
RESEARCH ARTICLE

A Pleiotropy-Informed Bayesian False
Discovery Rate Adapted to a Shared Control
Design Finds New Disease Associations From
GWAS Summary Statistics
James Liley1, Chris Wallace1,2*

1 JDRF/Wellcome Trust Diabetes and Inflammation Laboratory, Department of Medical Genetics, NIHR
Cambridge Biomedical Research Centre, Cambridge Institute for Medical Research, University of
Cambridge, Cambridge, United Kingdom, 2MRC Biostatistics Unit, Institute of Public Health, Cambridge,
United Kingdom

* chris.wallace@cimr.cam.uk

Abstract
Genome-wide association studies (GWAS) have been successful in identifying single

nucleotide polymorphisms (SNPs) associated with many traits and diseases. However,

at existing sample sizes, these variants explain only part of the estimated heritability.

Leverage of GWAS results from related phenotypes may improve detection without the

need for larger datasets. The Bayesian conditional false discovery rate (cFDR) constitutes

an upper bound on the expected false discovery rate (FDR) across a set of SNPs whose

p values for two diseases are both less than two disease-specific thresholds. Calculation of

the cFDR requires only summary statistics and have several advantages over traditional

GWAS analysis. However, existing methods require distinct control samples between stud-

ies. Here, we extend the technique to allow for some or all controls to be shared, increasing

applicability. Several different SNP sets can be defined with the same cFDR value, and we

show that the expected FDR across the union of these sets may exceed expected FDR in

any single set. We describe a procedure to establish an upper bound for the expected

FDR among the union of such sets of SNPs. We apply our technique to pairwise analysis

of p values from ten autoimmune diseases with variable sharing of controls, enabling dis-

covery of 59 SNP-disease associations which do not reach GWAS significance after geno-

mic control in individual datasets. Most of the SNPs we highlight have previously been

confirmed using replication studies or larger GWAS, a useful validation of our technique; we

report eight SNP-disease associations across five diseases not previously declared. Our

technique extends and strengthens the previous algorithm, and establishes robust limits on

the expected FDR. This approach can improve SNP detection in GWAS, and give insight

into shared aetiology between phenotypically related conditions.

PLOS Genetics | DOI:10.1371/journal.pgen.1004926 February 6, 2015 1 / 26

a11111

OPEN ACCESS

Citation: Liley J, Wallace C (2015) A Pleiotropy-In-
formed Bayesian False Discovery Rate Adapted to a
Shared Control Design Finds New Disease Associa-
tions From GWAS Summary Statistics. PLoS Genet
11(2): e1004926. doi:10.1371/journal.pgen.1004926

Editor: Chris Cotsapas, Yale School of Medicine,
UNITED STATES

Received: July 15, 2014

Accepted: November 25, 2014

Published: February 6, 2015

Copyright: © 2015 Liley, Wallace. This is an open
access article distributed under the terms of the
Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any
medium, provided the original author and source are
credited.

Data Availability Statement: GWAS summary statis-
tics (p values) were downloaded from the Immuno-
Base website (www.immunobase.org), which requires
user registration. Raw T1D genotype data are avail-
able from dbGaP (http://www.ncbi.nlm.nih.gov/
projects/gap/cgi-bin/study.cgi?study_id=phs000180.
v2.p2).

Funding: This work was funded by the JDRF (9-
2011-253), the Wellcome Trust (061858 and 091157)
and the NIHR Cambridge Biomedical Research Cen-
tre. The research leading to these results has re-
ceived funding from the European Union's 7th
Framework Programme (FP7/2007–2013) under

http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pgen.1004926&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pgen.1004926&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pgen.1004926&domain=pdf
http://creativecommons.org/licenses/by/4.0/
http://www.immunobase.org
http://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000180.v2.p2
http://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000180.v2.p2
http://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000180.v2.p2


Author Summary

Many diseases have a significant hereditary component, only part of which has been ex-
plained by analysis of genome-wide association studies (GWAS). Shared aetiology,
treatment protocols, and overlapping results from existing GWAS suggest similarities in
genetic susceptibility between related diseases, which may be exploited to detect more
disease-associated SNPs without the need for further data. We extend an existing method
for detecting SNPs associated with a given disease by conditioning on association with
another disease. Our extension allows GWAS for the two conditions to share control
samples, enabling larger overall control groups and application to the common case when
GWAS for related diseases pool control samples. We demonstrate that our technique limits
the expected overall false discovery rate at a threshold dependent on the two diseases. We
apply our technique to genotype data from ten immune mediated diseases. Overall pleiot-
ropy between phenotypes is demonstrated graphically. We are able to declare several SNPs
significant at a genome-wide level whilst controlling at a lower false-discovery rate than
would be possible using a conventional approach, identifying eight previously unknown
disease associations. This technique can improve SNP detection in GWAS by re-analysing
existing data, and gives insight into the shared genetic bases of autoimmune diseases.

Introduction
Genome-wide association studies (GWAS) have enabled identification of genetic variants asso-
ciated with a wide range of complex phenotypes, but in many cases these variants explain only
a proportion of the known heritability [4]. There is increasing evidence that this is due to the
combined contribution of small effects arising from multiple distinct variants [5]. The testing
of a large number of potential variants in parallel, with a comparatively low number of samples,
mandates a stringent threshold for significance in order to limit false positives (type 1 errors),
meaning that discovery of variants responsible for small effects requires very large sample
sizes. Detection of such variants by increasing numbers of samples in studies is time-
consuming and expensive, particularly for rare phenotypes, but it may be possible to improve
detection by re-analysis of existing data [6]. One promising strategy is to co-analyse GWAS re-
sults from similar phenotypes to exploit potential similarities in genetic aetiology. This has
been attempted using several different methods [2, 7, 8].

The assumption that GWAS for similar diseases may yield overlapping sets of disease-associ-
ated variants is based on the phenomenon of pleiotropy, in which a genetic variant is associated
with more than one trait or disease [9]. Pleiotropy is common in human genes: even when ex-
clusively considering single nucleotide polymorphisms (SNPs) with strong evidence of associa-
tion, around 15% of those associated with at least one trait are associated with multiple traits
[10]. Elements of shared genetic aetiology may be suspected in diseases with similar symptom-
atology, such as bipolar disorder and schizophrenia [11] or in diseases with common risk fac-
tors, such as type 2 diabetes and obesity [12]. If two diseases are known or suspected to share
associated genetic variants, a degree of association of a locus with one disease may increase the
likelihood of association with the other. Use of external covariates in this way can alleviate some
of the effect of multiple testing [8], meaning that phenotypic similarity may lead to improved
detection of disease-associated variants. Correspondingly, discovery and specification of shared
genetic aetiology between two diseases may suggest some shared pathophysiology [12].

A technique for improved discovery of disease variants using pleiotropy between pairs of
diseases has been successfully developed and applied by Andreasson et al [3, 13, 14]. The
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technique extends the empirical Bayesian false discovery rate [15] to a two-phenotype scenario,
in which association with one phenotype is tested conditional on varying degrees of association
with another. We denote the phenotype for which association is being tested as the ‘principal
phenotype’ and the other as the ‘conditional phenotype’.

By successively restricting attention to SNPs with a given strength of association in the condi-
tional phenotype, the number of parallel tests to perform for association with the principal phe-
notype is reduced. If the two phenotypes share common associated variants, this restriction will
retain disease-associated SNPs at a higher rate than null SNPs, resulting in a higher proportion of
disease-associated SNPs in the restricted group than in the whole. The ‘conditional false discovery
rate’ (cFDR), defined as the probability that a SNP is not associated the principal phenotype given
its p values for the principal and conditional phenotypes are below some thresholds, exploits this
effect. By computing cFDRs for schizophrenia conditioned on bipolar disorder and vice versa,
Andreasson et al [3] identified multiple previously undiscovered loci for both. In a separate study
computing cFDRs for hypertension conditioned on 12 related traits [13], 42 new loci associated
with hypertension were reported. These constituted considerable improvement on existing results
using single GWAS, albeit using a rather relaxed threshold of estimated cFDR� 0.01.

A major disadvantage of the algorithm developed and used by Andreasson et al is the require-
ment that control groups for the two GWAS be distinct, in order to ensure that observed effect
sizes are uncorrelated at null SNPs. This requires splitting a pool of potential controls between
studies, with the summary statistics for each GWAS computed from only the controls allocated
to that study. This may be impractical as it requires access to raw genotype data. More important-
ly, accuracy of effect size estimates improves with larger control groups, and consequently split-
ting controls in this way weakens the effect size estimates for individual studies. For this reason,
many researchers employ a study design in which controls are pooled into a large group; for ex-
ample, theWellcome Trust Case Control and ImmunoChip consortia [16, 17].

Here we extend the cFDR approach to studies with overlapping control groups, exploiting
an approach developed by Zaykin et al, following Lin et al [18, 19] to adjust for the effect of
shared controls. This allows the strongest available estimates of effect sizes to be used for calcu-
lation, and consequently strengthens the power of the technique. Our technique additionally
allows cFDR rates to be computed from summary statistics alone, without the need to recalcu-
late effect sizes after re-allocating controls. We demonstrate the improvement arising from
sharing controls in a type 1 diabetes data set.

We also identify a previously undiscussed difficulty with the technique potentially leading
to a falsely low estimate of false discovery rate amongst SNPs declared non-null. Multiple over-
lapping sets of SNPs may be defined each of which has cFDR� α. However, the union of these
sets does not necessarily have an expected false-discovery rate less than α and is generally
higher. An implication of this is that if we declare non-null all SNPs for which estimated cFDR
is less than α, the expected overall false-discovery rate amongst SNPs declared non-null is
greater than α. We describe an upper bound on the false discovery rate amongst such SNPs
based on areas of regions of the unit square.

