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ABSTRACT

Biological datasets often consist of thousands or millions of variables, e.g. genetic variants or biomarkers, and when sample sizes
are large it is common to find many associated with an outcome of interest, for example, disease risk in a GWAS, at high levels
of statistical significance, but with very small effects. The False Discovery Rate (FDR) is used to identify effects of interest based
on ranking variables according to their statistical significance. Here, we develop a complementary measure to the FDR, the
priorityFDR, that ranks variables by a combination of effect size and significance, allowing further prioritisation among a set of
variables that pass a significance or FDR threshold. Applying to the largest GWAS of type 1 diabetes to date (15,573 cases and
158,408 controls), we identified 26 independent genetic associations, including two newly-reported loci, with qualitatively lower
priorityFDRs than the remaining 175 signals. We detected putatively causal type 1 diabetes risk genes using Mendelian
Randomisation, and found that these were located disproportionately close to low priorityFDR signals (p = 0.005), as were genes
in the IL-2 pathway (p = 0.003). Selecting variables on both effect size and significance can lead to improved prioritisation for
mechanistic follow-up studies from genetic and other large biological datasets.

1 | Introduction biomarkers, to be associated with an outcome of interest, for

example, disease risk. Variation in outcomes is therefore usually
Biological processes are complex, stemming from combinations explained mostly by the combined small effects of many vari-
and interactions of many factors. Large, multivariate biological ables, which do not point to specific biological pathways or
datasets reflect this complexity in that their analysis typically molecules. In genome-wide association studies (GWAS), for
reveals large numbers of variables, such as genetic variants or example, genetic risk for common diseases is distributed across
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hundreds of loci, mostly with common alleles and small effect
sizes (Ghoussaini et al. 2021). Interpretation of the biological
effects of these variants, and establishment of which are causal,
either statistically (fine-mapping) or experimentally, requires
considerable effort and the results may provide limited or non-
actionable mechanistic insight. In type 1 diabetes (T1D), for
example, HLA, INS and several genes in the IL-2 pathway
(including PTPN22 and IL2RA) have variants with alleles with
relatively large effects on risk (Odds Ratios (ORs) > 1.2), and it
is these loci that have yielded most biological insights so far
(Dendrou et al. 2009; Downes et al. 2010; Ferreira et al. 2019;
Garg et al. 2012; Smyth et al. 2008; Todd et al. 2016; Vafiadis
et al. 1997), subsequently taken forward to translation and
clinical trials (Marcovecchio et al. 2020). As sample sizes
increase even further, for example from the availability of data
from large biobanks, loci with p values that pass the established
threshold for significance, p < 5 x 1075, have either lower effect
sizes or lower minor allele frequencies (MAFs), the latter of
which are arguably preferable for follow-up, but are less fre-
quently found in practice (Crouch and Bodmer 2020).

A more permissive alternative to the typical genome-wide sig-
nificance threshold is the false discovery rate (FDR) (Benjamini
and Yekutieli 2005; Brzyski et al. 2017; Chen et al. 2021;
Stephens 2017), an estimate of the probability that associations
beyond a specified P value threshold are false (e.g., at FDR =
0.01, 1% of associations are likely to be false). This yields more
associations, but many may have small effect sizes, providing
motivation to develop an alternative to the FDR that priorities
variants based on both significance and effect size. A simple and
popular approach is to threshold variables separately on both
statistical significance (p value or FDR) and on the observed
effect size estimate, but this does not provide quantitative evi-
dence that the true effect size passes the threshold. Alterna-
tively, it is possible to test whether variables pass a specified
minimum effect size of interest (Cheng, Ramachandran, and
Crawford 2020; McCarthy and Smyth 2009), but standard ap-
proaches are conservative as they test against the point null
hypothesis that the effect equals the threshold, and furthermore
do not prioritise among the variables passing the test. Bayesian
approaches are best equipped to circumvent these issues by
providing posterior distributions of effect sizes, but typically
require some a priori assumptions about the distribution of
effects. Here, we developed an empirical Bayesian method to
estimate the ranks of the effect sizes in a data set, without
needing to assume a specific form of prior distribution. Since
the method both utilises the FDR and is complementary to it,
we termed it the priorityFDR. We assessed the performance of
the priorityFDR using simulated data, and compared its per-
formance at rank estimation against a similar method, EBrank
(Ferguson and Chang 2020), which models the prior as a mix-
ture of normal distributions. Our approach is preferable to
performing a simple ranking of the Bayesian estimates of effect
sizes across the variables in the data set, as this does not
account for the overlaps in their posterior distributions, which
may be substantial.

We conducted a GWAS meta-analysis of T1D, the largest to date
(15,573 cases and 155,235 controls) and assessed how prior-
ityFDR can be used to target the most biologically informative
associations. To achieve this, we (a) tested whether the

priorityFDR is able to objectively prioritise variants associated
with the established T1D-associated IL-2 causal pathway, and
(b) tested whether the method prioritises variants close to genes
with putatively causal effects on T1D, using Mendelian Ran-
domisation incorporating blood eQTL data from eQTLgen
(Vosa et al. 2021).

In addition to prioritising many known associations, we found
two highly prioritised signals not detected in previous GWAS
reports, and 21 others at a second tier of prioritisation, com-
pared to four previously unreported loci and 54 known signals
using the genome-wide significance threshold of p <5 x 107,

2 | Results

21 | Defining the PriorityFDR

The priorityFDR is defined, for a given variable, as the overall
probability that either (a) the variable is a false positive asso-
ciation or (b) the variable is a true positive but randomly
choosing variables from the distribution of true associations
produces a larger effect size. This is equivalent to the proportion
of non-null variables with effect sizes that exceed the variable in
question. It is useful to define the measure in this way because
many users would want to first filter out variables that appear to
be non-null by applying a p value or FDR threshold, and in
these cases would be less interested in the overall ranking.

Informally (see Supporting Information S1: Appendix S1 for
formal definitions), the priorityFDR for variable i is:

priorityFDR; = FDR; + effect priority; X (1 — FDRy),

@
where,
effect priority, = Pr(Effect size of random non-null
variable > Effect size of variable i
| variable i is non-null)
~ {Proportion of non-null effect sizes @
> Effect size of variable i | variable i is non-null},
and as
{Proportion of non-null effect sizes 3)
> Effect size of variablei| variableiis null} =1,
priorityFDR; & {Proportion of non-null effect sizes @

> Effect size of variable i}.

The priorityFDR is lower bounded by the FDR, so that all
priorityFDRs below 1%, for example, will also have FDR < 1%.
Therefore, it applies further stringency to a set of associations
passing the same FDR threshold. Variables with low effect
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priority will usually also have low FDRs, as if their effect sizes
can be distinguished accurately from those of other variables
(low effect priority) this implies that they can also be distin-
guished from zero (low FDR). However, variables with low FDR
may not have low (or particularly low) effect priority, as they
can have effect estimates lying close to zero compared with
other variables, while having tight standard errors. For a vari-
able to produce a low priorityFDR, it is necessary for it to have
both high statistical power to reject the null hypothesis of no
effect plus an effect size that is relatively large compared to
other variables in the data set. Ability to detect whether its
effect size is larger than that of the other variables will be lower
than than the ability to detect whether it exceeds zero. Thus,
even when the true effect size is high, low statistical power due
to a small ratio of said effect size over the standard error (as is
often the case for rare genetic variants) will translate to high
priorityFDRs, just as it translates to high FDRs.

We developed an empirical Bayesian method for estimating the
priorityFDR without the need to explicitly model prior distri-
butions of variables' effects (see Supporting Information S1:
Appendix S1 for full details). Our approach is to model the
distribution (likelihood) of the data only, without modelling
the prior, by fitting a flexible polynomial-based function
(henceforth a “polynomial”) to the observed histogram of ef-
fects (on the Z-score scale), along with a point-null distribution,
providing estimated null and non-null mixture components. We
then sample from the estimated non-null distribution, fitting
two polynomial mixtures to this sampled histogram, corre-
sponding to variables with negative and positive true effects,
allowing for computation of Bayesian probabilities of the true
effect signs. This is achieved by constraining the two polyno-
mial likelihood models so that they contain variables with only
positive and only negative true effects (see Supporting Infor-
mation S1: Appendix S1). We then apply the same approach to
modelling the distributions of randomly sampled effect differ-
ences between pairs of variables, rather than effects of indi-
vidual wvariables, allowing computation of Bayesian sign
probabilities for the true effect difference between a given pair.
The Bayesian effect sign and effect difference sign probabilities
together allow Bayesian computations of effect size order (i.e.,
whether one variable has a true effect more distant from zero
than the other), and averaging over samples of many such
pairwise differences, keeping the variable of interest i as the first
member of the pair, allows estimation of the effect priority in
Equation 1. One advantage of our approach is that there is no
need to specify explicit forms for the prior distributions. Even
though very flexible priors could be specified, for example using
a large number of mixtures of normal distributions as in EBrank
(Ferguson and Chang 2020), it is possible that these are more
difficult to fit. Secondly, as we are interested in the rankings
among non-null variables, it may be important to ensure that
the proportion of variables that are non-null is estimated
accurately, which may not be the case if the model for the prior
is not able to well-approximate the true prior. We aimed to
avoid this limitation by capturing true null variables using a
standard normal distribution with mean zero, mixed with a
flexible polynomial-based model for the non-null distribution.

Implemented in R (as the priorsplitteR package), using multiple
threads, the method typically requires around 15min of

computing time for datasets containing around 10,000 variables
and 1-2h for those containing 1 around million variables, not
including the time required to generate the primary effect sizes
and standard errors on which the method depends. We used 20
threads for priorityFDR analysis of our approximately 6 million
GWAS SNPs, on a single core, which required 10 h and access to
12.3 GB of RAM. Estimates are produced for both ‘local’ prior-
ityFDRs, namely the priorityFDR for a single variable conditional
on its observed data, and tail-area priorityFDRs: the mean
priorityFDR for variables exceeding a given local priorityFDR
threshold (here we use “priorityFDR” to refer to tail-area esti-
mates unless stated otherwise).

