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1. Supplementary Notes.

1.1. Posterior computation. Consider a GWAS with n unrelated individuals typed on p SNPs.
For each SNP j, we denote its estimated single-SNP effect size and standard error as β̂ j and s j
respectively. To model {β̂ j, s j}, we use Regression with Summary Statistics (RSS) likelihood [1]:

(1.1) β̂ ∼N (SRS−1β, SRS),

where β̂ := (β̂1, . . . , β̂p)′ is a p×1 vector, S := diag(s) is a p×p diagonal matrix with diagonal elements
being s := (s1, . . . , sp)′, R is a p× p LD matrix estimated from an external reference panel with ances-
try matching the GWAS cohort, β := (β1, . . . ,βp)′ are the true effects of SNPs under the multiple-SNP
model, and N denotes normal distributions. (Note that we replace {Ŝ,R̂} in the main text with {S,R}
throughout Supplementary Notes to simplify notation.) We then specify the following prior on the
multiple regression coefficients β:

β j ∼ π j ·N (0,σ2
β)+ (1−π j) ·δ0,(1.2)

σ2
β = h ·

(∑p
j=1π jn−1 ŝ−2

j

)−1
,(1.3)

π j = (1+10−(θ0+a jθ))−1,(1.4)

where δ0 denotes point mass at zero, θ0 reflects the background proportion of trait-associated SNPs
under the multiple-SNP model, θ reflects the increase in probability, on the log10-odds scale, that
a SNP inside the gene set has nonzero effect, h approximates the proportion of phenotypic varia-
tion explained by genotypes of all available SNPs, and a j indicates whether SNP j is inside the
gene set. Following [2], we place independent uniform grid priors on the hyper-parameters {θ0,θ,h}
(Supplementary Tables 6-7).

We use variational inference to estimate the posterior distribution of β based on the input data
D := {

β̂,S,R,a
}
, which includes GWAS summary statistics (β̂,S), LD estimates (R) and SNP-level

annotations a := (a1, . . . ,ap)′. Before outlining the computation scheme, we first introduce a binary
vector γ := (γ1, . . . ,γp)′ ∈ {0,1}p, where γ j is a Bernoulli random variable which takes the value 1 with
probability π j and the value 0 with probability 1−π j; γ j = 1 when β j is drawn from N (0,σ2

β
), and

γ j = 0 when β j is drawn from δ0.
The posterior computation procedures largely follow those developed in [3]. Firstly, for each set of

hyper-parameters {θ0,θ,h} from a predefined grid, we approximate p(β,γ|D,θ0,θ,h) using a mean-
filed variational Bayes algorithm (Section 1.1.1). Next, we approximate p(θ0,θ,h|D) by a discrete
distribution on the predefined grid, using the variational solutions from the first step to compute the
posterior probabilities (Section 1.1.2). Finally, we integrate out p(β,γ|D,θ0,θ,h) over the posterior of
p(θ0,θ,h|D) to obtain the posterior of {β,γ}:

(1.5) p(β,γ|D)=
∫

p(β,γ|D,θ0,θ,h)p(θ0,θ,h|D)dθ0dθdh.

1.1.1. Estimate p(β,γ|D,θ0,θ,h). The aim of the first step is to search for a distribution q(β,γ)
that minimize the Kullback-Leibler (KL) divergence between q(β,γ) and p(β,γ|D,θ0,θ,h).

For any distribution q(β,γ), we have the following decomposition:

(1.6) log p(β̂|S,R,a,θ0,θ,h)=Eq log
[

q(β,γ)
p(β,γ|D,θ0,θ,h)

]
︸ ︷︷ ︸

Kullback-Leibler divergence

+Eq log

[
p(β̂,β,γ|S,R,a,θ0,θ,h)

q(β,γ)

]
︸ ︷︷ ︸

Variational lower bound

.
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Because the left-hand side of Equation (1.6) does not dependent on {β,γ}, minimizing KL divergence
is equivalent to maximizing the variational lower bound. In the present study, we restrict the family
of q(β,γ) to be of fully-factorized form (a.k.a. mean-field approximation):

(1.7) q(β,γ)=
p∏

j=1
q j(β j,γ j),

and do not make any additional assumption for q.
Straightforward algebra shows that for each q j, the optimal variational solution q?j is given by

(1.8) q?j (β j,γ j)=
[
α?j ·N (β j;µ?j , (σ?j )2)

]γ j
[
(1−α?j ) ·δ0(β j)

]1−γ j
,

implying that with probability α?j , β j is normally distributed with mean µ?j and variance (σ?j )2, and
with probability 1−α?j , β j is zero. Following [3], we use a coordinate descent algorithm to estimate

the variational parameters
{
α?j ,µ?j ,σ?j

}
:

(σ?j )2 = (s−2
j +σ−2

β )−1(1.9)

µ?j = (σ?j )2 ·
(
β̂ j

s2
j
−∑

i 6= j

Ri jα
?
i µ

?
i

sis j

)
(1.10)

α?j

1−α?j
= π j

1−π j
·
σ?j

σβ
·exp

{
(µ?j )2

2(σ?j )2

}
(1.11)

Although not explicitly shown above, the optimal solution q? depends on the values of hyper-parameters
{θ0,θ,h}, because π j is a function of {θ0,θ,h}.

1.1.2. Estimate p(θ0,θ,h|D). Since we use independent uniform grid priors for hyper-parameters
{θ0,θ,h} (Supplementary Tables 6-7), the posterior distribution of {θ0,θ,h} is proportional to the
marginal likelihood:

(1.12) p(θ0,θ,h|D)= p(θ0,θ,h|β̂,S,R,a)∝ p(β̂|S,R,a,θ0,θ,h).

Noting that the marginal likelihood p(β̂|S,R,a,θ0,θ,h) is analytically intractable, we thus use vari-
ational lower bound as an approximation.

Using Jensen’s inequality, we can see that the marginal log likelihood of (θ0,θ,h) is bounded from
below by the variational lower bound,

(1.13) log p(β̂|S,R,a,θ0,θ,h)≥Eq log

[
p(β̂,β,γ|S,R,a,θ0,θ,h)

q(β,γ)

]
.

Furthermore, if the distribution q(β,γ) takes the form (1.8), then the variational lower bound is
analytically available:

(1.14) Eq log

[
p(β̂,β,γ|S,R,a,θ0,θ,h)

q(β,γ)

]
= F0(D)+F(D,θ0,θ,h),

where F0(D) is a constant term with respect to {θ0,θ,h},

(1.15) F0(D)=−1
2

log |2π ·SRS|− 1
2
β̂′(SRS)−1β̂,
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and

F(D,θ0,θ,h) = β̂′S−2Eq(β)− 1
2

E′
q(β)S−1RS−1Eq(β)− 1

2

p∑
j=1

Varq(β j)

s2
j

−
p∑

j=1
α j log

(
α j

π j

)

−
p∑

j=1
(1−α j) log

(1−α j

1−π j

)
+

p∑
j=1

α j

2

[
1+ log

(
σ2

j

σ2
β

)
−
σ2

j +µ2
j

σ2
β

]
,(1.16)

Eq(β)= (Eq(β1), . . . ,Eq(βp))′, Eq(β j)=α jµ j and Varq(β j)=α j(σ2
j +µ2

j )−(α jµ j)2. Note that the analytic
form of lower bound (1.14) holds even when parameters

{
α j,µ j,σ j

}
are not constrained by the optimal

variational solution (1.9)-(1.11).
Finally, p(θ0,θ,h|D) is estimated as a discrete distribution w̃(θ0,θ,h):

(1.17) p(θ0,θ,h|D)≈ w̃(θ0,θ,h)∝ exp{F(D,θ0,θ,h)}.

Note that w̃(θ0,θ,h) is discrete because the support of {θ0,θ,h} is discrete (i.e. a uniform grid).

1.1.3. Squared iterative method. When estimating p(β,γ|D,θ0,θ,h), the coordinate descent up-
dates (1.9)-(1.11) essentially define a fixed-point mapping. To improve the convergence, we embed an
“off-the-shelf” accelerator, squared iterative methods (SQUAREM, [4]), in this fixed-point mapping.
Simulations show that variational inference with and without the SQUAREM accelerator often yield
almost identical results (Supplementary Figure 30).

1.2. Bayes factor for gene set enrichment. To measure the evidence for the enrichment hypothesis
that a candidate gene set is enriched (θ > 0) for phenotype-genotype associations against the baseline
hypothesis (θ = 0), we evaluate the following Bayes factor (BF):

(1.18) BF= p(β̂|S,R,a,θ > 0)

p(β̂|S,R,a,θ = 0)
.

To compute BF (1.18), we approximate intractable marginal likelihoods by corresponding variational
lower bounds (1.16):

BF =
∫

p(β̂|S,R,a,θ0,θ,h)p(θ0)p(θ)p(h)dθdθ0dh∫
p(β̂|S,R,a,θ0,θ = 0,h)p(θ0)p(h)dθ0dh

≈
∫

exp{F0(D)+F(D,θ0,θ,h)}p(θ0)p(θ)p(h)dθdθ0dh∫
exp{F0(D)+F(D,θ0,θ = 0,h)}p(θ0)p(h)dθ0dh

≈ n−1
1

∑n1
s=1 exp{F(D,θ(s)

0 ,θ(s),h(s))}

n−1
0

∑n0
t=1 exp{F(D,θ(t)

0 ,θ = 0,h(t))}
,(1.19)

where
{
θ(s)

0 ,θ(s),h(s)
}

and
{
θ(t)

0 ,h(t)
}

are evenly spaced points on a regular grid over finite intervals.

1.3. Posterior statistics of genetic associations. To identify loci associated with a given phenotype,
we consider two posterior statistics derived from the variational inference.

The first statistic is P1, the posterior probability that at least one SNP in a given locus is associated
with the phenotype:

(1.20) P1 := 1−Pr
(
β j = 0, ∀ SNP j ∈ locus|D)

.
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Given a grid
{
θ(s)

0 ,θ(s),h(s)
}
, P1 is estimated as

P1 = 1−
∫

Pr(β j = 0, ∀ j ∈ locus|D,θ0,θ,h)p(θ0,θ,h|D)dθ0dθdh

≈ 1−
n1∑

s=1
Pr(β j = 0, ∀ j ∈ locus|D,θ(s)

0 ,θ(s),h(s)) · w̃(θ(s)
0 ,θ(s),h(s)).

Since the posterior of β is approximated by a fully-factorized distribution (1.7), for any (θ0,θ,h),

Pr(β j = 0, ∀ j ∈ locus|D,θ0,θ,h)≈ ∏
j∈locus

q?j (β j = 0)= ∏
j∈locus

[
1−α?j (θ0,θ,h)

]
.

Hence, the final estimate of P1 averaged over the grid
{
θ(s)

0 ,θ(s),h(s)
}

is

(1.21) P1 ≈ 1−
n1∑

s=1

∏
j∈locus

[
1−α?j (θ(s)

0 ,θ(s),h(s))
]
· w̃(θ(s)

0 ,θ(s),h(s)).

The second statistic is ENS, the posterior expected number of associated SNPs in the locus:

(1.22) ENS := ∑
j∈locus

Pr(β j 6= 0|D).

Given a grid
{
θ(s)

0 ,θ(s),h(s)
}

and corresponding variational estimates, ENS is estimated as

(1.23) ENS≈ ∑
j∈locus

n1∑
s=1

α?j (θ(s)
0 ,θ(s),h(s)) · w̃(θ(s)

0 ,θ(s),h(s)).

Note that unlike P1, the estimate of ENS does not require the fully-factorized assumption (1.7).
We compute P1 (1.21) and ENS (1.23) above under the enrichment hypothesis that the candidate

gene set is enriched (θ > 0). Similarly, under the baseline hypothesis that no gene set is enriched
(θ = 0), the numerical estimates of P1 and ENS are given by:

P1 ≈ 1−
n0∑
t=1

∏
j∈locus

[
1−α?j (θ(t)

0 ,θ = 0,h(t))
]
· w̃(θ(t)

0 ,θ = 0,h(t)),(1.24)

ENS ≈ ∑
j∈locus

n0∑
t=1

α?j (θ(t)
0 ,θ = 0,h(t)) · w̃(θ(t)

0 ,θ = 0,h(t)).(1.25)

1.4. Estimate the fraction of trait-associated SNPs. The fraction of trait-associated SNPs is one
of the two quantities that we use to summarize the effect size distribution of a trait (x-axes of Figure
4(a) and Supplementary Figure 9). This quantity is estimated as:

(1.26)
1
p

p∑
j=1

n0∑
t=1

α?j (θ(t)
0 ,θ = 0,h(t)) · w̃(θ(t)

0 ,θ = 0,h(t)).

1.5. Estimate the standardized effect size of trait-associated SNPs. The standardized effect size
of trait-associated SNPs is another quantity that we use to summarize the effect size distribution of a
trait (y-axes of Figure 4(a) and Supplementary Figure 9). For a given variational approximation
q?, we estimate this quantity as

(1.27)

∑p
j=1α

?
j µ

?
j

σ̂y ·∑p
j=1α

?
j

.



8

Here σ̂2
y is the sample variance of phenotype measurements, which is often not publicly available but

can be estimated as follows:

(1.28) σ̂2
y ≈ 2n j f j(1− f j)s2

j ,

where f j and n j are the minor allele frequency and sample size of SNP j. Although the approximated
values of σ̂2

y sometimes differ across SNPs because of different
{
n j, f j, s j

}
, they often fall into a small

range, and thus we use the median across SNPs as a final estimate.

1.6. Compute credible intervals. Following [2], we use w̃(θ0,θ,h), the variational estimate of
p(θ0,θ,h|D), to compute a credible interval for any quantity that depends on {θ0,θ,h}. Specifically,
for a predefined grid

{
θ(s)

0 ,θ(s),h(s)
}

and a quantity Q(θ0,θ,h), we add up the variational estimates

w̃(θ(s)
0 ,θ(s),h(s)) over successively wider intervals of Q(θ0,θ,h), beginning at the posterior mean, until

the sum of w̃(θ(s)
0 ,θ(s),h(s)) reaches a given interval coverage (e.g. 0.95).

1.7. Scaling computation to many gene sets. When performing genome-wide enrichment analysis
of thousands of gene sets in the present study, we exploit a simplification introduced in [2], which al-
lows us to reuse “expensive” whole-genome calculations and thus reduce computing time. Specifically,
we assume that SNPs that are not near any member gene of the enriched gene set (i.e. “outside”) are
unaffected by the inferred enrichment a posteriori:

(1.29) q?(βĀ;D,θ0,θ,h)= q?(βĀ;D,θ0,θ = 0,h),

where q? is the estimated variational posterior distribution of β, A is the set of SNPs assigned to the
enriched gene set (i.e. “inside”), and Ā is complement of A. Since the outside set Ā typically contains
most of SNPs in the whole genome, we only need to re-estimate the variational posterior distribution
for a relatively small number of “inside” SNPs under assumption (1.29).

Following [2], we approximate variational lower bound as follows:

(1.30) F(D,θ0,θ,h)≈ F(D,θ0,θ = 0,h)+FA(DA,θ0,θ,h)−FA(DA,θ0,θ = 0,h),

where for each set I ∈ {A, Ā},

FI (DI ,θ0,θ,h) = β̂′
IS−2

I Eq(βI )− 1
2

(Eq(βI ))′S−1
I RIS−1

I Eq(βI )− 1
2

∑
j∈I

Varq(β j)

s2
j

−∑
j∈I
α j log

(
α j

π j

)

−∑
j∈I

(1−α j) log
(1−α j

1−π j

)
+∑

j∈I

α j

2

[
1+ log

(
σ2

j

σ2
β

)
−
σ2

j +µ2
j

σ2
β

]
,(1.31)

DI := {
β̂I ,SI ,RI ,aI

}
, SI := diag(sI ), β̂I and sI are the vectors of single-SNP effect size estimates and

corresponding standard errors that are restricted to SNPs in the set I, and RI is the LD matrix of
SNPs in the set I. Note that F(D,θ0,θ = 0,h) has already been computed when we fit the baseline
model on whole-genome summary data (M0 : θ = 0). Hence, calculation of (1.30) only requires re-
fitting the baseline (M0 : θ = 0) and enrichment (M1 : θ > 0) models on a relatively small dataset DA
to obtain corresponding lower bounds FA(DA,θ0,θ = 0,h) and FA(DA,θ0,θ,h).

1.8. Parallel implementation. To speed up the whole genome analysis, we implement the estima-
tion of p(β,γ|D,θ0,θ,h) in parallel across multiple threads.

Our parallel implementation is built on the assumption that Ri j = 0 if SNPs i and j are on different
chromosomes. If this assumption holds, the coordinate descent updates (1.9)-(1.11) for the variational
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parameters
{
α j,µ j,σ j

}
of SNP j on Chromosome c only requires Dc, where Dc := {

β̂c,Sc,Rc,ac
}

denotes the input data from Chromosome c. Further, the variational lower bound F(D,θ0,θ,h) based
on whole genome data has the following decomposition:

(1.32) F(D,θ0,θ,h)=
22∑

c=1
Fc(Dc,θ0,θ,h),

where Fc is defined in (1.31).
Algorithm 1 outlines the parallel implementation. First, we partition the whole-genome input data

D into 22 sub-data {Dc} by chromosomes. To perform parallel calculation, we request 22 threads from
a single computer, each of which is responsible for updating the variational parameters

{
α j,µ j,σ j

}
and computing the variational lower bound Fc(Dc,θ0,θ,h) on each chromosome c; see line 6 of Al-
gorithm 1. Finally, we aggregate the per-chromosome updated variational parameters and lower
bounds in the “reduce” step; see line 8 of Algorithm 1.