We apply our method to summary SNP association statistics for ten phenotypically distinct
autoimmune diseases: type 1 diabetes (T1D) [20], autoimmune thyroid disease (ATD) [21],
coeliac disease (CEL) [22], multiple sclerosis (MS) [23], narcolepsy (NAR) [24], primary biliary
cirrhosis (PBC) [25], psoriasis (PS) [26], rheumatoid arthritis (RA) [27], ulcerative colitis [28],
and Crohn’s disease [28]. All were genotyped using a common SNP array: the ImmunoChip,
designed to provide dense genotype coverage of regions associated with autoimmune disease.
Many autoimmune traits are known to have significant heritability, much of which remains
unexplained [29]. We hypothesised that our method can improve detection of disease-associat-
ed variants in these diseases without the need for distinct control groups.
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Results

Overview of method
The unconditional false discovery rate for a set of SNPs with p values< pi is defined as the
probability that a random SNP from this set is null. We denote this as uFDR(pi), and our esti-

mate as duFDRðpiÞ.
The conditional false discovery rate (cFDR) is defined [3, 14] as the probability that a ran-

dom SNP is null for a phenotype i given that the observed p values at that SNP for phenotypes

i and j are less than (pi, pj); that is, PrðHðiÞ
0 j Pi � pi; Pj � pjÞ, whereHðiÞ

0 is the null hypothesis

that the SNP is not associated with phenotype i. We denote this quantity as cFDR(pijpj), and
call phenotype i the ‘principal phenotype’ and phenotype j the ‘conditional phenotype’.

We first apply genomic control to allow the assumption that, globally, P values for null
SNPs are uniformly distributed on [0, 1]. We compute an estimate of the cFDR, which we de-

note dcFDRðpi j pjÞ, in a similar manner to that proposed by Andreasson et al, but incorporating

expected non-uniformity in the distribution of Pi due to the sharing of controls. As duFDRðpiÞ
is monotonically related to pi, we set a significance cutoff at the maximum value of duFDRðpiÞ
with pi< 5 × 10−8. Correspondingly, we set a significance cutoff for dcFDRðpi; pjÞ at the maxi-

mum dcFDRðpi; pjÞ with pi< 5 × 10−8. Implementation of these steps in R is available from
https://github.com/jamesliley/cFDR-common-controls.

Sharing of control subjects
If no controls are shared between studies, it is reasonable to assume that observed effect sizes for
the two phenotypes are independent under a null hypothesis for the principal phenotype. This im-
plies that the expected quantile of a given SNP’s p value for the principal phenotype is simply the p
value itself regardless of its p value for the conditional phenotype. However, when control samples
are shared, this assumption is invalid. Shared controls induce a positive correlation on estimated ef-
fect sizes for the principal and conditional phenotype [18, 19], meaning that when attention is re-
stricted to SNPs with a given degree of association with the conditional phenotype, the p values for

the principal phenotype will be falsely low; that is, the probability PrðPi � pi j Pj � pj;H
ðiÞ
0 Þ will

not in general be equal to pi (¼ PrðPi � pi j HðiÞ
0 Þ); in fact it will usually be higher.

When controls are shared, the distribution of p values for the principal phenotype given p val-
ues for the conditional phenotype depends on the underlying effect of each SNP on the condition-
al phenotype. For any given SNP, this underlying effect size, which we denote η, is not known.
However, across all SNPs, ηmay be considered to be realisations of a random variableH whose
distribution is mirrored by the distribution of observed effect sizes for the conditional phenotype.
By integrating over this unknown true effect size for the conditional phenotype, allowance can be
made for shared controls, and the ‘expected quantile’ of a p value for the principal phenotype, de-

fined as PrðPi � pi j Pj � pj;H
ðiÞ
0 Þ, can be calculated, as detailed in the Methods section.

We assume thatH has a mixture distribution defined by two parameters (p0, s
2), such that

H = 0 with probability p0 and H* N(0, s2) with probability 1−p0. The parameters (p0, s) are
estimated from the observed distribution of effect sizes for the conditional phenotype. In order
to show the effect of our p value adjustment, we simulated p values for 20,000 SNPs for a prin-
cipal and conditional phenotype, with controls shared between simulated studies. All SNPs
were null for the principal phenotype, and were variably null or non-null for the conditional
phenotype with probability 0.9, 0.1 respectively. Z scores at non-null SNPs for the conditional
phenotype were distributed as N(0, s2), as per our assumption. A value of s = 3 was used,
which was similar to the values of s in real data estimated by our E-M algorithm.

Co-analysis of GWAS with Shared Controls
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We considered the set of simulated SNPs with p values for the conditional phenotype less
than 0.05 (Fig. 1). In the absence of shared controls, we expect the distribution of pi amongst
this set to be uniform, and hence expect the black dots to lie along the x-y line. However, we
see the principal p values are biased downward in this set (black dots, Fig. 1). Our computed
expected quantile (blue dots) agrees closely with the observed quantile. In a sense, this consti-
tutes ‘adjusting’ the p values for the principal phenotype so that the expected distribution is

Figure 1. Correction for shared controls. Simulation of GWAS summary statistics for 20000 SNPs, all null for phenotype i and variably null or non-null for
phenotype j, with association tested using a shared control group. Black dots show p values for phenotype i at all SNPs with p value for phenotype j less than
0.05, with evident downward bias. Blue dots show our adjustment to expected quantile of p values. The red dots show the expected quantile we would
compute if we were to assume incorrectly that all SNPs were null for the conditional phenotype i. We see that this quantity overestimates the true quantile.

doi:10.1371/journal.pgen.1004926.g001
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uniform under the null hypothesis. Software to generate this simulation is available at https://
github.com/jamesliley/cFDR-common-controls.

Our formula can easily be adapted to arbitrary distributions ofH at the cost of increased
computational time, but the form of the distribution of H is not generally known. We show in
S1 Text (section A) that, even for distributions of H which differ markedly from our assump-
tion of normality, the error in the estimate is not large, and generally translates to a negligible

difference in the set of SNPs declared non-null using the dcFDR method. While our assumption
has the potential to be anti-conservative ifH is bimodal, nonparametric estimates for distribu-
tions of effect sizes suggest they have a uni-modal distribution centred on zero[30]. Reassuring-
ly, our assumption is conservative ifH has heavier tails than a normal.

Comparison to split control approach
We compared Andreasson’s approach to SNP discovery which advocated splitting controls
into non-overlapping subsets to our extended shared-control approach using a type 1 diabetes
dataset with a total 12,175 cases and 15,171 controls. Controls and cases were each split into
two sets (control sets had size 7,585 and 7,586, cases 6087 and 6088). ‘Split’ p values were com-
puted using one set of controls and one set of cases and corresponding ‘shared’ p values were
computed using the complete set of controls. As expected, more shared p values reached ge-
nome-wide significance than did split p values (Fig. 2).

We computed cFDR values by labelling one set of cases ‘conditional’ and the other ‘princi-
pal’ using the split-control p values using Andreasson’s approach and using the shared control
p values using our method. For reference, we compared these to a naive application of
Andreasson’s method on the shared-control p values (Fig. 2B). More SNPs can be declared sig-
nificant according to cFDR using the shared-control than split-control approach at all reason-
able thresholds, and naive application of Andreasson’s approach to shared-control p values
again increases the number declared significant.

Because the quantity PrðPi � pi j Pj � pj;H
ðiÞ
0 Þ is systematically underestimated when using

this naive method (by assuming it is equal to pi) as shown in S1 Text (section C), it leads to a

falsely low dcFDR. The increase in observed number of SNPs declared significant when using
the naive method shows that it can indeed lead to false discoveries.

For principal phenotype p values in the range 5 × 10−6 − 5 × 10−8 - effectively the region from
which ‘new’ SNPs may be discovered by cFDR rather than p value alone—the naive cFDR is fre-
quently underestimated by 2–3 fold (S1 Fig., left panel). For lower p values, the naive cFDRmay
underestimate by hundreds- or thousand-fold, with the potential fold underestimation increasing
with decreasing p value (S1 Fig., right panel). Because of the relatively high ratio of number of
controls to number of cases, the correlation between effect sizes is lower in this constructed case
(c. 0.22) than between most phenotypes in our study (c. 0.5). The underestimation of cFDR using
the ‘naive’method worsens with higher correlation, so we would expect that the fold-underesti-
mate we see here is less severe than that which would be observed if applying this to other studies.

An upper bound on the false discovery rate of all declared SNPs
An important property of our method is the control of the expected false discovery rate (FDR):
the expected proportion of false positives among the SNPs found by our method. The p values
at a SNP for the principal and conditional phenotype correspond to a point in the unit square.
In this sense, we can define the expected FDR of a region R of the unit square as the ratio of the
expected number of null SNPs whose p values are in R divided by the expected total number of
SNPs whose p values are in R. From a result of Benjamini and Hochberg [31], the expected
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Figure 2. Validation of the shared-control approach and the p-value adjustment due to shared
controls. Panel A shows the effect of splitting controls on power to detect association. The number of SNPs
with p values less than a given cutoff are shown for split-control and shared-control approaches. For all p-
value cutoffs, fewer SNPs reach significance when using a split-control design. Panel B shows the number of

SNPs with dcFDR values less than a given cutoff using the existing method on a split-control design, our
extendedmethod on a shared control design with the adjustment for shared controls, or using the split-control
approach naively on the shared-control design; that is, assuming incorrectly that PrðPi � pi j Pj � pj;H

ðiÞ
0 Þ ¼ pi.