As users may also be interested in ranking each variable relative
to the full distribution of effect sizes, not just the non-null effect
sizes, we also used the method to estimate this quantity, which
we term the inclusive priorityFDR (priorityFDR™®). The null
variables are easily included by multiplying the effect priority in
Equation 1 by 1 — 7, representing the probability of drawing a
non-null variable at random, where 7 is the proportion of null
variables (estimated during priorityFDR estimation), and the
FDR byl — 7w + én. This is because, if a variable is null, then
all of the non-null variants (1 — ) and half the null variants
(%n) exceed it when it is assumed that there are no ties in effect
sizes:

priorityFDR{"” = Pr(Effect size of random variable

> Effect size of variable i)
= FDR; X (1 -+ %7‘[) (5)

+ [effect priority, X (1 — 7) + 0 X 7]
x (1 — FDR),

assuming that

Pr(Effect size of random variable > Effect size of variable i
|variable i is null) = (1 -7+ %7[)
(6)

As FDR; = Pr(variable i is null), the first and second terms of
Equation 5 sum over the probability that variable i is either null
or non-null, similar to how the regular priorityFDR in Equa-
tion 1 can be interpreted as the proportion of non-null variable
that exceed variable i in effect size. It can clearly be seen that,
when power is very low and thus all variables are null, the
priorityFDR (Equation 1) equals 1 whereas the priorityFDR™®
equals 0.5.

Users may find either approach useful, but a potential advan-
tage of priorityFDR® is that if effect priority, decreases with
increasing sample size owing to smaller effect variables fea-
turing in the non-null distribution, this is balanced by the factor
1 — 7 increasing, providing stability across varying statistical
power. On the other hand, it is possible for effect priority; to
remain constant (or, in theory, increase) with increasing sample
size due to large effect, low precision variables also becoming
distinguishable from null variables, in which case the regular
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priorityFDR (Equation 1) may be more appropriate as
effect priority, X (1 — 7r) will increase with the sample size.
Furthermore, as already discussed, the priorityFDR is designed
to be complementary to significance measures like P values and
FDRs, for cases in which users wish to further prioritise among
a set of variables that they believe mostly contains true posi-
tives. PriorityFDR™® is less intuitively useful in this scenario,
in which the user already assumes that the variable set contains
effects (mostly) greater than zero. We proceeded on these bases
using the regular priorityFDR, defined using Equation 1, except
where stated otherwise.

2.2 | Simulation Studies

To test the method, we randomly simulated 100 effect-size
distributions using randomly chosen mixtures of normal dis-
tributions, representing 100 different biological phenomena, e.g.
phenotypes with different genetic architectures, before simu-
lating true and estimated effect sizes for 10,000 variables, rep-
resenting a data set, from each of the 100 distributions (see
materials and methods, example in Supporting Inforamtion S2:
Figure Sla). In each simulated data set, the extent to which
effect sizes varied with standard error, that is precision of the
estimate, was randomly decided, so that low precision variables
(e.g. rare genetic variants) might have either a similar or much
more variable true effect size distribution compared to high
precision variables (e.g. common genetic variants). Half of the
true effect sizes were zero, i.e. true null effects, in all 100 dis-
tributions. We ran priorityFDR estimation separately on each
simulated data set, returning tail-area estimates of priorityFDR
and FDR for each variable (FDRs are estimated as part of the
priorityFDR model). We thresholded variables based on these
two quantities, at several levels of error control (a), and then
computed the empirical error rates for variables passing each
threshold, using the known true effects. Variables with prior-
ityFDRs passing a given a threshold had, on average, empirical
error rates lower than a (Figure 1a), indicating good error
control, and we found the equivalent was true for the standard
FDR (Figure 1b). The FDR approached 0.5 as o increased to 1 as
half of the simulated variables were null. As the effect priority
always approaches 0.5 as o increases to 1, this had the effect of
our priorityFDR approaching 0.75.

Within a single simulated data set (Z-score distribution, Sup-
porting Information S2: Figure Sla), estimated local prior-
ityFDRs for non-null variables displayed an approximately
linear relationship with the true effect size rank quantiles, but
were somewhat conservative, laying mostly beneath the 1:1 line
(Figure 2a). Variables with low-ranking, but non-null, true
effect sizes had local priorityFDRs mostly close to 1, indicating
that they cannot usually be distinguished from null variables at
the simulated level of power. A re-simulation of this data set at
higher power (Supporting Information S2: Figure S1b) followed
by priorityFDR re-estimation found a linear relationship closer
to the 1:1 line (Supporting Information S2: Figure S2a).

At the original power, distribution of local priorityFDRs among
null variables was highly concentrated above 0.75, verifying that
the method is not prone to inferring null variables as having
high ranking effect sizes (Figure 2b). In the higher-powered
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FIGURE 1 | Average error rates of (a) priorityFDR and (b) FDR

estimates for 100 GWAS simulations at 14 o thresholds (1073, 1072,
2.5%107%, 5% 1072 and 0.1 to 1 in increments of 0.1) in grey, with
means and 95% confidence intervals of the grey points shown in black.
Means and upper confidence limits fell below the 1:1 line, indicating
good error control. FDR empirical error (i.e. the proportion of null
variables passing the threshold) approached 0.5 as « increased to 1, as
half of the variables in our simulations had null effects of zero. Jitter
was added to x-axis values to aid visualisation. For computational rea-
sons, each GWAS simulation contained 10,000 independent variants.

data set this effect was less pronounced, probably due to there
being 1/5th the number of simulated null variables and thus a
lower prior null probability, but priorityFDRs were still con-
centrated above 0.5 (Supporting Information S2: Figure S2b).
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FIGURE 2 | Estimated priorityFDRs versus true effect size rankings

for a single simulated data set. Non-null variables (n & 5K) are shown
in (a) plotted against their true effect size ranks against all other non-
null variables, and the distribution of priorityFDRs among null vari-
ables (n = 5K), which have true effects of zero, are shown in (b). Plotted
priorityFDRs are local rather than tail-area estimates.

We found similar approximately linear relationships between
local priorityFDRI™ and the effect size rank quantile, when
ranking among both null and non-null variables together, at
both levels of power (Supporting Information S2: Figures S3
and S4), illustrating that priorityFDR™ is the appropriate
method for estimating an overall rank of an effect size among
all variables. Again, the linear relationship was close to the 1:1
line in the highly powered data set (Supporting Information S2:
Figure S4).

The relationship between true quantiles and estimated prior-
ityFDRs was similar across different levels of significance, with
variables in FDR < 1%, 0.5% and 0.1% categories, using the same
simulated datasets, showing a conservative linear relationship
below the 1:1 line, and a linear relationship closer to 1:1 when
power was higher, suggesting that performance is stable when
prioritising among variables that appear, to the investigator, to
be true positives (Supporting Information S2: Figure S5).

Consistent with its intended usage, priorityFDR model fitting
was performed using all simulated variables, not just those
passing the FDR thresholds. Error rates recomputed, in the
lower power data set, across subsets of variables satisfying
FDR <1%, 0.5% and 0.1% thresholds were still correctly con-
trolled, albeit very conservatively at higher priorityFDR
thresholds (Supporting Information S2: Figure S6). This is ex-
pected as variables with low FDRs will tend to have low
priorityFDRs.

To compare priorityFDR™® against EBrank, we ran both
methods on the simulated datasets and computed two types of
error rate: (a) the proportion of variables in the top x% effect
sizes that the method correctly assigned a rank quantile of x% or
lower (analogous to power, where larger proportions are more
desirable), and (b) the mean of the true effect size rank quantile
taken over largest set of variables that the method claims has a
true mean rank less than x% (analogous to type I error, where
values close to or less than x% are desirable). Both error rates
were computed at 5%, 1% and 0.5% thresholds of effect size
quantile. Table 1a displays these results plus those for 100
further simulations using 1,000, rather than 10,000, simulated
variables, and Table 1b shows the equivalent results for simu-
lations using mixtures of Laplacian (double exponential), rather
than normal, effect size distributions, which have broader tails
producing more outliers. The performance of priorityFDR™
was slightly stronger than EBrank, with an ability to detect the
variables reaching high rank thresholds ranging from 14.5%
better to 3.1% worse depending on the threshold and number of
simulated variables (first three columns in Table 1), and was
better in 11 out of the 12 comparisons while retaining correct
average predictions for variables deemed to be highly ranking
(second three columns in Table 1). PriorityFDR™ had slightly
less ability to predict ranks well for the top 0.5% of variables
under the Laplacian simulations with only 1000 variables (0.370
vs. 0.382), although these values lie within 1 standard error of
each other (SEs=0.031 and 0.027 respectively, obtained from
the SDs in Table 1). For the Laplacian simulations using 10,000
variables, priorityFDR™ gave a slightly too high average rank
quantile estimate of 0.006 for variables in the top 0.5%, but
again this fell within one standard error (SE =0.001) of the
EBrank value (0.005), so could be attributable to sampling error
which may disappear after further simulations. PriorityFDR
had mostly higher variance in performance than EBrank
between simulations (standard deviations in Table 1), which
may stem from its greater modelling flexibility making it more
prone to variance rather than bias.

PriorityFDR does not account for dependence between vari-
ables, but we applied it to GWAS data containing linkage dis-
equilibrium (LD) structure as standard methods of FDR control
remain generally accurate under positive dependency between
test statistics (Benjamini and Yekutieli 2001; Brzyski et al.
2017). To assess performance under LD, we generated simu-
lated datasets similar to those above, but incorporating corre-
lations between variables' effect sizes (see materials and
methods). PriorityFDR and FDR performance was similar to
when no correlations were simulated, and error rates were
correctly controlled on average (Supporting Information S2:
Figure S7 vs. Figure 1). If one wanted to perform priorityFDR
for the causal effects of genetic variants taking LD into account,
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one approach would be to correct the marginal effect estimate
sizes by regressing the corresponding chi-square statistics
against the LD scores constructed from all other variants within
a physical window, e.g. 1 Mb in size, before performing prior-
ityFDR analysis on the residuals after restoring the sign and
scale of the original effect estimate.

