number of one of the two alleles present at locus j for subject
1, though other coding schemes can be equally adopted. Without loss of generality,
for the given data {(Y;, X;) : i = 1,...,m}, we assume that the first ny subjects are
controls with Y; = 0, and the next n; are cases with Y; = 1. The study goal is to test

whether there is any association between the trait and any markers.

2.2 Statistical Tests Based on Contrasting Genotype Scores
2.2.1 Logistic regression model

Many tests are based on a main-effects logistic regression model:
k
Logit Pr(Y; =1) = fo + Y Xi;3;, (1)
j=1

for which we would like to test the null hypothesis Ho1: 8 = (61,02, ..., Bk) = 0
versus Hy : 8 # 0.
2.2.2 Multivariate score test

To test Hy 1, a multivariate score test can be constructed with the score statistic
m

U=> (;i-V)X, (2)
i=1

with its covariance matrix consistently estimated by the expected Fisher information

matrix

V=Y( _Y)f:(xi - X)(Xi — X',

with Y =37 V;/mand X =7 X;/m. The test statistic is
Tseo = UIV_an (3)
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which, under Hy, has an asymptotic chi-squared distribution x? with degrees of free-
dom r=rank(V), typically » = k. A potential problems with the test is that, with
many SNPs, the test can be low-powered because of the cost of the large DF.

The above score test is closely related to the generalized Hotelling’s T2 test (Fan

and Knapp 2003; Xiong et al 2002) with test statistic
TH — (Xl _ XO)/S—l(Xl _ XO),

where X0 = 377 X;/ng and X' = > | X;/n; are the mean genotype scores
for the control and case groups respectively, and S is the pooled sample covariance

matrix. On the other hand, as shown by Clayton et al (2004), we have

U= (O—nl/m)ZX,- + (1 —ny/m) Z X; =nony (X' — X% /m

i=1 i=no+1
Hence, Ts., and Ty only differ in how the covariance matrix of the mean difference

between the two groups is estimated.

2.2.8 Single-locus-based test

The multivariate score test involves the use of a possibly large covariance matrix,
which may cause problems. A single-locus-based test would test individual SNPs one-
by-one, e.g., by univariate score tests, then combine the individual tests. The most
popular and simplest is the so-called univariate minP (UminP) test that takes the
minimum p-value of the individual tests, and then do a multiple testing adjustment.

Equivalently, one can combine individual score test statistics by their maximum:
2
TUminP = 112?5)2 Uj /Uja (4)

where Uj is the jth component of U and v; = Var(U;) is the jth diagonal element of
V.
A multiple test adjustment based on either permutation or the Bonferroni method

is commonly used. Because the Bonferroni adjustment is known to be conservative, it
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is more common to use a permutation method by permuting Y. Here we propose using
a faster simulation based approach (Seaman and Muller-Myhsok 2005; Chapman and
Whittaker 2008) to estimate the asymptotic null distribution. First, because the
asymptotic null distribution of U is known to be U ~ N(0,V), we simulate B iid
copies of U®’s from N(0,V) with b = 1,2..., B. Second, based on each U®, we
calculate T[(Jbr)nm p = maxicj<x U ](b)2 /v;. Third, the p-value of the UminP test is simply
Zszl ITyminp < T[(Jbr)nmp]/B. We used B = 1000 throughout.

In our experience, the above simulation-based method is much faster than the
permutation-based method. In addition to permuting the data, the permutation method
requires refitting the model or re-calculating the test statistic repeatedly from each
permuted dataset, which is typically more time-consuming than drawing a random
sample from the null distribution of the test statistic. With the score test here, due
to the available closed-form of the score statistic U (2) and its covariance matriz V'’s
invariance to permutation, the difference in computing time between the two methods
s not dramatic, though in a simulation to be discussed later, the simulation method
was 50% and 75% faster than the permutation method for sample sizes m = 1000 and
m = 2000 respectively. If the Wald test is used, the difference will be much larger: the
permutation method requires repeatedly fitting a regression model, each in an iterative
algorithm to estimate (3, while one only needs to fit the model once for the simulation

method.

2.2.4 Sum of squared score tests: SSU and SSUw

Next we describe two tests based on the multivariate score statistic. The key
feature of the two tests is their ignoring the full or non-diagonal elements of the
covariance matrix of the score statistic. The first one is to simply use the sum of the

squared scores as the test statistic

TSSU - U,U (5)



This test is equivalent to the permutation-based version of the test of Goeman et al
(2006). Although the Goeman test was derived under an empirical Bayes framework
to test on a large number of parameters, as arising in microarray gene expression
data, Chapman and Whittaker (2008) and Pan (2009) found that the Goeman test
worked impressively well across a wide range of scenarios for the main-effects logistic
model (1).