Algorithm 1 Parallel implementation
1: for s = 1 to N do . outer loop
2: initialize α(s) and µ(s) randomly
3: compute σ(s) by (1.9)
4: repeat . inner loop
5: for Chromosome c = 1 to 22 do . parallel step
6: use sub-data Dc to update α(c,s), µ(c,s) and Fc(Dc,θ(s)

0 ,θ(s),h(s)) by (1.11), (1.10) and (1.31)
7: end for
8: aggregate chromosome-level results: . reduce step

α(s) =
[
α(1,s); . . . ;α(22,s)

]
(1.33)

µ(s) =
[
µ(1,s); . . . ;µ(22,s)

]
(1.34)

F(D,θ(s)
0 ,θ(s),h(s)) =

22∑
c=1

Fc(Dc,θ(s)
0 ,θ(s),h(s))(1.35)

9: until convergence criteria are met
10: compute the posterior weight w̃(θ(s)

0 ,θ(s),h(s)) by (1.17)
11: end for
12: integrate out hyper-parameters {θ0,θ,h}:

α̃ =
N∑

s=1
w̃(θ(s)

0 ,θ(s),h(s)) ·α(s)(1.36)

µ̃ =
N∑

s=1
w̃(θ(s)

0 ,θ(s),h(s)) ·µ(s)(1.37)

σ̃ =
N∑

s=1
w̃(θ(s)

0 ,θ(s),h(s)) ·σ(s)(1.38)

1.9. Connection with variational inference based on individual-level data. In our previous work
[1], we derived the conditions under which regression likelihood based on individual-level data is
equivalent to regression likelihood based on summary-level data . Under the same conditions, here
we show that variational inferences based on individual-level data [3] and summary-level data [1]
are also equivalent.

PROPOSITION 1.1. Let σ̂2
y denote the sample variance of individual-level phenotypes y, R̂sam

denote the sample correlation matrix of individual-level genotypes X, and σ2 denote the residual
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variance in the following multiple linear regression model:

y=Xβ+ε, ε∼N (0,σ2I).

If σ2 = σ̂2
y and R = R̂sam, the coordinate descent equations (1.9)-(1.11) based on summary-level data

yields the same solution of
{
α j,µ j,σ j

}
as the equations based on individual-level data (Equations

8-10 in [3]).

PROOF. Following the notation in [3], we write σ2
β
= σ2

aσ
2, and write the coordinate updates of{

α j,µ j,σ j
}

based on individual-level data (Equations 8-10 in [3]) as follows:

σ2
j = σ2

X′
jX j +σ−2

a
,(1.39)

µ j =
σ2

j

σ2 ·
(
X′

jy−∑
i 6= j

X′
jXiαiµi

)
,(1.40)

α j

1−α j
= π j

1−π j
· σ j

σaσ
·exp

{
µ2

j

2σ2
j

}
.(1.41)

Based on the definition of β̂, S and R̂sam, we have:

(1.42) XT
j y= (XT

j X j) · β̂ j, XT
j X j = s−2

j σ̂2
y, XT

j Xi = ||X j|| · ||Xi|| · R̂sam
i j ,

and then we can rewrite the updates above as follows:

σ2
j = σ2

s−2
j σ̂2

y +σ−2
a

,(1.43)

µ j =
σ2

j σ̂
2
y

σ2 ·
(
β̂ j

s2
j
−∑

i 6= j

R̂sam
i j αiµi

sis j

)
,(1.44)

α j

1−α j
= π j

1−π j
· σ j

σaσ
·exp

{
µ2

j

2σ2
j

}
.(1.45)

Finally, if σ2 = σ̂2
y and Ri j = R̂sam

i j , these coordinate descent updates based on individual-level data
are the same as the coordinate descent updates (1.9), (1.10) and (1.11) that are based on summary-
level data.

Under the same conditions (σ2 = σ̂2
y and R = R̂sam), we can also show that the variational lower

bound based on individual-level data and summary-level data are equivalent.

PROPOSITION 1.2. If σ2 = σ̂2
y and R = R̂sam, the difference between the variational lower bound

based on summary-level data (1.14) and individual-level data (Equation 13 in [3]) is a constant with
respect to the variational parameters

{
α j,µ j,σ j

}
.

The proof is similar to Proposition 1.1, so it is omitted here.
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1.10. Related literature of Table 2. Below is a list of related literature for Table 2.

Adult height [5] and endochondral ossification pathway (65 genes, log10 BF= 68.9)

• HDAC4 (baseline P1: 0.98; enrichment P1: 1.00)
HDAC4 encodes a critical regulator of chondrocyte hypertrophy during skeletogenesis [6] and
osteoclast differentiation [7]. Haploinsufficiency of HDAC4 results in chromosome 2q37 dele-
tion syndrome (OMIM: 600430) with highly variable clinical manifestations including develop-
mental delay and skeletal malformations.

• PTH1R (baseline P1: 0.94; enrichment P1: 1.00)
PTH1R encodes a receptor that regulates skeletal development, bone turnover and mineral ion
homeostasis [8]. Mutations in PTH1R cause several rare skeletal disorders (OMIM: 215045,
600002, 156400).

• FGFR1 (baseline P1: 0.67; enrichment P1: 0.97)
FGFR1 encodes a receptor that regulates limb development, bone formation and phosphorus
metabolism [9]. Mutations in FGFR1 cause several skeletal disorders (OMIM: 101600, 123150,
190440, 166250).

• MMP13 (baseline P1: 0.45; enrichment P1: 0.93)
MMP13 encodes a protein that is required for osteocytic perilacunar remodeling and bone qual-
ity maintenance [10]. Mutations in MMP13 cause a type of metaphyseal anadysplasia (OMIM:
602111) with reduced stature.

Inflammatory bowel disease [11] and cytokine-cytokine receptor interaction pathway
(253 genes, log10 BF= 21.3)

• TNFRSF14 (a.k.a. HVEM; baseline P1: 0.98; enrichment P1: 1.00)
TNFRSF14 encodes a receptor that functions in signal transduction pathways activating in-
flammatory and inhibitory T-cell immune response. TNFRSF14 expression plays a crucial role
in preventing intestinal inflammation [12]. TNFRSF14 is near a GWAS hit of celiac disease
(rs3748816, p = 3.3×10−9) [13] and two hits of ulcerative colitis (rs734999, p = 3.3×10−9 [14];
rs10797432, p = 3.0×10−12 [15]).

• FAS (baseline P1: 0.82; enrichment P1: 0.99)
FAS plays many important roles in the immune system [16]. Mutations in FAS cause autoim-
mune lymphoproliferative syndrome (OMIM: 601859).

• IL6 (baseline P1: 0.27; enrichment P1: 0.87)
IL6 encodes a cytokine that functions in inflammation and the maturation of B cells, and has
been suggested as a potential therapeutic target in IBD [17].

Coronary artery disease [18] and p75(NTR)-mediated signaling pathway (55 genes, log10 BF=
16.0)

• FURIN (baseline P1: 0.69; enrichment P1: 0.99)
FURIN encodes the major processing enzyme of a cardiac-specific growth factor, which plays
a critical role in heart development [19]. FURIN is near a GWAS hit (rs2521501 [20]) of both
systolic blood pressure (p = 5.2×10−19) and hypertension (p = 1.9×10−15).

• MMP3 (baseline P1: 0.43; enrichment P1: 0.97)
A polymorphism in the promoter region of MMP3 is associated with susceptibility to coronary
heart disease-6 (OMIM: 614466). Inactivating MMP3 in mice increases atherosclerotic plaque
accumulation while reducing aneurysm [21].

High-density lipoprotein [22] and lipid digestion, mobilization and transport pathway
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(58 genes, log10 BF= 89.8)

• CUBN (baseline P1: 0.24; enrichment P1: 1.00)
CUBN encodes a receptor for intrinsic factor-vitamin B12 complexes (cubilin) that maintains
blood levels of HDL [23]. Mutations in CUBN cause a form of congenital megaloblastic anemia
due to vitamin B12 deficiency (OMIM: 261100). CUBN is near a GWAS hit of total cholesterol
(rs10904908, p = 3.0×10−11 [24]).

• ABCG1 (baseline P1: 0.01; enrichment P1: 0.89)
ABCG1 encodes an ATP-binding cassette transporter that plays a critical role in mediating
efflux of cellular cholesterol to HDL [25].

Rheumatoid arthritis [26] and lymphocyte NFAT-dependent transcription pathway (45
genes, log10 BF= 10.0)

• PTGS2 (a.k.a. COX2; baseline P1: 0.74; enrichment P1: 0.98)
PTGS2-specific inhibitors have shown efficacy in reducing joint inflammation in both mouse
models [27] and clinical trials [28]. PTGS2 is near a GWAS hit of Crohn’s disease (rs10798069,
p = 4.3×10−9 [11])

• PPARG (baseline P1: 0.28; enrichment P1: 0.98)
PPARG has important roles in regulating inflammatory and immune responses with potential
applications in treating chronic inflammatory diseases including RA [29, 30].

1.11. Expression patterns of APOE and TTR across human tissues.. Here we provide links to
public data browsers for viewing the expression patterns of APOE and TTR across human tissues.

The cross-tissue expression pattern of APOE is publicly available at

• GeneAtlas microarray data [31]: http://biogps.org/#goto=genereport&id=348;
• NCBI RNA-seq data [32, 33]: https://www.ncbi.nlm.nih.gov/gene/348;
• GTEx RNA-seq data [34]: http://www.gtexportal.org/home/gene/APOE.

The cross-tissue expression pattern of TTR is publicly available at

• GeneAtlas microarray data [31]: http://biogps.org/#goto=genereport&id=7276;
• NCBI RNA-seq data [32, 33]: https://www.ncbi.nlm.nih.gov/gene/7276;
• GTEx RNA-seq data [34]: http://www.gtexportal.org/home/gene/TTR.

1.12. Acknowledgments and data sources. We thank all the GWAS consortia for making their
summary statistics publicly available. We also thank the GTEx consortium for making their RNA-
sequencing data publicly available. Below is a full list of acknowledgments and links to data sources.
We verified that all links below were valid on September 13, 2018.

• Genetic Investigation of ANthropometric Traits (GIANT) Consortium
Data on adult human height [5], body mass index [35] and body fat distribution [36] have
been contributed by GIANT investigators and have been downloaded from http://portals.
broadinstitute.org/collaboration/giant.

• Psychiatric Genomics Consortium (PGC)
Data on schizophrenia [37] have been contributed by PGC investigators and have been down-
loaded from http://www.med.unc.edu/pgc.

http://biogps.org/#goto=genereport&id=348
https://www.ncbi.nlm.nih.gov/gene/348
http://www.gtexportal.org/home/gene/APOE
http://biogps.org/#goto=genereport&id=7276
https://www.ncbi.nlm.nih.gov/gene/7276
http://www.gtexportal.org/home/gene/TTR
http://portals.broadinstitute.org/collaboration/giant
http://portals.broadinstitute.org/collaboration/giant
http://www.med.unc.edu/pgc
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• International Inflammatory Bowel Disease Genetics Consortium (IIBDGC)
Data on inflammatory bowel disease [11], including Crohn’s disease and ulcerative colitis have
been contributed by IIBDGC investigators and have been downloaded from https://www.
ibdgenetics.org.

• Coronary ARtery DIsease Genome wide Replication and Meta-analysis (CARDIo-
GRAM) plus The Coronary Artery Disease (C4D) Genetics (CARDIoGRAMplusC4D)
Consortium
Data on coronary artery disease and myocardial infarction [18] have been contributed by CAR-
DIoGRAMplusC4D investigators and downloaded from http://www.cardiogramplusc4d.org/.

• GWAS summary statistics of heart rate [38]
Data on heart rate have been contributed by authors of [38] and have been downloaded from
https://walker05.u.hpc.mssm.edu/.

• International Genomics of Alzheimer’s Project (IGAP)
Data on Alzheimer’s disease [39] have been contributed by IGAP investigators and have been
downloaded from http://web.pasteur-lille.fr/en/recherche/u744/igap/igap_download.
php. We thank the International Genomics of Alzheimer’s Project (IGAP) for providing sum-
mary results data for these analyses. The investigators within IGAP contributed to the design
and implementation of IGAP and/or provided data but did not participate in analysis or writ-
ing of this report. IGAP was made possible by the generous participation of the control sub-
jects, the patients, and their families. The i-Select chips was funded by the French National
Foundation on Alzheimer’s disease and related disorders. EADI was supported by the LABEX
(laboratory of excellence program investment for the future) DISTALZ grant, Inserm, Institut
Pasteur de Lille, Université de Lille 2 and the Lille University Hospital. GERAD was sup-
ported by the Medical Research Council (Grant no. 503480), Alzheimer’s Research UK (Grant
no. 503176), the Wellcome Trust (Grant no. 082604/2/07/Z) and German Federal Ministry of
Education and Research (BMBF): Competence Network Dementia (CND) grant no. 01GI0102,
01GI0711, 01GI0420. CHARGE was partly supported by the NIH/NIA grant R01 AG033193
and the NIA AG081220 and AGES contract N01-AG-12100, the NHLBI grant R01 HL105756,
the Icelandic Heart Association, and the Erasmus Medical Center and Erasmus University.
ADGC was supported by the NIH/NIA grants: U01 AG032984, U24 AG021886, U01 AG016976,
and the Alzheimer’s Association grant ADGC-10-196728.

• Social Science Genetic Association Consortium (SSGAC)
Data on neuroticism and depressive symptoms [40] have been contributed by SSGAC investi-
gators and have been downloaded from https://www.thessgac.org. For financial support, the
SSGAC thanks the U.S. National Science Foundation, the U.S. National Institutes of Health
(National Institute on Aging, and the Office for Behavioral and Social Science Research), the
Ragnar Söderberg Foundation, the Swedish Research Council, The Jan Wallander and Tom
Hedelius Foundation, the European Research Council, and the Pershing Square Fund of the
Foundations of Human Behavior.

• GWAS summary statistics of rheumatoid arthritis [26]
Data on rheumatoid arthritis have been contributed by authors of [26] and have been down-
loaded from http://plaza.umin.ac.jp/yokada/datasource/software.htm.

https://www.ibdgenetics.org
https://www.ibdgenetics.org
http://www.cardiogramplusc4d.org/
https://walker05.u.hpc.mssm.edu/
http://web.pasteur-lille.fr/en/recherche/u744/igap/igap_download.php
http://web.pasteur-lille.fr/en/recherche/u744/igap/igap_download.php
https://www.thessgac.org
http://plaza.umin.ac.jp/yokada/datasource/software.htm
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• DIAbetes Genetics Replication And Meta-analysis (DIAGRAM) Consortium
Data on type 2 diabetes [41] have been contributed by DIAGRAM investigators and have been
downloaded from http://www.diagram-consortium.org.

• Reproductive Genetics (ReproGen) Consortium
Data on age at natural menopause [42] have been contributed by ReproGen investigators and
have been downloaded from http://www.reprogen.org.

• Global Urate Genetics Consortium (GUGC)
Data on serum urate concentrations and gout [43] have been contributed by GUGC investiga-
tors and have been downloaded from http://metabolomics.helmholtz-muenchen.de/gugc.

• Global Lipids Genetics Consortium (GLGC)
Data on blood lipids [22], including levels of total cholesterol, low-density lipoprotein choles-
terol, high-density lipoprotein cholesterol and triglycerides have been contributed by GLGC in-
vestigators and have been downloaded from http://csg.sph.umich.edu//abecasis/public/
lipids2010.

• Glucose and Insulin-related traits Consortium (MAGIC)
Data on glycaemic traits [44], including fasting glucose and insulin results accounting for body
mass index, have been contributed by MAGIC investigators and have been downloaded from
https://www.magicinvestigators.org.

• Project MinE
Data on amyotrophic lateral sclerosis [45] have been contributed by Project MinE and have
been downloaded from http://databrowser.projectmine.com.

• GWAS summary statistics of red blood cell phenotypes [46]
Data on six red blood cell phenotypes have been contributed by authors of [46] and have
been downloaded from the European Genome-Phenome Archive (EGA, http://www.ebi.ac.
uk/ega) under accession number EGAS00000000132.

• Genotype-Tissue Expression (GTEx) Project
The GTEx Project was supported by the Common Fund of the Office of the Director of the
National Institutes of Health, and by NCI, NHGRI, NHLBI, NIDA, NIMH, and NINDS. The
data used for the analyses described in this manuscript were obtained from the GTEx Portal
(https://gtexportal.org) on November 21, 2016.

http://www.diagram-consortium.org
http://www.reprogen.org
http://metabolomics.helmholtz-muenchen.de/gugc
http://csg.sph.umich.edu//abecasis/public/lipids2010
http://csg.sph.umich.edu//abecasis/public/lipids2010
https://www.magicinvestigators.org
http://databrowser.projectmine.com
http://www.ebi.ac.uk/ega
http://www.ebi.ac.uk/ega
https://gtexportal.org
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2. Supplementary Table 1. Sample sizes and numbers of genetic variants in GWAS of 31 hu-
man phenotypes. For each phenotype, the number of “total” SNPs is the number of SNPs reported in
the corresponding publication and/or summary statistics file, and the number of “analyzed” SNPs is
the number of SNPs used in this study. Both columns are visualized in Supplementary Figure 8.