2.3 | Type 1 Diabetes Genome-Wide Association
Study Meta-Analysis

Imputation, quality control (QC) and GWAS analysis was per-
formed on Illumina (Infinium 550K, 3983 cases, 3994 controls)
and Affymetrix (GeneChip 500K, 1926 cases, 3342 controls)
SNP array-genotyped UK samples, and on SNP array-genotyped
samples from Sardinia (Affymetrix 6.0 and Illumina Omni Ex-
press, 1558 cases and 2882 controls). Affected-offspring trios
(n=3173) from Type 1 diabetes Genetics Consortium (T1DGC)
were genotyped on the Illumina Human Core Exome beadchip
and analysed with the transmission disequilibrium test (TDT),
after imputation and QC. Results from the four cohorts were
meta-analysed under the additive model, together data from
FinnGen (4933 cases and 148,190 controls). This constitutes the
largest number of T1D cases analysed by GWAS to date, with
15,573 cases and 158,408 controls (Supporting Information S4:
Table S1). Note that larger studies have been performed using
the Immunochip SNP array, which concentrates genotyping
around known and candidate immune loci (Chiou et al. 2021;
Robertson et al. 2021).

We saw an inflation of meta-analysed Chi-square statistics
(ratio of the observed median statistic over the null median of
0.456, Agc =1.12, quantile-quantile plot in Supporting Infor-
mation S2: Figure S9). Analysis of the TIDGC family cohort,
using the TDT, is not subject to population stratification.
Inflation was comparable within this cohort alone (1gc =1.09),
consistent with polygenicity of T1D, rather than population
stratification, being the major cause of test statistic inflation
observed in the meta-analysis. Applying LD-Score regression
gave an inflation factor estimate of 0.99, where values above 1
imply inflation in significance that is not due to polygenic
causal associations, implying that our GWAS results are
unbiased by the effects of population stratification (Bulik-
Sullivan et al. 2015).

LD-based filtering found 201 independent T1D-associated sig-
nals with FDR <1% (Supporting Information S2: Figure S8,
Supporting Information S4: Table S2), where we used ‘inde-
pendent signals’ to refer to a disease-associated variant or set of
genetic variants in LD (r* > 0.01), related to, but distinct, from a
physical region. LD computations were performed up to phys-
ical distances of 1 Mb. We refer to the most significant variant
in the signal as the lead variant, representing the overall signal
in terms of effect size and significance. The largest p value
among our 201 lead variants was 2.67 X 107°.

Of these, 88 can be considered ‘new’ (Supporting Information S4:
Table S3), being independent (r* < 0.01) from any lead variants in
neither the previously most highly powered GWAS/ImmunoChip
studies (Barrett et al. 2009; Onengut-Gumuscu et al. 2015), a sig-
nificantly larger recent InmunoChip study (Robertson et al. 2021),

or a large recent GWAS (Chiou et al. 2021). Four of these new
signals (near RLIMP2, SLC25A37, MAGI3 and LHFPLS, Table 2)
were new at genome-wide significance, p <5x107%, with the
remaining 84 at FDR <1% but not at the genome-wide threshold
(p values ranging 7.12 x 10~® to 2.67 x 10™°). Note that signals are
named after the gene closest to the lead variant, although this may
not be the causal gene. The new genome-wide significant signals
displayed a range of estimated effect sizes, with ORs for the risk
variant (ORy;g) higher for RLIMP2 and SLC25A37, at 1.18 (95% CI
1.12-1.24) and 1.17 (1.11-1.22), than for MAGI3 and LHFPL5 at
1.12 (1.08-1.16) and 1.09 (1.06-1.13). Lead variants for all four
signals had relatively common minor alleles (MAFs 7.32-29.86%).
Among the 84 new signals not reaching genome-wide significance,
we saw a wide range of estimated effect sizes (ORg 1.07-1.48),
with MAFs ranging from 0.77% to 47.75%, with larger effects
corresponding to lower MAFs. Among previously established
signals reaching genome-wide significance (n =54), we found a
similarly large range of effect sizes (ORysx 1.08-1.79), with MAFs
ranging from 3.93% to 49.85%.

The question of how to prioritise among these signals, which
have widely ranging effect sizes and thus may be of highly
variable biological importance, whether reaching genome-
wide or just FDR < 1% levels of significance, is the purpose for
which the priorityFDR was developed. The relationship
between effect estimate size and statistical significance is
illustrated genome-wide by a volcano plot in Figure 3,
showing that high levels of significance may be attained for
relatively small effect estimates, but that generally the most
highly significant variants have among the largest estimated
effects. Variants are coloured according to whether they sat-
isfy various priorityFDR thresholds, showing how the method
selects on both effect size and significance. PriorityFDRs for
the four new signals in Table 2 were all below 1%, indicating
that they have true effects estimated to be larger than than
99% of non-null associations, with the largest priorityFDR
being 4.90 x 10~* (LHFPL5). Two new signals that did not
reach genome-wide significance still had priorityFDRs below
490 x 1073 ID4, with OR=1.29 (1.16-1.42), and ZBTB20,
with ORg = 1.18 (1.10-1.27), suggesting that these may be
similarly worthy of follow up despite having lower levels of
traditional significance. We found four other new signals
satisfying these criteria (NRSNI, RPL35AP21, MYC and
NMNAT?2, Table S3), but highlight ID4 and ZBTB20 due to
their low priorityFDRs and consistency of effects across
cohorts (Figure S12). All 54 of the previously detected
genome-wide signals had priorityFDR < 1%, but three (near
IKZF3, CCDC88B and C11orf30) had priorityFDRs that were
higher (less prioritised) than the four newly detected signals,
with OR;sx ranging 1.08-1.09.

The correlation between FDRs and priorityFDRs across our 201
T1D GWAS lead variants was 0.89 (r* = 0.80), indicating that
80% of the priorityFDR variation was explained by the FDRs.
The equivalent correlation between priorityFDRs and P-values
was 0.86 (r* = 0.74), explaining 74% of the variation. If one were
to take the effect size as a measure of ‘biological importance’,
this suggests that, at the level of power attained by our T1D
GWAS, statistical significance as measured by p-values or FDRs
is a good predictor of biological importance, but can be subs-
tantially improved upon by using the priorityFDR.
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FDR<1.0x107*
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FIGURE 3 | Volcano plot of genome-wide minor allele T1D effect

size (log odds ratio) versus significance (-logl0 P values), coloured by
priorityFDR thresholds. All analysed variants are shown. Even stringent
FDR thresholds, denoted by dashed lines, select variants with small
ORs, whereas the equivalent priorityFDR thresholds select variants
with increasingly larger effects.

We found that seven signals contained multiple conditional sig-
nals after stepwise model selection: INS (11p15.5), PTPN22
(1p13.2), IL2RA (10p15.1), PTPN2 (18p11.21), RLIMP2 (1p13.2),
PRKCQ (10p14) and AKAPI11 (13q14.11) (Supporting Information
S4: Table S4), of which RLIMP2 was the only new association. As
meta-analysis cohorts were genotyped on different platforms,
fine-mapping was performed using only the largest UK cohort
(Illumina array genotypes) to avoid artefacts owing to varying
imputation quality across platforms (Supporting Information S4:
Table S5). We were, therefore, limited in our ability to fine-map
the new signals in Table 2, such that we were not able to attribute
the SLC25A37, LHFPLS5, or ID4 signals to a specific credible set
(Supporting Information S2: Figure S10). There was some evi-
dence for two separate credible sets near to the ZBTB20 signal,
but neither could be narrowed down to a small number of var-
iants (Supporting Information S2: Figure S10d). RLIMP2 and
MAGI3 are located within 500kb of each other in a region
approximately 500 kb from the very strong T1D risk signal at
PTPN22 (rs2476601, OR = 1.78, p = 4.54 x 10~*°). Although both
signals had lead variants that were independent of rs2476601
(* < 1%), as this is the threshold we used for defining separate
signals (materials and methods), the presence of small amounts of
long-range LD with the strong PTPN22 signal meant fine-
mapping was unlikely to be reliable in this region. While it is,
therefore, difficult to ascribe causality to any of the lead variants,
it is notable that the lead MAGI3 signal variant (rs6696593) lies in
an enhancer element approximately 70 kb upstream of the gene,
and the lead LHFPL5 signal variant lies less than 1kb from its
nearest promoter region. Three of the newly-identified regions in
Table 2 were associated at P <5x 10 with other autoimmune
diseases in the Open Targets Genetics portal: RLIMP2 (RA
and hypothyroidism), SLC25A37 (hypothyroidism) and ID4
(ulcerative colitis), further supporting their association with T1D
(Supporting Information S4: Table S6).

24 |
Signals

PriorityFDR Selection of Type 1 Diabetes

The fact that several of the novel signals had priorityFDRs
within the range of the novel genome-wide significant signals,
despite not having genome-wide significance themselves, sug-
gests defining an objective priorityFDR threshold using the
distribution of priorityFDRs observed among the signals. One
objective way of choosing an important subset would be to find
an approximate inflection point, by eye, above which the
priorityFDRs rise sharply, and to exclude signals (or variables)
above this threshold. We observe such an inflection point
among the T1D signals at priorityFDR = 0.1% (Figure 4), and
refer to signals passing the threshold, highly likely to be both
true positives and have large effect sizes, as the red group. This
represents just one possible strategy for selecting among prior-
ityFDRs, and users may, for example, prefer to equally prioritise
all variables below a particular threshold, for example 1%, or
may be limited by resources to pursuing a maximum number
for example the smallest 10. A less stringent additional
threshold could also be set at the minimum effect size that
passes the first threshold (blue group of points in Figure 4),
provided that this does not accept too many additional vari-
ables. This is because there may be a reasonable chance of some
of the blue group’s true effects being larger than some members
of the red group, despite blue group effect estimates being more
statistically variable, owing to lower MAF, for example, as the
priorityFDR is an estimate rather than a known quantity. Blue
group variables are higher-risk for follow up, as priorityFDR

§ 1 e ~ O Previously associated signals
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] D = Newly associated signals
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FIGURE 4 | Two potential threshold strategies for prioritising

variables using priorityFDRs, using the 201 independent T1D signals
with FDR <1%. Circles and filled squares indicate previously and
newly-associated signals respectively. Red points (n=26) pass
a priorityFDR threshold of approximately 0.1%, an inflection point
above which priorityFDRs start to rise steeply. The blue points (n = 39)
have effect estimates greater than the smallest effect size in the red
group (ORyisx & 1.12), but are more statistically uncertain, so this might

be used as more permissive threshold.
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analysis suggests that their expected effect size is lower than the
red group members. However, if one were to disregard the prior
information modelled via priorityFDR analysis, there would be
some evidence that their their effect sizes are comparable to the
red group, as indicated by the observed (maximum-likelihood)
estimates on the x-axis of Figure 4. Although this approach
selects directly on the effect size estimate, priorityFDRs must
first be computed to find an appropriate effect estimate
threshold. Across all SNPs in the T1ID GWAS data set, we found
no variants with ORysx < 1.12 satisfying the 0.1% threshold,
even with very small FDRs below 1 x 10~ (Figure 3), demon-
strating how priorityFDR selects only those variables with both
high significance and relatively large effect sizes. This is
because, as significance becomes increasingly strong and a
variable's FDR gets closer to zero, the priorityFDR approaches
the effect priority (see Equation 1), which thus forms a lower
bound on the priorityFDR with respect to changes in FDR.

