Meta-analysis of genetic association studies
H Nakaoka and | Inoue

618

SOURCE OF HETEROGENEITY

A number of reasons have been advanced for heterogeneity in the
genetic effects across the results of various studies.>1447 False-
positive results in the initial studies and false-negative results in
small replication studies are implicated as the most likely reasons
for non-replications.31%1314 Inconsistency and between-study hetero-
geneity may be caused because of biases or genuine differences in the
genetic effects across populations. We review briefly in this article.

Biases

Differential biases due to population stratification, misclassification of
clinical outcome, genotyping error and overestimation of genetic
effect in the first study can be sources of between-study heterogeneity.

The presence of population stratification tends to spurious associa-
tions. It can be caused when there are undetected genetically different
subgroups within a study population and disease prevalence differs
among these subgroups.!62 The effect of population stratification on
the results of genetic association studies is debatable.5>-%6 According to
systematic reviews of meta-analyses of genetic association studies, it is
not so much frequent that difference in racial or ethnic groups could
explain heterogeneity.>6”

Inadequate assignment of cases and controls may cause misclassi-
fication bias. Although there is a possibility that misclassification of
cases and controls would weaken the gene-disease association, the
results of misclassification bias may be modest unless the trait is

. common.!332

Ioannidis et al.l conducted a systematic review of 36 meta-analyses
including a total of 370 genetic association studies. Statistically
significant between-study heterogeneity was observed in 14 meta-
analyses. Restricting to meta-analyses with at least 15 studies, 7 of 9
meta-analyses showed significant heterogeneity. In 25 or 26 meta-
analyses, the first study showed more predisposing or protective OR
than subsequent replication studies. Using cumulative meta-analysis
plots, the authors depicted the process that strong associations
claimed in the first study were regressed toward null associations, as
subsequent replication studies were accumulated over time. Similar
findings were reported in Lohmueller et al® Associations passing
predetermined thresholds of statistical significance tend to overesti-
mate the size of the genetic effect, especially when the sample size of
the study is small and the threshold is stringent in multiple testing
situations.®874 Such an upward bias is called as winner’s curse
phenomenon.>%°

Genuine differences
Differences in the pattern of LD structure over chromosomal regions
of interest across populations are implicated as a cause of between-
study heterogeneity in the genetic effects. Zondervan and Cardon’®
show that marker allelic OR can vary according to the extent of LD
between marker and true disease allele in terms of D’ and according to
mismatch between disease allele frequency and marker allele fre-
quency. This issue may be especially pronounced in the GWA settings
because the SNPs that most efficiently surrogate the other SNPs in a
genomic region with high LD (that is, tag SNPs) rather than putative
functional SNPs have been used to increase genome coverage. When
the extent of LD between tag SNP and true disease allele varies across
studied populations, the observed ORs could vary across studies.
Many common diseases are implicated to have a complex etiology
involving multiple genetic and environmental factors including their
interactions. Gene-disease associations can be modified when the
gene—gene or gene—environment interaction exists. If these interac-
tions are not identified and controlled for, the gene—disease associa-
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tions would be heterogeneous across populations according to
distribution of a genetic variant or prevalence of a particular environ-
mental exposure. It is needed to conduct a consortium-based
meta-analysis of individual patient data in large scale to account for
gene—gene or gene—environment interactions.’

SIMULATION STUDY

We conducted a simulation study to illustrate (i) the power of
Cochran’s Q test, (ii) the properties of measures of between-study
heterogeneity (I and H;) and (iii) the type I error rate and the power
of meta-analysis for detecting the gene-disease association in the
presence of between-study heterogeneity.

We consider meta-analysis of k case—control association studies
to estimate the overall genetic effect (6; log OR) of disease outcome.
The exposure status (AA, Aa and aa) of subjects included in each
case—control study are ascertained in the sampling manner outlined
below.”® The values ye{1, 0} are labels encoding case (1) or con-
trol (0). Let A denote the susceptibility allele, we assume the domi-
nant model and then the SNP genotype predictor value x was designed
as 1=AA or Aa, 0=aa. Under the assumption of HWE, the frequency
of x written as f, is calculated based on the disease allele frequency
fa: fi=1—(1—fa)®. The logistic regression model for ith study
(i=1,2,...,k) is produced as follows:

log (Pr(Y=1|x)/(1 = Px(Y = 1]x))) = o;;+6; x
where o; is the intercept and 6; is the log OR for ith study. 0; is
drawn from N (@, 72). 72 is the between-study variance. o; can be
calculated by using the equation for the prevalence of the disease

T dp"; g";i L. xf,. The genotypes of case and control subjects are
generated based on the conditional probabilities of x given by y as
follows:

oo exp(aitfx)
PriX=xY=1)= T 1+ exp(ot;+ix)’

fx 1

X
1-7" 1+exp(o+6;x)

Pr(X = x|V = 0) =

For each study, the genotypes of case—control samples were generated
and then the OR and its variance were calculated. Then, the ORs for k
studies were combined by FEM and REM meta-analyses. Cochran’s
Q test was conducted and the I* and HZ were measured.

We considered simple five simulation scenarios of meta-analyses.
The description of simulation scenarios is shown in Table 1. The
scenarios I, II and III were designed to be same in sample size within
each study but different in the number of included studies. In
scenarios III, IV and V, numbers of studies were different but total
number of case—control samples included in meta-analysis was fixed at
20000. The pairs of scenarios I and V or II and IV were designed to
have the same number of studies but differ in sample size within
each study.

We examined 126 parameter combinations for each scenario. The
between-study variance (t2) varied from 0.0 to 0.02 with increments
of 0.001. The true summary OR (exp(6)) was set to be 1.0, 1.4 or 2.0.
The disease allele frequency f was assigned to be 0.1 or 0.3. The
disease prevalence © was fixed at 0.01. The values of 2 were based on
the literature values reported by Moonesinghe et al.’ for the con-
firmed 10 loci in a meta-analysis of three GWA studies of type 2
diabetes.”” Therefore, our simulation would reflect the possible range
of between-study variance. For each scenario and parameter combina-
tion, 100000 simulations were carried out.



Table 1 Description of five simulation scenarios of meta-analysis

Scenario k Nease/Neontrof
| 5 500/500
1] 10 500/500
n 20 500/500
[\ 10 1000/1000
v 5 2000/2000

k denotes the number of included studies and Ncase and Agonirg are the number of cases and
controls within each study, respectively.
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The empirical power of Cochran’s Q test was evaluated by the
proportion of the simulation runs crossing the significance level of
0.1 when 2>0.0. The top row of Figure 2 shows the powers of
Cochran’s Q test obtained with five scenarios as the function of 2
when the overall OR=1.0 and f4=0.1 or 0.3. For each scenario, the
power increased as t? increased. Comparing among scenarios I,
II and III, the power increased as the number of studies increased.
When total number of case—control samples was fixed (that is,
comparing among scenarios III, IV and V), the powers were similar
but scenarios with smaller number of studies showed higher power
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Figure 2 Behaviors of test for and measures of between-study heterogeneity for five simulation scenarios as the function of <2, the disease allele frequency
fa=0.1 or 0.3, and the overall odds ratio (OR)=1.0. The top row shows the power of the Cochran’s Q test at the significance level of 0.1. The middle and
bottom rows show the means of 2 and H2, respectively. The lines of Hﬁ for scenarios I, Il and Ill are overlapping. The description of each simulation

scenario is in Table 1.
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when 72 was small. When numbers of studies were identical (that is,
two pairwise comparisons of scenarios I versus V or II versus IV),
meta-analyses with larger sample size showed higher power for the
same 72, The powers obtained with fy=0.3 were higher than those
with f,=0.1. For most of our parameter settings, the powers of
Cochran’s Q test did not reach at 0.8, although the significance level
was set to be 0.10.