A weighted form of the SSU test is the SSUw test with

k
Tssuw = U'Diag(V)~'U = z U3 [v;. (6)

Hence, compared to the UminP test that takes the maximum of the individual uni-
variate score test statistics, the SSUw takes their sum (or equivalently, average). The
SSUw test can be interpreted as an estimated most powerful test (Pan 2009), which
also partially explains the good performance of SSU. Often SSU and SSUw perform
similarly, but for some situations SSUw can be more or less powerful as to be shown
here.

Asymptotically, each of the two test statistics is a quadratic form of Normal
variates, Q@ = U'W U, with W = I or W = Diag(V) respectively. It is well known
(e.g. Johnson and Kotz, 1970, p.150) that the distribution of @ is a weighted sum of
k independent chi-squared variates with DF=1, Zf 1 CiX3, where ¢;’s are the eigen
values of VW', Furthermore, by the results of Zhang (2005), S -1 CiXi can be well

approximated by ax? + b with

a= Y J - (25 16’2>2 d= <Z§:16?)3
ST LIS N S

To calculate a p-value, for example, for the SSU test, we use

Pr(Tssy > s|Ho) =~ Pr (x5 > (s —b)/a).

2.3 Statistical Tests Based on Contrasting LD Patterns
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Genetic associations can be revealed based on contrasting the LD patterns, e.g.
measured by composite correlation matrices, between the case and control groups
(Abecasis and Cookson 2000; Hayes 2004; Nielsen et al 2004; Schaid 2004; Zaykin et
al 2006). For the dosage coding, the composite correlation between two loci can be es-
timated by their Pearson correlation coefficient. Suppose that the Pearson correlation
matrices for the control and case groups are Ry = (r9) and Ry = (r};) respectively;
for example,

0 _ imn(Xij — X5)(Xa — X7)

T, =
gl 0.0 )
555

where X _Oj =y Xii/ne and 32 are the sample mean and sample standard deviation
of the genotype scores at locus j for controls, respectively. An LD contrast (LDC)

test is constructed with
TLDC = TY&CG ((R1 — Ro),(Rl — Ro)) s (7)

and its p-value is obtained based on permutation by shuffling the disease labels Y;’s.

Wang et al (2007) proposed a modified LDC (mLDC) test to better account for
background LDs. The method works in the following steps. First, a linear mixed-
effects model is fitted for the case and control groups separately. For example, for

controls, we have
X,’j =7 + bz + €ij, 1= 1, ..y N and ] = 1, ...,k,

where 7, is a fixed effect of locus j, b; ~ N(0,0,) is an iid random effect for subject
i, and e;; ~ N (0, 0.) is an iid random error term. Second, based on the above fitted
model, we obtain the best linear unbiased predictor (BLUP) of X;;, say XU Then
we form the BLUP-corrected residuals, z;; = X;; — X,] Note the different use of the
sample mean across all the subjects in the control or case group in the LDC test.

Third, we form the cross-products of the residuals:

n0 no m m
/\2l = Zzz’jzil = Z(Xij_Xij)(Xil_Xil); /\Jl-l = Z RijRil = Z (Xij—Xij) (Xa—Xa),
i=1 i=1 i=ng+1 i=ng-+1
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and their corresponding matrices A® = (A}) and A* = (A};). Finally the test statistic
is
Trmrpc = Trace (A" — A%/ (A" — A%)). (8)

Again permutation is used to obtain a p-value.

2.3 Testing on Differences of Means and of Covariance Matrices

It can be shown that the generalized Hotelling’s 12 test assesses the mean dif-
ference of the genotype scores between the control and case groups, while the LDC
test compares their correlation matrices. As noted by Zaykin et al (2006), rather
than the Pearson correlation matrix, the covariance matrix of each group can be also
used, though the latter did not work as well as the former. Based on this observation,
Wang et al (2009) proposed a Normal-based likelihood ratio test (LRT) to compare
the mean and covariance matrix differences simultaneously. Specifically, suppose that

the pooled and group-specific sample means are

B 1 m B 1 no B 1 m
X==) X;, X°=-) X; X'=— X;
yxoxe=lyw o=l y oy
=1 =1 t=no+1
and the sample covariance matrices are
1 & . .
S=— X, - X)(X; - X),
7 2= XY (X - )
1 S v 0\/ v 0 1 & v 1)/ v 1
So=—) (X; = X(X;— X°), S =— (X; — XV'(X; — XY).
Ng “ ny .
1=1 1=no+1
Then, the test statistic is
TLRT:m10g|S|—n010g|50|—n110g|51|. (9)

A permutation procedure is used to obtain its p-value.
Wang et al (2009) also proposed using principle component analysis (PCA) to
reduce the dimension of the genotype vector X;. Specifically, one applies PCA to the
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pooled sample and retains only the first k; PCs explaining at least 85% of the total
variation. Then the LRT is applied to the k; PCs as before. The resulting test is
called LRTpc.