Variables meeting neither threshold (the grey group) would be
de-prioritised firstly due to having priorityFDRs that are mostly
much higher than the red group, conveyed by the y-axis
threshold in Figure 4. Secondly, unlike the blue group, they
have observed maximum likelihood effect sizes which suggest
that their corresponding true effect sizes mostly don't overlap
with those of the red group, conveyed by the x-axis threshold,
even if one were to disregard the Bayesian prior information
incorporated by priorityFDR analysis.

Genes with roles in the IL-2 pathway have led to many of most
important biological insights into T1D biology, leading to clin-
ical trials of low-dose IL-2, which upregulates the activity of
regulatory T cells, for T1D therapy in children (Marcovecchio
et al. 2020; Todd et al. 2016). To assess whether the priorityFDR
selection approach in Figure 4 focusses on key biological
mechanisms, we compiled a list of 23 known IL-2 pathway
genes (Supporting Information S4: Table S7), and found 29 of
201 lead variants were within 250kb of one of these genes
(Supporting Information S4: Table S8). We found over-
representation of these in the red group (n=26, p=0.003,
OR =4.55), but not the blue group (n=39, p=0.396, OR=
1.58), using Fisher's exact test with the variants in neither group

TABLE 3 |

(the grey group) as controls (n=136), suggesting that the
priorityFDR selection approach may identify disproportionate
numbers of biologically relevant effects in the red group, and
possibly a smaller proportion in the blue group. An alternative
selection of the inflection point at priorityFDR =0.5% and
OR;isk = 1.09 (Supporting Information S4: Figure S11) gave an
even stronger enrichment of red group variants close to IL-2
pathway genes (p = 7.04 X 10™%, OR = 6.13).

As a further test, we used the same method to analyse whether
putatively causal T1D genes, inferred via MR of eQTL data,
were disproportionately close to lead variants in the red or blue
groups versus the grey group. We assembled a list of 219
putatively causal T1D genes from 13,499 with at least one
genome-wide significant genetic instrument, by performing MR
analysis relating gene expression level causal effects on T1D risk
and selecting those with significant MR effects at FDR <1%. We
identified which T1D lead variants were within 250 kb of one of
the putatively causal genes and tested for association with red
and blue group membership, initially without variants close to
IL-2 pathway genes to maintain independence from the previ-
ous analysis (Table 3a). Red group lead variants were signifi-
cantly overrepresented near MR significant genes, including
when removing the 29 variants near IL-2 pathway genes
(p =0.005, O = 5.98), thereby providing additional evidence that
they have important biological effects. Similar to the IL-2
pathway analysis, blue group lead variants had reduced over-
representation which was not significant (p = 0.110, OR = 2.47),
although the combined association of both groups was signifi-
cant (p = 0.010, OR = 3.51). Results were similar after including
lead variants near IL-2 pathway genes (Table 3b). See Sup-
porting Information S4: Table S8 for priorityFDR group mem-
berships of T1D signals, plus whether they are proximal to IL-2
pathway or MR genes.

Some previously detected signals in the red group, for example
those near PRF1, SH2B3, FKBP5 (near DEF6) and SLC1A5 (near
PRKD?2) (Supporting Information S4: Table S8), may be less
widely recognised than others, like those near IL-2 pathway
genes. All but four out of 26 red group signals (PRF1, CTRB2,
MEG3 and RNLS) were associated with other autoimmune

Association of T1D signals’ priorityFDR/effect size categories (from Figure 4) with putatively causal MR effect sizes of nearby genes’

expression levels on T1D risk, with signals near IL-2 pathway genes (a) excluded and (b) included.

(a) Excluding T1D GWAS signals near IL-2 pathway genes (n =183)

Near MR Not near MR
associated gene associated gene p OR p (combined) OR (combined)
Red group 6 11 0.005 5.983 0.01 3.506
Blue group 6 27 0.11 2.471
Grey group 10 112 — — — —
(b) All T1D signals (n = 201)
Near MR Not near MR
associated gene associated gene p OR p (combined) OR (combined)
Red group 8 18 0.005 4.532 0.004 3.351
Blue group 8 31 0.082 2.649
Grey group 12 124 — — — —

Note: ORs and p values (Fisher's exact test) are for red and blue groups (and both combined) relative to the grey group.
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diseases found in the Open Targets Genetics portal (Supporting
Information S4: Table S6).

The blue group consisted of signals with similar effect size es-
timates to the red group, but with higher standard errors,
indicating greater uncertainty in the true effect size, leading to
higher priorityFDR estimates (see Supporting Information S2:
Figure S12 for meta-analysis estimates and confidence intervals
in each group). In some cases (22/39 signals), this was because
we had removed the lead variant from the TIDGC data set if it
showed Mendelian inconsistencies between parents and off-
spring, a consequence of imputing genotypes in family samples.
Three further signals were present in TIDGC but absent in
FinnGen, and another three were present in both datasets but
had MAF < 5%, thus also having relatively large standard errors.
In total 9/39 blue group signals had MAF < 5% and 2/39 were
below 1%, whereas only 2/26 red group MAFs were below 5%
and none were below 1%.

Around half (20/39, 51%) of the blue group lead variants were
associated with other autoimmune traits (Supporting Informa-
tion S4: Table S6), which was lower proportionally than in the
grey group (77/136, 57% of lead variants), although not signif-
icantly so (Fisher's exact p value =0.59). The blue group con-
tained many more new T1D associations (n =21) than the red
group (n=2, RLIMP2 and SLC25A37), only one of which,
MAGI3, was genome-wide significant (p =2.58 x 10™°). Fine-
mapping these signals is challenging, but nine of the 21 lead
variants lie in noncoding transcripts or regulatory regions,
suggesting they may be worth further investigation. Six of the
21 had priorityFDRs lower than at least one genome-wide sig-
nificant signal (largest genome-wide significant priorityFDR
observed = 0.64%), despite only one being genome-wide signif-
icant itself. Only one red group signal, FKBPS5, was not genome-
wide significant (p =8.10 x 107%).

3 | Discussion

We developed the priorityFDR as an extension to the FDR,
measuring the probability that a variable is either null or is ex-
ceeded in size by a randomly chosen non-null effect, equivalent to
estimating the effect size rank among non-null variables. When
applied to a set of variables assumed to be mostly true positives,
due to satisfying an FDR or other type of significance threshold
for example Bonferroni correction, the priorityFDR provides a
means of choosing a smaller set of variants to follow up on the
assumption that those with larger effects are more likely to yield
to promising biological discoveries. This is likely to be helpful in
large modern datasets, for example biobanks, where thresholding
on significance alone may produce very large numbers of vari-
ables, and following up only the most highly significant may
overlook important true effects. Our method is also capable of
ranking variables' effect sizes relative to all variables in the data
set, both null and non-null (priorityFDR(im)), which might be
used as an alternative method of analysis, more appropriate
when variables haven't already been selected for significance.
PriorityFDR® performed well compared to EBrank in our
simulated datasets, in most cases more accurately, but had
slightly higher variability in performance between datasets.
However, as priorityFDR(im) uses a novel approach to estimation

like priorityFDR, basing all inferences on estimating likelihoods
for observed data with positive and negative true effects, rather
than estimating the prior distribution of true effects, it is possible
that many further improvements can be made. It is likely that the
average advantage that priorityFDR™ displayed in simulations
are due to it not having to estimate the prior distribution of ef-
fects, which can be challenging (Efron and Hastie 2016). EBrank
is computationally faster than priorityFDR®™® in its current
implementation, but this might be improved in several ways for
example by implementing aspects of the method in a compiled
language. Although further simulation studies will help to es-
tablish which method is more effective in different circumstances,
our results demonstrate that priorityFDR®™® performs at least
similarly as well as EBrank.

Our main statistical innovation for estimating the priorityFDR
is the prior splitting method, which allows the distribution of
pairwise between-variable effect estimate differences to be
modelled as a mixture of negative, null (zero) and positive
differences, using the distribution of observed effect estimates
(likelihood) directly. This is achieved by constraining the rela-
tionship of the negative and positive mixture component dis-
tributions with the null distribution, in such a way that they
contain only negative and positive true effects, respectively. For
putative positive and negative effects, one can then repeat a
similar procedure to compute the posterior probability that they
are exceeded in effect size by a randomly chosen variable,
allowing one to estimate the priorityFDR (see Supporting
Information S1: Appendix S1 for full details). Our simulations
showed that the method controls the priorityFDR under a
variety of simulated effect distributions.

It is acknowledged that many, even most, regions of the
genome are likely to contain non-zero effects on many complex
phenotypes (Boyle, Li, and Pritchard 2017; Crouch and
Bodmer 2020; O'Connor 2021). A large proportion of small-
effect ‘polygenic’ risk variants are thus likely to be discovered in
a well-powered GWAS, especially when using FDRs rather than
more conservative Bonferroni-corrected p values. Increasing
availability of even larger genome-wide SNP and sequencing
datasets will detect increasing numbers of these associations,
while improving the accuracy of genetic risk scores (Visscher
et al. 2021) and explaining further heritability (Yengo
et al. 2022). However, some associations detected for lower
MAF variants may have larger effects, despite modest levels of
significance, as sample sizes increase further and sequencing
technologies improve, and it is important to be able to identify
these variants that may be highly biologically relevant.