The means of 100000 simulated values for the measures of
heterogeneity (I and H}) are shown as the function of t2 when
the overall OR=1.0 and f4=0.1 or 0.3 (the middle and bottom rows
of Figure 2). In practice, max{0, I} and max{0, HZ} are used to
restrict the ranges of these measures as positive. As the simulation
study of Mittlbock and Heinzl,> unrestricted values of I and H were
used to obtain unbiased distributions for these measures in this
study. These two measures presented monotonic increases as t2
increased. I? and H; increased as the sample size per study increased
(scenarios I versus V or II versus IV). The two measures obtained with
fa=0.3 were higher than those with f,=0.1. These results indicate that
P2 and H, increased as within-study variance, k/ (3%, w;), decreased.
Comparing scenarios I, II and III shows the important difference
between I* and Hy: whereas I* increased as the number of studies
increased, Hfd did not change (the lines of HZ, for scenarios I, II
and III are overlapping in the bottom rows of Figure 2). This
suggests that HZ may be a good indicator of comparing the
extent of between-study heterogeneity across meta-analyses. Similar
results and further discussion are provided by Mittlbock and
Heinzl>® The 95% intervals of simulated I and H}; were large,
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especially when the number of studies is small (Supplementary
Figure S1).

The type I error rate in meta-analysis was assessed as the proportion
of the simulation runs showing significant summary OR at the
significance level of 0.05 when the null hypothesis was true
(that is, the true overall OR=1.0). Figure 3 shows the type I error
rates of five scenarios when f4=0.1 or 0.3. When there was no
between-study variance (t>=0.0), the type I error rates under FEM
were well controlled at 0.05, but REM showed slightly conservative
results (the type I error ratex:0.04). As 72 increased, the type I error
rates under FEM rapidly inflated, but those under REM slightly
increased. The type I error rates under both models for the same 72
increased when sample size per study was large or f3=0.3. We should
note that the use of FEM could increase the type I error rate even to
the extent that the between-study heterogeneity could not be fully
identified by Cochran’s Q test and two measures I> and H%. For
example, in case of t2=0.005 and fy=0.3, the type I error rate under
FEM for five scenarios were 8.5-19.2% (Figure 3). For the parameter
setting, the powers of Cochran’s Q-test were 20.6-48.3%, the means of
PP were —51.9 to 20.8% and the means of HZ were 0.31-125
(Figure 2).

The power of detecting a gene—disease association was evaluated as
the proportion of simulation runs reaching the significance level of
5.7x 1077, assuming the consortium-based meta-analysis of GWA data
sets. As shown in Figure 3, applying FEM meta-analysis to hetero-
geneous genetic associations could lead to false-positive findings;
therefore, we considered only REM when assessing the power of
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Figure 3 The type | error rate in fixed effects model (FEM) and random effects model (REM) meta-analyses at the significance level of 0.05 for five scenarios
as the function of t2 and the disease allele frequency f4=0.1 or 0.3. The top and bottom rows show the type | error rates when applying FEM and REM,
respectively. The lines of the type | error rate under FEM for scenarios |, |l and |1l are overlapping. The description of each simulation scenario is in Table 1.
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Figure 4 Simulations for the powers in random effects model (REM) meta-analyses of detecting a gene-disease association at the significance level of
5.7x10~7 (the top row) and the mean odds ratio (OR) of the simulations passing the threshold (the bottom row) as the function of 72, the disease allele
frequency f4=0.1 or 0.3, and the overall OR=1.4 or 2.0. When the overall OR=2.0, the lines of the powers for scenarios Il, Il and IV are overlapping.

The description of each simulation scenario is in Table 1.

meta-analysis. The top row of Figure 4 shows the result, assuming the
dominant model and f4=0.1 or 0.3. When the true overall OR=14,
the power for each scenario gradually decreased as 12 increased.
Comparing scenarios III, IV and V, the decreases in the power for
the same t? were larger in the scenarios with large sample size per
study. While the values of vggy for scenarios III, IV and V were not
different, the values of vy for scenarios III, IV and V varied when
between-study heterogeneity was present. For the same t2 (>0), the
following inequality was true: vy for scenario V> vggy for scenario
IV > vgpym for scenario III. When 6 # 0, the mean of the distribution of
the Z-test under REM is A = 0/,/vrem. The power of detecting gene-
disease association of effect size of 8 is’®

Power = 1 — ®(Cypp — A)+®(—Cyp2 — 4)

where @ is the cumulative distribution function of the standard
normal and C,; is the upper a/2 percentage point of the standard
normal distribution. Along with the inequality described above, the
decrease in the power for the same t2 is larger in the scenarios with
large sample size per study when the total sample sizes are equal across
scenarios. When the overall OR was set to be 2.0, the powers did not
so much decrease in the simulated range of 72 Furthermore, we
calculated the mean OR of the simulations passing the genome-wide
significance threshold (P-value<5.7x10~7). The estimates of mean
OR were upwardly biased, especially in scenarios whose powers of
detecting gene-disease associations were low (the bottom row of
Figure 4). On the other hand, if the meta-analyses were sufficiently
powered (for example, the true overall OR=2.0), upward biases were
not so pronounced in the simulated range of 72.

Our simulation suggests that the power of meta-analysis of GWA
data sets to detect small genetic effect would decrease due to between-
study heterogeneity (12~0.02). As a result, the discovered gene—
disease association could have inflated effect (winner’s curse phenom-
enon). Such a winner’s curse phenomenon can be seen even to the
extent that the between-study heterogeneity could not be fully
identified. Similar results were obtained when different genetic models

(that is, recessive and additive in log-odds scale models) were
examined (data not shown).

CONCLUSION

We reviewed the process and the methods of meta-analysis
of genetic association studies. To conduct and report a transparent
meta-analysis, the search strategy, the inclusion or exclusion criteria of
studies and the statistical procedures should be fully described.
Assessment of HWE and determination of genetic model are
methodological issues relevant to meta-analysis of genetic association
studies.

In genetic association studies of common disease, effect size of
consistently replicated gene—disease associations were found to be
small (OR=1.2-1.5);!5 therefore, meta-analysis of GWA data sets is
the most important approach to increase the power to detect such
gene—disease associations.’