As a result of dimensional reduction, the LRTpc test has a smaller DF and thus
possibly higher power than the LRT. Furthermore, for some data, the genotype scores
of some linked SNPs may be linearly dependent, leading to a singular covariance

matrix and consequently non-applicability of the LRT.

2.4 A Unified Framework: Logistic Regression

There are several potential drawbacks with the LRT and LRTpc tests of Wang et
al (2009). First, the tests use sample covariance matrices, not Pearson’s correlation
matrices (to estimate composite correlations) as preferred by Zaykin et al (2006).
More importantly, it is not clear how their tests can use BLUP-corrected residuals as
in the mLDC test advocated by Wang et al (2007). As shown by Wang et al (2007,
2009), the mLDC test performed better than the LDC test, providing a compelling
reason to use BLUP-corrected residuals, not the sample covariance matrices. Second,
the LRT and LRTpc tests are based on the Normality assumption on the distribution
of the genotype scores. Given each genotype score at any locus has only three possi-
ble values, its distribution cannot be Normal. Although the non-Normality does not
automatically render the LRT and LRTpc tests invalid, their power can be negatively
influenced by this incorrect working assumption. Third, the (asymptotic) null dis-
tributions of the two test statistics are unknown, hence computationally demanding
permutations have to be used to calculate p-values. Since for each permuted dataset,
it is time-consuming to calculate the sample covariance matrices and their determi-
nants, the LRT and LRTpc are much slower than any of the other tests considered
in this article. Here we provide an alternative that overcomes the above three short-
comings of the LDC and LDCpc tests. The main idea is to introduce some relevant

terms into a logistic regression model, and the corresponding score statistic will auto-
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matically contrast the means of these terms, including both genotype scores and LD
patterns, between the case and control groups. Accordingly, not just a single test,
but a class of tests as for the main-effects logistic model (1) can be constructed. First,
we consider a simple and straightforward way by incorporating two-way interactions

into a Full logistic regression model:

Logit Pr(Y; = 6o + Z X85 + Z i XaBi, (10)
J#l
and test a new null hypothesis Hyo: 61 = ... = By = 12 = ... = Br—1,x = 0 with any

of the tests introduced in section 2.2, for all of which we can quickly calculate their
p-values either by their asymptotic null distributions or by simulation.

As for a main-effect shown earlier, the score statistic for an interaction, say for
B2, 18

m o
U1,2 = nlno( Z XilXiQ/nl - ZXilXiQ/nO)/m

i=no+1 i=1

which contrasts the mean cross-products between the two groups in the same spirit of
the LDC test. Conceptually, the idea is related to using an LD measure to represent
interactions between two unlinked loci (Zhao et al 2006). More generally, rather than
using the two-way interactions, we can add various LD measurements, e.g. the cross-

products of the BLUP-corrected residuals into an LD+main-effects-logistic regression

model:
Logit Pr(Y; = b + ZX,JBJ + szzdﬂ]l (11)
j=1 J#l
and test Hyo: 31 = ... = By = f12 = ... = Br_1 = 0 with any of the tests introduced

in section 2.2. It is noted that the score statistic U = (Ug, Ugg)" contains two parts:
the first part Ug is for main effects parameters (0, ..., 0x), comparing the mean
difference of the genotype scores between the two groups, and the second part Upgg
for cross-product terms contrasts the LD patterns.

We can also construct tests based on contrasting LD patterns only, for example,

13



with an LD-only logistic regression model:

Logit Pr(Y; =1) = By + Z ZiiZiBj1- (12)
J#l
and test Hyo3: Bi2 = ... = By—1, = 0. In particular, the test statistic Tsgy for Hy 3 is

the same as T,,,;,pc (up to a constant), but they differ in how to approximate their null
distributions: the former is based on its asymptotic distribution while the latter is
based on computationally more intensive permutations. Regardless of their different
ways in estimating the null distributions, the analogy between our proposed tests
based on logistic regression and the LDC/mLDC tests is the same as that between
the logistic regression-based score test and the generalized Hotelling’s T? test, as
discussed before.

An advantage of our proposed logistic regression framework is that it provides
flexibility in incorporating various ways to combine the information in genotype scores
and LD patterns. Not only various tests can be directly applied to test Hyo in the
LD+main-effects model (11), but also we can combine several tests, some of them
test Hy 1 in the main-effects model (1) to contrast genotype scores while others test
Hy3 in the LD-only model (12) to contrast LD patterns. There is also flexibility
in how to combine. Here for illustration, we will use the minP method that takes
the minimum of the p-values from the two SSU tests applied to models (1) and (12)
respectively, then use the Bonferroni correction for multiple testing, as suggested by
a reviewer. Specifically, if the p-values from the SSU tests applied to the two models

are Pssy main 0nd Pssyp, then the p-value of the minP test is
Proinp = 2 min (Pssy,main, Pssv,Lp) - (13)

Note that it seems possible to apply the simulation method as discussed in section 2.2.3
to estimate the null distribution of the minP method to avoid the conservativeness of

the Bonferroni correction, and it is under our current investigation.
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A summary of the various methods is offered in Table 1. For our proposed logistic

regression, each of the listed tests in A) can be applied to each model listed in B).