The second figure shows that failing to correctly calculate PrðPi � pi j Pj � pj;H
ðiÞ
0 Þ ¼ pi leads to a subtle

increase in the number of SNPs declared non-null at all cutoffs, due to the incorrect underestimation of dcFDR.
doi:10.1371/journal.pgen.1004926.g002
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FDR when R is a rectangle with vertices at (0, 0),(pi, 0),(pi, pj),(0, pj) is at most a ¼dcFDRðpi j pjÞ. If we denote by L the closed region defined by the set of p value pairs pi,pj such

that dcFDRðpi j pjÞ � a, then L has the property that the FDR of any rectangle of this form con-

tained within L is less than α.
However, the expected FDR over L is not necessarily bounded by α (Fig. 3). This can be

seen most easily in the extreme scenario in which all non-null SNPs are concentrated in the

Figure 3. L is the locus of a set of points with dcFDR ¼ α. The FDR is the ratio of null SNPs to total SNPs in L. If all the non-null SNPs were concentrated in
the lower left corner, then the number of non-null SNPs in L would be equal to that in any individual rectangle with vertices at the origin and on L, but the
number of null SNPs would be greater, meaning that the expected FDR of all SNPs in L would be greater than α.M* is the largest rectangle by area contained

within L. The false discovery rate withinM* is less than α*, the value of dcFDR at the upper right vertex, which is usually equal to α, as in this case. The FDR of
L is bounded by α*v(L)/v(M), where v(L) and v(M*) are the expected number of null SNPs in L andM* respectively (S1 Text, section B).

doi:10.1371/journal.pgen.1004926.g003
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lower left corner of the unit square, and all null SNPs are also null for the conditional pheno-
type. In this case, the expected number of null SNPs in a rectangle is proportional to its area,
so L is the union of all rectangles of the form above of a given area containing the lower-left
corner of the unit square; that is, a hyperbola. Clearly the area of L is larger than the area of
these constituent rectangles, yet it contains the same number of non-null SNPs, so it has a
lower FDR.

In the original method [3], SNPs were declared significant if they were contained within any

rectangular regions with a dcFDR value of less than 0.01. Our reasoning demonstrates that the
expected false-discovery rate amongst all such SNPs was higher than 0.01. We can derive an
upper bound for the expected FDR of L by consideringM�, the largest rectangle in L. We show

in S1 Text (section B) that the bound may be expressed simply as vðLÞ
vðM�Þa

�, where v() denotes the

expected number of null SNPs contained within L orM� (approximately the area of L andM�)
and α� is the cFDR at the upper-right vertex ofM� (Fig. 3).

Application to ten immune mediated diseases
We obtained summary statistics in the form of p values for ten immune mediated diseases
from ImmunoBase (www.immunobase.org, accessed 19/3/14). For each pair of diseases, the
number of shared controls was estimated according to the description of the control samples in
each paper. The numbers of cases, controls and our estimated numbers of shared controls for
each study are shown in Table 1. Uniform quality control criteria were applied to all SNPs, and
the MHC region, which exhibits both strong LD and strong association with immune mediated
diseases was excluded. P values were corrected within each trait for genomic inflation using a
standard algorithm [32] applied to SNPs included on the ImmunoChip to replicate a GWAS
study of reading and maths ability (Steve Eyre and Cathryn Lewis, personal communication),
unlikely to be related to any immune mediated disease studied here.

P values for each principal phenotype were adjusted to p0 as described above in order to ac-
count for the effect of shared controls. For each ordered pair of phenotypes, a Q-Q plot was
generated as per Andreasson et al [3]. A Q-Q plot is a graph of the observed distribution of a
random variable against the expected distribution. We overlaid Q-Q plots for log10(p0) values

Table 1. Study sizes.

Disease Controls Cases Estimated number of pairwise shared controls

T1D ATD CEL MS NAR PBC PSO RA UC CRO

T1D [20]* 12175 15171 - 9364 12228 8430 4289 8514 4822 8430 4020 4020

ATD [21] 9364 2733 - 9364 8430 4289 8514 4822 8430 4020 4020

CEL [22] 12228 12041 - 8430 4289 8514 4822 8430 4020 4020

MS [23] 24091 14498 - 4289 8430 4822 8430 10102 10102

NAR [24] 10421 1886 - 4289 4289 4289 4020 4020

PBC [25] 8514 2861 - 4822 8430 4020 4020

PSO [26] 22806 10588 - 4822 4020 4020

RA [27] 15870 11475 - 4020 4020

UC [28] 15977 10920 - 15977

CRO [28] 15977 14763 -

Number of cases and controls for each study, and relevant references, together with our estimates of the number of controls shared between studies.*P

values for T1D are from a meta-analysis of case-control and TDT data, with effective numbers of cases computed as shown in the methods section.

doi:10.1371/journal.pgen.1004926.t001
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for the principal phenotype for subsets of SNPs exhibiting successively smaller p values for the
conditional phenotype. Fig. 4 shows QQ plots for T1D conditional on RA and PSO; plots for
all other pairwise comparisons may be found in S4–S13 Figs. Notably, if lines shift further left
with more stringent cutoffs on association with the conditional phenotype, then SNPs which
are associated with the conditional phenotype are more likely to be associated with the princi-
pal phenotype, indicating pleiotropic effects of SNPs on the two phenotypes. In many cases,
the Q-Q plots demonstrate considerable leftward shift with conditioning on association with a
second disease, and we see strong evidence for pleiotropy for T1D conditioned on RA and little
or no evidence for pleiotropy for T1D conditioned on PSO.

We estimated the unconditional and conditional false discovery rates, duFDRðpiÞ anddcFDRðpi j pjÞ, at each SNP for each phenotype and each ordered pair of phenotypes respective-

ly. Fig. 5 shows dcFDR for T1D conditioned on RA. The advantage gained by dcFDR can be seen
in the left-shift of the region in which a SNP can be declared significant (blue dots), corre-
sponding to a higher p-value cutoff for significance for T1D among SNPs with low p values for
RA. Indeed, if only SNPs with a p value for RA less than some threshold z are considered, a p
value cutoff for significance for T1D is given by the leftmost border of the blue dots on the line
Pj = z.

Figure 4. Q-Q plots for T1D conditional on RA (Panel A) and PSO (Panel B). Y axes show log10ðp0
T1DÞ; X axes show log quantile (rank) of p values in

various sets of SNPs. The degree of leftward shift of a black point from the diagonal is proportional to the unconditional FDR of that p value for the principal
phenotype, and the degree of leftward shift of a coloured point is proportional to the conditional FDR of the p value for the principal phenotype and the p-cutoff
corresponding to the colour for the conditional phenotype. As expected, a leftward shift is seen even for the unconditional Q-Q plots (black line) owing to the
use of the ImmunoChip, which focuses on potential autoimmune-associated regions. Each colour corresponds to the Q-Q plot for pT1D amongst a subset of
SNPs with pRA or pPSO less than the indicated cutoff. P values for T1D are adjusted for the effect of shared controls between studies. A leftward shift with
decreasing pRA or pPSO cutoff indicates that SNPs which are associated with the conditional phenotype (RA or PSO) are more likely to be associated with the
principal phenotype (T1D), presumably due to pleiotropic effects on phenotypes. Good enrichment is seen for T1D conditioning on RA (Panel A), and little or
no enrichment conditioning on PSO (Panel B).

doi:10.1371/journal.pgen.1004926.g004
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The degree of leftward shift in the Q-Q plots clearly contains information about the degree
of pleiotropy between diseases. We defined a statistic summarizing some aspects of this evi-
dence for pleiotropy and used it to visualise the set of pairwise relationships between diseases
as a network (Fig. 6). The network encouragingly reflects several pathophysiological associa-
tions: UC is linked to CRO, and T1D to ATD. Strong linkage is also seen both ways for MS and
PBC, and between T1D and RA, findings which can also be seen in the Q-Q plots (S4–S13
Figs.). One way relationships suggest the presence of a larger total number of associated SNPs
for the disease at the start of the arrow than at the end.

Discovery of novel associations
The numbers of SNPs deemed significant for each phenotype by analysis using unconditional

and conditional approaches are shown in table 2, with details in S2–S11 Tables. dcFDR allows
certain SNPs with p values as high as 3 × 10−6 to be declared significant while controlling the
false discovery rate at a relatively low value. Fifty-one of the 59 SNPs we identify uniquely

through dcFDR have previously been reported to be associated with the relevant disease through
use of alternative significance thresholds, other genomic control procedures, other GWAS or
additional samples not genotyped by ImmunoChip, a useful verification of our technique.

Figure 5. dcFDR (red-yellow) for T1D conditioned on RA.White dots signify the region for which duFDR is less than α corresponding to p< 5 × 10−8. Blue
dots signify the region for which cFDR is less than the same α. Note the leftward shift of blue points and the general leftward shift of colours corresponding to
an increased p-value threshold for association with T1D for SNPs with low p values for RA. Black dots show a random sample of the observed p value pairs.

doi:10.1371/journal.pgen.1004926.g005

Co-analysis of GWAS with Shared Controls

PLOS Genetics | DOI:10.1371/journal.pgen.1004926 February 6, 2015 11 / 26



Eight of the SNPs we discover uniquely through cFDR were in regions not previously known to
be associated with the corresponding disease (table 3). These will require replication in inde-
pendent samples to be declared truly associated, but they contain some potentially interesting
signals, such as an association for RA at SNP rs72928038 near existing MS, ATD and T1D as-
sociations in BACH2, a transcriptional regulator involved in transcription repression and acti-
vation byMAFK [33]

The SNP rs1034290 in region 1p13.1, which we found to be associated with PBC, is in intron
three of CD58, which is a surface receptor involved in binding and activation of T-lymphocytes.
The protective effect of the MS-associated allele is postulated to arise from upregulation of the
transcription factor FOXP3 [34] and the patterns of association in the region suggest the two
diseases may share a causal variant here (http://www.immunobase.org).

Discussion
We have extended a technique for computing conditional Bayesian False Discovery Rates to
GWAS for independent diseases with shared control groups. This technique enables improved

Figure 6. Network of degree of pleiotropy between phenotypes. An arrow runs from vertex i to vertex j if
and only if by conditioning on p< 5 × 10−6 for the conditional phenotype j we can increase the threshold for
significance for the p value for the principal phenotype i from 5 × 10−8 to 4 × 10−7 or greater. Edges are
thickened if the cutoff could be increased more than this. The threshold 4 × 10−7 was selected as the
minimum value for which the network is weakly connected; that is, having an arrow to or from each edge.

doi:10.1371/journal.pgen.1004926.g006
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detection of disease-associated SNPs compared to conventional methods. By enabling larger
control groups for each study, our method uses data more efficiently than in corresponding
study designs in which control groups are independent, and is applicable to a wider range of
GWAS datasets for which only summary statistics are available.