Our simulation shows that the power of REM meta-analysis of
GWA data sets to detect a small genetic effect could decrease due to
between-study heterogeneity and then the mean OR of the simulated
meta-analyses that passing the genome-wide significance threshold
would be upwardly biased. Recently, Moonesinghe et al.’6 show
that the required sample size in meta-analysis to detect an overall
association with adequate power at a significant level increases as
between-study heterogeneity increases and when the between-study
heterogeneity exceeds a threshold, meta-analysis cannot reach the
power regardless of how large included studies are. At the same
time, empirical evaluation of published meta-analyses®! and our
simulation study show the uncertainty of estimated between-study
heterogeneity is large unless many studies are combined.

These findings suggest that when a meta-analysis of GWA data sets
shows association signals reaching genome-wide significance with
small between-study heterogeneity, the result should be cautiously
reported and further replication studies by institutions other than
GWA teams are required.3> Moreover, when a large number of data
sets are available, challenges to explain and reduce the observed
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between-study heterogeneity may become important.”476 The knowl-
edge about the potential causes of between-study heterogeneity may
help. Such post-GWA research will enable us to map the causative
variant finely’® or to detect polymorphisms associated with clinically
important subtypes of diseases.??
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The Winner’s Curse

Hirofumi Nakaoka, Tokai University, Isehara, Kanagawa, Japan
lturo Inoue, Tokai University, Isehara, Kanagawa, Japan

Winners in competitive bidding are losers in that they
frequently pay too high a price. This phenomenon has
recently been noted in genetic association studies of
common diseases. The winner’s curse in genetic associ-
ation studies appears as upward bias in the estimated
effect of a newly identified allele on disease risk when
the study design lacks sufficient statistical power. The
winner’s curse manifests mostly in genome-wide associ-
ation (GWA) studies in which 300000-1000000 single-
nucleotide polymorphisms are tested. The winner’s curse
also occurs in meta-analysis of several GWA data sets. To
counter this effect, construction of a large-scale GWA
study or a consortium-based meta-analysis of GWA stud-
ies thatis sufficiently powered to account for the presence
of between-study heterogeneity is required.

Introduction

‘Winner’s curse’ was originally identified at competitive
auctions, in which winners paradoxically are losers in that
they pay too much (Thaler, 1988). The phenomenon was
first conceptualised in the context of competitive bidding for
oil-exploration concessionsin the 1970s (Capen et al., 1971).
In the competitive bidding environment, the estimated
value of a parcel will be extremely diverse among bidders
due to the difficulty of calculating the oil reserves. According
to the actual sales values at the time, the highest bid prices
were 5 to 10 times higher than the lowest bids. In the most
extreme case, it was 109 times higher. Furthermore, Capen
et al. showed that various competitors made such dissimilar
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bids even having the same basic data to assess the property
value, implying a large uncertainty underlying the estima-
tion of value. Whereas the average value of the parcels’
estimates may be roughly correct, the individual estimation
for a parcel will be either high or low. The bidder who esti-
mates the larger reserves for a tract will bid the higher price.
Capen et al. draw the following conclusions:

“In competitive bidding, the winner tends to be the
player who most overestimates true tract value” and
“He who bids on a parcel what he thinks it is worth will,
in the long run, be taken for a cleaning”.

They also performed a simulation study based on
mathematical modelling of competitive biddings and for-
mulated three conditions for more conservative bidding:

“The less information one has compared with what his
opponents have, the lower he ought to bid”, “The more
uncertain one is about his value estimate, the lower he
should bid”, and “The more bidders (above three) that
show up on a given parcel, the lower one should bid”.

The third condition might seem counterintuitive: we
tend to think when there are more bidders, a bid lesser than
contemplated will not be fruitful. However, the third con-
dition, like all three conditions, is meant to maximise the
rate of return rather than the area owned. In fact, when we
underestimate or correctly estimate the value, the tract is
more likely to be won by the opponent who most over-
estimates. Thus, when there are many bidders, the winner is
more likely to be one who overestimates the value. Indeed,
Capen et al. demonstrated by simulation that the larger the
number of opponents, the larger the degree of the over-
estimation of the value offered by the winner.

Recently, ‘the winner’s curse’ is frequently mentioned in
genetic association studies (Ioannidis et al., 2001; Ioannidis,
2008; Kraft, 2008; Lohmueller ez al., 2003; Nakaoka and
Inoue, 2009). Population-based genetic association studies
are conducted to identify susceptibility genes underlying
common diseases such as diabetes, schizophrenia and cor-
onary artery disease. Most genetic association studies are
based on case—control study design, in which cases with a
disease of interest and unaffected controls are selected from
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a population and allele or genotype frequency distributions
of a genetic variant are compared between affected and
unaffected subjects. If a correlation between genotype and
disease status s statistically significant, association between
the variant and the disease can be claimed. In case—control
study, the strength of the association is quantified as an odds
ratio (OR). For example, an allelic OR of 1.5 indicates that
each additional risk allele increases the risk of the disease
1.5-fold. The winner’s curse phenomenon in this field occurs
when a new gene—disease association is identified and the
genetic effect on disease risk quantifying the strength of the
association is overestimated (Ioannidis, 2008; Nakaoka and
Inoue, 2009; Zollner and Pritchard, 2007).

Although competitive bidding and genetic association
study differ in many ways, similar characteristics occur
with regard to the winner’s curse.

Genome-wide Association Study for
Common Diseases

Most common diseases are thought to be influenced by
multiple genes and environmental factors. Mapping of
susceptibility genes in common diseases such as diabetes,
cancers and coronary artery disease is a major challenge in
medical genetics. The common disease-common variant
(CDCYV) hypothesis is the most influential theory, in which
common diseases are attributable to common allelic vari-
ants, each having a modest effect (Lander, 1996; Reich and
Lander, 2001). On this hypothesis, genetic variants con-
tributing to common diseases can be identified by indirect
linkage disequilibrium (LD) mapping (Kruglyak, 1999).
Single-nucleotide polymorphisms (SNPs) in a genomic
region with high LD are highly correlated with each other.
When an SNP marker and true disease variant are in LD,
the disease variant can be detected by examination of the
association between the SNP marker and the disease status.
See also: An Evolutionary Framework for Common
Disease; Linkage Disequilibrium; Population History
and Linkage Disequilibrium; On Sequence Variants that
Influence the Risk of Common Diseases

In April 2003, the International Human Genome
Sequencing Project provided a finished-grade human gen-
ome sequence (International Human Genome Sequencing
Consortium, 2004; Lander et al., 2001; Venter et al., 2001).
The HapMap project provided information about human
genome variation, including the patterns of LD across the
human genome (The International HapMap Consortium,
2003). This data allowed researchers to select a subset of
SNPs (i.e. tag SNPs) that most efficiently surrogate the many
other SNPs across the whole genome. By genotyping hun-
dreds of thousands SNPs of the entire 3 billion base pair
genome, there is a reasonable possibility that such genome-
wide association (GWA) studies can identify susceptibility
genes under the CDCYV hypothesis (Hirschhorn and Daly,
2005; McCarthy et al., 2008). To date, several hundreds
of gene—disease associations have been reported (Hindorff

et al., 2009; Manolio et al., 2008). A typical process of
detecting GWA signals is shown in Figure 1a. See also:
Genome-Wide Association Studies; Genome-wide Associ-
ation Studies: The Success, Failure and Future; HapMap
Project; Human Genome Project: Importance in Clinical
Genetics