Conducting the largest TID GWAS to date allowed us to find
four novel signals reaching genome-wide significance (near
RLIMP2, SLC25A37, MAGI3 and LHFPL5), but priorityFDR
analysis allowed us to detect additional new signals, all satis-
fying FDR < 1%, that may also be worthy of follow up. First, we
found that several FDR < 1% signals, including two near ID4
and ZBTBZ20, had priorityFDRs lower than LHFPL5, suggesting
that they might be equally worth pursuing. The ID4 lead variant
is associated with a large increase in ulcerative colitis risk
(de Lange et al. 2017) (p=1.59 x 1077, OR =1.32), providing
further evidence that it may play an important role in T1D
aetiology.
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Secondly, we ranked FDR < 1% signals by effect size and thre-
sholded at the inflection point where their priorityFDR starts to
rapidly rise, thereby creating a set of variables with qualitatively
similar, low priorityFDRs, termed the ‘red’ group. Although the
red group contained mostly previously known associations, the
exceptions being RLIMP2 and SLC25A37, another less stringent
set was defined with higher priorityFDRs but effect size esti-
mates that would qualify them for membership of the red group
if their standard errors were lower (the “blue” group). This set
contained 21 new signals, including ID4 and ZBTB20. We found
the red group to be significantly overrepresented for lead var-
iants that were within 250 kb of (a) genes in the IL-2 pathway,
one of the most important pathways in T1D aetiology, and (b)
putatively causal T1D risk genes as inferred using MR. The
same trends were apparent when combining the red and blue
groups together, although were not significant at 5% in the blue
group alone. These results suggest that the red group, and
possibly to a lesser degree the blue group, are enriched for
biologically important effects. The presence of the ID4 signal in
the blue group is consistent with some members of this set
playing important roles, with others have smaller true effect
sizes. We found that nine of the 21 novel blue group lead
variants were located in regulatory regions or noncoding
transcripts, and seven were associated with other immune
traits. For example, rs35859457 near TRNPI is located in a
transcription factor binding site, and associates with basophil
percentage (Astle et al. 2016).

One of our findings from applying priorityFDR to T1ID GWAS
data is that, when many genome-wide associated signals are
present, signals with fairly large stand out effects can be over-
looked, perhaps due to the presence of others with higher
significance or a more obvious biological connection to the
phenotype. For example, SH2B3 and PRF1 are relatively un-
derstudied as causal genes for T1D, despite belonging to the red
group and having priorityFDRs comparable to the largest T1D
associations. However, mechanistic understanding can also be
attained from signals that are less highly prioritised by prior-
ityFDR. Recent work reports evidence that CFTR is a causal
T1D gene (Chiou et al. 2021), even though the GWAS signal
proximal to this gene, at 7q31.2, has a relatively small effect,
with priorityFDR = 8.88 x 10~ and OR =1.08 (1.05-1.11), and
was not included in either red or blue prioritisation groups.

Disease-associated genomic regions with high ranking effect
sizes, selected via objectively chosen priorityFDR thresholds,
can be prioritised for further analyses and integrated with the
emerging wealth of whole genome sequence, mRNA and pro-
tein QTL data (Koprulu et al. 2023; Rasooly et al. 2023; Sun
et al. 2022), improving our understanding of physiology, disease
diagnosis, initiation, progression and prevention, and the suc-
cess rate in drug development pipelines.

4 | Materials and Methods
4.1 | PriorityFDR Simulation Experiments
For 100 effect architectures representing different biological

phenomena under study, we simulated a mixture of 19 normal
distributions with mean zero and SDs randomly drawn from an

exponential distribution, plus a point-null distribution (SD = 0)
as the 20th mixture component. Exponential rate parameters
were chosen separately for each architecture by drawing 100
random uniform variables between 0.1 and 1, allowing varia-
bility in signal/noise ratios between architectures. Mixing pro-
portions were simulated from a Dirichlet distribution
parameterised by the vector e~/ Zle e~k divided by its median
value, where k identifies a mixture distribution and sy, is its SD,
such that smaller mixing proportions were favoured for distri-
butions with large SDs, consistent with realistic biological effect
architectures (e.g. genetic risk architectures). The 19 resulting
mixture proportions were standardised to sum to 0.5, with a
20th mixture proportion of 0.5 corresponding to the null mix-
ture. We sampled 10,000 multinomial variables from the vector
of 20 mixture proportions, providing the mixture memberships
for each variable, and for each variable then drew a random
sample from the corresponding normal distribution, repre-
senting its true effect size on the Z-sore scale, 8. Assuming that
each observed variable is binomial, like a SNP variant, fre-
quencies were simulated from a beta distribution with shape
parameters equal to 0.8, after which they were scaled to lie
between 0.5% and 99.5% (reflecting how variants with MAF <
0.5% are typically not analysed in GWAS) and approximate
standard errors (SEs) for the log OR estimates calculated as:

! 1 1 1
= + + ,
MAF, x ¢ = (1-MAE)Xxc MAE x (1 — ¢)
1
+
(1 — MAFE) X (1 — ¢)

G =
JN

where N is the sample size, c the proportion of cases, which we
set to 15,000 and 0.5 respectively, and i a variable (e.g. SNP)
identifier. Rather than simply taking true effect sizes (log ORs)
to be 8, = 6,6;, following the definition of 6; on the Z-score scale,
we allowed for the relationship between SE (6;) and effect size
to differ between architectures by setting:

B =6i(ra+ (1 - y)o),

where y was sampled separately for each genetic architecture
from a uniform distribution bounded by 0 and 1, and & was
the mean &; across all variables within the simulation. High y
therefore induces a strong positive relationship between
effect size and SE, as larger SEs amplify 6; further from zero.
Estimated log ORs were then simulated as §, = § + g where
g is a normal random variable with mean zero and SD §.
Z-scores, [;’i/éi, provide an indication of how much signal is
present, and are shown for an individual simulated data set in
Supporting Information S2: Figure Sla. PriorityFDR estima-
tion, returning tail-area estimates of priorityFDRs, FDRs and
effect priorities (see Appendix: Supporting Information S1)
for each variable, was run using priorsplitteR with inputs ﬁi
and &; (for all variables i in 1, 2...10,000), for each simulation
separately.

After priorityFDR estimation, variables were thresholded ac-
cording to priorityFDR, effect priority and FDR tail-area prob-
abilities, using a thresholds of 0.001, 0.01, 0.025, 0.05, 0.1, 0.2,
0.3... 0.9 and 1. At each value of o, we recorded the true error for
each variable i with estimated priorityFDR < a, to quantify how
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well this error was controlled by the estimation method, based
on true FDR and effect priority errors:

err(i)rpr = I(ﬁi =0),

err(i)effectpriority = ZI(ﬁ] #* O)I(lﬁjl > |ﬁl|)/zl(ﬁ] #* O),
J J

err (Dpriorityrpr = €rr(i)rpr + (1 — err(i)gpr)

X err (i)effect priority»

where I(-) is an indicator function taking the value 1 if
the condition in parentheses is met or 0 otherwise, and j
indexes a variable in the dataset, with the summations being
taken over all variables. As err(i)efrect prioriy = 1 When §; =0,
err(priorityrpr 18 €qual to err (Defrect priority- The true FDR error is
1 if the variable is null and 0 if it is non-null, whereas the true
effect priority error is the proportion of non-null variables with
true effect sizes larger than variable i. The true priorityFDR
error is an empirical version of Equation 1 using the known true
effects from the simulation. Means of each of the three errors
were taken over i for variables passing the different o thresh-
olds, within each architecture (Figure 1). We also took mean
errors among variables passing both a given o threshold for the
priorityFDR plus a threshold on the FDR (see main text and
Supporting Information S2: Figure S6).

To assess the effect of increased statistical power on the rela-
tionship between estimated priorityFDRs and true effect sizes
within a single simulated data set, we multiplied the standard
deviation of each mixture distribution, sy, by 4, and changed the
proportion of null variables from 0.5 to 0.1 (Supporting Infor-
mation S2: Figure S1b).

Correlations between variables' effect sizes (manifest as LD in
genetic datasets) were simulated by first assigning variables
randomly into 100 blocks each containing 100 variables. Vari-
ables were assigned randomly to blocks with replacement, so
were allowed to fall into more than one block. A randomly
sampled normal variable with mean 0 and SD of 0.1 was drawn
for each block separately, and the absolute value taken, repre-
senting a shared shift in observed effect size, on the Z-score
scale, across the block. We subtracted the theoretical expected
value, approximately 0.0798, from each shared shift variable, so
as not to introduce undue additional signal into the data.
Because variables usually differ in how strongly they associate
with the other variables in their block, we also simulated uni-
form variables between 0 and 1, for each variable in the block,
with 0 representing no association with the rest of the block,
and 1 the highest possible association. These were multiplied by
the block's shared effect size shift, the resulting product added
to the absolute Z-score for each variable in the block, and this
sum then multiplied by the original Z-score sign (so that vari-
ables’ Z-scores were moved further from zero by the effect size
shift, whether they were positive or negative). We then multi-
plied the shifted Z-scores by standard errors to return to the
observed effect scale. We applied the same shift to the true
simulated effect sizes. PriorityFDR analysis was performed

as for the other simulation analyses, and it does not attempt to
model correlation structure.

Comparison against EBrank was performed using the 100
simulated mixtures of normal distributions, drawing simulated
datasets of (a) 10,000 variables and (b) 1,000 variables from each
of the 100 simulated mixture distributions. This was repeated
using 100 mixtures of Laplacian distributions, by using the
same s, values to produce Laplacian scale parameters si//2.
For computing the mean effect size rank among the largest set
of variables deemed to have mean rank greater than a given
quantile (final 3 columns in Table 1a,b), it was necessary to
convert EBrank's estimated quantiles into tail-area estimates.
We computed these by sorting the variables by estimated rank
and taking the mean of the extreme tail beyond the point
represented by each variable, as we do for priorityFDR (see
Supporting Information S1: Appendix S1).

4.2 | T1DGC Data: Quality Control and Genome-
Wide Association Analysis

T1DGC family data were obtained through the T1IDGC, which
collected the families from Europe and the UK, North America,
and the Asia-Pacific region. Samples were genotyped on Illumina
Human Core Exome beadchip following manufacturer protocols
and genotype clusters were generated using the Illumina Gene-
Train2 algorithm at University of Virginia. Since multiple array
versions were used, we harmonized genetic variants across array
versions in the following way: for those SNP variants that are
available on the 1000 Genomes Project SNP panel, we align them
to the 1000 Genomes Project SNPs separately for each array
version; for those SNPs that are not available on the 1000
Genomes Project SNP panel, we harmonize them according to
their positions/names, allele labels and allele frequencies that are
specific to each of the four array versions.