Number of SNPs Sample size
Phenotype (abbreviation) PMID Total Analyzed (cases+controls)

Neurological phenotypes
Amyotrophic lateral sclerosis (ALS) 27455348 8,709,433 1,162,845 12,577+23,475
Depressive symptoms (DS) 27089181 6,524,474 1,119,108 161,460
Alzheimer’s disease (LOAD) 24162737 7,055,881 1,136,997 17,008+37,154
Neuroticism (NEU) 27089181 6,524,432 1,119,108 170,911
Schizophrenia (SCZ) 25056061 9,444,230 1,113,442 152,805
Anthropometric traits
Body mass index (BMI) 25673413 2,554,637 1,012,465 234,069
Height (HEIGHT) 25282103 2,550,858 1,064,575 253,288
Waist-to-hip ratio (WHR) 25673412 2,542,431 1,008,898 142,762
Immune-related traits
Crohn’s disease (CD) 26192919 12,276,505 1,064,533 5,956+14,927
Inflammatory bowel disease (IBD) 26192919 12,716,083 1,081,481 12,882+21,770
Rheumatoid arthritis (RA) 24390342 8,747,962 1,158,064 14,361+43,923
Ulcerative colitis (UC) 26192919 12,255,196 1,092,170 6,968+20,464
Metabolic phenotypes
Age at natural menopause (ANM) 26414677 2,418,695 1,047,412 69,360
Coronary artery disease (CAD) 26343387 9,455,778 1,121,322 60,801+123,504
Fasting glucose (FG) 22581228 2,628,879 1,114,610 58,074
Fasting insulin (FI) 22581228 2,627,848 1,114,592 51,750
Gout (GOUT) 23263486 2,538,056 1,061,037 2,115+67,259
High-density lipoprotein (HDL) 20686565 2,692,429 1,032,214 99,900
Heart rate (HR) 23583979 2,516,789 1,066,168 92,355
Low-density lipoprotein (LDL) 20686565 2,692,564 1,030,397 95,454
Myocardial infarction (MI) 26343387 9,289,491 1,111,568 42,561+123,504
Type 2 diabetes (T2D) 22885922 2,473,441 1,047,618 12,171+56,862
Total cholesterol (TC) 20686565 2,692,413 1,032,272 100,184
Triglycerides (TG) 20686565 2,692,560 1,030,671 96,598
Serum urate (URATE) 23263486 2,450,547 1,050,253 110,347
Hematopoietic traits
Haemoglobin (HB) 23222517 2,593,078 1,116,281 61,155
Mean cell HB (MCH) 23222517 2,586,784 1,114,901 51,711
Mean cell HB concentration (MCHC) 23222517 2,588,875 1,115,595 56,475
Mean cell volume (MCV) 23222517 2,591,132 1,116,066 58,114
Packed cell volume (PCV) 23222517 2,591,079 1,115,725 53,089
Red blood cell count (RBC) 23222517 2,589,454 1,115,397 53,661
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3. Supplementary Table 2. Posterior statistics displayed in Figure 4(a) and Supplementary
Figure 9. Each entry below corresponds to a point range shown in Figure 4(a) and Supplementary
Figure 9. Note that “Round 2” results in Supplementary Figure 9 are the same as Figure 4(a).
For each trait, “Round 1” results are based on a wide and coarse grid of hyper-parameters {h,θ0}, and
“Round 2” results are based on a narrow and fine grid of {h,θ0} (informed by Round 1 results). See
Supplementary Table 6 for details of grids.

Fraction of trait-associated SNPs Standardized effect size of trait-associated SNPs

Trait Round 1 Round 2 Round 1 Round 2

ALS 1.39e-06, [9.90e-07, 2.42e-06] 1.43e-06, [9.90e-07, 2.27e-06] 6.15e-02, [5.14e-02, 6.75e-02] 6.09e-02, [5.23e-02, 6.75e-02]
ANM 6.41e-05, [6.03e-05, 6.41e-05] 5.96e-05, [5.81e-05, 5.96e-05] 1.28e+00, [1.28e+00, 1.30e+00] 1.38e+00, [1.38e+00, 1.41e+00]
BMI 7.13e-05, [6.77e-05, 7.14e-05] 7.06e-05, [5.87e-05, 8.18e-05] 1.89e-02, [1.89e-02, 1.93e-02] 1.90e-02, [1.79e-02, 2.02e-02]
CAD 7.32e-05, [7.32e-05, 9.18e-05] 8.06e-05, [7.08e-05, 9.51e-05] 2.15e-02, [1.98e-02, 2.15e-02] 2.08e-02, [1.95e-02, 2.18e-02]
CD 9.67e-04, [9.67e-04, 9.67e-04] 9.67e-04, [9.67e-04, 1.02e-03] 2.07e-02, [2.07e-02, 2.07e-02] 2.07e-02, [1.99e-02, 2.07e-02]

DS 2.34e-06, [1.05e-06, 4.42e-06] 2.35e-06, [1.05e-06, 3.79e-06] 2.22e-02, [1.96e-02, 2.36e-02] 2.22e-02, [2.02e-02, 2.36e-02]
FG 4.25e-05, [4.25e-05, 4.25e-05] 3.80e-05, [3.80e-05, 3.80e-05] 2.76e+00, [2.76e+00, 2.76e+00] 3.40e+00, [3.40e+00, 3.40e+00]
FI 5.62e-06, [5.62e-06, 5.66e-06] 5.25e-06, [5.21e-06, 5.37e-06] 2.05e+00, [2.03e+00, 2.05e+00] 2.21e+00, [2.16e+00, 2.23e+00]
GOUT 4.38e-06, [2.46e-06, 5.96e-06] 4.56e-06, [2.46e-06, 7.16e-06] 5.11e-02, [4.35e-02, 6.38e-02] 5.00e-02, [3.90e-02, 5.92e-02]
HB 1.41e-05, [1.41e-05, 1.41e-05] 1.26e-05, [1.25e-05, 1.28e-05] 1.67e+00, [1.66e+00, 1.67e+00] 1.86e+00, [1.83e+00, 1.88e+00]

HDL 2.19e-04, [2.05e-04, 2.19e-04] 1.95e-04, [1.93e-04, 2.09e-04] 2.75e-02, [2.75e-02, 2.91e-02] 2.98e-02, [2.84e-02, 2.99e-02]
HEIGHT 9.93e-03, [9.42e-03, 9.93e-03] 1.08e-02, [9.93e-03, 1.09e-02] 7.00e-03, [7.00e-03, 7.71e-03] 6.58e-03, [6.53e-03, 7.00e-03]
HR 3.24e-05, [2.51e-05, 3.61e-05] 3.17e-05, [2.51e-05, 3.91e-05] 3.34e-02, [3.20e-02, 3.61e-02] 3.35e-02, [3.11e-02, 3.61e-02]
IBD 9.29e-04, [9.29e-04, 1.43e-03] 1.20e-03, [1.17e-03, 1.39e-03] 1.93e-02, [1.77e-02, 1.93e-02] 1.69e-02, [1.57e-02, 1.71e-02]
LDL 1.55e-04, [1.55e-04, 1.92e-04] 1.92e-04, [1.91e-04, 1.99e-04] 4.21e-02, [3.79e-02, 4.21e-02] 3.85e-02, [3.76e-02, 3.85e-02]

LOAD 2.99e-05, [2.73e-05, 3.00e-05] 2.78e-05, [2.78e-05, 2.83e-05] 2.76e-01, [2.75e-01, 3.01e-01] 2.97e-01, [2.91e-01, 2.98e-01]
MCH 1.27e-04, [1.27e-04, 1.27e-04] 9.30e-05, [9.30e-05, 9.30e-05] 2.44e-01, [2.44e-01, 2.44e-01] 3.20e-01, [3.20e-01, 3.20e-01]
MCHC 1.12e-06, [5.37e-07, 2.40e-06] 1.21e-06, [5.37e-07, 2.40e-06] 9.99e-02, [9.86e-02, 1.01e-01] 1.00e-01, [9.86e-02, 1.02e-01]
MCV 1.33e-04, [1.10e-04, 1.33e-04] 1.13e-04, [1.13e-04, 1.13e-04] 3.04e-01, [3.04e-01, 3.16e-01] 3.83e-01, [3.83e-01, 3.83e-01]
MI 3.97e-05, [3.97e-05, 4.90e-05] 4.18e-05, [3.39e-05, 5.07e-05] 2.30e-02, [2.30e-02, 2.34e-02] 2.26e-02, [2.11e-02, 2.42e-02]

NEU 5.94e-05, [4.37e-05, 6.75e-05] 5.38e-05, [3.45e-05, 6.75e-05] 1.54e-02, [1.50e-02, 1.62e-02] 1.57e-02, [1.50e-02, 1.68e-02]
PCV 1.47e-05, [1.47e-05, 1.49e-05] 1.32e-05, [1.32e-05, 1.33e-05] 7.62e-01, [7.35e-01, 7.62e-01] 8.90e-01, [8.79e-01, 8.90e-01]
RA 4.21e-04, [4.21e-04, 6.26e-04] 4.73e-04, [4.72e-04, 5.00e-04] 1.77e-02, [1.64e-02, 1.77e-02] 1.70e-02, [1.66e-02, 1.70e-02]
RBC 2.20e-04, [2.01e-04, 2.45e-04] 1.29e-04, [1.29e-04, 1.36e-04] 3.46e-02, [3.09e-02, 3.76e-02] 4.99e-02, [4.81e-02, 4.99e-02]
SCZ 8.60e-03, [8.11e-03, 8.62e-03] 6.31e-03, [6.12e-03, 7.26e-03] 5.15e-03, [5.14e-03, 5.69e-03] 6.15e-03, [5.68e-03, 6.25e-03]

T2D 2.84e-05, [2.81e-05, 3.00e-05] 2.51e-05, [2.14e-05, 2.97e-05] 9.26e-02, [8.83e-02, 9.36e-02] 1.03e-01, [8.99e-02, 1.16e-01]
TC 8.98e-05, [8.98e-05, 9.05e-05] 9.38e-05, [9.11e-05, 9.67e-05] 1.31e-01, [1.30e-01, 1.31e-01] 1.26e-01, [1.22e-01, 1.29e-01]
TG 4.40e-05, [4.40e-05, 4.40e-05] 4.35e-05, [4.34e-05, 4.37e-05] 9.34e-01, [9.34e-01, 9.34e-01] 9.56e-01, [9.53e-01, 9.57e-01]
UC 8.92e-04, [8.91e-04, 1.41e-03] 8.76e-04, [6.23e-04, 1.07e-03] 1.79e-02, [1.68e-02, 1.79e-02] 1.81e-02, [1.50e-02, 1.89e-02]
URATE 9.35e-05, [9.35e-05, 9.35e-05] 9.29e-05, [9.29e-05, 9.29e-05] 7.07e-01, [7.07e-01, 7.07e-01] 6.46e-01, [6.46e-01, 6.46e-01]
WHR 4.94e-04, [4.94e-04, 4.94e-04] 5.32e-04, [4.94e-04, 5.32e-04] 1.38e-02, [1.38e-02, 1.38e-02] 1.39e-02, [1.38e-02, 1.39e-02]
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4. Supplementary Table 3. Estimated pairwise sharing of pathway enrichments between two
traits. Each entry below corresponds to a cell displayed in Figure 4(b).

ALS ANM BMI CAD CD DS FG FI GOUT HB HDL HEIGHT HR IBD LDL

ALS 1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ANM 0 1.00 0.07 0.11 0.45 0.08 0.76 0.60 0.02 0.78 0.24 0.95 0.02 0.46 0.36
BMI 0 0.07 1.00 0.03 0.02 0.24 0.11 0.15 0.01 0.12 0.04 0.07 0.01 0.02 0.04
CAD 0 0.11 0.03 1.00 0.17 0.01 0.08 0.09 0.02 0.11 0.12 0.11 0.01 0.16 0.27
CD 0 0.45 0.02 0.17 1.00 0.01 0.35 0.28 0.03 0.46 0.17 0.44 0.03 1.00 0.41

DS 0 0.08 0.24 0.01 0.01 1.00 0.10 0.13 0.07 0.12 0.04 0.03 0.06 0.01 0.03
FG 0 0.76 0.11 0.08 0.35 0.10 1.00 0.76 0.03 0.74 0.24 0.79 0.02 0.31 0.30
FI 0 0.60 0.15 0.09 0.28 0.13 0.76 1.00 0.04 0.64 0.13 0.54 0.02 0.26 0.19
GOUT 0 0.02 0.01 0.02 0.03 0.07 0.03 0.04 1.00 0.02 0.02 0.02 0.00 0.03 0.02
HB 0 0.78 0.12 0.11 0.46 0.12 0.74 0.64 0.02 1.00 0.23 0.68 0.02 0.45 0.36

HDL 0 0.24 0.04 0.12 0.17 0.04 0.24 0.13 0.02 0.23 1.00 0.23 0.02 0.15 0.45
HEIGHT 0 0.95 0.07 0.11 0.44 0.03 0.79 0.54 0.02 0.68 0.23 1.00 0.01 0.45 0.36
HR 0 0.02 0.01 0.01 0.03 0.06 0.02 0.02 0.00 0.02 0.02 0.01 1.00 0.02 0.01
IBD 0 0.46 0.02 0.16 1.00 0.01 0.31 0.26 0.03 0.45 0.15 0.45 0.02 1.00 0.34
LDL 0 0.36 0.04 0.27 0.41 0.03 0.30 0.19 0.02 0.36 0.45 0.36 0.01 0.34 1.00

LOAD 0 0.11 0.02 0.21 0.13 0.02 0.09 0.10 0.00 0.09 0.18 0.11 0.00 0.12 0.23
MCH 0 0.56 0.10 0.11 0.31 0.10 0.57 0.49 0.02 0.55 0.18 0.55 0.02 0.32 0.27
MCHC 0 0.44 0.17 0.09 0.15 0.15 0.63 0.80 0.04 0.56 0.07 0.47 0.02 0.18 0.17
MCV 0 0.71 0.09 0.11 0.43 0.07 0.68 0.54 0.01 0.69 0.18 0.70 0.01 0.43 0.38
MI 0 0.04 0.03 0.92 0.05 0.01 0.04 0.05 0.01 0.04 0.07 0.03 0.00 0.05 0.08

NEU 0 0.02 0.10 0.00 0.00 0.33 0.03 0.04 0.00 0.04 0.06 0.02 0.00 0.00 0.03
PCV 0 0.59 0.09 0.10 0.47 0.09 0.48 0.43 0.03 0.82 0.20 0.54 0.02 0.46 0.36
RA 0 0.12 0.02 0.12 0.33 0.01 0.07 0.07 0.06 0.14 0.08 0.12 0.00 0.34 0.16
RBC 0 0.61 0.15 0.09 0.29 0.14 0.70 0.71 0.03 0.78 0.14 0.56 0.03 0.29 0.22
SCZ 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

T2D 0 0.19 0.13 0.07 0.13 0.12 0.19 0.17 0.03 0.18 0.13 0.16 0.03 0.14 0.13
TC 0 0.69 0.05 0.19 0.60 0.03 0.53 0.33 0.02 0.66 0.37 0.67 0.01 0.53 0.96
TG 0 0.40 0.09 0.17 0.20 0.07 0.35 0.26 0.02 0.37 0.49 0.40 0.03 0.18 0.48
UC 0 0.19 0.02 0.13 0.68 0.01 0.12 0.14 0.04 0.21 0.06 0.19 0.03 0.92 0.16
URATE 0 0.56 0.06 0.12 0.63 0.04 0.46 0.36 0.05 0.65 0.19 0.55 0.02 0.63 0.37
WHR 0 0.09 0.08 0.05 0.06 0.06 0.07 0.08 0.02 0.07 0.06 0.09 0.00 0.08 0.11
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LOAD MCH MCHC MCV MI NEU PCV RA RBC SCZ T2D TC TG UC URATE WHR

ALS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0 0.00 0.00 0.00 0.00 0.00 0.00
ANM 0.11 0.56 0.44 0.71 0.04 0.02 0.59 0.12 0.61 0 0.19 0.69 0.40 0.19 0.56 0.09
BMI 0.02 0.10 0.17 0.09 0.03 0.10 0.09 0.02 0.15 0 0.13 0.05 0.09 0.02 0.06 0.08
CAD 0.21 0.11 0.09 0.11 0.92 0.00 0.10 0.12 0.09 0 0.07 0.19 0.17 0.13 0.12 0.05
CD 0.13 0.31 0.15 0.43 0.05 0.00 0.47 0.33 0.29 0 0.13 0.60 0.20 0.68 0.63 0.06

DS 0.02 0.10 0.15 0.07 0.01 0.33 0.09 0.01 0.14 0 0.12 0.03 0.07 0.01 0.04 0.06
FG 0.09 0.57 0.63 0.68 0.04 0.03 0.48 0.07 0.70 0 0.19 0.53 0.35 0.12 0.46 0.07
FI 0.10 0.49 0.80 0.54 0.05 0.04 0.43 0.07 0.71 0 0.17 0.33 0.26 0.14 0.36 0.08
GOUT 0.00 0.02 0.04 0.01 0.01 0.00 0.03 0.06 0.03 0 0.03 0.02 0.02 0.04 0.05 0.02
HB 0.09 0.55 0.56 0.69 0.04 0.04 0.82 0.14 0.78 0 0.18 0.66 0.37 0.21 0.65 0.07

HDL 0.18 0.18 0.07 0.18 0.07 0.06 0.20 0.08 0.14 0 0.13 0.37 0.49 0.06 0.19 0.06
HEIGHT 0.11 0.55 0.47 0.70 0.03 0.02 0.54 0.12 0.56 0 0.16 0.67 0.40 0.19 0.55 0.09
HR 0.00 0.02 0.02 0.01 0.00 0.00 0.02 0.00 0.03 0 0.03 0.01 0.03 0.03 0.02 0.00
IBD 0.12 0.32 0.18 0.43 0.05 0.00 0.46 0.34 0.29 0 0.14 0.53 0.18 0.92 0.63 0.08
LDL 0.23 0.27 0.17 0.38 0.08 0.03 0.36 0.16 0.22 0 0.13 0.96 0.48 0.16 0.37 0.11

LOAD 1.00 0.10 0.07 0.11 0.15 0.03 0.09 0.08 0.09 0 0.06 0.17 0.21 0.10 0.13 0.03
MCH 0.10 1.00 0.47 0.78 0.04 0.03 0.47 0.09 0.59 0 0.14 0.42 0.32 0.14 0.39 0.07
MCHC 0.07 0.47 1.00 0.50 0.05 0.04 0.39 0.05 0.63 0 0.15 0.26 0.19 0.10 0.29 0.08
MCV 0.11 0.78 0.50 1.00 0.06 0.02 0.52 0.10 0.65 0 0.14 0.58 0.33 0.18 0.49 0.06
MI 0.15 0.04 0.05 0.06 1.00 0.01 0.04 0.02 0.06 0 0.05 0.05 0.05 0.03 0.04 0.02

NEU 0.03 0.03 0.04 0.02 0.01 1.00 0.02 0.00 0.04 0 0.03 0.03 0.00 0.00 0.01 0.03
PCV 0.09 0.47 0.39 0.52 0.04 0.02 1.00 0.16 0.51 0 0.14 0.50 0.25 0.27 0.55 0.09
RA 0.08 0.09 0.05 0.10 0.02 0.00 0.16 1.00 0.08 0 0.05 0.18 0.06 0.76 0.19 0.01
RBC 0.09 0.59 0.63 0.65 0.06 0.04 0.51 0.08 1.00 0 0.15 0.37 0.28 0.12 0.33 0.07
SCZ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1 0.00 0.00 0.00 0.00 0.00 0.00

T2D 0.06 0.14 0.15 0.14 0.05 0.03 0.14 0.05 0.15 0 1.00 0.15 0.15 0.10 0.16 0.07
TC 0.17 0.42 0.26 0.58 0.05 0.03 0.50 0.18 0.37 0 0.15 1.00 0.63 0.22 0.67 0.09
TG 0.21 0.32 0.19 0.33 0.05 0.00 0.25 0.06 0.28 0 0.15 0.63 1.00 0.08 0.57 0.08
UC 0.10 0.14 0.10 0.18 0.03 0.00 0.27 0.76 0.12 0 0.10 0.22 0.08 1.00 0.38 0.08
URATE 0.13 0.39 0.29 0.49 0.04 0.01 0.55 0.19 0.33 0 0.16 0.67 0.57 0.38 1.00 0.08
WHR 0.03 0.07 0.08 0.06 0.02 0.03 0.09 0.01 0.07 0 0.07 0.09 0.08 0.08 0.08 1.00
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5. Supplementary Table 4. All SNP information and genomic positions in the following tables
are based on Genome Reference Consortium GRCh37.