Stringent Genome-wide Significance
Threshold and Statistical Power to
Detect GWA Signal

We describe two methodological issues in GWA studies,
each of which is relevant to the occurrence of the winner’s
curse phenomenon: the stringent genome-wide significance
threshold and the statistical power to detect a GWA signal.
In GWA studies, a large number of SNPs (ranging from
300000 to 1 million) are statistically tested; therefore, the
issue of multiple comparisons or multiple testing must be
addressed. The use of the conventional P-value of 0.05 is
expected to generate 25000 false-positive associations by
chance alone when 500 000 SNPs are tested. This flood of
false-positive associations can be reduced by controlling
the family-wise error rate (FWER), which is the probability
of one or more significant associations under the null
hypothesis of no association at all. The simplest correction
of P-values for multiple comparisons is a Bonferroni cor-
rection. The genome-wide significance level based on
Bonferroni correction is ' = a/n, where « is the FWER and
n the number of SNPs tested. For 500 000 SNPs, the gen-
ome-wide significance level should therefore be set at
1.0 x 1077, corresponding to an FWER of 0.05. Such a
correction is somewhat conservative because the tests are
not mutually independent due to LD between SNPs. In
practice, one influential GWA study used a relaxed gen-
ome-wide significance level of 5.0 x 10”7 (Wellcome Trust
Case Control Consortium, 2007).

On the contrary, a stringent genome-wide significance
threshold may lead to lack of the statistical power to detect
gene—disease associations with modest effects on disease
risk. Indeed, effect sizes of consistently replicated gene—
disease associations have been found to be small
(ORs=1.2-1.5) in genetic association studies of common
disease (Khoury et al., 2007). As shown in Figure 2, more
than 2000 cases and the same number of controls are nee-
ded to detect a disease-susceptibility allele with frequency
0f 0.30 and OR of 1.3 at the genome-wide significance level
of 5.0 x 1077, Therefore, most single GWA studies are
underpowered to detect small genetic effects.

Consortium-based Meta-analysis of
GWA Studies

Meta-analysis is a statistical tool to combine results
from individual studies on the same research question.
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other SNPs across the whole genome
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Figure 1 Flowchart of a typical genome-wide association (GWA) study (a) and a consortium-based meta-analysis of GWA studies (b).
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Figure 2 Sample sizes required to detect an association of per allele odds ratio (OR) of 1.1, 1.2, 1.3, 1.5 and 2.0 with power of 80% at the genome-wide
significance level of 5.0 x 1077 as a function of disease-susceptibility allele frequency ranging from 0.05 to 0.95.

Meta-analysis improves the estimation of summary OR
and 95% confidence interval (CI) and increases the stat-
istical power to detect gene—disease associations (Munafo
and Flint, 2004). Consortium-based meta-analysis includes
pooled analysis using prospective data collection or exist-
ing data by collaboration with a consortium of investi-
gators in which definition of phenotype/outcome of
interest, genotyping platform, quality control of genotype
data and analytical method are determined by the con-
sortium (schematic representation of meta-analysis of
GWA data sets shown in Figure 1b; Ioannidis et al., 2005;
McCarthy et al., 2008; Seminara et al., 2007; Zeggini and
Ioannidis, 2009). Furthermore, meta-analysis of GWA
data sets can be performed when GWA data sets have been
deposited in publicly available databases or when the
authors of original GWA studies have provided ORs and
95% ClIs for all genotyped SNPs. Indeed, integration of
several GWA data sets has been designed and new sus-
ceptibility genes then discovered (Barrett et al., 2008;
Zeggini et al., 2008). A meta-analysis of three GWA data
sets for Crohn’s disease is an astonishingly successful
example of this procedure (Barrett et al., 2008). The com-
bined GWA data sets included 635 547 SNPs in 3230 cases
and 4829 controls. The combined GWA data sets were used

at the screening stage, and meta-analysis of the GWA data
sets and additional replication data sets confirmed 11 pre-
viously reported loci and identified genome-wide signifi-
cant signals for novel 21 loci.

Winner's Curse in Genetic Association
Studies

Candidate gene approach era

Before the advent of GWA studies, the candidate gene
approach was widely conducted. This approach examines the
association between a particular allele of a gene that may be
involved in a disease (i.e. a candidate gene) and disease status.
Once a gene—disease association is reported, replication
studies using independent populations are extensively
implemented to establish the credibility of the initial positive
finding. In the era of the candidate gene approach, however,
most of the initial positive associations were not reproducible
in the subsequent replication studies (Anonymous, 1999;
Cardon and Bell, 2001; Colhoun et al., 2003; Hirschhorn
et al., 2002; Ioannidis et al., 2001; Lohmueller ez al., 2003).
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A number of reasons have been advanced for the
inconsistency of the results of various studies on the same
research question (Colhoun et al., 2003; Hirschhorn et al.,
2002; Ioannidis, 2007; Salanti ez al., 2005). False-positive
results in the initial studies and false-negative results in the
small replication studies are implicated as the most likely
reasons for the lack of replication (Colhoun et al., 2003;
Hirschhorn et al., 2002; Ioannidis et al., 2001; Ioannidis,
2007; Lohmueller et al., 2003). Indeed, Hirschhorn and
colleagues retrieved 166 genetic associations by at least
" three separate publications and showed that only six
associations reached statistical significance consistently,
suggesting that a large number of original findings were
false-positive reports. At the same time, they also showed
that 97 of the 166 significant associations were reproduced
in at least 1 separate replication, suggesting another pos-
sibility that the underlying genetic effects were moderate
and that most of the replication studies were underpowered
to detect them. Furthermore, inconsistency and between-
study heterogeneity may be due to biases (e.g. population
stratification, misclassification of clinical outcome, geno-
typing error and overestimation of genetic effect) or
genuine differences in the genetic effects across populations
(e.g. differences in pattern of LD structure over chromo-
somal regions of interest across populations and the pres-
ence of gene—gene or gene—environment interaction).
Several review articles have addressed this issue (Ioannidis,
2007; Nakaoka and Inoue, 2009; Salanti et al., 2005).