3. RESULTS

3.1 Simulation I: Haplotype Effect Model
3.1.1 Simulation Set-ups

We performed a simulation study following the set-ups given in Wang et al (2009)
with £ = 10 marker SNPs and n; = 500 cases and ny = 500 controls. First, we
generated a latent vector from a multivariate Normal distribution with a compound
symmetry (CS) correlation structure with correlation coefficient pg; that is, the cor-
relation between the two latent variables at any two loci 7 and [ is pj; = py. Second,
the latent vector was dichotomized to yield a haplotype with minor allele frequencies
(MAFs) at various loci randomly chosen between 0.1 and 0.4. Third, for two inde-
pendently generated haplotypes hy = $11512...51,10 and hy = 89152...52,19 for any
subject, if we coded s;; = 1 or 0 for the minor or major allele at any locus 7, the non-
null haplotype effects on a continuous liability trait y* were g; = | 2;0:1 stj — 5|/b for
t =1 and 2; specifically, we had y* = g1 + ¢go + e for a non-null model, and y* = e for
a null-model, where e ~ N (0, 0) is a random error, and ¢ controlled noise level in the
data. Fourth, a disease status Y was generated as the binary indicator I(y* > 1.64).
For each set-up, we simulated 1000 datasets, from which we obtained an empirical
size or power for each test as its proportion of incorrectly or correctly rejecting its

null hypothesis respectively. With 1000 independent replications, the Monte Carlo
standard error of an empirical size or power, say p, is v/p(1 — p)/1000 < 0.016.

3.1.2 Simulation Results
Type I error rate: For the null models with various values of py, all the tests

except the multivariate score test based on the LD-only or LD+main-effects-logistic
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model maintained their Type I error rates close to the nominal significance level at
0.05 (Tables 2-3), but the above two score tests could have much larger Type I error
rates (not shown). For example, for the LD-only model, the test sizes of the score test
increased from 0.067 for py = 0 to 0.107 for py = 0.8. For their inflated Type I error
rates, we will not consider the two score tests in the LD-only and LD + Main-effects
models in the following comparisons.

Power: We can draw the following conclusions consistently across all scenarios
with three noise levels o. First, we consider how power changed with correlation
coefficient py. For the LRT, LRTpc and various LDC-type tests, the power increased
with pg, reflecting increasing LD differences. In contrast, for other tests comparing
genotype scores with or without contrasting LD patterns between the two groups, as
po Was increased, their power first increased, then decreased. Second, for a small p,
(e.g. po = 0), the SSU test (closely followed by SSUw) based on the Full-logistic model
was the overall winner; for an intermidate py, the SSU (or SSUw) tests based on either
the Full model, Main-effects model, or LD+main-effects model performed similarly
and were best, but as py was increased, the SSU test based on the LD+main-effects
model was the winner; for a large py, the SSU test based on the LD-only logistic
model had the highest power. Third, between the LRT and LRTpc tests, the former
won for a large p, while the latter was the winner for a small p;. Fourth, as shown
by Wang et al (2007), the mLDC test consistently performed better than the LDC
test, though the SSU test in the LD-only model was much better than the mLDC
test. Fifth, for a smaller py, the SSU test in the LD+main-effects model had an edge
over the minP test, but as py increased, the power of the latter exceeded that of the
former.

In summary, when LD was weak, the information about the trait-genotype as-
sociation was mainly contained in genotype score differences, for which the SSU or

SSUw test based on a logistic regression model with main-effects (and possibly other
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high-order terms) worked best. On the other hand, as the strength of LD was in-
creased, there was a stronger difference in LD patterns, but not in genotype scores,
between the two groups, for which case the SSU or SSUw test based on either LD-only
or LD+main-effects logistic regression was the most powerful.

To gauge the overall performance, we averaged the power of seven representative
tests over the values of py (Fig 1). For each noise level o, the minP test was the
overall winner, followed closely by the SSU test in the LD+main-effects model, and
then by the SSU test in the main-effects model.