(a) Gene-level posterior statistics displayed in Figure 5(b). For each dot (gene) shown in Figure
5(b), its coordinates on x-axis and y-axis are determined by corresponding values in columns “Base-
line P1” and “Enrichment P1” respectively. The size of each dot (gene) is determined by the physical
distance between the gene and the nearest GWAS hit (if any), in base pairs (bp), which is shown in
column “Distance (bp)”. The “NA” values in column “Distance (bp)” indicate that there is no GWAS
hit on the same chromosome as the gene.

Gene Chr. Start End Baseline P1 Enrichment P1 Distance (bp) Nearest hit

APOB 2 21224301 21266945 1.0000000 1.0000000 0 rs1367117
APOC2 19 45449239 45452822 1.0000000 1.0000000 26293 rs4420638
APOE 19 45409039 45412650 1.0000000 1.0000000 10296 rs4420638
LDLR 19 11200038 11244506 1.0000000 1.0000000 0 rs6511720
APOA5 11 116660086 116663136 1.0000000 1.0000000 11169 rs964184

APOC3 11 116700624 116703787 0.9998878 1.0000000 51707 rs964184
APOA4 11 116691418 116694011 0.9998877 1.0000000 42501 rs964184
APOA1 11 116706469 116708338 0.7034787 0.9995003 57552 rs964184
MTTP 4 100485240 100545154 0.1415537 0.9923219 NA none
LIPC 15 58724175 58861073 0.0163921 0.9589340 NA none

SDC1 2 20400558 20425194 0.0231079 0.9153864 838706 rs1367117
LDLRAP1 1 25870076 25895377 0.0419188 0.8828886 94343 rs12027135
LPL 8 19796582 19824770 0.0066880 0.7603627 10611436 rs2126259
HSPG2 1 22148737 22263750 0.0052681 0.6798969 3511983 rs12027135
APOA2 1 161192083 161193418 0.0033433 0.5842822 51373777 rs629301

SAR1B 5 133936839 133968533 0.0027561 0.4542058 22421764 rs6882076
P4HB 17 79801034 79818544 0.0000308 0.0081494 34409230 rs7225700
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(b) SNP-level posterior statistics related to Figure 5(b). To assess SNP-level associations, we use
Posterior Inclusion Probability (PIP), which is the posterior probability that a SNP has nonzero effect
on the phenotype. Shown below are the SNPs with baseline PIP less than 0.5 and enrichment PIP
greater than 0.5.

SNP Chr. Position (bp) Baseline PIP Enrichment PIP

rs1713222 2 21271323 0.0000461 1.0000000
rs7026 19 45324516 0.0008064 1.0000000
rs12981050 19 11200412 0.0000854 1.0000000
rs2304181 19 11238975 0.0085668 1.0000000
rs4803760 19 45333834 0.0014801 1.0000000

rs562338 2 21288321 0.0000321 0.9999706
rs439401 19 45414451 0.0000797 0.9990809
rs2075650 19 45395619 0.0001276 0.9989899
rs892114 19 11266584 0.0004527 0.9904336
rs1942478 11 116651463 0.0000614 0.9894956

rs2228671 19 11210912 0.0019893 0.9837481
rs5929 19 11226800 0.0002287 0.9823478
rs3826810 19 11242133 0.0001926 0.9819899
rs5930 19 11224265 0.0000598 0.9819222
rs673548 2 21237544 0.0008667 0.9817970

rs10030937 4 100473723 0.0215764 0.9799749
rs2163839 19 11256982 0.0068029 0.9799565
rs3935557 2 21141725 0.0116221 0.9796790
rs12983316 19 11114352 0.0008380 0.9203831
rs540156 2 21295065 0.0000716 0.8551321

rs12096438 1 25889422 0.0024555 0.8121214
rs2889490 19 45550407 0.0002372 0.8061891
rs5110 11 116691634 0.0168215 0.7588280
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6. Supplementary Table 5. Confounding adjustment in GWAS of 31 human phenotypes. Columns
left to right: (1) phenotype and its abbreviation; (2) genomic control (GC) factor [47]; (3) LD score
(LDSC) regression intercept [48]; (4) the number of top genotype-derived principal components (PCs)
that were included as covariates in the single-SNP association testing [49]; (5) other covariates in-
cluded in the single-SNP association testing. The genomic control factor λGC and the LD score re-
gression intercept λLDSC are two measures of confounding biases such as population stratification.
Values of λGC ≈ 1 or λLDSC ≈ 1 indicate little confounding effects, whereas λGC ≥ 1 or λLDSC ≥ 1
suggest possible existence of confounding biases. The “cohort” covariate denotes all factors that are
specific to study cohorts (e.g. genotyping array, study site).

Phenotype (abbreviation) λGC λLDSC # of PCs Other covariates

Neurological phenotypes
Amyotrophic lateral sclerosis (ALS) 1.12 1.10 1-4 not shown
Depressive symptoms (DS) 1.17 1.01 4-15 sex, age, cohort
Alzheimer’s disease (LOAD) 1.09 1.04 2-8 sex, age
Neuroticism (NEU) 1.32 1.00 4-15 sex, age, cohort
Schizophrenia (SCZ) 1.47 1.07 10 not shown
Anthropometric traits
Body mass index (BMI) 1.08 1.02 not shown sex, age, cohort
Height (HEIGHT) 1.94 1.05 not shown sex, age, cohort
Waist-to-hip ratio (WHR) 1.01 0.93 not shown sex, age, cohort, BMI
Immune-related traits
Crohn’s disease (CD) 1.13 1.03 10 not shown
Inflammatory bowel disease (IBD) 1.16 1.06 15 not shown
Rheumatoid arthritis (RA) 1.07 0.98 5-10 not shown
Ulcerative colitis (UC) 1.11 1.04 7 not shown
Metabolic phenotypes
Age at natural menopause (ANM) not shown not shown not shown cohort
Coronary artery disease (CAD) 1.18 1.05 not shown not shown
Fasting glucose (FG) not shown not shown not shown sex, age, cohort, BMI
Fasting insulin (FI) 1.07 1.02 not shown sex, age, cohort, BMI
Gout (GOUT) 1.03 not shown 2-10 sex, age, cohort
High-density lipoprotein cholesterol (HDL) 1.14 1.01 not shown sex, age, cohort
Heart rate (HR) 1.11 1.01 not shown sex, age, cohort, BMI
Low-density lipoprotein cholesterol (LDL) 1.10 1.00 not shown sex, age, cohort
Myocardial infarction (MI) not shown not shown not shown not shown
Type 2 diabetes (T2D) 1.10 1.03 not shown cohort
Total cholesterol (TC) 1.11 1.01 not shown sex, age, cohort
Triglycerides (TG) 1.12 1.00 not shown sex, age, cohort
Serum urate (URATE) 1.12 1.01 2-10 sex, age, cohort
Hematopoietic traits
Haemoglobin (HB) 1.10 not shown 2-10 sex, age, cohort
Mean cell HB (MCH) 1.13 not shown 2-10 sex, age, cohort
Mean cell HB concentration (MCHC) 1.08 not shown 2-10 sex, age, cohort
Mean cell volume (MCV) 1.14 not shown 2-10 sex, age, cohort
Packed cell volume (PCV) 1.10 not shown 2-10 sex, age, cohort
Red blood cell count (RBC) 1.14 not shown 2-10 sex, age, cohort
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7. Supplementary Table 6. Grids of hyper-parameters used in genome-wide multiple-SNP
analyses of 31 human phenotypes, assuming no pathways are enriched (i.e. the baseline model
M0 : θ = 0). Here (j:i:k) denotes a regularly-spaced vector that starts at j, uses i as the incre-
ment between elements, and (roughly) stops at k.

Round 1 analysis Round 2 analysis
Phenotype (abbreviation) h θ0 h θ0

Neurological phenotypes
Amyotrophic lateral sclerosis (ALS) (0.3:0.1:0.6) (-6:0.25:-3) (0.3:0.1:0.6) (-6:0.05:-5)
Depressive symptoms (DS) (0.3:0.1:0.6) (-6:0.25:-2) (0.3:0.1:0.6) (-6:0.05:-5)
Alzheimer’s disease (LOAD) (0.3:0.1:0.6) (-5.25:0.25:-3.25) 0.3 (-5.25:0.025:-4.75)
Neuroticism (NEU) (0.3:0.1:0.6) (-4.5:0.25:-2) 0.3 (-4.5:0.025:-4)
Schizophrenia (SCZ) (0.3:0.1:0.6) (-4:0.25:-1) 0.3 (-2.25:0.025:-1.75)
Anthropometric traits
Body mass index (BMI) (0.3:0.1:0.6) (-5:0.25:-1) 0.3 (-4.25:0.025:-3.75)
Height (HEIGHT) (0.3:0.1:0.6) (-4:0.25:-1) (0.3:0.1:0.4) (-2.25:0.025:-1.75)
Waist-to-hip ratio (WHR) (0.3:0.1:0.6) (-6:0.25:-3) (0.3:0.1:0.6) (-6:0.05:-5)
Immune-related traits
Crohn’s disease (CD) (0.3:0.1:0.6) (-4:0.25:-2) 0.3 (-3.25:0.025:-2.75)
Inflammatory bowel disease (IBD) (0.3:0.1:0.6) (-4:0.25:-2) 0.3 (-3.25:0.025:-2.75)
Rheumatoid arthritis (RA) (0.3:0.1:0.6) (-4.5:0.25:-2) 0.3 (-3.5:0.025:-3)
Ulcerative colitis (UC) (0.3:0.1:0.6) (-4:0.25:-2) 0.3 (-3.25:0.025:-2.75)
Metabolic phenotypes
Age at natural menopause (ANM) (0.3:0.1:0.6) (-6:0.25:-2) 0.4 (-5.75:0.025:-5.25)
Coronary artery disease (CAD) (0.3:0.1:0.6) (-5:0.25:-2) 0.3 (-4.25:0.25:-3.75)
Fasting glucose (FG) (0.3:0.1:0.6) (-6:0.25:-3) 0.6 (-6:0.05:-5)
Fasting insulin (FI) (0.3:0.1:0.6) (-6:0.25:-3) 0.6 (-6.25:0.025:-5.75)
Gout (GOUT) (0.3:0.1:0.6) (-5.5:0.25:-2) (0.3:0.1:0.6) (-5.5:0.05:-4.5)
High-density lipoprotein (HDL) (0.3:0.1:0.6) (-5:0.25:-2) 0.3 (-3.75:0.025:-3.25)
Heart rate (HR) (0.3:0.1:0.6) (-5:0.25:-2) (0.3:0.1:0.4) (-4.5:0.025:-4)
Low-density lipoprotein (LDL) (0.3:0.1:0.6) (-5:0.25:-2) 0.3 (-4:0.025:-3.5)
Myocardial infarction (MI) (0.3:0.1:0.6) (-5:0.25:-2) 0.3 (-4.5:0.025:-4)
Type 2 diabetes (T2D) (0.3:0.1:0.6) (-5:0.25:-2) (0.3:0.1:0.6) (-4.75:0.025:-4.25)
Total cholesterol (TC) (0.3:0.1:0.6) (-5:0.25:-2) 0.6 (-5:0.025:-4.5)
Triglycerides (TG) (0.3:0.1:0.6) (-6:0.25:-3) 0.5 (-6.25:0.025:-5.75)
Serum urate (URATE) (0.3:0.1:0.6) (-5.5:0.25:-2) 0.5 (-5.5:0.025:-5)
Hematopoietic traits
Haemoglobin (HB) (0.3:0.1:0.6) (-6:0.25:-3) 0.6 (-6.25:0.025:-5.75)
Mean cell HB (MCH) (0.3:0.1:0.6) (-5:0.25:-2) 0.6 (-4.75:0.05:-3.75)
Mean cell HB concentration (MCHC) (0.3:0.1:0.6) (-6:0.25:-3) (0.3:0.1:0.6) (-6:0.05:-5)
Mean cell volume (MCV) (0.3:0.1:0.6) (-5:0.25:-2) 0.6 (-4.25:0.025:-3.75)
Packed cell volume (PCV) (0.3:0.1:0.6) (-5:0.25:-2) 0.6 (-5.25:0.025:-4.75)
Red blood cell count (RBC) (0.3:0.1:0.6) (-5:0.25:-2) (0.3:0.1:0.6) (-3.75:0.025:-3.25)
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8. Supplementary Table 7. Grids of hyper-parameters used in genome-wide multiple-SNP
analyses of 31 human phenotypes, assuming a candidate pathway is enriched (i.e. the enrichment
model M1 : θ > 0). Here (j:i:k) denotes a regularly-spaced vector that starts at j, uses i as the
increment between elements, and (roughly) stops at k.

Round 1 analysis Round 2 analysis
Phenotype (abbreviation) h θ0 θ h θ0 θ

Neurological phenotypes
Amyotrophic lateral sclerosis (ALS) (0.3:0.1:0.6) (-6:0.25:-5) (0:0.6:6) (0.3:0.1:0.6) (-6:0.05:-5) (0:0.1:4)
Depressive symptoms (DS) (0.3:0.1:0.6) (-6:0.25:-5) (0:0.6:6) (0.3:0.1:0.6) (-6:0.05:-5) (0:0.15:6)
Alzheimer’s disease (LOAD) 0.6 -5 (0:0.025:5) 0.6 (-5.150:0.025:-5.075) (0:0.01:4)
Neuroticism (NEU) (0.3:0.1:0.4) (-4.5:0.25:-4) (0:0.1:4) 0.3 (-4.5:0.025:-4) (0:0.037:3.7)
Schizophrenia (SCZ) 0.3 -2 (0:0.01:2) 0.3 (-2.2:0.025:-2.05) (0:0.01:2)
Anthropometric traits
Body mass index (BMI) 0.3 -4 (0:0.02:4) 0.3 (-4.2:0.025:-3.8) (0:0.018:3.5)
Height (HEIGHT) 0.3 -2 (0:0.01:2) 0.3 (-2.075:0.025:-1.925) (0:0.01:1)
Waist-to-hip ratio (WHR) 0.3 -3 (0:0.015:3) 0.3 (-3:0.025:-2.95) (0:0.01:3)
Immune-related traits
Crohn’s disease (CD) 0.3 -3 (0:0.015:3) 0.3 -3 (0:0.01:2)
Inflammatory bowel disease (IBD) 0.3 -3 (0:0.015:3) 0.3 (-3:0.025:-2.8) (0:0.02:2)
Rheumatoid arthritis (RA) 0.3 -3.25 (0:0.016:3.25) 0.3 (-3.25:0.025:-3.175) (0:0.01:2)
Ulcerative colitis (UC) 0.3 -3 (0:0.015:3) 0.3 (-3.175:0.025:-2.775) (0:0.025:2.5)
Metabolic phenotypes
Age at natural menopause (ANM) 0.4 -5.5 (0:0.028:5.5) 0.4 (-5.75:0.025:-5.7) (0:0.04:4.5)
Coronary artery disease (CAD) 0.3 -4 (0:0.02:4) 0.3 (-4.025:0.025:-3.775) (0:0.035:3.5)
Fasting glucose (FG) 0.6 -5.25 (0:0.026:5.25) 0.6 (-6:0.05:-5.75) (0.1:0.1:4.5)
Fasting insulin (FI) 0.6 -6 (0:0.03:6) 0.6 (-6.25:0.025:-6) (0:0.019:3.8)
Gout (GOUT) (0.3:0.1:0.6) (-5.5:0.25:-4.75) (0:0.46:5.5) (0.3:0.1:0.6) (-5.5:0.05:-4.6) (0:0.1:5)
High-density lipoprotein (HDL) 0.3 -3.5 (0:0.018:3.5) 0.3 (-3.575:0.025:-3.5) (0:0.01:3)
Heart rate (HR) (0.3:0.1:0.4) (-4.5:0.25:-4.25) (0:(4.5/50):4.5) (0.3:0.1:0.4) (-4.5:0.025:-4.1) (0:0.038:3.8)
Low-density lipoprotein (LDL) 0.3 -3.75 (0:0.019:3.75) 0.3 (-3.625:0.025:-3.55) (0:0.01:3)
Myocardial infarction (MI) 0.3 (-4.5:0.25:-4) (0:0.067:4.5) 0.3 (-4.475:0.025:-4) (0:0.045:4.5)
Type 2 diabetes (T2D) (0.4:0.1:0.6) -4.5 (0:0.067:4.5) (0.3:0.1:0.6) (-4.75:0.025:-4.35) (0:0.3:3)
Total cholesterol (TC) 0.6 -4.75 (0:0.024:4.75) 0.6 (-4.8:0.025:-4.55) (0:0.02:4)
Triglycerides (TG) 0.5 -4 (0:0.03:4) 0.5 (-6.25:0.025:-6.1) (0:0.02:5.2)
Serum urate (URATE) 0.5 -5.25 (0:0.026:5.25) 0.5 (-5.4:0.025:-5) (0:0.1:4.7)
Hematopoietic traits
Haemoglobin (HB) 0.6 -6 (0:0.03:6) 0.6 (-6.25:0.025:-5.9) (0:0.04:4.4)
Mean cell HB (MCH) 0.6 -4 (0:0.02:4) 0.6 (-4.7:0.05:-4.35) (0:0.015:3)
Mean cell HB concentration (MCHC) (0.3:0.1:0.6) (-6:0.25:-5.25) (0:0.5:6) (0.3:0.1:0.6) (-6:0.05:-5) (0:0.1:5)
Mean cell volume (MCV) 0.6 -4 (0:0.02:4) 0.6 (-4.225:0.025:-4.125) (0:0.02:3)
Packed cell volume (PCV) 0.6 -5 (0:0.025:5) 0.6 (-5.25:0.025:-5.15) (0:0.02:4.5)
Red blood cell count (RBC) (0.3:0.1:0.6) -3.5 (0:0.07:3.5) (0.5:0.1:0.6) (-3.7:0.025:-3.6) (0:0.035:3.5)
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9. Supplementary Figure 1. Simulation details and additional results of Figure 2(a). We use
real genotypes of 12,758 SNPs on chromosome 16 from 1,458 individuals in the UK Blood Service
Control Group [50] to simulate phenotype data, and then compute single-SNP association summary
statistics. On these summary data, we compare RSS-E with existing enrichment methods.