In the process of probing the cause of inconsistency, the
winner’s curse phenomenon has been identified as being
partly responsible. Ioannidis et al. conducted a systematic
review of 36 meta-analyses including a total of 370 genetic
association studies (Ioannidis et al., 2001). Statistically
significant between-study heterogeneity was observed in
14 meta-analyses. Restricting to meta-analyses with at least
15 studies, 7 of 9 of these showed significant heterogeneity.
In 25 meta-analyses, the first study showed a more pre-
disposing or protective OR than subsequent replication
studies. Using cumulative meta-analysis plots of eight
gene—disease associations, the authors were able to depicta
process by which strong associations claimed in the first
study regressed toward null associations as subsequent
replication studies were accumulated over time. Intri-
guingly, the initial studies for these associations were
published in prestigious journals (of the eight associations,
five were in journals with an impact factor higher than 9).
Additionally, it is noteworthy that these associations
showed extremely impressive effect sizes at discovery (ORs:
2.1-5.7 for disease predisposing alleles and 0.03-0.22 for
protective alleles). Similar findings were reported in
Lohmueller et al. (2003). These data suggest that associ-
ations passing predetermined thresholds of statistical sig-
nificance tend to cause overestimation of the size of the
genetic effect on disease risk, especially when the sample
size of the study is small and the threshold is stringent
in multiple testing situations (loannidis et al., 2001;
Toannidis, 2008; Kraft, 2008, Lohmueller et al., 2003;
Nakaoka and Inoue, 2009). Such upward bias is the
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winner’s curse phenomenon appearing in genetic associ-
ation studies.

GWA study era

Theoretical considerations on the winner’s curse phe-
nomenon in GWA studies of common disease have been
constructed (Garner, 2007; Ghosh ef al., 2008; Nakaoka
and Inoue, 2009; Pereira et al., 2009; Yu et al., 2007; Zollner
and Pritchard, 2007). These indicate that the effect sizes of
initially identified associations are expected to be upwardly
biased when the study design lacks sufficient statistical
power. Such conditions have become ever more frequent in
GWA settings. As described earlier, the unprecedented
number of comparisons being made in GWA studies
imposes an extremely stringent significance threshold (e.g.
P<5.0x 1077) to control the FWER. As there is a trade-
off between type I and type II errors, the stringent signifi-
cance threshold can be achieved only at the expense of the
statistical power. Given that the effect sizes of gene—disease
associations are originally small (ORs=1.2-1.5), most
single GWA studies may be underpowered. Furthermore,
there is a possibility that the winner’s curse also occurs in
meta-analysis of several GWA data sets that is conducted
to improve the power of GWA study (Nakaoka and Inoue,
2009; Pereira et al., 2009).

Theoretical considerations on the winner’s
curse phenomenon in GWA studies

We first describe the possible cause of the winner’s curse
phenomenon in GWA studies and then use mathematical
modelling. We also present the results of our simulation
study to illustrate the winner’s curse in meta-analyses of
GWA data sets (Nakaoka and Inoue, 2009).

Assuming independent Kk GWA studies with the power of
(1—p) to detect a gene—disease association, the number of
GWA studies achieving genome-wide evidence of associ-
ation follows binomial distribution B(k,1—f). In this case,
k(1—p) studies are expected to show significant evidence.
Each study has an estimated OR for the association. The
estimated ORs have ‘uncertainty’ and therefore distribute
around the true OR. Although these estimated ORs may be
accurate on average, some take large values and others
small values. The independent £k GWA studies with the
same study design can be regarded as repeated data real-
isations from the same population. In repeated data real-
isation of large sample size, the standard error of estimated
log OR (se(6)) does not vary remarkably; therefore, test
statistic (Z = 6/se(0)) for each study depends largely on its
effect size (0, the natural logarithm of the OR; Garner,
2007, Ghosh et al., 2008). The observed effect sizes from the
studies passing the genome-wide significance threshold are
then larger than those from nonsignificant studies and
the average of all studies. Because the estimated ORs are
expected to be accurate on average, the effect sizes from
the studies showing significant associations are expected to
be upwardly biased.
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The preceding descrxptlon can be represented through a
simple mathematical model. Let 6 and 9 be the true and
estimated log OR, respectively, and se(0) be the standard
error of Q test statistic of test for the genetic effect is given
by Z=0/se(0). Under the null hypothesis, Hy:0=0, Z
follows a standard normal distribution N(0,1). By denoting
u=0/se(0), we can express Z ~ N(u,1) and then Z—pu fol-
lows N(0,1). When the absolute value of Z surpasses a
predetermined genome-wide significance threshold |Z| > ¢,
we have a genome-wide significant signal. Here, we can
consider the conditional probability density function
(PDF) of Z given that the corresponding association passes
the genome-wide significance threshold:

3 __pl@) _ 9z — 1)
=z||Z|>c)= p(1Z|>c) ~ [T M d(x)dx + my P(x)dx
$(z=

T O(—c—p) + O(—c+p) Y

j1v4

where ¢ and @ are the standard normal and standard
normal cumulative distributions, respectively, and
®(—c—u)+ D(—c+ p) the normalisation constant. We set
the genome-wide significance threshold at ¢=5.0, corres-
ponding to P<5.7x 1077, We assume pu=4.3, corres-
ponding to the power to detect the association at the
significance level is 0.24. That is, we assume that the study
does not have an optimal power. Under the parameter
settings, the two PDFs, ¢(z) and ¢(z—p), and the con-
ditional PDF, p(Z = z||Z| > c), are displayed in Figure 3a. In
this case, the conditional PDF is a truncated distribution as
depicted by green solid curve. The expected value of trun-
cated random variable Z following the eqn [1] is given by
Ghosh et al. (2008):

7 2(z — wydz + [ 2(z — p)dz
B> = v oo+ )
Plc—p) —plc+u)
O(—c — p) + ®(—c+u)

2]

This equation indicates that E(Z||Z| > c) is larger than u for
u>0(.e. 0>0), and vice versa, E(Z||Z| > c) is smaller than
u for <0, Thus, we can say that the expected value of
effect size (0) is exaggerated given that the associations pass
predetermined thresholds of statistical significance. Fur-
thermore, the degree of upward bias in effect size due to the
winner’s curse is larger especially when the power to detect
the association is low. This can be explained by a simple
graphical representation. Figure 3b shows the bias in test
statistic due to the restriction in range of |Z|>c as a
function of u:

gW)=E(Z||Z|>c) —
_ ble—p) —¢(ct+n) (3]
T O(—c—p) +O(—c+p)

Asshownin the eqns [2] and [3], the test statistic is unbiased
and takes the value of zero for 4 =0. For u#0, the absolute
value of bias in the test statistic decreases as the absolute
value of u increases. Given p=0/se(0), as the true effect
size of the association or the sample size gets larger, the test
statistic is not influenced by the winner’s curse. At the same
time, the bias becomes much smaller when the significance
threshold is relaxed (blue and black solid lines in Figure 3b
correspond to P<5.7 x 1077 and P <0.05, respectively).

We present results of a simulation study to illustrate the
possibility of the winner’s curse phenomenon in meta-
analysis of several GWA data sets (Nakaoka and Inoue,
2009). We simulate a consortium-based meta-analysis of
several GWA data sets (shown in Figure 1b). As described in
the previous section, meta-analysis of GWA data sets is a
powerful approach to detect gene—disease associations. In
GWA settings, the presence of between-study hetero-
geneity is likely to be common (e.g. population stratifi-
cation, different patterns of LD structures across
populations and genotyping errors). We demonstrate
through a simulation study that the power of meta-analysis
of GWA data sets to detect a small genetic effect that would
decrease due to between-study heterogeneity, and as a
result, the estimated effect sizes of the discovered gene—
disease association would be inflated.