Sample identity was confirmed by comparing genotypes from
the same samples generated with an alternative array
(Robertson et al. 2021) (Immunochip). Variants were removed
for the following reasons: (a) more than 5% of genotypes were
missing, (b) genotypes were inconsistent across duplicates
(discordant in > 1% of duplicate samples or monozygotic twins),
(c) genotype frequencies deviated from Hardy-Weinberg Equi-
librium (p < 107°), (d) Mendelian inconsistencies in more than
1% of trios or parent-offspring pairs or (e) more than 10% of
homozygous parent-offspring pairs or trios with heterozygous
offspring. Samples were removed if more than 5% of genotypes
were missing or genotypes were inconsistent with reported sex.
Sample pedigree information was confirmed or corrected using
genotype-inferred relationships, as determined using the soft-
ware KING (Manichaikul et al. 2010). After QC, there were
3173 affected-offspring trios.

Subjects with European ancestry were identified for analysis
using KING. Specifically, genetic principal components (PCs)
were generated for 1000 Genomes Phase 3 subjects and TIDGC
subjects were projected onto this PC space. Then a Support
Vector Machine was used to classify TIDGC subjects into one of
five ancestral super-populations, as described here: https://
www.kingrelatedness.com/manual.shtml.
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European individuals (n=10,406) were aligned to the Haplo-
type Reference Consortium (HRC) reference panel using
available tools (https://www.well.ox.ac.uk/~wrayner/tools/
index.html#Checking) and imputed to the HRC using the
Michigan Imputation Server. Imputed variants were filtered
for imputation quality (removed variants with imputation
R-squared < 0.3) and Mendelian errors (removed variants with
errors in > 1% of homozygous parent-offspring pairs or trios
with heterozygous offspring). ORs were derived as OR =T/U,
where T and U are the numbers of transmitted and non-
transmitted alleles, and SEs of log ORs for inverse-variance
weighting were obtained following Kazeem and Farrall
(Kazeem and Farrall 2005). To prevent extreme ORs (e.g. zero
or infinity), we added 0.5 to both T and U for a given variant
whenever either value was 5 or lower.

4.3 | UK Case Control T1D Samples: Quality
Control and Genome-Wide Association Analysis

T1D summary statistics were generated using GWAS data
from 13,245 UK individuals in two sets of case control samples:
7977 genotyped using the Illumina Infinjum 550K platform
(3983 cases and 3994 controls) and 5268 using the Affymetrix
GeneChip 500K platform (1926 cases and 3342 controls), ana-
lysed in previous publications (Cooper et al. 2017; Inshaw
et al. 2021).

Genotypes were imputed using the HRC haplotypes and the
Michigan Imputation server, pre-phasing using SHAPEIT2 and
imputing using Minimac3 (Das et al. 2016). Variants failing
either of two imputation quality criteria in either UK cohort
were removed: (a) imputation information score of < 60% in
either cases or controls, or (b) difference in imputation infor-
mation score between cases and controls > 1% together with
MAF < 5%. Exceptions were made for two well-established T1D
variants in the INS-IGF2 region (rs689 and rs3842753), which
were poorly imputed in the Affymetrix cohort but well imputed
in the Illumina cohort. GWAS summary statistics were pro-
duced using the ‘newml’ method from SNPTEST, including the
three largest PC covariates. Variants were LD pruned (*<0.3)
and low (< 1%) MAF variants were removed during calculation
of PCs. PCs were calculated within UK Affymetrix and Illumina
collections separately.

4.4 | GWAS Meta-Analysis of Five Type 1
Diabetes Cohorts

Summary statistics for the two UK cohorts and T1IDGC were
meta-analysed, together with a Sardinian cohort (Inshaw
et al. 2021) (1558 cases and 2882 controls, genotyped on Affy-
metrix 6.0 and Illumina Omni Express), imputed from a custom
reference panel of 3514 Sardinians, and samples from the
FinnGen biobank resource (data freeze 4, phenotype code
E4_DM1, n=4933 cases and 148,190 controls). FinnGen test
statistics correlated well with the test statistics obtained using
strictly defined T1D cases (Supporting Information S2: Fig-
ure S13). Variants with MAF < 0.5% in either UK cohort or in
the Sardinian cohort were removed. Variants not present in at

least one of the UK cohorts were removed, as statistical power
was likely to be low. As the HLA region is already well estab-
lished as being T1D-associated, and has extensive LD which
may interfere with downstream analysis, we removed this as
standard (40,656 variants with build 37 positions 25-35 Mb on
chromosome 6), leaving 6,254,180 variants.

Combined estimates of effect size from the five cohorts were
obtained using inverse-variance weighting, in R:

PR Y
meta 2521 1/5'12 ?

where ﬁi is the estimate of the log OR for the ith cohort and ; its
estimated SE, which are set to zero and infinity respectively
when the variant is missing in cohort i. p values were computed
from the meta-analysis Chi-square statistics éfneta/ 62
(1 degree of freedom), where 62, is the variance of ﬁmem:
o 1

Umeta ZiSZI 1/6’12 *

The square root of 62, is the meta-analysis standard error
which, together with 8 ., for each variable, constitutes the

input data for priorsplitteR priorityFDR estimation.

4.5 | Definition of Signals

PriorityFDR analysis was run on our T1D GWAS summary sta-
tistics (effect estimates and standard errors) using non-HLA var-
iants, providing tail-area estimates of both FDR and priorityFDR
(see Appendix for details on priorityFDR estimation: Supporting
Information S1). Although it would be possible to use the popular
Benjamini-Hochberg procedure (Benjamini and Hochberg 1995)
to calculate FDRs, we use the priorityFDR software to maintain a
consistent model of variants' effects. Our significance criterion
was FDR <1%. To define independent signals among the signif-
icant variants, we selected the most significant variant (lowest p
value) on each chromosome, designating this as the lead variant
for the signal, before removing any significant variant in LD
(r*>0.01, up to maximum 1 Mb distance), then choosing the next
most significant variant remaining as the lead variant for the
following signal. This process (‘LD clumping’) was repeated until
no variants pass our significance criteria remained. Owing to the
general ubiquity of LD, single-variant associations, i.e. those that
have no disease-associated LD partners, are likely to be spurious
due to problems with genotyping or imputation, especially when
MAF is low. At each step, we therefore excluded the most sig-
nificant variant from the process if it had no LD partners (>0.1)
with logl0 p values lower than logl0(P)/3-1, where p is the lead
variants p value. LD calculations were performed in plink
(Purcell et al. 2007) using 381,380 individuals from UK Biobank
(UKBB) (Bycroft et al. 2018), after restricting to white-Europeans
and removing first and second-degree relatives (using data field
22006). LD comparisons were restricted to a sliding window of
1 Mb. We designated GWAS signals as ‘new’ if they had r* < 0.05
with, and were physically located at least 250 kb from, the lead
variants from any established regions (Barrett et al. 2009;
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Chiou et al. 2021; Onengut-Gumuscu et al. 2015; Robertson
et al. 2021) (#* calculations made using the UKBB LD data).

4.6 | Annotation of Lead Variants

Functional annotations for each lead variant were obtained using
the biomaRt R package (Ensembl build 38 human SNP database).
We also wrote command-line GraphQL and R scripts to download
and filter lists of immune pheWAS associations (p <5x10™%)
from the Open Targets Genetics portal (Ghoussaini et al. 2021)
(https://genetics.opentargets.org), for each lead variant. The dis-
eases/traits we filtered for were hypothyroidism, Addison's
disease, asthma, coeliac disease, Crohn's disease, eczema, hayf-
ever, lupus, multiple sclerosis, psoriasis, rheumatoid arthritis,
ulcerative colitis, vitiligo, thrombocytopenia, monocyte count and
basophil percentage.

4.7 | Stepwise Regression and Fine-Mapping
Stepwise model selection was performed on our TID GWAS
summary statistics and LD data from UKBB white Europeans
(n=381,380), before joint regression analysis of the selected
variants, using COJO (Yang et al. 2012). Variants were incor-
porated into the model if they had a stepwise p value either (a)
lower than genome-wide significance (P < 5x 10™®) for signals
where the lead variant was genome-wide significant or (b)
lower than the GWAS p value for the lead variant for signals
where this was greater than 5x 107%. Signals were defined as
the set of variants within 250 kb of each lead variant, but not in
LD with any more significant lead variants (r* > 0.01). Variants
previously determined to be single-variant associations were
omitted, as described above. The meta-analysis sample size, for
each variant, was calculated as the summed sample sizes of the
four case-control cohorts plus half the number of informative
allele transmissions in the TIDGC TDT test. Fine-mapping for
each signal was performed with FINEMAP version 1.4 (Benner
et al. 2016), within 500 kb windows around the lead variant,
using LD data from UKBB (381,380 white Europeans). Analysis
was restricted to the largest UK meta-analysis cohort only (UK
Illumina 550K, 3983 cases and 3994 controls), to ensure
homogeneity of genotyping coverage.

4.8 | Mendelian Randomisation Analysis of eQTL
and T1D GWAS Data

Combining whole-blood gene eQTL data for 19,942 genes from
eQTLgen (n=31,684) (Vosa et al. 2021) with our TID GWAS
meta-analysis data, we performed MR with gene expression
levels as exposures and T1D status as the outcome, using the
TwoSampleMR R package (Hemani et al. 2018). Only variants
with p<5x107% in eQTLgen were included as instruments,
leaving 13,499 genes with at least one instrument. Variants
were LD-pruned to exclude those with ¥ > 0.001, within a
distance of 10MB. MR was performed using inverse variance
weighting for genes with more than one genetic variant
instrument, or with the Wald ratio otherwise. Ensembl Biomart
queries for identifying MR significant genes (and IL-2 pathway

genes) lying close to our lead variants were performed using the
biomaRt R package.

Author Contributions

The project was conceived by John A. Todd, Stephen S. Rich and Daniel
J.M. Crouch. Genotype data processing, quality control, imputation, and
statistical analyses were performed by Daniel J.M. Crouch, Jamie R.J.
Inshaw, Catherine C. Robertson, Esther Ng, Jia-Yuan Zhang, Wei-Min
Chen, Suna Onengut-Gumuscu, and Carlo Sidore. New statistical
methods were designed and tested by Daniel J.M. Crouch. TIDGC DNA
samples for genotyping were managed by Suna Onengut-Gumuscu
Carlo Sidore and Francesco Cucca contributed genotype data for the
Sardinian cohort. Flemming Pociot and Patrick Concannon provided
samples for genotyping through their affiliated institutions and research
programs. Biological interpretation of results and IL-2 pathway genes
were provided by Antony J. Cutler and John A. Todd. The manuscript
was written by Daniel J.M. Crouch and John A. Todd with technical
input from Jamie R.J. Inshaw and Catherine C. Robertson.