We use Signal Transduction Pathway (Biosystem, Reactome) to create SNP-level annotation for
these 12,758 SNPs. Specifically, we let a j = 1 if SNP j is within ±100 kb of the transcribed region of
any Signal Transduction Pathway gene, and let a j = 0 otherwise. There are 36 Signal Transduction
Pathway genes on chromosome 16. There are 676 SNPs assigned to this gene set (i.e. a j = 1).

We simulate baseline and enrichment datasets in a paired way. We first simulate the causal indi-
cator γ j of each SNP j for an enrichment dataset as follows:

γ j ∼ Bernoulli(π j),

π j =
(
1+10−(θ0+a jθ)

)−1
,

where θ0 is the background parameter and θ is the enrichment parameter. We count the number
of causal SNPs in this enrichment dataset as nc := ∑

j γ j, and then randomly choose nc SNPs from
chromosome 16 as causal SNPs for the baseline dataset.

Given the causal indicators {γ j}, we simulate the genetic effect β j of each SNP j as follows:

β j|γ j = 0 ∼ δ0,

β j|γ j = 1 ∼ Normal(0,1),

where δ0 denotes point mass at zero. Next, we simulate the phenotype yi of Individual i as follows:

yi = ∑
j

xi jβ j +εi,

εi ∼ Normal(0,τ−1),

where xi j is the genotype of SNP j for Individual i, j = 1, . . . ,12,758 and i = 1, . . . ,1,458. The true
value of residual variance τ−1 is determined by the true value of PVE (total proportion of variance in
phenotype y explained by effects of all available SNPs X) as follows:

PVE= V (Xβ)
τ−1 +V (Xβ)

,

where V (Xβ) is the sample variance of Xβ. We adopt this phenotype simulation scheme from previ-
ous work, notably [1, 51, 52].

In this set of simulations, the true values of background parameter θ0 are {−2,−3,−4}, the true
value of enrichment parameter θ is 2, and the true values of PVE are {0.05,0.1,0.2,0.6}. For each
combination of (θ0,θ,PVE), we simulate 200 baseline and 200 enrichment independent datasets. The
“sparse scenario” in Figure 2(a) corresponds to simulations with true θ0 =−4 and PVE = 0.05. The
“polygenic scenario” in Figure 2(a) corresponds to simulations with true θ0 =−2 and PVE= 0.05.

We apply RSS-E to the simulated datasets, using the program rss_varbvsr_squarem.m available
at https://github.com/stephenslab/rss. The input LD matrix is estimated from the 1,480 control
individuals in the WTCCC 1958 British Birth Cohort, using a shrinkage estimator [53]. The grid on
θ is (0:0.05:1) for baseline datasets, and is (1:0.05:3) for enrichment datasets. The grid on θ0 is
(true_theta0-0.5:0.05:true_theta0+0.5), where true_theta0 is the true value of θ0 that was
used to generate the dataset.

For each simulated dataset, we also perform enrichment analysis using two existing approaches
with their default settings: Pascal [54] and LDSC [55]. Note that Pascal includes two gene scoring

https://github.com/stephenslab/rss
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options: maximum-of-χ2 (-max) and sum-of-χ2 (-sum), and two pathway scoring options: χ2 approxi-
mation (-chi) and empirical sampling (-emp).

The candidate pathway for testing is Signal Transduction Pathway (Biosystem, Reactome) in both
baseline and enrichment datasets. If a method identifies a baseline dataset as enriched, then it is a
“false positive”. If a method identifies an enrichment dataset as enriched, then it is a “true positive”.

We evaluate the performance of these enrichment methods by plotting the receiver operating char-
acteristic (ROC) curve and computing the area under the curve (AUC) for each method. Both metrics
are implemented in the package plotROC [56].
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10. Supplementary Figure 2. Simulation details and additional results of Figure 2(b). De-
tails of this set of simulations are almost identical to those in Supplementary Figure 1. Here we
only highlight the differences.

This set of simulations aims to assess the robustness of RSS-E to model misspecification where a
random set of “near-gene” SNPs is enriched for genetic association in baseline datasets.

We define a SNP as “near-gene” if this SNP is within ±100 kb of the transcribed region of any
gene. In total, there are 878 genes and 9,356 near-gene SNPs on chromosome 16.

We first simulate an enrichment dataset as in Supplementary Figure 1. For this enrichment
dataset, we count the total number of causal SNPs as nc = ∑

j γ j, and count the number of causal
SNPs in the target pathway as np =∑

j γ ja j. We randomly choose np SNPs from the 9,356 near-gene
SNPs and nc −np SNPs from the remaining 3,402 SNPs, and use them as causal SNPs to create a
baseline dataset.

The “sparse scenario” in Figure 2(b) corresponds to simulations with true θ0 = −4 and PVE =
0.05. The “polygenic scenario” in Figure 2(b) corresponds to simulations with true θ0 = −2 and
PVE= 0.05.
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11. Supplementary Figure 3. Simulation details and additional results of Figure 2(c). De-
tails of this set of simulations are almost identical to those in Supplementary Figure 1. Here we
only highlight the differences.

This set of simulations aims to assess the robustness of RSS-E to model misspecification where a
random set of “coding” SNPs is enriched for genetic association in baseline datasets.

We define a SNP as “coding” if it is under the Sequence Ontology term coding_sequence_variant
or its children terms (http://www.sequenceontology.org/miso/release_2.5/term/SO:0001580).
In total, there are 124 coding SNPs on chromosome 16.

We first simulate an enrichment dataset as in Supplementary Figure 1. For this enrichment
dataset, we count the total number of causal SNPs as nc = ∑

j γ j, and count the number of causal
SNPs in the target pathway as np = ∑

j γ ja j. We randomly choose min(np,124) SNPs from the 124
coding SNPs and nc −min(np,124) SNPs from the 12,634 non-coding SNPs, and use them as causal
SNPs to create a baseline dataset.

The “sparse scenario” in Figure 2(c) corresponds to simulations with true θ0 = −4 and PVE =
0.05. The “polygenic scenario” in Figure 2(c) corresponds to simulations with true θ0 = −2 and
PVE= 0.05.

http://www.sequenceontology.org/miso/release_2.5/term/SO:0001580
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12. Supplementary Figure 4. Simulation details and additional results of Figure 2(d). De-
tails of this set of simulations are almost identical to those in Supplementary Figure 1. Here we
only highlight the differences.

This set of simulations aims to assess the robustness of RSS-E to model misspecification where
SNPs inside the target pathway are not only more likely to be associated with the trait, but also have
larger effect on the trait, compared with SNPs outside the target pathway.

We create this type of enrichment data as follows. We first simulate the causal indicators for an
enrichment dataset as in Supplementary Figure 1, and then simulate effect sizes as follows:

β j|γ j = 0∼ δ0,

β j|γ j = 1,a j = 0∼Normal(0,0.012),

β j|γ j = 1,a j = 1∼Normal(0,1).

The corresponding baseline dataset is simulated as in Supplementary Figure 1.
The “sparse scenario” in Figure 2(d) corresponds to simulations with true θ0 = −4 and PVE =

0.05. The “polygenic scenario” in Figure 2(d) corresponds to simulations with true θ0 = −2 and
PVE= 0.05.
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13. Supplementary Figure 5. Simulations to assess the impact of “HapMap3 SNP subsetting”
on enrichment analyses. Details of this set of simulations are almost identical to those in Supple-
mentary Figure 1. Here we only highlight the differences.

This set of simulations aims to assess the impact of “SNP subsetting” on enrichment analyses.
The “SNP subsetting” strategy uses only the summary data of HapMap3 SNPs, even though the
summary data of all 1000 Genomes SNPs are available. This strategy has been widely used in recent
analyses of GWAS summary statistics [48, 55], and it is also used in our data analyses (merely to
reduce computations). Of note, this is the only simulation study that uses “SNP subsetting” strategy.

To mimic “SNP subsetting” used in our data analyses, we use genotypes of 255,584 SNPs on chro-
mosome 16 from 503 individuals of European ancestry in the 1000 Genomes Phase 3 [57] to simulate
phenotype data, and then compute single-SNP association summary statistics for these 255,584 1000
Genomes SNPs. The remaining simulation details are the same as Supplementary Figure 1.

For each simulated dataset, we use each enrichment method to perform two analyses:

• analysis “with SNP subsetting” that uses summary data of 36,121 HapMap3 SNPs only;
• analysis “without SNP subsetting” that uses summary data of all 255,584 1000 Genomes SNPs.

RSS-E with SNP subsetting slightly outperforms RSS-E without SNP subsetting. This is expected,
since the variational inference algorithm underlying RSS-E performs better when less variables
(SNPs) are highly correlated (in high LD), and there are more highly correlated SNPs among 255,584
1000 Genomes SNPs than 36,121 HapMap3 SNPs. See [3] for more extensive discussion.

Similarly, Pascal with SNP subsetting also outperforms Pascal without SNP subsetting. We spec-
ulate that the large number of highly correlated 1000 Genomes SNPs has a negative impact on
gene-score calculations and “gene-fusion” strategy used in Pascal [54].

For LDSC, results with and without SNP subsetting are almost identical. This is because for both
analyses, LDSC (by default) only uses LD scores of HapMap3 SNPs as regression weights (down-
loaded from https://data.broadinstitute.org/alkesgroup/LDSCORE/weights_hm3_no_hla.tgz).

Finally, we clarify the following subtle but important detail. The “SNP subsetting” strategy used
in LDSC [55] consists of two steps:

1. using GWAS summary statistics of HapMap3 SNPs (i.e. “regression SNPs”) to compute marginal
association test statistics {χ2

j };
2. using LD estimates of 1000 Genomes SNPs (i.e. “reference SNPs”) to compute LD scores {` j}

for “regression SNPs”.

Unlike LDSC, both RSS-E and Pascal only have “regression SNPs” in their statistical models. Hence,
we only use Step 1 above in this set of simulations and, as a result, for analyses with “SNP sub-
setting”, RSS-E and Pascal only use LD estimates of HapMap3 SNPs, whereas LDSC still uses LD
estimates of 1000 Genomes SNPs.

https://data.broadinstitute.org/alkesgroup/LDSCORE/weights_hm3_no_hla.tgz
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14. Supplementary Figure 6. Simulation details and additional results of Figure 3(a). Here
we use real genotypes of 12,758 SNPs on chromosome 16 from 1,458 individuals in the UK Blood
Service Control Group [50] to simulate phenotype data, and then compute single-SNP association
summary statistics. On these summary data, we compare RSS-E with existing gene-level testing
methods.

We first simulate the genetic effect β j of each SNP j as follows:

β j ∼ (1−π) ·δ0 +π ·Normal(0,1),

π =
(
1+10−θ0

)−1
,

where δ0 denotes point mass at zero. We then simulate the phenotype yi of Individual i as

yi = ∑
j

xi jβ j +εi,

εi ∼ Normal(0,τ−1),

where xi j is the genotype of SNP j for Individual i, j = 1, . . . ,12,758 and i = 1, . . . ,1,458. The true
value of residual variance τ−1 is determined by the true value of PVE (total proportion of variance in
phenotype y explained by effects of all available SNPs X) as follows:

PVE= V (Xβ)
τ−1 +V (Xβ)

,

where V (Xβ) is the sample variance of Xβ. We adopt the phenotype simulation scheme from previous
work, notably [1, 51, 52].

In this set of simulations, the true values of background parameter θ0 are {−1,−2,−3}, and the
true values of PVE are {0.2,0.6}. For each combination of true values of (θ0,PVE), we simulate 100
independent datasets. The “Baseline & sparse” panel in Figure 3(a) corresponds to simulations
with true θ0 = −3 and PVE = 0.2. The “Baseline & polygenic” panel in Figure 3(a) corresponds to
simulations with true θ0 =−1 and PVE= 0.2.

We apply RSS-E to the simulated datasets, using the program rss_varbvsr_squarem.m available
at https://github.com/stephenslab/rss. The input LD matrix is estimated from the 1,480 con-
trol individuals in the WTCCC 1958 British Birth Cohort, using a shrinkage estimator [53]. The
enrichment parameter θ is set as zero. The grid on the background parameter θ0 is (-5:0.1:-1).

For each simulated dataset, we also perform gene-level association analysis using four existing
approaches with their default settings: SimpleM [58], VEGAS [59], GATES [60] and COMBAT [61]
that combines SimpleM, VEGAS and GATES results. Note that VEGAS is applied to the full set of
SNPs within a gene (-sum), on a specified percentage of the most significant SNPs (-10% and -20%),
or on the single most significant SNP (-max).

For each simulated dataset, we define a gene as “trait-associated” if at lease one SNP within
±100 kb of the transcribed region of this gene has non-zero effect (β j 6= 0). For each gene in each
simulated dataset, RSS-E produces P1, the posterior probability that the gene is trait-associated.
whereas the other methods produce p-value with the null hypothesis that the gene is not trait-
associated; these statistics are used to rank the significance of gene-level associations. If a method
identifies association between a non-trait-associated gene and the trait, then it is a “false positive”.
If a method identifies association between a trait-associated gene and the trait, then it is a “true
positive”.

We evaluate the performance of these gene-level association methods by plotting the receiver op-
erating characteristic (ROC) curve and computing the area under the curve (AUC) for each method.
Both metrics are implemented in the package plotROC [56].

https://github.com/stephenslab/rss
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15. Supplementary Figure 7. Simulation details and additional results of Figure 3(b). De-
tails of this set of simulations are almost identical to those in Supplementary Figure 6. Here we
only highlight the differences.

For this set of simulations, we generate the genetic effect of each SNP j as follows:

β j ∼ (1−π j) ·δ0 +π j ·Normal(0,1),

π j =
(
1+10−(θ0+a jθ)

)−1
,

where {θ0,θ,a j} are defined in Supplementary Figure 1.
In this set of simulations, the true values of background parameter θ0 are {−2,−3,−4}, the true

value of enrichment parameter θ is 2, and the true values of PVE are {0.2,0.6}.
When applying RSS-E to the simulated datasets, we fix the the background parameter θ0 as the

true value, and use a grid (1:0.05:3) for the enrichment parameter θ.
The “Enrichment & sparse” panel in Figure 3(b) corresponds to simulations with true θ0 = −4

and PVE= 0.2. The “Enrichment & polygenic” panel in Figure 3(b) corresponds to simulations with
true θ0 =−2 and PVE= 0.2.
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16. Supplementary Figure 8. Summary of genetic variants. Panel (a) reports numbers of all
genetic variants available in corresponding GWAS. Panel (b) reports numbers of GWAS hits (i.e. loci
or SNPs reaching genome-wide significance) reported in corresponding publications. For both panels,
“total SNPs” denote SNPs that were available in corresponding publications and/or summary data
files (bar charts with higher transparency; blue numbers); “analyzed SNPs” denote SNPs analyzed
in the present study (bar charts with lower transparency; black numbers).

(a) Total numbers of SNPs available in corresponding GWAS.
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(b) Total numbers of genome-wide significant SNPs reported in corresponding publications (p <
5×10−8). The x-axis uses a logarithmic scale (base 10).