Combination of GWAS by analysis of pleiotropy in this sense has several attractive advan-
tages over single-phenotype analysis. The most obvious advantage is improved detection of dis-
ease-associated SNPs using GWAS without the need for additional samples. A secondary
advantage arises from understanding of the pleiotropic structure between phenotypes: if a SNP
is known to exhibit pleiotropy between two conditions, it may be causative for a shared risk

Table 2. Number of association signals found by unconditional and conditional methods.

Univariate Conditional Efficiency ratio

N.SNPs FDR N.SNPs FDR

T1D 44 3.79 × 10−6 4 7.32 × 10−6 0.11

ATD 3 1.04 × 10−5 4 1.02 × 10−5 0.03

CEL 46 3.97 × 10−6 7 5.77 × 10−6 0.24

MS 43 5.97 × 10−6 12 1.19 × 10−5 0.15

NAR 3 1.61 × 10−4 0 3.05 × 10−4 0.83

PBC 25 8.86 × 10−6 2 2.09 × 10−5 0.12

PSO 44 2.33 × 10−5 2 5.45 × 10−5 0.06

RA 16 2.04 × 10−5 10 6.00 × 10−5 0.11

UC 49 4.49 × 10−6 6 6.73 × 10−6 0.14

CRO 80 2.08 × 10−6 12 2.73 × 10−6 0.28

Number of SNPs with p � 5 × 10−8 after genomic found by analysis of the principal phenotype alone and the estimated equivalent FDR for this set of

SNPs. Conditional analysis shows the number of additional SNPs found through conditional FDR analysis, and the upper bound for the FDR of all SNPs

selected by this method, including adjustment for the multiple phenotypes conditioned upon. Finally, we summarise the performance of the cFDR

approach by the FDR ratio—the ratio of the upper bound for the FDR for all SNPs selected by the cFDR approach, and the estimated FDR of all SNPs

with p less than the maximum p value within this set if we had not conditioned. Note, we list only the most associated SNPs in each LD block by pruning

according to LD, as described in Methods.

doi:10.1371/journal.pgen.1004926.t002

Table 3. Novel SNP-disease associations.

Chr Pos SNP Disease p value C. phen. MAF Nearby Genes

1p31.3 61791863 rs6691768: A > G CEL 8.56 × 10−8 CRO 0.373 NFIA

1p13.1 117076399 rs1034920: T > C PBC 1.43 × 10−6 MS 0.100 CD58

2p21 43359275 rs6705577: G > C CEL 3.61 × 10−7 MS 0.272 THADA

2q32.1 185501065 rs79248157: T > C UC 1.53 × 10−7 CRO 0.031 ZNF804A

6q15 90976768 rs72928038: G > A RA 5.89 × 10−7 T1D 0.176 BACH2

16q12.1 51080214 rs12924003: C > T CRO 5.82 × 10−8 NAR 0.321 NOD2

20q13.12 44596207 rs6032606: G > C CEL 1.31 × 10−7 MS 0.052 ZNF355, MMP9

22q13 37633851 rs9610686: G > A CEL 1.90 × 10−7 ATD 0.387 RAC2

Eight SNP associations with the indicated disease discovered by cFDR but not previously published to our knowledge, together with the phenotype upon

which they have been conditioned (C. phen.) and nearby genes. SNPs are shown by RSID: major>minor alleles. The disease (prinicipal phenotype) p

value has been corrected for genomic inflation. Note that a SNP reaching significance by dcFDR for the principal phenotype does not constitute evidence of

association with the conditional phenotype (C. phen.). Chr = chromosome, Pos = position (build GRCh37), SNPs are shown with major>minor alleles,

MAF = minor allele frequency in UK controls.

doi:10.1371/journal.pgen.1004926.t003
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factor or pre-disease state. Analysis of such SNPs has the potential to yield information on dis-
ease aetiology, with implications for preventative medicine and development of treatment.

A further potential use for this technique could be the genomic analysis of diseases with
complex phenotypes. In many cases, distinction between two diseases may be difficult; for in-
stance, Crohn’s disease and Ulcerative Colitis [35]. Additionally, many diseases, including nar-
colepsy (http://www.uptodate.com/contents/clinical-features-and-diagnosis-of-narcolepsy,
accessed 20/6/14), are definitively diagnosed on clinical grounds. This implies that these dis-
eases may constitute a range of biochemical and genetic states. Inclusion criteria based on ob-
jective biochemical grounds, such as that used for narcolepsy in the context of this paper [24]
are unlikely to characterise all patients with these diseases, and conclusions drawn from studies
will not necessarily be medically applicable to the whole patient population. Given this, diseases
defined phenotypically with potential genomic diversity may be better analysed by separate
consideration of biochemically-defined subtypes, with a collective analysis performed by a

method such as dcFDR, avoiding the assumption that the genomic bases of disease subtypes are
identical.

We identify a counter intuitive property that the FDR in the union of all regions with dcFDR
less than a given αmay be greater than α, and propose a method to overcome this problem.
Our methods for adjusting cutoffs to control FDR and account for multiple testing demon-
strate the geometrical elegance of the theory of these techniques, with the possibility for further
improvements and understanding. They are complex to apply, but could be much simplified if
interest was directed to SNPs with conditional p values less than some threshold p0. Our meth-

od would ensure that the expected false discovery rate at SNPs with dcFDRðpi j p0Þ � a would
indeed be controlled at α. Our more complicated method to control FDR is necessary if the var-
iable pj is used in place of the constant p0.

An important consideration in both our method and the original Andreasson method is

that a dcFDRðpi j pjÞ value which reaches significance does not constitute genome-wide evidence

of association with the conditional phenotype j; indeed, the probability of association with the

conditional phenotype relates to dcFDRðpj j piÞ and in general dcFDRðpi j pjÞ 6¼ dcFDRðpj j piÞ. In
some cases, where the principal p value is very close to genome-wide significance, even condi-

tioning on pj � 0.5 can theoretically be enough to reach the relevant dcFDR threshold. This is

not a weakness of the dcFDR method as such, but a consequence of using a discrete technique (a

significance cutoff) on a variable which essentially continuous in two dimensions ( dcFDR). Prin-
cipal p values greater than 5 × 10−8 which can be declared significant conditioning on large
conditional p value cutoffs correspond to an increase in the area of the region L (see results sec-
tion), which is accounted for by our FDR-controlling method.

Our method enables improved detection of SNPs compared to analysis of unconditional
FDR (principal p value alone). However, the improvement is smaller than that reported by
Andreasson et al [3, 13, 14], who detected almost twice as many SNPs using cFDR as they
would have detected with uFDR. This is expected for two reasons. Firstly, the gain in power
from cFDR essentially comes from an increase in the total number of controls and the effective
number of cases. If controls are shared, the only information gain can come from increasing
the number of effective cases. Consequently, the difference in power between cFDR and uFDR
will not be as large when controls are shared, although both outperform their counterparts
when controls are split. Secondly, we were careful to use stringent cutoffs for FDR which were
chosen to mirror the established genomewide significance threshold of p� 5 × 10−8, generally
equivalent to a false discovery rate around 5 × 10−6 to 5 × 10−5, compared to Andreasson et al

who declared non-null all SNPs with dcFDR < 0:01.
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One alternative way to exploit pleiotropic relationships is by meta-analysing two related dis-
eases together, as though the diseases were the same. Our method confers several advantages
over this approach. The most important of these is that our method borrows strength from
other SNPs according to the level of genome wide pleiotropy between diseases; that is, if the
two GWAS suggest extensive pleiotropy (such as Fig. 4 for T1D— RA), a low p value for a con-
ditional phenotype will ‘sway’ our judgement of association with the principal phenotype more
than the same p value for a conditional phenotype with poor pleiotropy (such as Fig. 4, for
T1D— PSO). A meta-analysis would not distinguish these two scenarios. A secondary advan-
tage of our technique is that SNP detection is not systematically weakened if the two diseases
do not exhibit pleiotropy, as would be the case in meta-analysis; this arises because we are test-
ing association with only one of the two phenotypes at a time.

Methods

Ethics statement
This paper re-analyses previously published datasets. All patient data were handled in accor-
dance with the policies and procedures of the participating organisations.

Datasets
We obtained SNP summary statistics from ten studies on autoimmune diseases from Immuno-
Base (www.immunobase.org). Inclusion and exclusion criteria for the studies are described in
detail in the original publications ([20–28, 28]. Generally, some or all controls from different
studies were obtained from common data sources, resulting in overlapping control groups. All
studies used the ImmunoChip array [17].

P values for type 1 diabetes were from a meta-analysis of a case-control study and familial
study using the transmission disequilibrium test (TDT). In order to calculate the correlation
between p values for different diseases, we needed to calculate effective numbers of cases and
controls for the combined T1D study. For a case control study, under the assumptions of
Hardy-Weinberg and the null hypothesis, the variance of the log odds ratio may be expressed
as

n0 þ n1

n0n1

1

f ð1� f Þ

where n0 and n1 are the numbers of cases and controls and f is the minor allele frequency in
controls.

Given the standard error of a log OR for the TDT study, sb, and a minor allele frequency, we
estimatedM = sb2 f(1−f) for all ImmunoChip SNPs which did not show deviation from the null
hypothesis (p> 0.5). The distribution of log(M) is shown in S3 Fig. By equating the median of
M with n0þn1

n0n1
, and assuming that each TDT family contributed the equivalent information to

one control in a case-control study, ie n0 = 2943, we estimated an equivalent number of cases
as 4126. This seemed reasonable, given that there are a total of 5505 (dependent) cases across
those families.

SNPs were excluded on the basis of QC summaries calculated on 12,888 common controls:
call rate less than 99%, minor allele frequency less than 0.02, or deviation from Hardy-
Weinberg equilibrium (jZj> 5). Given the strong association of immune mediated diseases
with the MHC and the extended LD in the region, we were concerned that MHC SNPs might
cause inaccurate estimation of pleiotropy. We therefore excluded SNPs in a wide band around
the MHC region on chromosome 6 (co-ordinates 24500000: 34800000, build NCBI36). After
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quality control, genotype data was available for at least one phenotype at a total of 110677
SNPs.