Acknowledgements

This work was funded by JDRF grants 9-2011-253, 5-SRA-2015-130-A-N
and 4-SRA-2017-473-A-N, and Wellcome grants 091157/Z/10/Z and
107212/Z/15/Z, to the Diabetes and Inflammation Laboratory, Univer-
sity of Oxford. Computational work was performed using the Oxford
Biomedical Research Computing (BMRC) facility, a joint development
between the Centre for Human Genetics and the Big Data Institute
supported by Health Data Research UK and the NIHR Oxford Bio-
medical Research Centre. Financial support was provided by the
Wellcome Trust Core Award grant 203141/Z/16/Z. The views expressed
are those of the author(s) and not necessarily those of the NHS, the
NIHR or the Department of Health. Work was supported from grant
U1301.2015/AI1.1157.BE from Fondazione di Sardegna to Francesco
Cucca. This research has been conducted using the UK Biobank
Resource under Application Number 31295. We acknowledge the par-
ticipants and investigators of the FinnGen study. This study makes use
of data generated by the Wellcome Trust Case Control Consortium,
funded by Wellcome Trust award 076113; a full list of the investigators
who contributed to the generation of the data is available from http://
www.wtccc.org.uk/. This research uses resources provided by the
T1DGC, a collaborative clinical study sponsored by the National Insti-
tute of Diabetes and Digestive and Kidney Diseases (NIDDK), the
National Institute of Allergy and Infectious Diseases (NIAID), the
National Human Genome Research Institute (NHGRI), the National
Institute of Child Health and Human Development (NICHD) and JDRF
and supported by NIDDK grants U01 DK062418 and DP3 DK111906
and US National Library of Medicine grant T32 LMO012416. We
acknowledge the participants and members of the TIDGC (see Sup-
porting Information S3: Note S1 for a list of members), and TIDGC
steering group members Beena Akolkar, Henry A Erlich, Cécile Julier,
Grant Morahan, Jorn Nerup and Concepcion Nierras. We thank Walter
Bodmer for discussions related to the priorityFDR method. This
research was funded in whole, or in part, by the Wellcome Trust
[091157/Z/10/Z) and [107212/Z/15/Z]. For the purpose of Open Access,
the author has applied a CC BY public copyright licence to any Author
Accepted Manuscript version arising from this submission.

Conflicts of Interest

John A. Todd consults for GSK, Precion, Avammune, Immunocore and
Vesalius Therapeutics. The other authors declare no conflicts of
interest.

Data Availability Statement

Type 1 diabetes GWAS meta-analysis summary statistics generated during
the study are available from GWAS Catalog (https://www.ebi.ac.uk/gwas,

15 of 17


https://genetics.opentargets.org
http://www.wtccc.org.uk/
http://www.wtccc.org.uk/
https://www.ebi.ac.uk/gwas

study accession GCST90013791), and have been incorporated into the
Open Targets Genetics Portal (https://genetics.opentargets.org, same
accession number). The R package for priorityFDR estimation, priors-
plitteR, is available from https://github.com/djmcrouch/priorsplitteR.

References

Astle, W. J., H. Elding, T. Jiang, et al. 2016. “The Allelic Landscape of
Human Blood Cell Trait Variation and Links to Common Complex
Disease.” Cell 167, no. 5: 1415-1429.e19. https://doi.org/10.1016/j.cell.
2016.10.042.

Barrett, J. C., D. G. Clayton, P. Concannon, Type 1 Diabetes Genetics, C,
et al. 2009. “Genome-Wide Association Study and Meta-Analysis Find
That Over 40 Loci Affect Risk of Type 1 Diabetes.” Nature Genetics 41,
no. 6: 703-707. https://doi.org/10.1038/ng.381.

Benjamini, Y., and Y. Hochberg. 1995. “Controlling the False Discovery
Rate—A Practical and Powerful Approach to Multiple Testing.” Journal
of the Royal Statistical Society Series B: Statistical Methodology 57, no. 1:
289-300.

Benjamini, Y., and D. Yekutieli. 2001. “The Control of the False
Discovery Rate in Multiple Testing Under Dependency.” Annals of
Statistics 29, no. 4: 1165-1188.

Benjamini, Y., and D. Yekutieli. 2005. “Quantitative Trait Loci Analysis
Using the False Discovery Rate.” Genetics 171, no. 2: 783-790. https://
doi.org/10.1534/genetics.104.036699.

Benner, C., C. C. A. Spencer, A. S. Havulinna, V. Salomaa, S. Ripatti,
and M. Pirinen. 2016. “FINEMAP: Efficient Variable Selection
Using Summary Data From Genome-Wide Association Studies.”
Bioinformatics 32, no. 10: 1493-1501. https://doi.org/10.1093/
bioinformatics/btw018.

Boyle, E. A., Y. I. Li, and J. K. Pritchard. 2017. “An Expanded View
of Complex Traits: From Polygenic to Omnigenic.” Cell 169, no. 7:
1177-1186. https://doi.org/10.1016/j.cell.2017.05.038.

Brzyski, D., C. B. Peterson, P. Sobczyk, E. J. Candés, M. Bogdan, and
C. Sabatti. 2017. “Controlling the Rate of GWAS False Discoveries.”
Genetics 205, no. 1: 61-75. https://doi.org/10.1534/genetics.116.193987.

Bulik-Sullivan, B. K., P. R. Loh, H. K. Finucane, et al. 2015. “LD Score
Regression Distinguishes Confounding From Polygenicity in Genome-
Wide Association Studies.” Nature Genetics 47, no. 3: 291-295. https://
doi.org/10.1038/ng.3211.

Bycroft, C., C. Freeman, D. Petkova, et al. 2018. “The UK Biobank
Resource With Deep Phenotyping and Genomic Data.” Nature 562,
no. 7726: 203-209. https://doi.org/10.1038/541586-018-0579-z.

Chen, Z., M. Boehnke, X. Wen, and B. Mukherjee. 2021. “Revisiting the
Genome-Wide Significance Threshold for Common Variant GWAS.” G3
GeneslGenomesl|Genetics 11, no. 2. https://doi.org/10.1093/g3journal/
jkaa056.

Cheng, W., S. Ramachandran, and L. Crawford. 2020. “Estimation of
Non-Null SNP Effect Size Distributions Enables the Detection of En-
riched Genes Underlying Complex Traits.” PLOS Genetics 16, no. 6:
€1008855. https://doi.org/10.1371/journal.pgen.1008855.

Chiou, J., R. J. Geusz, M. L. Okino, et al. 2021. “Interpreting
Type 1 Diabetes Risk With Genetics and Single-Cell Epigenomics.”
Nature 594, no. 7863: 398-402. https://doi.org/10.1038/s41586-
021-03552-w.

Cooper, N. J., C. Wallace, O. Burren, A. Cutler, N. Walker, and
J. A. Todd. 2017. “Type 1 Diabetes Genome-Wide Association Analysis
With Imputation Identifies Five New Risk Regions.” bioRxiv: 120022.
https://doi.org/10.1101/120022.

Crouch, D. J. M., and W. F. Bodmer. 2020. “Polygenic Inheritance, GWAS,
Polygenic Risk Scores, and the Search for Functional Variants.”
Proceedings of the National Academy of Sciences 117, no. 32: 18924-18933.
https://doi.org/10.1073/pnas.2005634117.

Das, S., L. Forer, S. Schonherr, et al. 2016. “Next-Generation Genotype
Imputation Service and Methods.” Nature Genetics 48, no. 10: 1284-1287.
https://doi.org/10.1038/ng.3656.

Dendrou, C. A., V. Plagnol, E. Fung, et al. 2009. “Cell-Specific Protein
Phenotypes for the Autoimmune Locus IL2RA Using a Genotype-
Selectable Human Bioresource.” Nature Genetics 41, no. 9: 1011-1015.
https://doi.org/10.1038/ng.434.

Downes, K., M. Pekalski, K. L. Angus, et al. 2010. “Reduced Expression
of IFIH1 Is Protective for Type 1 Diabetes.” PLoS One 5, no. 9: €12646.
https://doi.org/10.1371/journal.pone.0012646.

Efron, B., and T. Hastie. 2016. Computer Age Statistical Inference:
Algorithms, Evidence, and Data Science. Cambridge, UK: Cambridge
University Press.

Ferguson, J., and J. Chang. 2020. “An Empirical Bayesian Ranking
Method, With Applications to High Throughput Biology.” Bioinformatics
36, no. 1: 177-185. https://doi.org/10.1093/bioinformatics/btz471.

Ferreira, R. C., X. Castro Dopico, J. J. Oliveira, et al. 2019. “Chronic
Immune Activation in Systemic Lupus Erythematosus and the Auto-
immune PTPN22 Trp(620) Risk Allele Drive the Expansion of
FOXP3(+) Regulatory T Cells and PD-1 Expression.” Frontiers in
Immunology 10: 2606. https://doi.org/10.3389/fimmu.2019.02606.

Garg, G., J. R. Tyler, J. H. M. Yang, et al. 2012. “Type 1 Diabetes-
Associated IL2RA Variation Lowers IL-2 Signaling and Contributes to
Diminished CD4+CD25+ Regulatory T Cell Function.” Journal of
Immunology 188, no. 9: 4644-4653. https://doi.org/10.4049/jimmunol.
1100272.

Ghoussaini, M., E. Mountjoy, M. Carmona, et al. 2021. “Open Targets
Genetics: Systematic Identification of Trait-Associated Genes Using
Large-Scale Genetics and Functional Genomics.” Nucleic Acids Research
49, no. D1: D1311-D1320. https://doi.org/10.1093/nar/gkaa840.

Hemani, G., J. Zheng, B. Elsworth, et al. 2018. “The MR-Base Platform
Supports Systematic Causal Inference Across the Human Phenome.”
Elife 7: €34408.

Inshaw, J. R. J., C. Sidore, F. Cucca, et al. 2021. “Analysis of Over-
lapping Genetic Association in Type 1 and Type 2 Diabetes.”
Diabetologia 64, no. 6: 1342-1347. https://doi.org/10.1007/s00125-
021-05428-0.