Please note that the numbers of “analyzed” genome-wide significant SNPs for body mass index
(BMI, [35]) and waist-to-hip ratio (WHR) adjusted for BMI [36] are extremely small. This is be-
cause summary data from both studies were combined results of GWAS arrays and custom arrays
(e.g. Metabochip, [62]), and we excluded SNPs on custom arrays from our analyses. Custom arrays
harbored almost all GWAS hits for these two traits, so there are only zero and one GWAS hit left
for WHR and BMI in our analyses. This explains why the number of “analyzed hits” is zero for WHR
and one for BMI as shown in Supplementary Figure 12.
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17. Supplementary Figure 9. Inferred effect size distributions of 31 human traits, assuming
that no pathways are enriched (i.e. the baseline model M0 : θ = 0). For each trait, its effect size
distribution is summarized as the fraction of trait-associated SNPs and the standardized effect size
of trait-associated SNPs. See Supplementary Notes for details of these two quantities. Each dot
represents a trait, where the horizontal point range indicates the posterior mean and 95% credible
interval (C.I.) of fraction of trait-associated SNPs, and the vertical point range indicates the posterior
mean and 95% C.I. of standardized effect size. Both axes use a logarithmic scale (base 10). The
numerical values of these posterior statistics are provided in Supplementary Table 2. The details
of “Round 1” and “Round 2” analyses are provided in Supplementary Table 6. Note that Figure
4(a) is the same as the “Round 2” panel below.
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18. Supplementary Figure 10. Ranking similarity between genome-wide multiple-SNP and
single-SNP analyses, both assuming that no pathways are enriched. We first divide the entire genome
into overlapped loci of 50 SNPs (with an overlap of 25 SNPs between neighboring loci). For each trait
and each locus, we then use the same summary data to compute i) the maximum single-SNP |z|-
score; ii) the posterior probability that the locus contains at least one trait-associated SNP (P1);
and iii) the posterior expected number of trait-associated SNPs in the locus (ENS). The single-SNP
|z|-scores are readily available from GWAS summary statistics, whereas the posterior statistics P1
and ENS are obtained from our Bayesian genome-wide multiple-SNP analyses (under the baseline
model M0 : θ = 0). Based on these three locus-level statistics, we obtain three ranked lists of loci for
each trait, and then evaluate their similarity via i) Spearman’s ρ statistic; ii) Kendall’s τ statistic
and iii) rank biased overlap (RBO, [63]). The Spearman’s ρ and Kendall’s τ statistics are computed
by R function cor. The RBO is computed by the function rbo in the package gespeR [64]. Each box
plot below contains 31 dots, each of which denotes a trait. The details of “Round 1” and “Round 2”
analyses are provided in Supplementary Table 6.
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19. Supplementary Figure 11. Concordance between genome-wide single-SNP and multiple-
SNP analyses of 31 phenotypes, both assuming that no pathways are enriched (i.e. the baseline
model M0 : θ = 0). For a given trait, the concordance between single-SNP and multiple-SNP analyses
is measured by the proportion of “single-SNP hits” covered by “multiple-SNP signal loci” (y-axis).
The “single-SNP hits” are SNPs reaching significance (for a given p-value threshold shown in x-axis)
and separated by at least 1 Mb. The “multiple-SNP signal loci” are predefined genomic regions sat-
isfying certain criteria (estimated P1 > 0.5, P1 > 0.9 or ENS > 1). For each trait, both single-SNP
and multiple-SNP analyses are performed on the same summary-level data. See Supplementary
Figure 10 for the definition of locus and multiple-SNP posterior statistics (P1 and ENS). See Sup-
plementary Table 6 for the details of “Round 1” and “Round 2” analyses.

19.1. Heart-related traits. The three heart-related traits are heart rate [38], coronary artery dis-
ease and myocardial infarction [18].
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19.2. Anthropometric traits. The three anthropometric traits are adult height [5], body mass
index [35] and waist-to-hip ratio after adjusting for body mass index [36].
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19.3. Immune-related traits. The four immune-related traits are rheumatoid arthritis [26], in-
flammatory bowel disease, Crohn’s disease and ulcerative colitis [11].
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19.4. Blood lipid traits. The four blood lipid traits are total cholesterol, low-density lipoprotein
cholesterol, high-density lipoprotein cholesterol and triglycerides [22].
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19.5. Hematopoietic traits. The six red blood cell traits are haemoglobin, mean cell haemoglobin,
mean cell haemoglobin concentration, mean cell volume, packed cell volume and red blood cell count
[46].
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19.6. Neurological phenotypes. The five neurological phenotypes: Alzheimer’s disease [39], schizophre-
nia [37], amyotrophic lateral sclerosis [45], depressive symptoms and neuroticism [40].
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19.7. Insulin-related traits. The three insulin-related traits are fasting glucose, fasting insulin
[44] and type 2 diabetes [41].
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19.8. Other traits. The three remaining traits are serum urate, gout [43] and age at natural
menopause [42].
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20. Supplementary Figure 12. Proportion of previously-reported genome-wide significant vari-
ants that are detected by genome-wide multiple-SNP analyses, assuming that no pathways are en-
riched. For each phenotype, we manually extract the genome-wide significant variants (a.k.a. GWAS
hits) from corresponding publications (e.g. Tables, Supplementary Files). This is different from Sup-
plementary Figure 11, where we derive GWAS hits from the raw summary statistics of the same
set of SNPs that were used in our Bayesian multiple-SNP analyses. We call a GWAS hit “detected by
multiple-SNP analyses” if this SNP is covered by a predefined locus satisfying certain multiple-SNP
association criteria (estimated P1 > 0.5, P1 > 0.9 or ENS > 1). See Supplementary Figure 10 for the
definitions of locus and the multiple-SNP association posterior statistics. For each panel, phenotypes
are ordered first by trait category, then the number of reported GWAS hits.

It is important to note that some published GWAS hits of certain traits are not necessarily (genome-
wide) significant in the corresponding summary data file. For example, rs34856868 shows p = 9.80×
10−9 for association with inflammatory bowel disease in Table 2 of [11]; however, the p value of
the same SNP is 0.27 in the corresponding summary data file (EUR.IBD.gwas.assoc.gz). For this
SNP, the result in Table 2 of [11] was indeed obtained from a combined analysis of data on both
GWAS and custom arrays (Immunochip, [65]), whereas the result in the summary data file was only
based on GWAS arrays. Because of this type of potential discrepancy between summary data files
and corresponding publications, the concordance rates shown here are lower than those shown in
Supplementary Figure 11 for certain traits.

Note that Supplementary Figure 12 is included to highlight the need for careful usage of GWAS
summary statistics. To fairly assess the concordance between traditional single-SNP analyses and
our multiple-SNP analyses, please use Supplementary Figure 11.
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20.1. All hits & P1 > 0.5. Proportion of all previous GWAS hits that are covered by loci with
P1 > 0.5.
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20.2. Analyzed hits & P1 > 0.5. Proportion of previous GWAS hits that are included in genome-
wide multiple-SNP analyses and are covered by loci with P1 > 0.5.
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20.3. All hits & P1 > 0.9. Proportion of all previous GWAS hits that are covered by loci with
P1 > 0.9.
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20.4. Analyzed hits & P1 > 0.9. Proportion of all previous GWAS hits that that are included in
genome-wide multiple-SNP analyses and are covered by loci with P1 > 0.9.
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20.5. All hits & ENS > 1. Proportion of all previously-reported GWAS hits that are covered by
loci with ENS > 1.
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20.6. Analyzed hits & ENS > 1. Proportion of previously-reported GWAS hits that are included
in genome-wide multiple-SNP analyses and are covered by loci with ENS > 1.
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21. Supplementary Figure 13. Compare the number of signals from genome-wide multiple-
SNP and single-SNP analyses, both assuming that no pathways are enriched (i.e. the baseline model
M0 : θ = 0). Both axes use a logarithmic scale (base 10). Dashed lines are reference lines with inter-
cept zero and slope one. Each point range along y-axis denotes the posterior mean and 95% credible
interval of the posterior expected total number of trait-associated SNPs (ENS). See Supplemen-
tary Notes for the detail of computing ENS. As in Supplementary Figure 12, here the “hits from
single-SNP analysis” are the genome-wide significant SNPs reported in corresponding publications.
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22. Supplementary Figure 14. Proportion of loci identified by genome-wide multiple-SNP
analyses that are at least 1 Mb away from previously-reported GWAS hits, assuming that no path-
ways are enriched (i.e. the baseline model M0 : θ = 0). We call a predefined locus “detected by
multiple-SNP analyses” if the locus satisfies certain multiple-SNP association criteria (estimated
P1 > 0.5, P1 > 0.9 or ENS > 1). See Supplementary Figure 10 for the definition of locus and the
multiple-SNP association posterior statistics. See Supplementary Figure 12 for the definition of
“previously-reported GWAS hits”. For each panel, phenotypes are ordered first by category, then the
number of loci identified from multiple-SNP analyses.



66

22.1. All hits & P1 > 0.5. Proportion of loci with P1 > 0.5 that are at least 1 Mb away from all
previously-reported GWAS hits.
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22.2. Analyzed hits & P1 > 0.5. Proportion of loci with P1 > 0.5 that are at least 1 Mb away from
previously-reported GWAS hits that are included in genome-wide multiple-SNP analyses.
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22.3. All hits & P1 > 0.9. Proportion of loci with P1 > 0.9 that are at least 1 Mb away from all
previously-reported GWAS hits.
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22.4. Analyzed hits & P1 > 0.9. Proportion of loci with P1 > 0.9 that are at least 1 Mb away from
previously-reported GWAS hits that are included in genome-wide multiple-SNP analyses.
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22.5. All hits & ENS > 1. Proportion of loci with ENS > 1 that are at least 1 Mb away from all
previously-reported GWAS hits.
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22.6. Analyzed hits & ENS> 1. Proportion of loci with ENS > 1 that are at least 1 Mb away from
previously-reported GWAS hits that are included in genome-wide multiple-SNP analyses.
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23. Supplementary Figure 15. Summary of biological pathways. Biological pathway defini-
tions are retrieved from the Pathway Commons 2 ([66], version 7), NCBI Biosystems [67], PAN-
THER ([68], version 3.3) and BioCarta used in [2]. The Pathway Commons 2 database includes gene
sets derived from Reactome [69], Nature Pathway Interaction Database (PID, [70]), HumanCyc [71],
PANTHER, miRTarBase [72] and Kyoto Encyclopedia of Genes and Genomes (KEGG, [73]) path-
ways. The NCBI BioSystem database contains pathways from KEGG, BioCyc [74], PID, Reactome
and WikiPathways [75]. See Supporting Information Text S1 of [2] for the rationale for choosing these
pathway databases (https://doi.org/10.1371/journal.pgen.1003770.s015). For each panel, the
bar chart on the right side (labelled as “Total”) shows the total number of pathways retrieved from
the corresponding databases, and the one on the left side (labelled as “Analyzed”) shows the number
of pathways used in the present enrichment analyses.
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24. Supplementary Figure 16. Summary of genes. Genomic definitions for genes are derived
from Homo sapiens reference genome GRCh37. In the present study, we consider 18,313 autosomal
protein-coding genes that are mapped to the reference sequence.

(a) Distributions of gene set sizes for each pathway database-repository combination. Combina-
tions are ordered by median numbers of genes in pathways, which are displayed in each box plot.
The vertical axis uses a logarithmic scale (base: 10). PC: Pathway Commons. BS: NCBI BioSystems.
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(b) Manhattan plot of the number of pathway annotations for each gene. The highlighted genes
(colored in green and labelled by their HGNC symbols) belong to more than 270 of 3,913 analyzed
biological pathways. The Manhattan plot is produced by the package qqman [76].
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25. Supplementary Figure 17. Sanity checks of top-ranked gene set enrichments for 31 phe-
notypes. To quickly evaluate whether the strong enrichments identified in our model-based analyses
can possibly be true, we develop two sanity checks.

The first sanity check is an “eyeball test” that visualizes the distribution of GWAS single-SNP
z-scores for a target trait, stratified by SNP-level annotations of a target gene set. Specifically, we
plot two estimated density curves for each pair of trait and gene set:

• a solid red curve estimated from z-scores of SNPs within 100 kb of the transcribed region of
a gene in the gene set (“inside gene set” SNPs);

• a dashed black curve estimated from z-scores of remaining SNPs (“outside gene set” SNPs).

For a typical pair of trait and gene set that is deemed to pass the “eyeball test”, its dashed black
curve is often more “spiky” at zero, and its solid red curve is more spread out. The density curves are
produced by the function geom_density (default setting) in the package ggplot2 [77].

The second sanity check computes a likelihood ratio (LR) for the following two models:

• baseline model (a3): “inside gene set” SNPs have the same effect size distribution as “outside
gene set” SNPs, which can be estimated by a1$fitted_g based on the whole genome data;

• enrichment model (a2): “inside gene set” and “outside gene set” SNPs have different effect
size distributions, which should be estimated separately.

For a strongly enriched gene set, its LR value tends to be very large, since the data should favor the
enrichment (a2) over the baseline model (a3). The second check based on LR computation comple-
ments the first visual check in cases where the “eyeball test” results are not clearly visible. The LR
calculation is based on the package ashr [78]. Below are R codes that illustrate the LR calculation.

suppressPackageStartupMessages(library(ashr))

# load GWAS summary statistics and SNP-level annotations
betahat <- c(sumstat$betahat)
se <- c(sumstat$se)
snps <- c(sumstat$snps)

# analyze summary data of the whole genome
a1 <- ashr::ash(betahat=betahat, sebetahat=se,

mixcompdist="halfuniform", method="shrink")

# analyze summary data of SNPs that are "inside gene set"
# where the prior is estimated from data
a2 <- ashr::ash(betahat=betahat[snps], sebetahat=se[snps],

mixcompdist="halfuniform", method="shrink")

# analyze summary data of SNPs that are "inside gene set"
# where the prior is fixed as the one estimated in a1
a3 <- ashr::ash(betahat=betahat[snps], sebetahat=se[snps],

mixcompdist="halfuniform", method="shrink", fixg=T, g=a1$fitted_g)

# compute log10 likelihood ratio statistics
log10LR <- (a2$logLR - a3$logLR) / log(10)
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We first check the trait-pathway pairs reported in Table 1, and then check the trait-tissue pairs
reported in Table 3. We also check the top 10 most enriched pathways with at least 10 member
genes for each of the 31 traits in our Round 2 analyses (see Supplementary Table 7 for details).
Full information about these top enriched pathways and tissue-based gene sets is available at http:
//xiangzhu.github.io/rss-gsea/.

http://xiangzhu.github.io/rss-gsea/
http://xiangzhu.github.io/rss-gsea/
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Pathway-trait pairs reported in Table 1

MCV (2012), Pathway 3125
Log10 LR: 319.05

PCV (2012), Pathway 3108
Log10 LR: 247.64

RBC (2012), Pathway 1938
Log10 LR: 51.87

URATE (2013), Pathway 3496
Log10 LR: Inf

HB (2012), Pathway 3586
Log10 LR: 242.76

MCH (2012), Pathway 3290
Log10 LR: 402.12

MCHC (2012), Pathway 3162
Log10 LR: 13.16

LDL (2010), Pathway 1698
Log10 LR: 365.56

MI (2015), Pathway 1226
Log10 LR: 17.71

TC (2010), Pathway 2757
Log10 LR: 58.26

TG (2010), Pathway 3364
Log10 LR: 88.01

CAD (2015), Pathway 3059
Log10 LR: 82.75

FG (2012), Pathway 2893
Log10 LR: 297.21

GOUT (2013), Pathway 1453
Log10 LR: 55.55

HDL (2010), Pathway 2412
Log10 LR: 966.45

IBD (2015), Pathway 3131
Log10 LR: 566.47

RA (2014), Pathway 2858
Log10 LR: 318.86

UC (2015), Pathway 3131
Log10 LR: 347.12

ANM (2015), Pathway 2652
Log10 LR: 28.87

DS (2016), Pathway 1336
Log10 LR: 14.79

LOAD (2013), Pathway 2932
Log10 LR: 75.50

HEIGHT (2014), Pathway 3208
Log10 LR: 490.56

CD (2015), Pathway 3131
Log10 LR: 472.82
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Tissue-trait pairs reported in Table 3

MCV (2012)
GTEx gene set: 19 (DE)

Log10 LR: 238.13

PCV (2012)
GTEx gene set: HRTAA (HE)

Log10 LR: 29.83

RBC (2012)
GTEx gene set: Breast_Mammary_Tissue (SE)

Log10 LR: 25.57

URATE (2013)
GTEx gene set: Kidney_Cortex (SE)

Log10 LR: Inf

HB (2012)
GTEx gene set: 19 (DE)

Log10 LR: 68.89

MCH (2012)
GTEx gene set: 19 (DE)

Log10 LR: 248.82

FI (2012)
GTEx gene set: Testis (SE)

Log10 LR: 11.23

TC (2010)
GTEx gene set: 20 (DE)

Log10 LR: 226.56

TG (2010)
GTEx gene set: LIVER (HE)

Log10 LR: 116.59

HDL (2010)
GTEx gene set: LIVER (HE)

Log10 LR: 80.71

HR (2013)
GTEx gene set: HRTAA (HE)

Log10 LR: 124.23

LDL (2010)
GTEx gene set: Liver (SE)

Log10 LR: 432.91

ANM (2015)
GTEx gene set: 2 (DE)

Log10 LR: 102.72

CAD (2015)
GTEx gene set: 9 (DE)

Log10 LR: 27.68

FG (2012)
GTEx gene set: Pancreas (SE)

Log10 LR: 155.07

CD (2015)
GTEx gene set: 1 (DE)

Log10 LR: 227.16

IBD (2015)
GTEx gene set: 1 (DE)

Log10 LR: 235.21

UC (2015)
GTEx gene set: HRTAA (HE)

Log10 LR: 17.10

LOAD (2013)
GTEx gene set: Adrenal_Gland (SE)

Log10 LR: 74.33

NEU (2016)
GTEx gene set: Brain_Cortex (SE)

Log10 LR: 9.20

HEIGHT (2014)
GTEx gene set: 11 (DE)

Log10 LR: 61.95
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Amyotrophic lateral sclerosis [45]

ALS (2016), Pathway 2657
Log10 LR: 3.74

ALS (2016), Pathway 2670
Log10 LR: 3.73

ALS (2016), Pathway 2065
Log10 LR: 4.68

ALS (2016), Pathway 2096
Log10 LR: 31.38

ALS (2016), Pathway 1840
Log10 LR: 3.96

ALS (2016), Pathway 2059
Log10 LR: 20.54

ALS (2016), Pathway 1695
Log10 LR: 5.41

ALS (2016), Pathway 1753
Log10 LR: 22.81

ALS (2016), Pathway 1302
Log10 LR: 3.26

ALS (2016), Pathway 1574
Log10 LR: 18.29
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Age at natural menopause [42]