Genomic control
P values were corrected for genomic inflation using a genomic control algorithm [32]. A set of
SNPs known to be unassociated with autoimmune disease was obtained from the Wellcome
Trust Case Control Consortium (WTCCC) study on reading and mathematics ability. These
SNPs were pruned so that none were in LD with r2 > 0.2, and any SNPs within 500 kb of
known autoimmune-associated regions were removed. The average degree of inflation was
computed for each disease at the remaining 1761 SNPs, and all effect sizes and p values were
adjusted accordingly.

Procedures for uFDR and cFDR
We assume that the p-values for a phenotype i across all SNPs are instances of a random vari-
able Pi. If pi is an instance of this random variable corresponding to a SNP of interest, the un-
conditional false discovery rate uFDR(pi) is defined as

uFDRðpiÞ ¼ PrðHðiÞ
0 jPi � piÞ

¼ PrðHðiÞ
0 ÞPrðPi � pijHðiÞ

0 Þ
PrðPi � piÞ

¼ PrðHðiÞ
0 Þ pi

PrðPi � piÞ

whereHðiÞ
0 is the null hypothesis that the SNP of interest is not associated with phenotype i.

Given a set of observed p values fp1i ; p2i . . . pNi g for a phenotype i at N different SNPs, and an
observed p value pi for a SNP of interest, we estimate this quantity as

duFDRðpiÞ ¼ pi
#ðp values pki with pki � piÞ=N

¼ Expected quantile of pi under H
ðiÞ
0

Observed quantile of pi

ð1Þ

Because we make the approximation PrðHi
0Þ ¼ 1, the estimate duFDR is a an upwards-biased es-

timate of uFDR; that is, its expected value is greater than the true uFDR, making it a conserva-
tive estimator.

We compute the quantity (1) for each SNP at each phenotype, declaring any SNP for whichduFDRðpiÞ � a as non-null for phenotype i. Defining V as the number of SNPs falsely declared
non-null, R as the total number of SNPs declared non-null, and Q = V/R, a theorem of Benja-
mini and Hochberg [31] shows the expected false discovery rate E(Q) among SNPs withduFDR � a is less than α.

The cFDR constitutes a natural extension of this idea. We assume that the p-values for two
phenotypes i and j across all SNPs are instances of a pair of random variables Pi, Pj. If pi and pj
are instances of these variables corresponding to a SNP of interest then the conditional false
discovery rate cFDR is defined for the set of SNPs with p values for each phenotype less than or
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equal to those at this SNP (as per Andreasson et al [3]) as

cFDRðpijpjÞ ¼ PrðHðiÞ
0 jPi � pi; Pj � pjÞ

¼ PrðHðiÞ
0 jPj � pjÞ

PrðPi � pijPj � pj;H
ðiÞ
0 Þ

PrðPi � pijPj � pjÞ

The estimation of this quantity proceeds in a similar way to uFDR. Given a set of observed p
value pairs fðp1i ; p1j Þ; ðp2i ; p2j Þ . . . ðpNi ; pNj Þg for two phenotypes i and j at N different SNPs, and

an observed p value pair (pi, pj) for a SNP of interest, we define N1 as the number of p value
pairs with Pj � pj, and estimate the cFDR as

dcFDRðpijpjÞ ¼ PrðPi � pijPj � pj;H
ðiÞ
0 Þ

#ðpairs;ðpki ; pkj Þ 2 ðPi; PjÞ with pki � pi and pkj � pjÞ=N1

¼ Expected quantile of pi under H
ðiÞ
0 amongst pki with k satisfying pkj � pj

Observed quantile of pi amongst pki with k satisfying pkj � pj

ð2Þ

Again, this estimate is conservative, due to the approximation PrðHðiÞ
0 j Pj � pjÞ ¼ 1.

We compute the quantity (2) for each SNP at each pair of phenotypes, declaring any SNP

for which dcFDRðpi j pjÞ � a0 as non-null for phenotype i. However, as noted earlier, this does

not guarantee that the expected false discovery rate amongst such SNPs is less than α0. We
show that the FDR is controlled at a higher level dependent on the region of the unit square de-

fined by rectangles for which dcFDRðx j yÞ � a0.
Our method here diverges from the original method proposed by Andreasson et al, in the

use of the expected quantile PrðPi � pi j Pj � pj;H
ðiÞ
0 Þ in place of the p-value pi. If studies share

no controls, it can be reasonably assumed that, for a SNP which is null for phenotype i, the p

values (pi,pj) are independent, so p0i ¼ PrðPi � pi j Pj � pj;H
ðiÞ
0 Þ ¼ pi. This is the approach

taken by Andreasson et al [3]. We propose a method for computing p0i when controls are
shared between studies, and the independence assumption above is not valid.

Our approach is to compute the related quantity PrðPi � pi j Pj � pj;H
ðiÞ
0 ;HðjÞ

Z Þ, where η is
the (unobserved) effect size we would observe for a given SNP for phenotype j if the observed
MAFs agreed exactly with the population MAFs for that SNP, and HðjÞ

Z is the hypothesis that

Zj * N(η,1) for that SNP. This quantity can be thought of as the ‘expected quantile’ of pi; that
is, the proportion of p values we expect to be less than pi.

Computation of expected quantile
From the first part of (2), we have:

cFDRðpijpjÞ ¼
PrðHðiÞ

0 jPj � pjÞPrðPi � pijPj � pj;H
ðiÞ
0 Þ

PrðPi � pijPj � pjÞ
ð3Þ

As per Andreasson et al [3], the quantity PrðHðiÞ
0 j Pj � pjÞ is set conservatively at 1, and the

quantity Pr(Pi � pijPj � pj) is estimated empirically as the proportion of pairs of observed p
values ðp0 i; p0 jÞ with p0 j � pj which also satisfy p0 i � pi.

For a given SNP, let η denote the standardised mean allele frequency (MAF) difference; that
is, the Z value we would compute if the observed MAFs agreed exactly with the population
MAFs. We consider η for a random SNP as being an instance of a random variable H, and that
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the observed z value for that SNP ZjH = η is distributed as

ZjH ¼ Z � NðZ; 1Þ ð4Þ

We further assume thatH follows a mixture distribution taking the value 0 with probability pðjÞ
0

and a normal pdf with probability 1� pðjÞ
0 :

H � 0; p ¼ pðjÞ
0

Nð0; s2Þ; p ¼ 1� pðjÞ
0

(
ð5Þ

This implies

Zj �
Nð0; 1Þ; p ¼ pðjÞ

0

Nð0; 1þ s2Þ; p ¼ 1� pðjÞ
0

(
ð6Þ

Thus, given the observed distribution of Zj, the parameters pðjÞ
0 and sj may be estimated by an

expectation - maximisation algorithm (https://gist.github.com/chr1swallace/11421212).
We assume as per Zaykin [18] that the distribution of pairs of observed z values (Zi, Zj) for a

single given SNP is bivariate normal. Denote byHðjÞ
Z the event that, for a given SNP, the values

Zj are distributed as N(η, 1), with η depending on the SNP.

Under our assumption of the null hypothesis HðiÞ
0 for the principal phenotype and a popula-

tion MAF difference corresponding to η for the conditional phenotype, we have

ðZi;ZjjHðiÞ
0 ;HðjÞ

Z Þ � N
0

Z

 !
;

1 r

r 1

 ! !
ð7Þ

The correlation r arises from the shared controls between groups [18, 19] and is asymptoti-
cally equal to

r ¼ 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ N0i

N0

� �
1þ N0j

N0

� �
1þ N0i

Ni
þ N0

Ni

� �
1þ N0j

Nj
þ N0

Nj

� �r ð8Þ

where Ni and Nj are the numbers of cases, N0i and N0j are the numbers of non-shared controls,
and N0 is the number of shared controls for the original GWAS for the principal and condi-
tional phenotypes respectively. There is good agreement with the asymptotic correlation when
group sizes are greater than 100 [18].

Given equations (5)–(8), the joint distribution of Zi and Zj can be computed under only the

assumption HðiÞ
0 . The value of the partial PDF of ðZi; Zj j HðiÞ

0 Þ at (x, y) can be derived in a simi-

lar way to (6):

ðZi;ZjjHðiÞ
0 Þ �

N
0

0

 !
;

1 r

r 1

 ! !
; p ¼ pðjÞ

0

N
0

0

 !
;

1 r

r 1þ s2

 ! !
; p ¼ 1� pðjÞ

0

8>>>>>><>>>>>>:
ð9Þ
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We now compute the final probability in equation (3). Define

PZðXÞ ¼ PrðXjHðiÞ
0 ;HðjÞ

Z Þ ð10Þ

as the probability of observing events X for a particular SNP with true effect size η (which may
be 0, corresponding to the general null). Then,

Pr Pi � pijPj � pj;H
ðiÞ
0

� �
¼

Pr Pi � pi; Pj � pjjHðiÞ
0

� �
Pr Pj � pjjHðiÞ

0

� �

¼
pðjÞ
0 P0ðPi � pi; Pj � pjÞ þ 1� pðjÞ

0

� � R1
�1 PZðPi � pi; Pj � pjÞf ðZÞdZ

pðjÞ
0 P0ðPj � pjÞ þ 1� pðjÞ

0

� � R1
�1 PZðPj � pjÞf ðZÞdZ

: ð11Þ

If the distribution of H is estimable by other means, quantity (11) can be calculated numeri-
cally without the assumption that the non-null component ofH be normally distributed, at the
cost of higher computation time. Under our assumptions, equations (6) and (9) enable the fast
computation of quantity (11) by normal CDFs; writing

Lðr;s2Þðzi; zjÞ ¼
Z
jxj>jzi j;jyj>jzjj

N 0

0

 !
;