We considered five simple scenarios of meta-analyses
(Table 1). For each scenario, we generated k independent
genetic association studies, where effect sizes for the studies
(0) followed 0; ~ N(0,1?) so that the effect sizes were het-
erogeneous across studies. Again, effect size is taken as the
natural logarithm of the OR. The 7° was the between-study
variance, which determines the degree of variability in the
effect sizes across studies. Given the number of affected and
unaffected subjects in the studies, we can derive the geno-
types of individual subjects given disease status. 0; was
calculated based on the observed genotype counts within
studies. f;s from k studies were combined to estimate the
summary effect size () by using the DerSimonian and
Laird random effects model (REM) (DerSimonian and
Laird, 1986). REM assumes that the genetic effects may
vary across studies due to genuine difference or differential
biases. Test of association was examined for each simu-
lation run. The simulations were repeated 100000 times.
The power of detecting a gene—disease association was
evaluated as the proportion of simulation runs reaching the
significance level of 5.7 x 10”7, corresponding to ¢=5.0.
To evaluate the effect of between-study heterogeneity on
the conclusion of the meta-analysis, we performed simu-
lations under the conditions that the between-study vari-
ance (%) varied from 0.0 to 0.02 with increments of 0.001.
The values of 7° were based on the literature values
reported in Moonesinghe et al. (2008) for the confirmed
10 loci in a meta-analysis of three GWA studies of type 2
diabetes (Scott et al., 2007). Thus, the simulation should
reflect the possible range of between-study variance.

When the true overall OR =14 (i.e. exp(f) = 1.4) under
the dominant model, the power for each scenario gradually
decreases as the degree of between-study heterogeneity (¢°)

6 ENCYCLOPEDIA OF LIFE SCIENCES © 2010, John Wiley & Sons, Ltd. www.els.net



The Winner's Curse

1.4 5

1.2 1

1.0

0.8 4

Density

0.6 1

0.4 1

024 !
pesn

$(z-1)
B(—c-p)+D(—c+u)

0.0,
-C
(@

O

Bias in test statistics

-10 -5
(b)

0 5 10
n

Figure 3 Graphical representation of theoretical consideration on the winner’s curse using mathematical modelling. (a) Three PDFs of test statistic Z: black
curve shows Z under the null hypothesis of no association; blue curve shows Z under the assumption that 1 = 4.3 corresponding to the power to detect

the association at the significance level (P<5.7 x 1077) is 0.24 and green curve shows Z conditional on |Z|>c. The area highlighted in blue shows p(|Z| > ¢).
For visualisation, we set cand y as 5.0 and 4.3, respectively. (b) Bias in test statistic due to the restriction in range of |Z| > c as a function of .

Table 1 Description of five simulation scenarios of meta-
analysis, where k denotes the number of included studies and
Nease AN Heoniror are the number of cases and controls within
each study, respectively

Scenario k Ncase Acontrol
I 5 500 500
II 10 500 500
111 20 500 500
IV 10 1000 1000
A% 5 2000 2000

Source: Adapted from Nakaoka and Inoue (2009), with permission
from Nature Publishing Group.

increases (Figure 4a). Comparison among scenarios I1I, IV
and V shows the decreases in the power for the same 7° to be
larger in the scenarios with large sample size per study.
When the overall OR is set at 2.0, the powers did not

decrease so much in the simulated range of t°>. Addition-
ally, we calculated the mean ORs of the simulations pass-
ing the genome-wide significance threshold (P value
<5.7x 1077). The estimates of mean ORs were upwardly
biased especially in scenarios in which power of detecting
gene—disease association was low (Figure 4b). On the con-
trary, if the meta-analyses were sufficiently powered (e.g.
true overall OR =2.0), upward biases were not so pro-
nounced in the simulated range of °.

Figure 5 shows that the empirical frequency distribution
of the estimated summary ORs of the simulation runs
passing the genome-wide significance threshold according
to 72. The true summary OR was set to be 1.4 under a
dominant model with disease allele frequency of 0.30.
Results from simulation scenario I are presented. The fig-
ure depicts several characteristics of the winner’s curse in
meta-analysis of GWA data sets. First, the frequency dis-
tributions are truncated, indicating that evidence of asso-
ciation can be achieved only when a certain degree of large

ENCYCLOPEDIA OF LIFE SCIENCES © 2010, John Wiley & Sons, Ltd. www.els.net 7
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between-study variance (z%) varied from 0.0 to 0.02 with increments of 0.001. Adapted from Nakaoka and Inoue (2009), with permission from Nature

Publishing Group.

effect size occurs. This finding is consistent with the
mathematical model described in the previous section,
where the conditional PDF of Z given that the corres-
ponding association passes the genome-wide significance
threshold is truncated. Second, as the between-study het-
erogeneity (1°) increases, the standard error of the esti-
mated summary OR increases and the numbers of
simulation runs passing the threshold (or the power)

decreases, and, at the same time, the modes of the distri-
butions gradually shift upward. For example, the fre-
quency distributions of 7°=0.0 and 0.02 reach their peaks
at OR=1.41 and 1.47, respectively. This is because the
estimated summary OR must be enlarged to make up for
the increase in the standard error attributable to between-
study heterogeneity to achieve the genome-wide signifi-
cance threshold.

8 ENCYCLOPEDIA OF LIFE SCIENCES © 2010, John Wiley & Sons, Ltd. www.els.net
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T

Figure 5 Frequency distribution of estimated summary odds ratios (ORs) of simulated meta-analyses passing the genome-wide significance threshold in
simulation scenario | in Table 1. The true OR is assumed to be 1.4 under dominant model with disease susceptibility allele frequency of 0.30.

Conclusions

Itis well known that the winners in an auction may be losers
in that they pay too much for the value obtained. We have
illustrated the characteristics of the winner’s curse phe-
nomenon in genetic association studies of common dis-
eases. Although these two environments differ, similar
characteristics manifest the winner’s curse phenomenon
(summarised in Table 2). In competitive bidding, the degree
of the overestimation of the value of an item offered is
larger when the number of opponents is greater or the
amount of information regarding the value is limited. We
should therefore bid more conservatively under such con-
ditions. An extremely large number of explanatory vari-
ables (i.e. SNPs) in genetic association studies play a similar
role to the number of opponents in auctions. In the era of
GWA studies, 300000-1000000 SNPs are tested for
association for a disease, and a stringent statistical signifi-
cance threshold must be imposed to avoid false-positive
findings. As a result, the power to detect weak gene—disease
associations at the threshold becomes suboptimal, and
evidence of association can be achieved only when a certain
degree of large effect size is observed, reminiscent of over-
estimations of value in competitive bidding. The sample
size required for confirmatory study is underestimated
when calculated based on this exaggerated genetic effect,
and replication study therefore fails to corroborate the
association. In addition, the lower the power of the original
study, the larger the bias in the resulting estimate of the
genetic effect.