ANM (2015), Pathway 3205
Log10 LR: 90.57

ANM (2015), Pathway 3335
Log10 LR: 59.81

ANM (2015), Pathway 2898
Log10 LR: 11.80

ANM (2015), Pathway 3019
Log10 LR: 92.25

ANM (2015), Pathway 1727
Log10 LR: 15.95

ANM (2015), Pathway 2652
Log10 LR: 28.87

ANM (2015), Pathway 1457
Log10 LR: 13.22

ANM (2015), Pathway 1545
Log10 LR: 27.18

ANM (2015), Pathway 1388
Log10 LR: 21.96

ANM (2015), Pathway 1454
Log10 LR: 55.75
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Body mass index [35]

BMI (2015), Pathway 2308
Log10 LR: 12.78

BMI (2015), Pathway 3627
Log10 LR: 0.57

BMI (2015), Pathway 1976
Log10 LR: 17.74

BMI (2015), Pathway 2267
Log10 LR: 23.27

BMI (2015), Pathway 1448
Log10 LR: 7.54

BMI (2015), Pathway 1608
Log10 LR: 5.43

BMI (2015), Pathway 1143
Log10 LR: 10.54

BMI (2015), Pathway 1300
Log10 LR: 24.33

BMI (2015), Pathway 1112
Log10 LR: 42.43

BMI (2015), Pathway 1120
Log10 LR: 10.01
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Coronary artery disease [18]

CAD (2015), Pathway 3059
Log10 LR: 82.75

CAD (2015), Pathway 3144
Log10 LR: 76.42

CAD (2015), Pathway 2039
Log10 LR: 36.24

CAD (2015), Pathway 2778
Log10 LR: 95.09

CAD (2015), Pathway 1721
Log10 LR: 104.98

CAD (2015), Pathway 1950
Log10 LR: 54.56

CAD (2015), Pathway 1289
Log10 LR: 4.21

CAD (2015), Pathway 1433
Log10 LR: 24.35

CAD (2015), Pathway 1226
Log10 LR: 21.39

CAD (2015), Pathway 1267
Log10 LR: 94.68
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Crohn’s disease [11]

CD (2015), Pathway 3722
Log10 LR: 345.96

CD (2015), Pathway 3850
Log10 LR: 414.87

CD (2015), Pathway 3122
Log10 LR: 364.84

CD (2015), Pathway 3131
Log10 LR: 472.82

CD (2015), Pathway 2641
Log10 LR: 464.67

CD (2015), Pathway 3106
Log10 LR: 364.84

CD (2015), Pathway 2201
Log10 LR: 321.41

CD (2015), Pathway 2258
Log10 LR: 325.32

CD (2015), Pathway 1659
Log10 LR: 220.73

CD (2015), Pathway 1794
Log10 LR: 228.91
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Depressive symptoms [40]
Note that there are only five pathways with at least 10 member genes in Round 2 enrichment

analysis of depressive symptoms; see https://xiangzhu.github.io/rss-gsea/ds_2016.html.

DS (2016), Pathway 1398
Log10 LR: 8.34

DS (2016), Pathway 1362
Log10 LR: 12.51

DS (2016), Pathway 1377
Log10 LR: 12.13

DS (2016), Pathway 1189
Log10 LR: 14.28

DS (2016), Pathway 1336
Log10 LR: 14.79
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Fasting glucose levels [44]

FG (2012), Pathway 3852
Log10 LR: 212.02

FG (2012), Pathway 3872
Log10 LR: 130.03

FG (2012), Pathway 2893
Log10 LR: 297.21

FG (2012), Pathway 3491
Log10 LR: 138.05

FG (2012), Pathway 2691
Log10 LR: 318.57

FG (2012), Pathway 2839
Log10 LR: 166.50

FG (2012), Pathway 1914
Log10 LR: 146.95

FG (2012), Pathway 2364
Log10 LR: 193.95

FG (2012), Pathway 1529
Log10 LR: 184.44

FG (2012), Pathway 1743
Log10 LR: 150.26
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Fasting insulin levels [44]

FI (2012), Pathway 2165
Log10 LR: 13.89

FI (2012), Pathway 2252
Log10 LR: 2.74

FI (2012), Pathway 1963
Log10 LR: 22.63

FI (2012), Pathway 1989
Log10 LR: 7.43

FI (2012), Pathway 1600
Log10 LR: 1.91

FI (2012), Pathway 1898
Log10 LR: 5.03

FI (2012), Pathway 1476
Log10 LR: 49.10

FI (2012), Pathway 1544
Log10 LR: 11.63

FI (2012), Pathway 1378
Log10 LR: 15.84

FI (2012), Pathway 1388
Log10 LR: 52.46
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Gout [43]

GOUT (2013), Pathway 2401
Log10 LR: 3.35

GOUT (2013), Pathway 2482
Log10 LR: 6.73

GOUT (2013), Pathway 1724
Log10 LR: 0.70

GOUT (2013), Pathway 1741
Log10 LR: 0.71

GOUT (2013), Pathway 1478
Log10 LR: 5.26

GOUT (2013), Pathway 1647
Log10 LR: 0.69

GOUT (2013), Pathway 1410
Log10 LR: 0.74

GOUT (2013), Pathway 1431
Log10 LR: 5.37

GOUT (2013), Pathway 1165
Log10 LR: 2.22

GOUT (2013), Pathway 1355
Log10 LR: 0.80
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Haemoglobin [46]

HB (2012), Pathway 3586
Log10 LR: 242.76

HB (2012), Pathway 3590
Log10 LR: 223.81

HB (2012), Pathway 3560
Log10 LR: 246.80

HB (2012), Pathway 3575
Log10 LR: 237.76

HB (2012), Pathway 3395
Log10 LR: 278.07

HB (2012), Pathway 3548
Log10 LR: 212.39

HB (2012), Pathway 3259
Log10 LR: 323.69

HB (2012), Pathway 3296
Log10 LR: 312.69

HB (2012), Pathway 2914
Log10 LR: 405.80

HB (2012), Pathway 3162
Log10 LR: 355.69
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High-density lipoprotein [22]

HDL (2010), Pathway 2961
Log10 LR: 870.88

HDL (2010), Pathway 3093
Log10 LR: 843.53

HDL (2010), Pathway 2378
Log10 LR: 988.52

HDL (2010), Pathway 2412
Log10 LR: 966.45

HDL (2010), Pathway 1698
Log10 LR: 633.65

HDL (2010), Pathway 1706
Log10 LR: 2.12

HDL (2010), Pathway 1254
Log10 LR: 2.17

HDL (2010), Pathway 1555
Log10 LR: 463.21

HDL (2010), Pathway 1168
Log10 LR: 17.34

HDL (2010), Pathway 1192
Log10 LR: 1.49
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Adult height [5]

HEIGHT (2014), Pathway 3911
Log10 LR: 587.81

HEIGHT (2014), Pathway 3912
Log10 LR: 572.81

HEIGHT (2014), Pathway 3861
Log10 LR: 445.87

HEIGHT (2014), Pathway 3901
Log10 LR: 326.65

HEIGHT (2014), Pathway 3851
Log10 LR: 449.87

HEIGHT (2014), Pathway 3859
Log10 LR: 300.98

HEIGHT (2014), Pathway 3725
Log10 LR: 380.46

HEIGHT (2014), Pathway 3783
Log10 LR: 323.61

HEIGHT (2014), Pathway 3208
Log10 LR: 490.56

HEIGHT (2014), Pathway 3720
Log10 LR: 376.67
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Heart rate [38]

HR (2013), Pathway 3440
Log10 LR: 93.34

HR (2013), Pathway 3721
Log10 LR: 64.75

HR (2013), Pathway 2661
Log10 LR: 94.22

HR (2013), Pathway 3215
Log10 LR: 79.12

HR (2013), Pathway 2391
Log10 LR: 88.85

HR (2013), Pathway 2533
Log10 LR: 84.38

HR (2013), Pathway 1295
Log10 LR: 2.81

HR (2013), Pathway 1506
Log10 LR: 58.12

HR (2013), Pathway 1160
Log10 LR: 49.36

HR (2013), Pathway 1193
Log10 LR: 6.63
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Inflammatory bowel disease [11]

IBD (2015), Pathway 3850
Log10 LR: 583.56

IBD (2015), Pathway 3867
Log10 LR: 518.34

IBD (2015), Pathway 3604
Log10 LR: 433.63

IBD (2015), Pathway 3722
Log10 LR: 435.49

IBD (2015), Pathway 3122
Log10 LR: 434.58

IBD (2015), Pathway 3131
Log10 LR: 566.47

IBD (2015), Pathway 2641
Log10 LR: 580.39

IBD (2015), Pathway 3106
Log10 LR: 434.58

IBD (2015), Pathway 1659
Log10 LR: 285.75

IBD (2015), Pathway 2201
Log10 LR: 448.80

−10 0 10 −10 0 10

−10 0 10 −10 0 10

−10 0 10 −10 0 10

−10 0 10 −10 0 10

−10 0 10 −10 0 10

0.0

0.1

0.2

0.3

0.0

0.1

0.2

0.3

0.0

0.1

0.2

0.3

0.0

0.1

0.2

0.3

0.0

0.1

0.2

0.3

0.0

0.1

0.2

0.3

0.0

0.1

0.2

0.3

0.0

0.1

0.2

0.3

0.0

0.1

0.2

0.3

0.0

0.1

0.2

0.3

GWAS single−SNP z−score

E
st

im
at

ed
 d

en
si

ty



92

Low-density lipoprotein [22]

LDL (2010), Pathway 3781
Log10 LR: 125.61

LDL (2010), Pathway 3916
Log10 LR: 136.03

LDL (2010), Pathway 3498
Log10 LR: 191.23

LDL (2010), Pathway 3688
Log10 LR: 26.73

LDL (2010), Pathway 2412
Log10 LR: 570.51

LDL (2010), Pathway 2742
Log10 LR: 203.38

LDL (2010), Pathway 1835
Log10 LR: 175.02

LDL (2010), Pathway 2330
Log10 LR: 31.63

LDL (2010), Pathway 1555
Log10 LR: 124.29

LDL (2010), Pathway 1698
Log10 LR: 365.56
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Alzheimer’s disease [39]

LOAD (2013), Pathway 1540
Log10 LR: 2.50

LOAD (2013), Pathway 2932
Log10 LR: 75.50

LOAD (2013), Pathway 1376
Log10 LR: 1.78

LOAD (2013), Pathway 1514
Log10 LR: 2.17

LOAD (2013), Pathway 1287
Log10 LR: 18.52

LOAD (2013), Pathway 1300
Log10 LR: 37.09

LOAD (2013), Pathway 1196
Log10 LR: 4.36

LOAD (2013), Pathway 1213
Log10 LR: 3.66

LOAD (2013), Pathway 1124
Log10 LR: 6.91

LOAD (2013), Pathway 1135
Log10 LR: 10.22
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Mean cell haemoglobin [46]

MCH (2012), Pathway 3395
Log10 LR: 334.46

MCH (2012), Pathway 3834
Log10 LR: 727.14

MCH (2012), Pathway 3296
Log10 LR: 423.32

MCH (2012), Pathway 3318
Log10 LR: 320.99

MCH (2012), Pathway 3259
Log10 LR: 383.46

MCH (2012), Pathway 3290
Log10 LR: 402.12

MCH (2012), Pathway 3125
Log10 LR: 395.70

MCH (2012), Pathway 3243
Log10 LR: 373.16

MCH (2012), Pathway 2914
Log10 LR: 449.72

MCH (2012), Pathway 3108
Log10 LR: 460.67
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Mean cell haemoglobin concentration [46]

MCHC (2012), Pathway 3162
Log10 LR: 13.16

MCHC (2012), Pathway 3243
Log10 LR: 11.02

MCHC (2012), Pathway 2363
Log10 LR: 0.59

MCHC (2012), Pathway 2828
Log10 LR: 0.97

MCHC (2012), Pathway 2147
Log10 LR: 0.60

MCHC (2012), Pathway 2191
Log10 LR: 1.49

MCHC (2012), Pathway 2047
Log10 LR: 0.88

MCHC (2012), Pathway 2096
Log10 LR: 2.27

MCHC (2012), Pathway 1244
Log10 LR: 2.81

MCHC (2012), Pathway 1654
Log10 LR: 0.69

−6 −3 0 3 6 −6 −3 0 3 6

−6 −3 0 3 −6 −3 0 3 6

−6 −3 0 3 6 −6 −3 0 3 6

−6 −3 0 3 6 −6 −3 0 3 6

−6 −3 0 3 6 −6 −3 0 3 6

0.0

0.1

0.2

0.3

0.4

0.0

0.1

0.2

0.3

0.4

0.0

0.1

0.2

0.3

0.4

0.0

0.1

0.2

0.3

0.4

0.0

0.1

0.2

0.3

0.4

0.0

0.1

0.2

0.3

0.4

0.0

0.1

0.2

0.3

0.4

0.0

0.1

0.2

0.3

0.4

0.0

0.1

0.2

0.3

0.4

0.0

0.1

0.2

0.3

0.4

GWAS single−SNP z−score

E
st

im
at

ed
 d

en
si

ty



96

Mean cell volume [46]

MCV (2012), Pathway 3259
Log10 LR: 355.25

MCV (2012), Pathway 3834
Log10 LR: 556.75

MCV (2012), Pathway 3243
Log10 LR: 287.68

MCV (2012), Pathway 3245
Log10 LR: 210.79

MCV (2012), Pathway 3150
Log10 LR: 273.43

MCV (2012), Pathway 3162
Log10 LR: 285.83

MCV (2012), Pathway 3112
Log10 LR: 225.02

MCV (2012), Pathway 3125
Log10 LR: 319.05

MCV (2012), Pathway 2914
Log10 LR: 320.89

MCV (2012), Pathway 3108
Log10 LR: 353.01
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Myocardial infarction [18]

MI (2015), Pathway 2039
Log10 LR: 15.41

MI (2015), Pathway 2452
Log10 LR: 27.24

MI (2015), Pathway 1819
Log10 LR: 31.19

MI (2015), Pathway 1966
Log10 LR: 32.62

MI (2015), Pathway 1402
Log10 LR: 21.85

MI (2015), Pathway 1433
Log10 LR: 19.81

MI (2015), Pathway 1234
Log10 LR: 30.02

MI (2015), Pathway 1299
Log10 LR: 20.88

MI (2015), Pathway 1146
Log10 LR: 2.35

MI (2015), Pathway 1226
Log10 LR: 17.71
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Neuroticism [40]

NEU (2016), Pathway 3733
Log10 LR: 52.57

NEU (2016), Pathway 3737
Log10 LR: 51.44

NEU (2016), Pathway 1939
Log10 LR: 79.24

NEU (2016), Pathway 3144
Log10 LR: 4.93

NEU (2016), Pathway 1357
Log10 LR: 2.47

NEU (2016), Pathway 1932
Log10 LR: 3.81

NEU (2016), Pathway 1332
Log10 LR: 106.57

NEU (2016), Pathway 1342
Log10 LR: 4.09

NEU (2016), Pathway 1112
Log10 LR: 18.99

NEU (2016), Pathway 1248
Log10 LR: 2.36
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Packed cell volume [46]

PCV (2012), Pathway 3108
Log10 LR: 247.64

PCV (2012), Pathway 3834
Log10 LR: 438.37

PCV (2012), Pathway 2993
Log10 LR: 113.64

PCV (2012), Pathway 3019
Log10 LR: 110.31

PCV (2012), Pathway 2244
Log10 LR: 33.47

PCV (2012), Pathway 2744
Log10 LR: 22.52

PCV (2012), Pathway 2176
Log10 LR: 34.78

PCV (2012), Pathway 2195
Log10 LR: 15.30

PCV (2012), Pathway 2013
Log10 LR: 6.34

PCV (2012), Pathway 2119
Log10 LR: 5.64
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Rheumatoid arthritis [26]

RA (2014), Pathway 3850
Log10 LR: 236.07

RA (2014), Pathway 3867
Log10 LR: 245.78

RA (2014), Pathway 3431
Log10 LR: 252.30

RA (2014), Pathway 3563
Log10 LR: 204.06

RA (2014), Pathway 2864
Log10 LR: 307.55

RA (2014), Pathway 3311
Log10 LR: 153.57

RA (2014), Pathway 1659
Log10 LR: 114.34

RA (2014), Pathway 2858
Log10 LR: 318.86

RA (2014), Pathway 1350
Log10 LR: 125.96

RA (2014), Pathway 1351
Log10 LR: 122.95
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Red blood cell count [46]

RBC (2012), Pathway 2310
Log10 LR: 6.56

RBC (2012), Pathway 3623
Log10 LR: 23.47

RBC (2012), Pathway 2231
Log10 LR: 48.20

RBC (2012), Pathway 2243
Log10 LR: 6.82

RBC (2012), Pathway 2135
Log10 LR: 6.29

RBC (2012), Pathway 2168
Log10 LR: 6.29

RBC (2012), Pathway 1773
Log10 LR: 21.20

RBC (2012), Pathway 1938
Log10 LR: 51.87

RBC (2012), Pathway 1158
Log10 LR: 11.87

RBC (2012), Pathway 1617
Log10 LR: 11.19
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Schizophrenia [37]

SCZ (2014), Pathway 3871
Log10 LR: 457.44

SCZ (2014), Pathway 3872
Log10 LR: 458.95

SCZ (2014), Pathway 3813
Log10 LR: 218.73

SCZ (2014), Pathway 3839
Log10 LR: 422.75

SCZ (2014), Pathway 3755
Log10 LR: 299.98

SCZ (2014), Pathway 3805
Log10 LR: 308.76

SCZ (2014), Pathway 3627
Log10 LR: 28.93

SCZ (2014), Pathway 3754
Log10 LR: 299.44

SCZ (2014), Pathway 1746
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Type 2 diabetes [41]