3.2 Simulation II: Two-locus Disease Model
3.2.1 Simulation Set-up

To mimic real LD patterns, we used haplotype data of Wang et al (2009), contain-
ing two segments on chromosome 21 based on the CEU HapMap samples (Thorisson
et al 2005). Wang et al (2009, Table I) listed the haplotypes and their frequencies in
the two gene regions, each with 7 SNPs. The first region included 16 different haplo-
types, of which three haplotypes had a cumulative frequency of 73%. The second one
had only 13 haplotypes with the two most frequent having a cumulative frequency
of 69%. We combined two independently sampled haplotypes to obtain a vector of
marker genotypes for each subject. As in Wang et al (2009), we used the third SNP
in each of the two regions as the causal SNPs, say u; and us, with MAF equal to 0.14

and 0.066 respectively, and simulated a binary trait using a dominant genetic model:
LOgIt PI‘(YvZ = ]_) = 00 —+ 0111;71“ + 0212',11,2 —+ 01212',u11i,u27 (14)

where I;,, and I;,, were binary indicators of the presence of the minor alleles in the
two disease-causing SNPs for subject .

For the null model, we used #; = 0y = 65, = 0. We considered four types of
non-null models (Chatterjee et al 2006): i) a purely epistatic model with §; = 6, =0
and 01, = 0 > 0; ii) an additive model for odds ratio (OR) with 8 = (6,,6:) and

012 = 01 +0,+1og(ef +e4—1); iii) a multiplicative OR model (i.e. a main-effects model
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with only non-zero marginal effects and zero interacting effects) with 6, =6, =6 >0
and 615 = 0; iv) a cross-over model with #; = log(0.9), s = 0 and 61, = 6 > 0. For all
the models, we used 6 = —log(9) ~ —2.2. For each type of the true genetic model,
we varied the value of 6.

We excluded the two causal SNPs from the observed data, and combined the
remaining 12 marker SNPs as in a candidate region. We used a sample size of n; = 500
cases and nyg = 500 controls for each simulated dataset; 1000 replicates were used for
each simulation set-up, from which we obtained an empirical size or power for each

test as its proportion of incorrectly or correctly rejecting its null hypothesis.

3.2.2 Simulation Results

Type I error rate: For the null model, each of the tests seemed to maintain a
correct test size: the Type I error rates were always close to the nominal significance
level at 0.05 (Tables 4-5),

Power: First, the tests based on only contrasting LD patterns appeared to be
always low powered, while those based on (only or partly) comparing mean genotype
scores seemed to have higher power, suggesting that the information content for
genetic associations was mainly contained in mean genotype scores. Second, for the
purely epistatic model and cross-over model, the SSUw test based on the Full model
was the overall winner, closely followed by the UminP test based on the Full model.
On the other hand, for the other two underlying genetic models, the multivariate
score test based on the main-effects model seemed to be the overall winner, followed
by the SSUw and possibly SSU tests. Third, although the tests based on LD+main-
effects model were not most powerful, they had much higher power than the LDC
and mLDC tests, and than the LRT and LRTpc tests. Fourth, between the SSU test
for the LD+main-effects model and the minP test, neither dominated the other: each
performed better than the other for two genetic models.

In overall, averaged over the various parameter values in each genetic model, the

18



power of each of seven representative tests is shown in Fig 2. It is clear that, due to
the presence of interactions, the SSU test for the Full model was the overall winner,
closely followed by the SSU for the main-effects model, the minP test or the SSU for
the LD+main-effects model.

3.3 Simulation ITI: HapMap data for gene CHI3L2

3.3.1 Stmulation Set-up

We conducted a simulation study based on real LD patterns within the CHISL2 gene as
observed in the HapMap data. We downloaded the SNPs of the CHI3L2 gene for the
90 CEU (Utah residents with ancestry from northern and western Europe) individuals
from the HapMap site in June 2008. As in Wang and Elston (2007), first, we excluded
SNPs with MAF< 0.2, leaving 23 SNPs. Second, we did a single imputation for each
of the missing genotypes by randomly drawing an observed genotype at the same locus.
Third, we deleted redundant SNPs that were perfectly correlated with other SNPs,
leading to 17 remaining SNPs. Fourth, we repeatedly sampled (with replacement)
subjects from the 90 CEU individuals. As Wang and FElston, we chose the SNP
rs2182114 as disease-causing: if its genotype score was X;o for subject i, we generated

a disease indicator Y; from a logistic regression model
Logit Pr(Y; = 1) = 5y + log(OR) X, (15)

where we chose 3y = —log4 to give a background (i.e. not caused by the SNP) disease
probability of 0.2, and the association strength between the disease and causal SNP
was reflected by the odds ratio (OR), which ranged from 1 (i.e. no association) to 1.5.
Finally, following the case-control design, we sampled n; = 500 cases (with Y; = 1)
and ng = 500 controls (with Y; = 0). We excluded the disease-causing SNP when

applying various statistical tests. For each set-up, we simulated 1000 datasets.

3.3.2 Simulation Results

Type 1 error rate: For the null model with OR=1, each of the tests seemed to
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maintain correct test size with the Type I error rate close to the nominal significance
level of 0.05 (Tables 6), Due to the linear dependence among the SNPs, no result was
available for the Normal-based LRT method.