1 r

r 1þ s2

 !ðx; yÞdxdy

ls2ðzjÞ ¼
Z
jyj>jzj j

Nð0;1þs2ÞðyÞdy

ð12Þ

we have

Pr Pi � pijPj � pj;H
ðiÞ
0

� �
¼

pðjÞ
0 Lðr;0Þðzi; zjÞ þ 1� pðjÞ

0

� �
Lðr;s2Þðzi; zjÞ

pðjÞ
0 l0ðzjÞ þ 1� pðjÞ

0

� �
ls2ðzjÞ

ð13Þ

Point expected quantile

Because the formula for PrðPi � pi j Pj � pj;H
ðiÞ
0 Þ is differentiable on the unit square, an ex-

pression for the expected quantile of pi given an exact value for pj can be computed by taking
the partial derivative with respect to pj:

Pr Pi � pijPj ¼ pj;H
ðiÞ
0

� �
¼ @

@pj
Pr Pi � pijPj � pj;H

ðiÞ
0

� �
¼ Aþ B

C
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where

A ¼ pðjÞ
0 Nð0;1ÞðzjÞ

Z
jxj�zi

Nðrzj ;1�r2ÞðxÞdx

B ¼ ð1� pðjÞ
0 ÞNð0;1þs2ÞðzjÞ

Z
jxj�zi

N rzj
1þ s2

;
1� r2 þ s2

1þ r2

� �ðxÞdx
C ¼ pðjÞ

0 Nð0;1ÞðzjÞ þ 1� pðjÞ
0

� �
Nð0;1þs2ÞðzjÞ

where Nm,s2(x) denotes the value of the normal pdf with mean m and variance s2 at x.

Significance thresholds

Because duFDR values are monotonically related to p values, the widely accepted GWAS p value

cutoff of 5 × 10−8 corresponds naturally to a cutoff for duFDR. For each phenotype i, we set a

significance threshold βi for duFDRðpiÞ as the lowest possible value of γ for whichduFDRðpiÞ � g , pi � 5� 10�8.

We then applied an analagous approach to dcFDR. For each pair of phenotypes (i, j), we set a
significance threshold aij as the lowest possible value of γ

0 for whichdcFDRðpi j pjÞ � g0 , pi � 5� 10�8. Given the distribution of Pj, it is possible that this could

lead to declaring SNPs with pi > 5 × 10−8,pj ≈ 1 as significant. To avoid this, if aij was larger

(less stringent) than βi, we set aij ¼ bi.

For each ordered pair of phenotypes (i, j), we declared all SNPs with dcFDRðpi j pjÞ � aij as

non-null for phenotype i. This included all SNPs with duFDRðpiÞ � bi. We then used a tech-

nique described in S1 Text (section B) to compute upper bounds cðiÞj on the false discovery rate

amongst SNPs for which dcFDRðpi; pjÞ � ai
j. For each phenotype, this gave nine upper bounds,

corresponding to each of the nine conditional phenotypes.

Network and heatmap representation of pleiotropy
We compared the degree of pleiotropy between diseases by considering how much the p-value
threshold for significance for the principal phenotype changed when conditioning on a small

p-value threshold for the conditional phenotype. We used the dcFDR algorithm to compute the

number pj�i such that PðHðiÞ
0 j Pi � pj�i ; pj � 5� 10�6Þ ¼ PðHðiÞ

0 j Pi � 5� 10�8Þ; that is,dcFDRðpj�i j 5� 10�6Þ ¼ duFDRð5� 10�8Þ. We then considered the ratio pj�i =5� 10�8; that is,
the fold increase in significance cutoff after conditioning.

We note that because of the fixed value of pj = 5 × 10−6, the expected false discovery rate

amongst the set of SNPs which satisfy PðHðiÞ
0 j Pi � pj�i ; pj � 5� 10�6Þ � PðHðiÞ

0 j Pi �
5� 10�8Þ is bounded above by PðHðiÞ

0 j Pi � 5� 10�8Þ, by the Benjamini-Hochberg result.

Thus the expected false discovery rate amongst SNPs with Pi � pj�i and Pj � 5 × 10−6 is bound-
ed by the same value as the expected false discovery rate amongst SNPs with Pi � 5 × 10−8.

We visualised the ratio pj�i =5� 10�8 as a heatmap (S2 Fig.). We also produced a network
(Fig. 6), with an edge from vertex i to vertex j if and only if, by conditioning on Pj � 5 × 10−6,
the cutoff for significance for Pi could be increased from 5 × 10−8 to 4 × 10−7. This cutoff was
chosen as the smallest value such that the network was weakly connected; that is, each vertex
had an arrow either to it or from it.
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Discovery of novel SNP associations

Cutoffs βi were chosen such that duFDRðpiÞ � bi , pi � 5� 10�8. SNPs were deemed signifi-

cant for a principal phenotype i if dcFDRðpi j pjÞ � aij for any conditional phenotype j and

aij � bi.

The expected false discovery rate amongst SNPs for which duFDRðpiÞ � bi is less than βi due
to a theorem of Benjamini and Hochberg. However, as discussed above and in S1 Text (section

B), the expected false discovery rate amongst SNPs for which dcFDRðpi j pjÞ � ai
j is not neces-

sarily lower than aij. For each ordered pair of phenotypes (i, j), an upper bound cij was computed

for the expected false discovery rates amongst SNPs with dcFDRðpi j pjÞ � aij. The list of SNPs

declared non-null for phenotype i was pruned to allow for linkage disequilibrium (LD) by list-

ing all SNPs in increasing order ofminjð dcFDRðpijpjÞ and stepping through the list from left to

right, at each stage removing all SNPs in LD with r2 � 0.1 to the right of the current SNP. This
ideally leads to the inclusion of at most one SNP from each LD block.

Multiple testing
Amultiple testing problem arises from considering p values for one disease conditioned sepa-
rately on nine others. Specifically, if the criterion for declaring a SNP non-null for phenotype i

is that dcFDRðpi j pjÞ � ai
j for at least one of the nine possible values of j, then the FDR for all

SNPs declared non-null will be greater than the FDR among the smaller set of SNPs for whichdcFDRðpi j pjÞ � aij for only one value of j, due to multiple testing.

However, this excess FDR is not enough to warrant a Bonferroni (Sidak) correction; thedcFDRðpi j pjÞ values for a phenotype i are highly correlated, as all are in turn highly correlated

with pi. A Bonferroni correction tends to remove any advantage in SNP detection gained fromdcFDR, though an advantage may still be seen when only considering one conditional pheno-
type j.

We opted to use a method proposed by Nyholt [36] to correct for multiple testing in SNPs
with high LD. We estimated a correlation matrix O for potentially non-null cFDR values using
Spearman’s rank correlation. The variance of the eigenvalues of O, Var(λobs), was computed
and used to estimate the effective number of variablesMeff according to the equation

Meff ¼ 1þ 9 1� VarðlobsÞ
9

� �
ð14Þ

Note that Var(λobs) is between 9 (completely correlated variables, effectively one test) and 0
(completely uncorrelated variables, essentially a Bonferroni correction).

Denoting by ni
j the number of SNPs with dcFDRðpi j pjÞ � aij, corresponding to an upper

bound on the FDR of cij, an upper bound for the FDR among all SNPs declared significant for

phenotype i was then computed as

ci0 ¼ Meff

P
j¼1::10;j 6¼ic

i
jn

i
jP

j¼1::10;j 6¼in
i
j

; ð15Þ

intuitively, multiplying the expected average number of false discoveries across conditional
phenotypes (cijn

i
j) by the effective number of tests. Values ofMeff and ci0 are shown in S1 Table.
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Supporting Information
S1 Text. Mathematical basis for estimation of cFDR and establishment of upper bound on

expected FDR when using dcFDR method.
(PDF)

S1 Table. Calculation of false discovery rates for SNPs reaching dcFDR significance levels.
Meff gives the ‘effective number of tests’, relating to the multiple testing adjustment for the mul-
tiple phenotypes conditioned upon (see Methods section). Max p is the maximum principal

p value at which a SNP was able to be declared significant using dcFDR. Eq FDR shows the false-
discovery rate we would be forced to control at in order to detect all these SNPs the principal
p value alone. The FDR bound (bold) is the false discovery rate at which the set of SNPs discov-

ered by the dcFDR method is controlled.
(CSV)

S2 Table. S2–S11 Tables show associated SNPs for each phenotype, ordered by best cFDR.
P values shown are after adjustment for genomic inflation. Chromosome positions are from
the NCBI36 assembly. The conditional phenotype shown is the phenotype for which the cFDR
was most below the relevant cutoff. Column CP is the conditional phenotype for which cor-
rected cFDR was lowest. SNPs with p value greater than 5 × 10−8 for the principal phenotype
are asterisked, and SNP-disease associations not previously known are suffixed with a’+’.
S2 Table shows SNPs associated with T1D (type 1 diabetes).
(CSV)

S3 Table. SNPs associated with ATD (autoimmune thyroid disease). See legend for S2 Table.
(CSV)

S4 Table. SNPs associated with CEL (celiac disease). See legend for S2 Table.
(CSV)

S5 Table. SNPs associated with MS (multiple sclerosis). See legend for S2 Table.
(CSV)

S6 Table. SNPs associated with NAR (narcolepsy). See legend for S2 Table.
(CSV)

S7 Table. SNPs associated with PBC (primary biliary cirrhosis). See legend for S2 Table.
(CSV)

S8 Table. SNPs associated with PSO (psoriasis). See legend for S2 Table.
(CSV)

S9 Table. SNPs associated with RA (rheumatoid arthritis). See legend for S2 Table.
(CSV)

S10 Table. SNPs associated with UC (ulcerative colitis). See legend for S2 Table.
(CSV)

S11 Table. SNPs associated with CRO (Crohn’s disease). See legend for S2 Table.
(CSV)