To avoid the winner’s curse, large-scale GWA studies
with optimal power must be constructed. Recently, sev-
eral theoretical approaches have been offered to reduce
the bias in the estimates of the genetic effect of a dis-
covered association (Garner, 2007; Ghosh et al., 2008;
Yu et al, 2007, Zollner and Pritchard, 2007). These

ENCYCLOPEDIA OF LIFE SCIENCES © 2010, John Wiley & Sons, Ltd. www.els.net

methodologies are helpful to calculate the required
sample sizes to replicate the discovered associations (Yu
et al., 2007). In practice, replication studies on a large
scale are necessary to establish the credibility of dis-
covered findings.

Because most single GWA studies have been under-
powered for the detection of small genetic effects on disease
risk, consortium-based meta-analyses of GWA data sets
have been designed. Although meta-analysis of GWA data
sets is the most powerful approach to detect gene—disease
associations, there is nevertheless a possibility that the
power of a GW A meta-analysis decreases and the winner’s
curse reappears due to.the presence of between-study het-
erogeneity. Simulation studies show that the presence of
between-study heterogeneity can decrease power, skewing
the association signals reaching genome-wide significance
to be upwardly biased. Thus, a study design of consortium-
based meta-analysis of GWA data sets accounting for the
presence of between-study heterogeneity must be con-
structed and further data accumulation obtained after
initial findings from GWA meta-analyses to estimate
unbiased effect sizes of the discovered gene—disease
associations.

GWA studies are now beginning to unravel the
genetic architecture underlying complex diseases, and
recent successful discoveries of genetic variations associ-
ated with diseases are valuable resources. The winner’s
curse in genetic association studies does not diminish the
true value of genetic variations identified by GWA
approaches. Indeed, only a fraction of the potential
heredity risk of common disease has been accounted
for by SNPs so far. Further exploration of other types of
genomic variation such as rare and low-frequency single
nucleotide changes and insertions and deletions of nucle-
otides that may explain additional disease risk is also
promising.
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Table 2 One-on-one relationships between competitive bidding and genetic association study with regard to the winner’s curse

Genetic association study

phenomenon
Competitive bidding
Phenomenon e Winners in competitive bidding are losers in
that they frequently pay too high a price
e The larger the number of opponents, the
larger the degree of the overestimation of the
value offered by the winner
Background e The estimated value of an item will be
extremely diverse among bidders due to the
difficulty of calculating its true value
Cause e The winner tends to be the player who most
overestimates the value of the tract
Ways to e We should bid more conservatively if we have
overcome the limited amount of information compared

to our opponents, if we feel anxiety over our
estimated value, or if there are more bidders

o Effect size of a newly identified gene—disease

association is overestimated when the study design
lacks sufficient statistical power

The sample size required for confirmatory study is
underestimated when calculated based on this
exaggerated genetic effect, and replication study
therefore fails to corroborate the association

The lower the statistical power of the original study, the
larger the overestimation of the genetic effect

The unprecedented number of comparisons being made
in GWA studies imposes an extremely stringent
significance threshold to control the FWER. As a
result, most single GWA studies may be underpowered
The power of meta-analysis of GWA data sets to detect
a small genetic effect would decrease in the presence of
between-study heterogeneity

Under the condition that the study design lacks optimal
power, evidence of association can be achieved only
when a large genetic effect is observed

In the discovery phase, construction of a larger scale
GWA study or a consortium-based meta-analysis of
GWA studies that evaluates between-study
heterogeneity is required to reduce probability of

occurrence of the winner’s curse

o In the replication phase, methodologies for reducing
bias in the estimates of genetic effect are helpful to
calculate the sample sizes required to replicate the
discovered associations

FWER, family-wise error rate; GWA, genome-wide association.
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Differential Effects of Chromosome 9p21 Variation on
Subphenotypes of Intracranial Aneurysm
Site Distribution

Hirofumi Nakaoka, PhD; Tomoko Takahashi, PhD; Koichi Akiyama, PhD; Tailin Cui, MD;
Atsushi Tajima, PhD; Boris Krischek, MD; Hidetoshi Kasuya, MD; Akira Hata, MD; Ituro Inoue, MD

Background and Purpose—Recently, a genome-wide association study identified associations between single nucleotide
polymorphisms on chromosome 9p21 and risk of harboring intracranial aneurysm (IA). Aneurysm characteristics or
subphenotypes of IAs, such as history of subarachnoid hemorrhage, presence of multiple IAs and location of IAs, are
clinically important. We investigated whether the association between 9p21 variation and risk of IA varied among these

subphenotypes.

Methods—We conducted a case-control study of 981 cases and 699 controls in Japanese. Four single nucleotide
polymorphisms tagging the 9p21 risk locus were genotyped. The OR and 95% CI were estimated using logistic

regression analyses.

Results—Among the 4 single nucleotide polymorphisms, rs1333040 showed the strongest evidence of association with IA
(P=1.5X107%; per allele OR, 1.43; 95% CI, 1.24-1.66). None of the patient characteristics (gender, age, smoking, and
hypertension) was a significant confounder or effect modifier of the association. Subgroup analyses of IA subphenotypes
showed that among the most common sites of IAs, the association was strongest for IAs of the posterior communicating
artery (OR, 1.69; 95% CI, 1.26-2.26) and not significant for IAs in the anterior communicating artery (OR, 1.22; 95% CI,
0.96-1.57). When dichotomizing IA sites, the association was stronger for IAs of the posterior circulation—posterior
communicating artery group (OR, 1.73; 95% CI, 1.32-2.26) vs the anterior circulation group (OR, 1.28; 95% CI, 1.07-1.53).
Heterogeneity in these ORs was significant (P=0.032). The associations did not vary when stratifying by history of
subarachnoid hemorrhage (OR, 1.42; 95% CI, 1.18-1.71 for ruptured IA; OR, 1.27; 95% CI, 1.00—1.62 for unruptured IA)
or by multiplicity of IA (OR, 1.57; 95% CI, 1.21-2.03 for multiple IAs; OR, 1.36; 95% CI, 1.15-1.61 for single IA).

Conclusions—Our results suggest that genetic influence on formation may vary between IA subphenotypes.

(Stroke. 2010;41:1593-1598.)