Power: The Full logistic regression model gave the highest power, closely followed
by the Main-effects model and LD+Main-effects model. Although there were no ex-
plicit interaction terms in the true model (15), due to the connection between an
interaction and LD (Zhao et al 2006), the Full model, as well as the LD+Main-
effects model, performed well for capturing distributional differences in both genotype
scores and LD patterns between the two groups. The Main-effects model also worked
well, presumably because the main distributional difference was in genotype scores
and it gained power from its small DF. The LDC-type tests all had low power, though
the mLDC test and the LD-only model performed better than the LDC test. Across
the various values of OR, the relative performance of the methods was consistent, as

shown in Fig 3.

4. DISCUSSION

We have proposed a general framework based on logistic regression to unify two
general approaches to detecting genetic association based on unphased genotype data:
rather than choosing between comparing genotype scores and contrasting LD patterns
between the case and control groups, as implemented in the Hotelling’s 72 test and
LDC test respectively, we can construct tests under this unified framework to simul-
taneously assess the two aspects of the distributional difference. The main idea is to
incorporate some LD measurements, as those for genotype scores, as covariates in a
logistic regression model. In this way, we can take advantage of the score statistic and
its associated nice asymptotic properties, to construct a class of suitable tests, such as
the SSU, SSUw and UminP tests, in addition to the standard multivariate score test,
whose null distributions can be easily estimated based on the asymptotic Normality of

the score statistic. Even if one is only interested in contrasting LD patterns between
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the case and control groups, logistic regression offers a general framework to construct
some alternative LDC-type tests. For example, rather than taking the simple average
of the LD differences as in the LDC, mLDC and our proposed SSU tests, we can take a
weighted average as in the SSUw test, or take the most significant difference as in the
UminP test, to summarize the distributional difference between the two groups. As
shown for contrasting genotypes scores, the above alternative tests can yield higher
power under some situations (Chapman and Whittaker 2008; Pan 2009). Importantly,
due to the nice asymptotic properties of the score vector for logistic regression (or any
generalized linear model, GLM), it is easy to derive the asymptotic null distributions
and thus calculate the p-values for these alternative tests. The logistic regression (or
more generally GLM) framework not only makes it straightforward to accommodate
other phenotypes (e.g. quantitative traits) and incorporate other covariates, such as
environmental or other risk factors, but also facilitates the extension of the proposed
tests to other robust non-likelihood-based estimation methods (Zhao et al 2003) or
other study designs, e.g. family-based association studies (e.g. Fan and Xiong 2003;
Baksh et al 2005), and to combining population- and family-based association studies
(Chen and Lin 2008; Hsu et al 2009).

Our numerical results have confirmed the good performance of the proposed tests.
As expected, if the distributional difference between cases and controls lies in both
genotype scores and LD patterns (while neither aspect dominates the other), the SSU
test based on an LD-+main-effects logistic regression model was most powerful. On
the other hand, when distributional difference is mainly in only one of the two aspects,
the SSU (or SSUw) test based on one of the two models, a main-effects (for genotype
scores) or an LD-only (for LD patterns) logistic model, was most powerful, while
that based on the other model may be quite low powered. In contrast, under these
situations, although the SSU (or SSUw) test based on an LD+main-effects logistic

model may not be most powerful, it still maintains high power. In particular, in all
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our examples, one of the SSU and SSUw tests based on an LD+main-effects logistic
regression model was always more powerful than the LDC and mLDC tests, and than
two recently proposed Normal-based LRT and LRTpc tests that compare the mean
and covariance differences between the two groups. Furthermore, our proposed tests
are computationally much faster than the four permutation-based tests.

Although we have focused on the application of any association test to a candidate
gene or region, we may extend the methodology to genome-wide association studies.
One strategy is to apply some existing algorithms to detect haplotype blocks as defined
as chromosome regions with SNPs in high LD, then apply an association test to each
of the haplotype blocks (Cardon and Abecasis 2003). A potential drawback is that
haplotype blocks may not be uniquely defined or detected by different methods. An
alternative is to apply an association test to several fixed-sized sliding windows along
a chromosome (Durrant et al 2004), or to all possible varying-sized windows with a
small preset mazimum number of SNPs inside (Cheng et al 2005). Guo et al (2009)
showed that, though computationally quite demanding, exploring all possible sliding-
window sizes could improved statistical power over that based on only haplotype blocks
or single SNP loci. In any case, our proposed tests can be coupled with a haplotype-
block searching or sliding-window strateqy for application to genome-wide association

studies.
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Table 1: A summary of various methods. Column Eq gives the equation numbers in
the text, and column p-value indicates whether a p-value is calculated based on the

permutation, simulation, Bonferroni adjustment, or asymptotic distribution.