S1 Fig. Effect of adjusting dcFDR for shared controls. Plots A and B show the ratio between

the true dcFDR (computed using our method) to the’naive’ dcFDR (computed by naively applying
the existing split-control approach to shared-control data without adjustment) for a range of p
values for the principal phenotype. The p values forming the x-coordinates were obtained from
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the shared-control design. The left-hand plot shows ratios of true to’naive’ cFDR for p values
greater than 1 × 10?10, demonstrating 2–3 fold underestimation. The right-hand plot shows
log-ratios of trueto’naive’ cFDR for smaller p values, demonstrating hundred- or thousand-
fold underestimation.
(PDF)

S2 Fig. Summary of pleiotropy between phenotypes. The colour for phenotype i (horizontal)
and phenotype j (vertical) corresponds to the p-value cutoff for significance for phenotype i,
given that a p-value cutoff for phenotype j is less than 5 × 10−6.
(PDF)

S3 Fig. Distribution of log(M) amongst null SNPs.M is proportional to the variance of the
log odds ratio from TDT data, defined as sb2 f(1−f)), where f is the minor allele frequency
amongst null SNPs, and sbis the standard error. Equating the median ofM with a known ex-
pression for variance of the log odds ratio in a case-control study enables back-calculation of
the effective number of cases and controls. This technique was used for computing the number
of cases and controls in the T1D study, for which p values were obtained from a meta-analysis
of case-control and TDT data.
(PDF)

S4 Fig. S4–S13 Figs. are Q-Q plots labeled “ijj”, where i is the principal phenotype and j the
conditional phenotype. Y axes show log10ðp0iÞ; X axes show log quantile (rank) of p values in
various sets of SNPs. Each colour corresponds to the Q-Q plot for pi amongst only SNPs such
that pj is less than a certain cutoff, with the black line corresponding to the Q-Q plot for all
SNPs. P values for the principal phenotype are adjusted for the effect of shared controls be-
tween studies. A leftward shift with decreasing pj cutoff indicates enrichment of SNP sets from
conditioning on degrees of association with a conditional phenotype, probably due to pleiotro-
pic effects between phenotypes. Because the studies used the ImmunoChip, which covers only
potential autoimmune-associated regions, the black line also shows considerable enrichment
compared to quantiles. S4 Fig. shows Q-Q plots with T1D (type 1 diabetes) as the
principal phenotype
(PDF)

S5 Fig. Q-Q plots with ATD (autoimmune thyroid disease) as the principal phenotype. See
legend for S4 Fig.
(PDF)

S6 Fig. Q-Q plots with CEL (celiac disease) as the principal phenotype. See legend for S4 Fig.
(PDF)

S7 Fig. Q-Q plots with MS (multiple sclerosis) as the principal phenotype. See legend for
S4 Fig.
(PDF)

S8 Fig. Q-Q plots with NAR (narcolepsy) as the principal phenotype. See legend for S4 Fig.
(PDF)

S9 Fig. Q-Q plots with PBC (primary biliary cirrhosis) as the principal phenotype. See leg-
end for S4 Fig.
(PDF)

S10 Fig. Q-Q plots with PSO (psoriasis) as the principal phenotype. See legend for S4 Fig.
(PDF)
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S11 Fig. Q-Q plots with RA (rheumatoid arthritis) as the principal phenotype. See legend
for S4 Fig.
(PDF)

S12 Fig. Q-Q plots with UC (ulcerative colitis) as the principal phenotype. See legend for
S4 Fig.
(PDF)

S13 Fig. Q-Q plots with CRO (Crohn’s disease) as the principal phenotype. See legend for
S4 Fig.
(PDF)

Acknowledgments
We thank Professor John Todd for help in interpreting the results. Thanks to Professor
Cathryn Lewis and Dr Steve Eyre for the list of SNPs used for genomic control. We gratefully
acknowledge the following groups and individuals who provided biological samples or data for
this study. The IIBDGC shared summary association data on Crohn’s and ulcerative colitis.
We would like to thank the UKMedical Research Council and Wellcome Trust for funding
the collection of DNA for the British 1958 Birth Cohort (MRC grant G0000934, WT grant
068545/Z/02). We thank The Avon Longitudinal Study of Parents and Children laboratory in
Bristol and the British 1958 Birth Cohort team, including S. Ring, R. Jones, M. Pembrey,
W. McArdle, D. Strachan and P. Burton, for preparing and providing the control DNA sam-
ples. We acknowledge use of DNA from The UK Blood Services collection of Common Con-
trols (UKBS collection). The collection was established as part of the Wellcome Trust Case-
Control Consortium. We acknowledge use of DNA samples from the NIHR Cambridge BioRe-
source. We thank volunteers for their support and participation in the Cambridge BioResource
and members of the Cambridge BioResource SAB and Management Committee for their sup-
port of our study. Access to Cambridge BioResource volunteers and their data and samples is
governed by the Cambridge BioResource SAB. Documents describing access arrangements and
contact details are available at http://www.cambridgebioresource.org.uk/.

Acknowledgements for the individual studies whose summary data we accessed via
ImmunoBase may be found at http://www.immunobase.org/poster/immunochip-paper-
acknowledgments/.

Author Contributions
Conceived and designed the experiments: JL CW. Performed the experiments: JL. Analyzed the
data: JL. Contributed reagents/materials/analysis tools: JL CW. Wrote the paper: JL CW.

References
1. Speed D, Hemani G, Johnson MR, Balding DJ (2012) Improved heritability estimation from genome-

wide SNPs. American Journal of Human Genetics 91: 1011–1021. doi: 10.1016/j.ajhg.2012.10.010
PMID: 23217325

2. Cotsapas C, Voight BF, Rossin E, Lage K, Neale BM, et al. (2011) Pervasive sharing of genetic effects
in autoimmune disease. PLOS Genetics 7: 1–8. doi: 10.1371/journal.pgen.1002254 PMID: 21852963

3. Andreassen OA, ThompsonWK, Schork AJ, Ripke S, Mattingsdal M, et al. (2013) Improved detection
of common variants associated with schizophrenia and bipolar disorder using pleiotropy-informed con-
ditional false discovery rate. PLOS Genetics 9(4). doi: 10.1371/journal.pgen.1003455 PMID:
23637625

4. Hirschhorn JN, Daly MJ (2005) Genome-wide association studies for common diseases and complex
traits. Nature Reviews Genetics 6: 95–108. doi: 10.1038/nrg1521 PMID: 15716906

Co-analysis of GWAS with Shared Controls

PLOS Genetics | DOI:10.1371/journal.pgen.1004926 February 6, 2015 24 / 26

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pgen.1004926.s023
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pgen.1004926.s024
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pgen.1004926.s025
http://www.cambridgebioresource.org.uk/
http://www.immunobase.org/poster/immunochip-paper-acknowledgments/
http://www.immunobase.org/poster/immunochip-paper-acknowledgments/
http://dx.doi.org/10.1016/j.ajhg.2012.10.010
http://www.ncbi.nlm.nih.gov/pubmed/23217325
http://dx.doi.org/10.1371/journal.pgen.1002254
http://www.ncbi.nlm.nih.gov/pubmed/21852963
http://dx.doi.org/10.1371/journal.pgen.1003455
http://www.ncbi.nlm.nih.gov/pubmed/23637625
http://dx.doi.org/10.1038/nrg1521
http://www.ncbi.nlm.nih.gov/pubmed/15716906


5. Glazier AM, Nadeau JH, Aitman TJ (2002) Finding genes that underlie complex traits. Science 298:
2345–2349. doi: 10.1126/science.1076641 PMID: 12493905

6. Yang J, Manolio TA, Pasquale LR, Boerwinkle E, Caporaso N, et al. (2011) Genome partitioning of ge-
netic variation for complex traits using common snps. Nature Genetics 43(6): 519–525. doi: 10.1038/
ng.823 PMID: 21552263

7. Smyth D, Plagnol V, Walker NM, Cooper JD, Downes K, et al. (2008) Shared and distinct genetic vari-
ants in type 1 diabetes and celiac disease. New England Journal of Medicine 359: 2767–2777. doi: 10.
1056/NEJMoa0807917 PMID: 19073967

8. Ferkingstad E, Frigessi A, Rue H, Thorleifsson G, Kong A (2008) Unsupervised empirical Bayesian
multiple testing with external covariates. Annals of Applied Statistics 2: 714–735. doi: 10.1214/08-
AOAS158

9. Paaby AB, Rockman MV (2013) The many faces of pleiotropy. Trends in Genetics 29(2): 66–73. doi:
10.1016/j.tig.2012.10.010 PMID: 23140989

10. Sivakumaran S, Agakov F, Theodoratou E, Theodoratou E, Prendergast JG, et al. (2011) Abundant
pleiotropy in human complex diseases and traits. American Journal of Human Genetics 89: 607–618.
doi: 10.1016/j.ajhg.2011.10.004 PMID: 22077970

11. Lichtenstein P, Yip BH, Bjöork C, Pawitan Y, Cannon TD, et al. (2009) Common genetic determinants
of schizophrenia and bipolar disorder in Swedish families: a population-based study. Lancet 373
(9659): 234–239. doi: 10.1016/S0140-6736(09)60072-6 PMID: 19150704

12. Hasstedt SJ, Hanis CL, Das SK, Elbein SC, The American Diabetes Association GENNID Study Group
(2011) Pleiotropy of type 2 diabetes with obesity. Journal of Human Genetics 56(7): 491–495. doi: 10.
1038/jhg.2011.46 PMID: 21525879

13. Andreassen OA, McEvoy LK, ThompsonWK,Wang Y, Reppe S, et al. (2014) Identifying common ge-
netic variants in blood pressure due to poly genic pleiotropy with associated phenotypes. Hypertension
63. doi: 10.1161/HYPERTENSIONAHA.113.02077 PMID: 24396023

14. Andreasson OA, Harbo HF, Wang Y, ThompsonWK, Schork AJ, et al. (2014) Genetic pleiotropy be-
tween multiple sclerosis and schizophrenia but not bipolar disorder: differential involvement of immune-
related gene loci. Molecular psychiatry: 1–8. doi: 10.1038/mp.2013.195

15. Efron B, Tibshirani R (2002) Empirical Bayesmethods and false discovery rates for microarrays. Genet-
ic Epidemiology 23: 70–86. doi: 10.1002/gepi.1124 PMID: 12112249

16. TheWellcome trust case control consortium (2007) Genome-wide association study of 14000 cases of
seven common diseases and 3000 shared controls. Nature 447: 661–678. doi: 10.1038/nature05911
PMID: 17554300

17. Cortes A, Brown MA (2011) Promise and pitfalls of the ImmunoChip. Arthritis Research and Therapy
13. doi: 10.1186/ar3204 PMID: 21345260

18. Zaykin DV, Kozbur DO (2010) P-value based analysis for shared controls design in genome-wide asso-
ciation studies. Genetic Epidemiology 34: 725–738. doi: 10.1002/gepi.20536 PMID: 20976797

19. Lin D, Sullivan PF (2009) Meta-analysis of genome-wide association studies with overlapping subjects.
American Journal of Human Genetics 85: 862–872. doi: 10.1016/j.ajhg.2009.11.001 PMID: 20004761

20. Onengut-Gumuscu S, ChenWM, Burren O, Cooper NJ, Quinlan AR, et al. (2014) Fine Mapping of type
1 diabetes susceptibility loci and evidence for colocalization of causal variants with lymphoid gene en-
hancers. Nature Genetics In Press.