Kazeem, G. R., and M. Farrall. 2005. “Integrating Case-Control and
TDT Studies.” Annals of Human Genetics 69, no. Pt 3: 329-335. https://
doi.org/10.1046/j.1529-8817.2005.00156 x.

Koprulu, M., J. Carrasco-Zanini, E. Wheeler, et al. 2023. “Proteoge-
nomic Links to Human Metabolic Diseases.” Nature Metabolism 5,
no. 3: 516-528. https://doi.org/10.1038/s42255-023-00753-7.

de Lange, K. M., L. Moutsianas, J. C. Lee, et al. 2017. “Genome-Wide
Association Study Implicates Immune Activation of Multiple Integrin
Genes in Inflammatory Bowel Disease.” Nature Genetics 49, no. 2:
256-261. https://doi.org/10.1038/ng.3760.

Manichaikul, A., J. C. Mychaleckyj, S. S. Rich, K. Daly, M. Sale, and
W. M. Chen. 2010. “Robust Relationship Inference in Genome-Wide
Association Studies.” Bioinformatics 26, no. 22: 2867-2873. https://doi.
org/10.1093/bioinformatics/btq559.

Marcovecchio, M. L., L. S. Wicker, D. B. Dunger, et al. 2020.
“Interleukin-2 Therapy of Autoimmunity in Diabetes (ITAD): A Phase
2, Multicentre, Double-Blind, Randomized, Placebo-Controlled Trial.”
Wellcome Open Research 5: 49. https://doi.org/10.12688/
wellcomeopenres.15697.1.

McCarthy, D. J.,, and G. K. Smyth. 2009. “Testing Significance
Relative to a Fold-Change Threshold Is a TREAT.” Bioinformatics 25,
no. 6: 765-771. https://doi.org/10.1093/bioinformatics/btp053.

O'Connor, L. J. 2021. “The Distribution of Common-Variant Effect
Sizes.” Nature Genetics 53, no. 8: 1243-1249. https://doi.org/10.1038/
$41588-021-00901-3.

16 of 17

Genetic Epidemiology, 2025


https://genetics.opentargets.org
https://github.com/djmcrouch/priorsplitteR
https://doi.org/10.1016/j.cell.2016.10.042
https://doi.org/10.1016/j.cell.2016.10.042
https://doi.org/10.1038/ng.381
https://doi.org/10.1534/genetics.104.036699
https://doi.org/10.1534/genetics.104.036699
https://doi.org/10.1093/bioinformatics/btw018
https://doi.org/10.1093/bioinformatics/btw018
https://doi.org/10.1016/j.cell.2017.05.038
https://doi.org/10.1534/genetics.116.193987
https://doi.org/10.1038/ng.3211
https://doi.org/10.1038/ng.3211
https://doi.org/10.1038/s41586-018-0579-z
https://doi.org/10.1093/g3journal/jkaa056
https://doi.org/10.1093/g3journal/jkaa056
https://doi.org/10.1371/journal.pgen.1008855
https://doi.org/10.1038/s41586-021-03552-w
https://doi.org/10.1038/s41586-021-03552-w
https://doi.org/10.1101/120022
https://doi.org/10.1073/pnas.2005634117
https://doi.org/10.1038/ng.3656
https://doi.org/10.1038/ng.434
https://doi.org/10.1371/journal.pone.0012646
https://doi.org/10.1093/bioinformatics/btz471
https://doi.org/10.3389/fimmu.2019.02606
https://doi.org/10.4049/jimmunol.1100272
https://doi.org/10.4049/jimmunol.1100272
https://doi.org/10.1093/nar/gkaa840
https://doi.org/10.1007/s00125-021-05428-0
https://doi.org/10.1007/s00125-021-05428-0
https://doi.org/10.1046/j.1529-8817.2005.00156.x
https://doi.org/10.1046/j.1529-8817.2005.00156.x
https://doi.org/10.1038/s42255-023-00753-7
https://doi.org/10.1038/ng.3760
https://doi.org/10.1093/bioinformatics/btq559
https://doi.org/10.1093/bioinformatics/btq559
https://doi.org/10.12688/wellcomeopenres.15697.1
https://doi.org/10.12688/wellcomeopenres.15697.1
https://doi.org/10.1093/bioinformatics/btp053
https://doi.org/10.1038/s41588-021-00901-3
https://doi.org/10.1038/s41588-021-00901-3

Onengut-Gumuscu, S., W. M. Chen, O. Burren, et al. 2015. “Fine
Mapping of Type 1 Diabetes Susceptibility Loci and Evidence for Co-
localization of Causal Variants With Lymphoid Gene Enhancers.”
Nature Genetics 47, no. 4: 381-386. https://doi.org/10.1038/ng.3245.

Purcell, S., B. Neale, K. Todd-Brown, et al. 2007. “PLINK: A Tool Set for
Whole-Genome Association and Population-Based Linkage Analyses.”
American Journal of Human Genetics 81, no. 3: 559-575. https://doi.org/
10.1086/519795.

Rasooly, D., G. M. Peloso, A. C. Pereira, et al. 2023. “Genome-Wide
Association Analysis and Mendelian Randomization Proteomics Iden-
tify Drug Targets for Heart Failure.” Nature Communications 14, no. 1:
3826. https://doi.org/10.1038/s41467-023-39253-3.

Robertson, C. C., J. R. J. Inshaw, S. Onengut-Gumuscu, et al. 2021.
“Fine-Mapping, Trans-Ancestral and Genomic Analyses Identify Causal
Variants, Cells, Genes and Drug Targets for Type 1 Diabetes.” Nature
Genetics 53, no. 7: 962-971. https://doi.org/10.1038/s41588-021-00880-5.

Smyth, D. J., J. D. Cooper, J. M. M. Howson, et al. 2008. “PTPN22
Trp620 Explains the Association of Chromosome 1p13 With Type 1
Diabetes and Shows a Statistical Interaction With HLA Class II Geno-
types.” Diabetes 57, no. 6: 1730-1737. https://doi.org/10.2337/
db07-1131.

Stephens, M. 2017. “False Discovery Rates: A New Deal.” Biostatistics
18, no. 2: kxw041. https://doi.org/10.1093/biostatistics/kxw041.

Sun, B. B,, J. Chiou, M. Traylor, et al. 2022. “Genetic Regulation of the
Human Plasma Proteome in 54,306 UK Biobank Participants.” bioRxiv.
https://doi.org/10.1101/2022.06.17.496443.

Todd, J. A., M. Evangelou, A. J. Cutler, et al. 2016. “Regulatory T Cell
Responses in Participants With Type 1 Diabetes After a Single Dose of
Interleukin-2: A Non-Randomised, Open Label, Adaptive Dose-Finding
Trial.” PLOS Medicine 13, no. 10: €1002139. https://doi.org/10.1371/
journal.pmed.1002139.

Vafiadis, P., S. T. Bennett, J. A. Todd, et al. 1997. “Insulin Expression in
Human Thymus is Modulated by INS VNTR Alleles at the IDDM2
Locus.” Nature Genetics 15, no. 3: 289-292. https://doi.org/10.1038/
ng0397-289.

Visscher, P. M., L. Yengo, N. J. Cox, and N. R. Wray. 2021. “Discovery
and Implications of Polygenicity of Common Diseases.” Science 373,
no. 6562: 1468-1473. https://doi.org/10.1126/science.abi8206.

Vosa, U., A. Claringbould, H. J. Westra, et al. 2021. “Large-Scale
Cis- and Trans-eQTL Analyses Identify Thousands of Genetic Loci
and Polygenic Scores That Regulate Blood Gene Expression.” Nature
Genetics 53, no. 9: 1300-1310. https://doi.org/10.1038/s41588-
021-00913-z.

Yang, J., T. Ferreira, A. P. Morris, Meta-analysis, C, et al. 2012. “Con-
ditional and Joint Multiple-SNP Analysis of GWAS Summary Statistics
Identifies Additional Variants Influencing Complex Traits.” Nature
Genetics 44, no. 4: 369-375. S361-363. https://doi.org/10.1038/ng.2213.

Yengo, L., S. Vedantam, E. Marouli, et al. 2022. “A Saturated Map of
Common Genetic Variants Associated With Human Height.” Nature
610, no. 7933: 704-712. https://doi.org/10.1038/541586-022-05275-y.

Supporting Information

Additional supporting information can be found online in the
Supporting Information section.

17 of 17


https://doi.org/10.1038/ng.3245
https://doi.org/10.1086/519795
https://doi.org/10.1086/519795
https://doi.org/10.1038/s41467-023-39253-3
https://doi.org/10.1038/s41588-021-00880-5
https://doi.org/10.2337/db07-1131
https://doi.org/10.2337/db07-1131
https://doi.org/10.1093/biostatistics/kxw041
https://doi.org/10.1101/2022.06.17.496443
https://doi.org/10.1371/journal.pmed.1002139
https://doi.org/10.1371/journal.pmed.1002139
https://doi.org/10.1038/ng0397-289
https://doi.org/10.1038/ng0397-289
https://doi.org/10.1126/science.abi8206
https://doi.org/10.1038/s41588-021-00913-z
https://doi.org/10.1038/s41588-021-00913-z
https://doi.org/10.1038/ng.2213
https://doi.org/10.1038/s41586-022-05275-y

	Bayesian Effect Size Ranking to Prioritise Genetic Risk Variants in Common Diseases for Follow-Up Studies
	1 Introduction
	2 Results
	2.1 Defining the PriorityFDR
	2.2 Simulation Studies
	2.3 Type 1 Diabetes Genome-Wide Association Study Meta-Analysis
	2.4 PriorityFDR Selection of Type 1 Diabetes Signals

	3 Discussion
	4 Materials and Methods
	4.1 PriorityFDR Simulation Experiments
	4.2 T1DGC Data: Quality Control and Genome-Wide Association Analysis
	4.3 UK Case Control T1D Samples: Quality Control and Genome-Wide Association Analysis
	4.4 GWAS Meta-Analysis of Five Type 1 Diabetes Cohorts
	4.5 Definition of Signals
	4.6 Annotation of Lead Variants
	4.7 Stepwise Regression and Fine-Mapping
	4.8 Mendelian Randomisation Analysis of eQTL and T1D GWAS Data

	Author Contributions
	Acknowledgements
	Conflicts of Interest
	Data Availability Statement
	References
	Supporting Information