Contrast
Methods Acronym Eq Reference Genotype LD  p-value
Logistic regression-based:
A) Tests: Pan (2009)
Al. Sum of squared score SSU (5) Asympt
A2. Weighted SSU SSUw (6) Asympt
A3. Single-locus score UminP 4) Simul
A4. Multivariate score Sco (3) Asympt
B) Models: Here
B1. Main-effects (1) Yes No
B2. Full (10) Yes Yes
BS. LD-only (12) No Yes
B4. LD+Main-effects (11) Yes Yes
C) Combining Al applied minP (13) Here Yes Yes  Bonfer
to B1 & B3
LD contrast test LDC (7)  Zaykin et al (2006) No Yes  Permut
Modified LD contrast test mLDC (8) Wang et al (2007) No Yes  Permut
Normal likelihood ratio tests: Wang et al (2009)
1) with original SNPs LRT 9) Yes Yes  Permut
2) with principle components LRTpc Yes Yes  Permut

Zhao J, Jin L, Xiong M (2006). Test for interaction between two unlinked loci. Am J
Hum Genet 79:831-845.
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Table 2: Empirical sizes and powers of various tests with nominal significance level
0.05 for simulation I. The latent variables for genotypes had a correlation structure

of C'S(po) with #SNP=10, and sample size ng = n; = 500.

Full model Main-effects
Model po LRT LRTpc SSU SSUw  UminP  Sco SSU SSUw  UminP  Sco
Null 0 .066 .064 .057 .055 .042 .059 .065 .060 .055 .060
2 .064 .071 .058 .053 .062 .043 .068 .073 .057 .059
4 .062 .066 .062 .063 .055 .060 .068 .062 .060 .067
6 .032 .051 .061 .057 .049 .039 .067 .067 .076 .052
8 .058 .064 .059 .056 .055 .046 .062 .061 .060 .068
o=23.0 0 .150 171 423 .405 218 113 .240 238 .140 228
2 239 .268 574 .540 .339 134 .562 .543 .350 322
4 343 .320 475 420 .330 151 587 557 404 310
6 .435 .405 .305 .248 .315 .169 .507 .463 .402 .296
.8 .536 466 182 141 .270 143 377 .302 361 .320
=25 0 .203 .260 .600 .583 .315 .159 .373 .363 .220 .344
2 372 429 743 717 .510 .209 749 742 .500 .509
4 499 494 627 575 489 215 763 744 574 461
6 .630 .582 434 377 465 235 .683 .640 .575 424
8 734 665 276 .216 420 217 531 471 .507 .498
o=2.0 0 377 474 .831 814 .505 281 .656 .647 .346 612
2 614 .680 918 .899 .736 .397 933 932 .739 764
4 745 .739 .833 784 723 .394 .929 922 .803 714
6  .854 .827 .650 591 .703 .393 .863 .843 .793 .683
8 .937 .879 415 .345 .646 .388 127 677 716 .758
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Table 3: Empirical sizes and powers of various tests with nominal significance level
0.05 for simulation I. The latent variables for genotypes had a correlation structure

of C'S(po) with #SNP=10, and sample size ng = n; = 500.

LD-only LD + Main-effects
Model po LDC mLDC SSU  SSUw  UminP SSU SSUw  UminP  minP
Null 0 .060 .040 .050 .053 .065 .063 .063 .060 .052
2 .066 .064 .061 .054 .065 .077 .062 .069 .068
4 .068 .072 .063 .058 .054 .063 .068 .058 .081
6  .042 .044 .042 .030 .055 .063 .055 .060 .053
8 .049 .049 .045 .046 .055 .060 .053 .051 .057
0=3.0 0 .054 .058 .067 .055 .057 .181 122 .083 .182
2 .070 125 .204 .145 115 .557 .364 .180 .500
4 .120 238 374 277 161 633 .523 273 624
6 .272 .405 .554 .422 .256 577 .569 .349 .600
.8 .436 514 .639 .506 .310 444 .555 .343 .609
c=25 .0 .049 .061 .079 .067 .058 .294 172 .103 .295
2 .065 .187 .332 224 .150 .745 .565 .286 .697
4 174 .382 .563 425 .252 812 715 408 794
6 .372 577 .751 .604 .397 172 764 .501 .853
8  .555 .701 .825 715 497 615 753 .539 .806
0=20 0 .056 .091 125 .089 .094 .560 .340 178 .562
2 .072 .347 .548 .397 253 937 .837 496 918
4 .259 .604 .793 .664 437 .950 914 .659 .940
6 .551 .814 932 .836 621 919 917 744 .946
8 .768 .929 971 932 .755 .833 .947 791 .965
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Table 4: Empirical sizes and powers of various tests with nominal significance level
0.05 for simulation II. The genotypes were generated from haplotype frequencies of
two regions based on the HapMap data with #SNP=12, and sample size ng = n; =
500.