21. Cooper JD, Simmonds MJ, Walker NM, Burren O, Brand OJ, et al. (2012) Seven newly identified loci
for autoimmune thyroid disease. Human Molecular Genetics 21: 5202–5208. doi: 10.1093/hmg/
dds357 PMID: 22922229

22. Trynka G, Hunt KA, Bockett NA, Romanos J, Mistry V, et al. (2012) Dense genotyping identifies and lo-
calizes multiple common and rare variant association signals in celiac disease. Nature Genetics 43:
1193–1201. doi: 10.1038/ng.998 PMID: 22057235

23. International Multiple Sclerosis Genetics Consortium (IMSGC), Beecham AH, Patsopoulos NA, Xifara
DK, Davis MF, et al. (2013) Analysis of immune-related loci identifies 48 new susceptibility variants for
multiple sclerosis. Nature Genetics 45. doi: 10.1038/ng.2770 PMID: 24076602

24. Faraco J, Lin L, Kornum BR, Kenny EE, Trynka G, et al. (2013) Immunochip study implicates antigen
presentation to T cells in narcolepsy. PLOS Genetics 9. doi: 10.1371/journal.pgen.1003270

25. Liu JZ, Almarri MA, Gaffney DJ, Mells GF, Jostins L, et al. (2012) Dense fine-mapping study identifies
new susceptibility loci for primary biliary cirrhosis. Nature Genetics 44: 1137–1141. doi: 10.1038/ng.
2395 PMID: 22961000

26. Tsoi LC, Spain SL, Knight J, Ellinghaus E, Stuart PE, et al. (2012) Identification of 15 new psoriasis sus-
ceptibility loci highlights the role of innate immunity. Nature Genetics 44: 1341–1350. doi: 10.1038/ng.
2467 PMID: 23143594

Co-analysis of GWAS with Shared Controls

PLOS Genetics | DOI:10.1371/journal.pgen.1004926 February 6, 2015 25 / 26

http://dx.doi.org/10.1126/science.1076641
http://www.ncbi.nlm.nih.gov/pubmed/12493905
http://dx.doi.org/10.1038/ng.823
http://dx.doi.org/10.1038/ng.823
http://www.ncbi.nlm.nih.gov/pubmed/21552263
http://dx.doi.org/10.1056/NEJMoa0807917
http://dx.doi.org/10.1056/NEJMoa0807917
http://www.ncbi.nlm.nih.gov/pubmed/19073967
http://dx.doi.org/10.1214/08-AOAS158
http://dx.doi.org/10.1214/08-AOAS158
http://dx.doi.org/10.1016/j.tig.2012.10.010
http://www.ncbi.nlm.nih.gov/pubmed/23140989
http://dx.doi.org/10.1016/j.ajhg.2011.10.004
http://www.ncbi.nlm.nih.gov/pubmed/22077970
http://dx.doi.org/10.1016/S0140-6736(09)60072-6
http://www.ncbi.nlm.nih.gov/pubmed/19150704
http://dx.doi.org/10.1038/jhg.2011.46
http://dx.doi.org/10.1038/jhg.2011.46
http://www.ncbi.nlm.nih.gov/pubmed/21525879
http://dx.doi.org/10.1161/HYPERTENSIONAHA.113.02077
http://www.ncbi.nlm.nih.gov/pubmed/24396023
http://dx.doi.org/10.1038/mp.2013.195
http://dx.doi.org/10.1002/gepi.1124
http://www.ncbi.nlm.nih.gov/pubmed/12112249
http://dx.doi.org/10.1038/nature05911
http://www.ncbi.nlm.nih.gov/pubmed/17554300
http://dx.doi.org/10.1186/ar3204
http://www.ncbi.nlm.nih.gov/pubmed/21345260
http://dx.doi.org/10.1002/gepi.20536
http://www.ncbi.nlm.nih.gov/pubmed/20976797
http://dx.doi.org/10.1016/j.ajhg.2009.11.001
http://www.ncbi.nlm.nih.gov/pubmed/20004761
http://dx.doi.org/10.1093/hmg/dds357
http://dx.doi.org/10.1093/hmg/dds357
http://www.ncbi.nlm.nih.gov/pubmed/22922229
http://dx.doi.org/10.1038/ng.998
http://www.ncbi.nlm.nih.gov/pubmed/22057235
http://dx.doi.org/10.1038/ng.2770
http://www.ncbi.nlm.nih.gov/pubmed/24076602
http://dx.doi.org/10.1371/journal.pgen.1003270
http://dx.doi.org/10.1038/ng.2395
http://dx.doi.org/10.1038/ng.2395
http://www.ncbi.nlm.nih.gov/pubmed/22961000
http://dx.doi.org/10.1038/ng.2467
http://dx.doi.org/10.1038/ng.2467
http://www.ncbi.nlm.nih.gov/pubmed/23143594


27. Eyre S, Bowes J, Diogo D, Lee A, Barton A, et al. (2012) High-density genetic mapping identifies new
susceptibility loci for rheumatoid arthritis. Nature Genetics 44: 1336–1342. doi: 10.1038/ng.2462
PMID: 23143596

28. Jostins L, Ripke S, Weersma RK, Duerr RH, McGovern DPB, et al. (2012) Host-microbe interactions
have shaped the genetic architecture of inflammatory bowel disease. Nature 491: 119–124. doi: 10.
1038/nature11582 PMID: 23128233

29. Cotsapas C, Hafler DA (2013) Immune-mediated disease genetics: the shared basis of pathogenesis.
Trends in Immunology 34(1): 22–26. doi: 10.1016/j.it.2012.09.001 PMID: 23031829

30. Park JH, Wacholder S, Gail MH, Peters U, Jacobs KB, et al. (2010) Estimation of effect size distribution
from genome-wide association studies and implications for future discoveries. Nat Genet 42: 570–575.
doi: 10.1038/ng.610 PMID: 20562874

31. Benjamini Y, Hochberg Y (1995) Controlling the false discovery rate: a practical and powerful approach
to multiple testing. Journal of the Royal Statistical Society, series B (methodological) 57: 289–300.

32. Devlin B, Roeder K, Wasserman L (2001) Genomic control, a new approach to genetic-based associa-
tion studies. Theoretical Population Biology 60: 155–166. doi: 10.1006/tpbi.2001.1542 PMID:
11855950

33. Dubois PCA, Trynka G, Franke L, Hunt KA, Romanos J, et al. (2010) Multiple common variants for celi-
ac disease influencing immune gene expression. Nature Genetics 42: 295–302. doi: 10.1038/ng.543
PMID: 20190752

34. De Jager PL, Beacher-Allan C, Maier LM, Arthur AT, Ottoboni L, et al. (2009) The role of the CD58
locus in multiple sclerosis. Proceedings of the National Academy of Sciences USA 106: 5264–5269.
doi: 10.1073/pnas.0813310106

35. Farmer M, Petras RE, Hunt LE, Janosky JE, Galandiuk S (2000) The importance of diagnostic accuracy
in colonic inflammatory bowel disease. The American Journal of Gastroenterology 95: 3184–3188. doi:
10.1111/j.1572-0241.2000.03199.x PMID: 11095339

36. Nyholt D (2004) A simple correction for multiple testing for single-nucleotide polymorphisms in linkage
disequilibrium with each other. American Journal of Human Genetics 74: 765–769. doi: 10.1086/
383251 PMID: 14997420

Co-analysis of GWAS with Shared Controls

PLOS Genetics | DOI:10.1371/journal.pgen.1004926 February 6, 2015 26 / 26

http://dx.doi.org/10.1038/ng.2462
http://www.ncbi.nlm.nih.gov/pubmed/23143596
http://dx.doi.org/10.1038/nature11582
http://dx.doi.org/10.1038/nature11582
http://www.ncbi.nlm.nih.gov/pubmed/23128233
http://dx.doi.org/10.1016/j.it.2012.09.001
http://www.ncbi.nlm.nih.gov/pubmed/23031829
http://dx.doi.org/10.1038/ng.610
http://www.ncbi.nlm.nih.gov/pubmed/20562874
http://dx.doi.org/10.1006/tpbi.2001.1542
http://www.ncbi.nlm.nih.gov/pubmed/11855950
http://dx.doi.org/10.1038/ng.543
http://www.ncbi.nlm.nih.gov/pubmed/20190752
http://dx.doi.org/10.1073/pnas.0813310106
http://dx.doi.org/10.1111/j.1572-0241.2000.03199.x
http://www.ncbi.nlm.nih.gov/pubmed/11095339
http://dx.doi.org/10.1086/383251
http://dx.doi.org/10.1086/383251
http://www.ncbi.nlm.nih.gov/pubmed/14997420


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