Key Words: genetics m intracranial aneurysm m posterior circulation m subarachnoid hemorrhage

he rupture of an intracranial aneurysm (IA) is the most
common cause of subarachnoid hemorrhage (SAH) as-
sociated with high morbidity and mortality. IA is implicated
to be a multifactorial disease in which multiple genes and
environmental factors influence disease risk.! Recently, a
. multistage genome-wide association study of Finnish, Dutch,
and Japanese cohorts identified associations between single
nucleotide polymorphisms (SNPs) on chromosomes 2q33,
8ql11, and 9p21 and the susceptibility to IA.2 Among the three
loci, the 9p21 locus seems most intriguing because SNPs
identified by the genome-wide association study of IA are in
linkage disequilibrium with SNPs associated with several
other arterial diseases (coronary artery disease, abdominal
aortic aneurysm, and peripheral arterial disease),? and the

9p21 risk locus overlaps a newly annotated noncoding RNA,
called ANRIL (or CDKN2BAS).4

Patient characteristics such as gender, age, smoking habit,
and history of hypertension are well-established risk factors
affecting formation, growth, and rupture of IA.! Furthermore,
aneurysm characteristics such as the history of SAH, presence
of multiple IAs, and location of IA (hereinafter, referred to as
“subphenotypes” of IA) are clinically important because they
are associated with the outcome of patients with IA.56
Genetic dissection of IA subphenotypes is essential but
uncharted territory.”

We conducted a case-control study in the Japanese popu-
lation to evaluate the possibility of confounding or effect
modification of the 9p21 association through the environmen-
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tal risk factors and to investigate whether the association
between the 9p21 variation and risk of IA varied according to
subphenotype.

Materials and Methods

Study Participants

All study participants were Japanese and recruited at Tokyo Women’s
Medical University, Chiba University, and their affiliated hospitals. The
Ethics Committee of Tokyo Woman’s Medical University, Chiba
University, and Tokai University approved the study protocols and
all participants gave written informed consent.

Nine hundred eighty-one IA patients included 322 familial IA
patients (80 probands from nuclear families that had been used in our
linkage study® and 242 patients who had a family history of IA) and
659 sporadic IA patients. The presence of IA was confirmed by
digital subtraction angiography, 3-dimensional computed tomogra-
phy angiography, magnetic resonance angiography, or surgical
findings. Phenotyping of IAs, such as aneurysm location and number
of aneurysms, was performed by certified neurosurgeons. The
patients harboring saccular IA were included, but those harboring
fusiform or dissecting IA were excluded. All 699 controls were
screened for not harboring IA by means of neuroradiological
imaging such as MRI. IA patients and controls were classified as
hypertensive if they had a medical history of hypertension or were
currently receiving antihypertensive therapy. The subjects were
divided into 2 groups according to their self-reported smoking habit:
never-smokers and ever-smokers. The dataset was updated from our
previous studies.28 Baseline characteristics of the study participants
are summarized in Table 1.

SNP Genotyping

All study participants were genotyped for 4 9p21 SNPs (rs1333040,
rs2891168, rs2383207, and rs10757278). These SNPs were selected
as tag SNPs capturing SNPs previously reported to show strong
association to IA, coronary artery disease, abdominal aortic aneu-
rysm, and peripheral arterial disease>39-1% at 7*>0.9 in phase II
HapMap JPT (Japaneses in Tokyo, Japan) samples. Linkage disequi-
librium structure and selection criterion of the SNPs are shown in
Supplemental Figure I available online at http:/stroke.ahajournals.
org. Genotyping was performed by TagMan SNP Genotyping
Assays on the ABI PRISM 7900HT Sequence Detection System
(Applied Biosystems) or by direct sequencing with BigDye Termi-
nators v3.1 Cycle Sequencing Kit on the Applied Biosystems 3730
DNA analyzer (Applied Biosystems).

Statistical Analysis

The statistical significance of departure from Hardy-Weinberg equi-
librium in control samples was examined by means of the exact test
using PLINK software.!* We assessed the significance of association
using the Cochran-Armitage trend test. To determine the most likely
genetic model, additive and nonadditive effects were modeled in the
context of logistic regression analysis by defining the SNP genotype

0,aa 0, aa
predictor value x; andx, asx; = {1,A2 andx, = {1.A4, respectively,
: 2,AA , AA

where “A” was the putative risk allele. If there is no evidence of
nonadditivity (P>0.05), then the multiplicative model (additive in
logit scale) is selected; otherwise, the dominance or recessive model
is selected.

The stepwise logistic regression procedure was applied to assess
the relative importance of the 4 SNPs. The significance level of 0.01
was necessary for entering a SNP into the model, and the signifi-
cance level of 0.01 was necessary for a SNP to stay in the model at
any iteration step. When applying the stepwise logistic regression
procedure, missing genotypes were imputed via Beagle software!s
with default settings. The accuracy of the imputation was assessed by
means of the R? values (ie, the estimates of the squared correlation
between the imputed allele dosage and the true allele dosage).!5 The
resulting phased genotype data were used for haplotype analysis.

Table 1. Baseline Characteristics of the Study Participants
Stratified by Affected Status

Cases Controls
Variables (n=981) (n=699)
Subject characteristics
Female, n (%) 614 (62.6) 274 (39.2)
Mean (SD) age, y 58.4 (11.3) 62.7 (9.9)
IA risk factors
Smoking habit,* n (%)
Ever 409 (51.4) 279 (44.3)
Never 387 (48.6) 351 (55.7)
History of hypertension,* n (%)
Yes 487 (59.8) 306 (47.1)
No 327 (40.2) 344 (52.9)
IA subphenotypes
Multiplicity of aneurysms, n (%)
Multiple 192 (21.2)
Single 713(78.8)
Missing, n 76
History of SAH,T n (%)
Ruptured 513 (71.9)
Unruptured 200 (28.1)
Site distribution of aneurysms,t n (%)
Location
MCA 228 (32.0)
AcomA 191 (26.8)
PcomA 148 (20.8)
ICA 44 (6.2)
ACA 32(4.5)
BA 20 (2.8)
VA 14 (2.0)
PCA 1(0.1)
Others 35(4.9)
Grouping according to ISUIA, n (%)
AC/MC/IC 495 (69.4)
Post-Pcomm 183 (25.7)
Others 35(4.9)

*The data regarding smoking habit and history of hypertension were
incomplete. Differences between total and analyzed sample size were attrib-
utable to missing data.

tThe analyses concerning history of SAH and site distribution of aneurysms was
restricted to 713 patients who had a single aneurysm because patients with
multiple IAs may simultaneously have different types of IAs, which makes it difficult
1o select the comect subphenotype, eg, patients with both ruptured and unruptured IAs.

The International Study of Unruptured Intracranial Aneurysm (ISUIA)S clas-
sified IA sites into the following two groups: AC/MC/IC, aneurysms in ACA,
AcomA, ICA or MCA; and Post-Pcomm, those in BA, VA, PCA or PcomA.

ACA indicates anterior cerebral artery; AcomA, anterior communicating
artery; BA, basilar artery; IA, intracranial aneurysm; ICA, internal carotid artery
(not the cavernous portion); MCA, middle cerebral artery; Others, the cavernous
portion of the ICA or unknown; PCA, posterior cerebral artery; PcomA, posterior
communicating artery; SAH, subarachnoid hemorrhage; VA, vertebral artery.

ORs of IA for the selected SNP and 2 risk factors (smoking habit
and history of hypertension) were estimated by logistic regression
analysis using a univariate analysis for each predictor, and then a
multivariate model including all the predictors with adjustment for
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