Full model Main-effects

Model 0 LRT LRTpc SSU SSUw  UminP  Sco SSU SSUw  UminP  Sco
Null 0 .045 .040 .062 .054 .061 .031 .050 .057 .057 .040
Epist 1.59 235 .078 .391 496 461 .250 291 279 312 427
1.92 .398 .123 .637 .751 712 457 .490 479 .493 679

2.17 544 .169 .824 .888 .855 .646 691 .652 .634 .836

2.26 611 .190 .867 916 .888 704 .755 725 .695 .878

Addit (.62, .80) .362 153 747 .816 722 .420 .698 .649 613 .829
(.62, .87)  .407 173 .800 .862 776 468 .745 .700 .658 .872

(.89, .80) .544 .206 .936 .937 .897 712 923 .898 .864 974

(.89, .87)  .586 231 944 .949 913 .736 932 .910 .882 979

Multi 1.6 .178 .086 407 .445 .392 .187 .375 .326 .339 .516
1.8 .285 121 .697 .730 .624 .357 .653 572 .562 772

2.0 424 179 .869 .892 .818 .545 .823 793 .740 924

2.2 .583 .235 .947 .956 917 721 .929 .909 .872 978

Cross 1.89 .330 .101 .512 .620 .644 .367 377 .358 413 .551
2.16 .483 .140 .719 .815 .810 R yad .564 .546 .579 751

2.25 .546 155 786 .873 .858 .646 641 .609 .630 .810

2.40 .644 .190 .863 .925 .904 742 751 734 716 877
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Table 5: Empirical sizes and powers of various tests with nominal significance level
0.05 for simulation II. The genotypes were generated from haplotype frequencies of
two regions based on the HapMap data with #SNP=12, and sample size ng = n; =
500.

LD-only LD + Main-effects

Model 0 LDC mLDC SSU SSUw  UminP SSU SSUw  UminP  minP
Null 0 .045 .049 .050 .043 .051 .051 .042 .057 .044
Epist 1.59 .149 146 128 111 .158 239 157 .206 228
1.92 242 .246 .239 204 .268 450 .302 .386 439

2.17 .319 341 .332 .283 .383 .629 459 .534 .603

2.26 .382 .407 .385 .346 .409 .701 518 .584 674

Addit (.62, .80) .122 .161 .168 131 .188 .503 263 .378 .585
(.62, .87) 139 .188 191 143 213 .549 .286 429 .635

(.89, .80) .151 .252 275 .203 .236 .804 479 .686 .870

(.89, .87) 163 271 .304 226 .265 .825 .515 718 932

Multi 1.6 .073 .102 .098 .076 .102 .245 .130 183 .265
1.8 .109 142 .146 112 .143 436 227 337 .523

2.0 133 .209 .225 .163 204 647 351 .504 747

2.2 176 .265 .305 .220 .269 .823 515 676 .885

Cross 1.89 213 193 .189 .168 227 344 .246 312 .308
2.16 .302 .306 .301 .259 .357 .537 .392 492 .504

2.25 344 .355 .345 290 406 .601 459 .550 567

2.40 416 439 412 .366 484 713 .548 .622 679
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Table 6: Empirical sizes and powers of various tests with nominal significance level
0.05 for simulation ITI. The genotypes were generated from haplotype frequencies of
two regions based on the HapMap data with #SNP=16, and sample size ng = n; =
500.

Full model Main-effects
OR LRTpc SSU SSUw UminP  Sco SSU SSUw  UminP  Sco
1.0 .058 .043 .045 .058 .050 .054 .056 .052 .057
1.1 129 142 149 123 .060 128 133 128 .080
1.2 316 .395 410 .349 .103 370 .370 .333 160
1.3 571 .693 713 .638 .209 .683 .687 .649 .346
1.4 .818 .897 915 871 .358 .896 901 .883 579
1.5 .944 973 981 .965 .561 975 975 973 794

LD-only LD + Main-effects
OR LDC mLDC SSU SSUw UminP SSU SSUw  UminP minP
1.0 .051 .052 .048 .048 .059 .047 .052 .059 .046
1.1 .058 .085 .076 .066 .074 119 .078 .086 .108
1.2 .070 133 132 .106 129 .349 178 .205 307
1.3 122 219 229 185 .198 .634 .370 433 .593
1.4 192 .360 .368 .301 .303 .879 578 .710 .845
1.5  .274 .520 .518 .443 436 .969 787 .891 .957
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Figure 1: Average power in simulation I for each of methods 1-7, corresponding to the
LRT, Full-SSU test, Main-SSU test, mLDC test, LD-only-SSU test, LD+Main-SSU

test and minP test.
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Figure 2: Average power in simulation II for each of methods 1-7, corresponding to the
LRT, Full-SSU test, Main-SSU test, mLDC test, LD-only-SSU test, LD+Main-SSU

test and minP test.
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Figure 3: Power in simulation III for each of methods 1-7, corresponding to the
LRTpc, Full-SSU test, Main-SSU test, mLDC test, LD-only-SSU test, LD+Main-
SSU test and minP test.
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