T2D (2012), Pathway 2338
Log10 LR: −0.20

T2D (2012), Pathway 2710
Log10 LR: 2.07

T2D (2012), Pathway 1731
Log10 LR: 23.42

T2D (2012), Pathway 2215
Log10 LR: 21.92

T2D (2012), Pathway 1421
Log10 LR: 23.42

T2D (2012), Pathway 1730
Log10 LR: 13.14

T2D (2012), Pathway 1292
Log10 LR: 1.37

T2D (2012), Pathway 1418
Log10 LR: −0.47

T2D (2012), Pathway 1160
Log10 LR: 0.54

T2D (2012), Pathway 1166
Log10 LR: 1.25
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Total cholesterol [22]

TC (2010), Pathway 2961
Log10 LR: 644.71

TC (2010), Pathway 3093
Log10 LR: 618.71

TC (2010), Pathway 2412
Log10 LR: 808.27

TC (2010), Pathway 2757
Log10 LR: 58.26

TC (2010), Pathway 2297
Log10 LR: 23.67

TC (2010), Pathway 2344
Log10 LR: 25.63

TC (2010), Pathway 2148
Log10 LR: 45.50

TC (2010), Pathway 2207
Log10 LR: 196.87

TC (2010), Pathway 1508
Log10 LR: 218.49

TC (2010), Pathway 2041
Log10 LR: 41.52
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Triglycerides [22]

TG (2010), Pathway 3671
Log10 LR: 46.01

TG (2010), Pathway 3839
Log10 LR: 86.26

TG (2010), Pathway 2847
Log10 LR: 69.12
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Log10 LR: 84.46
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Log10 LR: 80.44

TG (2010), Pathway 2757
Log10 LR: 98.53

TG (2010), Pathway 2297
Log10 LR: 83.57

TG (2010), Pathway 2344
Log10 LR: 89.67

TG (2010), Pathway 2041
Log10 LR: 37.32

TG (2010), Pathway 2148
Log10 LR: 35.56
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Ulcerative colitis [11]

UC (2015), Pathway 3762
Log10 LR: 303.02

UC (2015), Pathway 3850
Log10 LR: 418.36

UC (2015), Pathway 3253
Log10 LR: 243.02

UC (2015), Pathway 3604
Log10 LR: 347.58
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Log10 LR: 331.34

UC (2015), Pathway 3131
Log10 LR: 347.12

UC (2015), Pathway 2604
Log10 LR: 128.26

UC (2015), Pathway 2641
Log10 LR: 434.75

UC (2015), Pathway 2201
Log10 LR: 323.10

UC (2015), Pathway 2583
Log10 LR: 145.38
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Serum urate concentrations [43]

URATE (2013), Pathway 3847
Log10 LR: Inf

URATE (2013), Pathway 3852
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Waist-to-hip ratio adjusted for body mass index [36]

WHR (2015), Pathway 3774
Log10 LR: 7.00

WHR (2015), Pathway 3804
Log10 LR: 14.93

WHR (2015), Pathway 2526
Log10 LR: 36.40
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Log10 LR: 8.92

WHR (2015), Pathway 2212
Log10 LR: 10.22

WHR (2015), Pathway 2319
Log10 LR: 43.49

WHR (2015), Pathway 1941
Log10 LR: 13.76

WHR (2015), Pathway 2054
Log10 LR: 14.84

WHR (2015), Pathway 1291
Log10 LR: 4.90

WHR (2015), Pathway 1736
Log10 LR: 0.40
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26. Supplementary Figure 18. Compare the likelihood ratio (LR) with the enrichment Bayes
factor (BF). Simulation details are provided in Supplementary Figure 1. For each simulated
dataset, we compute a sanity check LR as defined in Supplementary Figure 17, and use RSS-
E to obtain an enrichment BF. In each panel, “competitive null” indicates datasets simulated from
the baseline model (i.e. no enrichment, M0 : θ = 0), and “pathway enriched” indicates datasets sim-
ulated from the enrichment model (M1 : θ > 0). Dashed lines are reference lines with slope one and
intercept zero.
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27. Supplementary Figure 19. Bayes factors for enrichment of genetic associations near all
genes in 31 phenotypes. For each phenotype, we use RSS-E to assess the genome-wide near-gene
enrichment hypothesis that SNPs within 100 kb of the transcribed region of any autosomal protein-
coding gene (18,313 in total in the present study; see Supplementary Figure 16) are more likely
to be associated with the phenotype. The x-axis shows Bayes factor (BF) for each genome-wide near-
gene enrichment hypothesis. The x-axis uses a normal scale inside the range [-1.5, 1.5], and a loga-
rithmic scale (base 10) outside (-1.5, 1.5).

For each phenotype we consider

• Model M0: each SNP has equal chance of being associated with the phenotype;
• Model M1: SNPs inside a target gene set are more often associated with the phenotype;
• Model M2: near-gene SNPs are more often associated with the phenotype.

To assess the enrichment of target gene set we compute the following BF:

BF(M1|M0)= Pr(Data|M1)
Pr(Data|M0)

.

Here we compute another BF to assess the genome-wide near-gene enrichment:

BF(M2|M0)= Pr(Data|M2)
Pr(Data|M0)

.

For a given phenotype, if BF(M1|M0) > BF(M2|M0), then the observed GWAS summary statistics
show more support for the target gene set enrichment than near-gene enrichment, and vice versa.
See [2] for more discussions of interpreting enrichment BFs.
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28. Supplementary Figure 20. Enrichment analyses of randomly selected near-gene SNPs
based on real GWAS summary statistics. For a given dataset of GWAS summary statistics, we select
a target gene set from the top enriched biological pathways or tissue-based gene sets, and then create
“null” sets by randomly drawing near-gene SNPs (defined in Supplementary Figure 2), the sizes
of which roughly match the target gene set. We perform enrichment analysis of these random sets
of near-gene SNPs on the same GWAS summary data, and compare their enrichment Bayes factors
(BFs) with BFs of the actual gene sets. We also use these simulated BFs to estimate false discovery
rate (FDR) at a given cutoff of BF (see the R codes below).

# a naive FDR estimate function
# "observed": the real gene sets
# "simulated": the random sets of near-gene SNPs

estimate_fdr <- function(log10.bf, case, cutoff) {
R <- sum(log10.bf[case=="observed"] >= cutoff) / sum(case=="observed")
V <- sum(log10.bf[case=="simulated"] >= cutoff) / sum(case=="simulated")
FDR <- V/R
return(FDR)

}

We perform this type of simulation on the following two real-data examples. The blue dots indi-
cate the real gene sets. The yellow triangles indicate the random sets of near-gene SNPs. The red
horizontal lines indicate log10 BF= 8.

28.1. Example 1.

• GWAS summary statistics: low-density lipoprotein [22].
• Target gene set: Chylomicron-mediated lipid transport (Reactome, Pathway Commons 2), 1,139

SNPs in this pathway, log10 BF= 62.8.
• Random sets of near-gene SNPs: 2,100 sets, set size∼Uniform(1,000, 2,000).
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28.2. Example 2.

• GWAS summary statistics: late-onset Alzheimer’s disease [39].
• Target gene set: Liver distinctive cluster [79], 9,013 SNPs in this gene set, log10 BF= 35.7.
• Random sets of near-gene SNPs: 1,000 sets, set size∼Uniform(7,000, 13,000).
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29. Supplementary Figure 21. Correlation between gene set enrichment Bayes factors (BFs)
and 52 functional categories in 31 phenotypes. For each pair of phenotype and functional category,
we plot the log 10 enrichment BF versus the proportion of functional SNPs for each of 4,026 gene sets
(3,913 biological pathways and 113 tissue-based gene sets), and compute their Pearson correlation.
In each plot, the black dashed line indicates the proportion of genome-wide SNPs falling into the
given functional category; the red solid line indicates the proportion of near-gene SNPs (defined in
Supplementary Figure 2) falling into the given functional category.

Below are the 52 functional categories used in [55].

## [1] "Coding_UCSC" "Coding_UCSC.extend.500"
## [3] "Conserved_LindbladToh" "Conserved_LindbladToh.extend.500"
## [5] "CTCF_Hoffman" "CTCF_Hoffman.extend.500"
## [7] "DGF_ENCODE" "DGF_ENCODE.extend.500"
## [9] "DHS_peaks_Trynka" "DHS_Trynka"
## [11] "DHS_Trynka.extend.500" "Enhancer_Andersson"
## [13] "Enhancer_Andersson.extend.500" "Enhancer_Hoffman"
## [15] "Enhancer_Hoffman.extend.500" "FetalDHS_Trynka"
## [17] "FetalDHS_Trynka.extend.500" "H3K27ac_Hnisz"
## [19] "H3K27ac_Hnisz.extend.500" "H3K27ac_PGC2"
## [21] "H3K27ac_PGC2.extend.500" "H3K4me1_peaks_Trynka"
## [23] "H3K4me1_Trynka" "H3K4me1_Trynka.extend.500"
## [25] "H3K4me3_peaks_Trynka" "H3K4me3_Trynka"
## [27] "H3K4me3_Trynka.extend.500" "H3K9ac_peaks_Trynka"
## [29] "H3K9ac_Trynka" "H3K9ac_Trynka.extend.500"
## [31] "Intron_UCSC" "Intron_UCSC.extend.500"
## [33] "PromoterFlanking_Hoffman" "PromoterFlanking_Hoffman.extend.500"
## [35] "Promoter_UCSC" "Promoter_UCSC.extend.500"
## [37] "Repressed_Hoffman" "Repressed_Hoffman.extend.500"
## [39] "SuperEnhancer_Hnisz" "SuperEnhancer_Hnisz.extend.500"
## [41] "TFBS_ENCODE" "TFBS_ENCODE.extend.500"
## [43] "Transcribed_Hoffman" "Transcribed_Hoffman.extend.500"
## [45] "TSS_Hoffman" "TSS_Hoffman.extend.500"
## [47] "UTR_3_UCSC" "UTR_3_UCSC.extend.500"
## [49] "UTR_5_UCSC" "UTR_5_UCSC.extend.500"
## [51] "WeakEnhancer_Hoffman" "WeakEnhancer_Hoffman.extend.500"
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Functional category: Conserved_LindbladToh
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SCZ (0.184) BMI (0.005) HEIGHT (0.091) WHR (0.007)

ALS (0.006) DS (−0.021) LOAD (0.056) NEU (0.046)
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Functional category: Conserved_LindbladToh.extend.500

MCV (−0.023) PCV (−0.016) RBC (−0.027)

URATE (−0.001) HB (−0.036) MCH (−0.011) MCHC (−0.039)

MI (−0.081) T2D (−0.036) TC (0.016) TG (0.028)

HDL (0.012) HR (0.062) LDL (0.032) FI (0.015)

ANM (−0.003) CAD (−0.034) FG (−0.021) GOUT (0.015)

CD (−0.018) IBD (−0.006) RA (−0.026) UC (0.024)

SCZ (0.127) BMI (0.003) HEIGHT (0.095) WHR (−0.027)

ALS (−0.032) DS (−0.032) LOAD (−0.004) NEU (0.020)
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Functional category: CTCF_Hoffman

MCV (−0.025) PCV (0.007) RBC (0.014)

URATE (−0.005) HB (−0.039) MCH (−0.019) MCHC (0.043)

MI (−0.049) T2D (0.020) TC (−0.013) TG (−0.020)

HDL (0.041) HR (0.008) LDL (0.022) FI (−0.018)

ANM (0.032) CAD (0.013) FG (0.015) GOUT (0.033)

CD (0.048) IBD (0.052) RA (0.072) UC (0.082)

SCZ (0.039) BMI (−0.006) HEIGHT (−0.004) WHR (−0.034)

ALS (0.072) DS (0.081) LOAD (−0.001) NEU (0.013)
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Functional category: CTCF_Hoffman.extend.500

MCV (−0.055) PCV (0.013) RBC (0.009)

URATE (−0.004) HB (−0.063) MCH (−0.022) MCHC (0.029)

MI (−0.035) T2D (−0.001) TC (−0.023) TG (−0.022)

HDL (0.026) HR (0.022) LDL (0.001) FI (−0.009)

ANM (0.018) CAD (−0.003) FG (0.007) GOUT (0.026)

CD (0.055) IBD (0.054) RA (0.078) UC (0.092)

SCZ (0.051) BMI (0.005) HEIGHT (−0.005) WHR (−0.029)

ALS (0.090) DS (0.025) LOAD (0.017) NEU (−0.002)
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Functional category: DGF_ENCODE

MCV (0.044) PCV (0.071) RBC (0.018)

URATE (−0.001) HB (0.051) MCH (0.071) MCHC (0.008)

MI (−0.047) T2D (0.026) TC (−0.002) TG (−0.009)

HDL (0.119) HR (0.002) LDL (0.019) FI (−0.028)

ANM (−0.001) CAD (0.010) FG (−0.005) GOUT (0.017)

CD (0.102) IBD (0.147) RA (0.197) UC (0.178)

SCZ (0.169) BMI (−0.033) HEIGHT (0.143) WHR (−0.019)

ALS (0.011) DS (−0.032) LOAD (−0.015) NEU (−0.003)
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Functional category: DGF_ENCODE.extend.500

MCV (0.013) PCV (0.040) RBC (−0.013)

URATE (0.014) HB (0.009) MCH (0.026) MCHC (−0.009)

MI (−0.035) T2D (0.038) TC (0.010) TG (−0.005)

HDL (0.084) HR (−0.004) LDL (0.027) FI (−0.020)

ANM (−0.006) CAD (−0.003) FG (−0.023) GOUT (−0.001)

CD (0.112) IBD (0.164) RA (0.197) UC (0.203)

SCZ (0.112) BMI (−0.052) HEIGHT (0.144) WHR (−0.015)

ALS (−0.007) DS (−0.076) LOAD (−0.033) NEU (−0.023)
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Functional category: DHS_peaks_Trynka

MCV (−0.000) PCV (0.041) RBC (0.006)

URATE (−0.007) HB (−0.000) MCH (0.013) MCHC (−0.016)

MI (−0.063) T2D (0.044) TC (−0.013) TG (−0.026)

HDL (0.055) HR (−0.011) LDL (0.042) FI (−0.026)

ANM (−0.010) CAD (−0.010) FG (−0.027) GOUT (−0.014)

CD (0.098) IBD (0.133) RA (0.134) UC (0.161)

SCZ (0.068) BMI (−0.032) HEIGHT (0.138) WHR (−0.023)

ALS (−0.051) DS (−0.068) LOAD (−0.013) NEU (−0.014)

0 500 1000 1500 0 250 500 750 0 100 200

0 200 400 600 800 0 1000 2000 3000 0 500 1000 0 300 600 900

0 50 100 150 200 0 200 400 600 0 250 500 750 1000 0 500 1000

0 40 80 0 50 100 150 200 250 0 20 40 60 80 0 500 1000

0 300 600 900 0 10 20 30 0 1000 2000 3000 0 100 200

0 10 20 0 10 20 30 −5 0 5 10 0 4 8 12

−2 −1 0 1 2 0 50 100 150 0 20 40 60 0 20 40 60 80

−0.5 0.0 0.5 1.0 0 100 200 300 400 0 25 50 75 0 50 100 150

0.1

0.2

0.3

0.1

0.2

0.3

0.1

0.2

0.3

0.1

0.2

0.3

0.1

0.2

0.3

0.1

0.2

0.3

0.1

0.2

0.3

0.1

0.2

0.3

Log 10 enrichment Bayes factor

P
ro

po
rt

io
n 

of
 fu

nc
tio

na
l S

N
P

s 
in

 th
e 

ge
ne

 s
et

Trait category Neurological Anthropometric Immune−related Metabolic Hematopoietic



128

Functional category: DHS_Trynka

MCV (0.007) PCV (0.042) RBC (−0.000)

URATE (−0.001) HB (0.002) MCH (0.012) MCHC (−0.006)

MI (−0.049) T2D (0.049) TC (−0.009) TG (−0.021)

HDL (0.049) HR (−0.027) LDL (0.052) FI (−0.015)

ANM (−0.002) CAD (−0.006) FG (−0.028) GOUT (−0.015)

CD (0.104) IBD (0.142) RA (0.139) UC (0.167)

SCZ (0.059) BMI (−0.043) HEIGHT (0.142) WHR (−0.023)

ALS (−0.051) DS (−0.077) LOAD (−0.026) NEU (−0.022)
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Functional category: DHS_Trynka.extend.500

MCV (−0.028) PCV (0.023) RBC (−0.019)

URATE (0.013) HB (−0.042) MCH (−0.039) MCHC (−0.016)

MI (−0.035) T2D (0.034) TC (−0.007) TG (−0.021)

HDL (−0.007) HR (−0.031) LDL (0.030) FI (0.007)

ANM (−0.011) CAD (0.000) FG (−0.025) GOUT (−0.006)

CD (0.108) IBD (0.138) RA (0.112) UC (0.179)

SCZ (−0.021) BMI (−0.068) HEIGHT (0.105) WHR (−0.019)

ALS (−0.052) DS (−0.105) LOAD (−0.028) NEU (−0.027)
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Functional category: Enhancer_Andersson

MCV (−0.069) PCV (−0.019) RBC (−0.049)

URATE (0.006) HB (−0.064) MCH (−0.047) MCHC (−0.008)

MI (−0.029) T2D (0.113) TC (−0.020) TG (−0.031)

HDL (0.080) HR (0.011) LDL (0.021) FI (0.007)

ANM (−0.024) CAD (−0.015) FG (−0.004) GOUT (0.009)

CD (0.154) IBD (0.204) RA (0.243) UC (0.240)

SCZ (0.035) BMI (−0.074) HEIGHT (0.093) WHR (−0.050)

ALS (−0.046) DS (−0.041) LOAD (−0.002) NEU (0.014)
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Functional category: Enhancer_Andersson.extend.500

MCV (−0.078) PCV (−0.014) RBC (−0.055)

URATE (0.004) HB (−0.064) MCH (−0.064) MCHC (0.029)

MI (−0.005) T2D (0.087) TC (−0.020) TG (−0.032)

HDL (0.048) HR (−0.013) LDL (−0.001) FI (0.010)

ANM (−0.013) CAD (−0.003) FG (−0.013) GOUT (0.019)

CD (0.219) IBD (0.275) RA (0.290) UC (0.295)

SCZ (−0.014) BMI (−0.100) HEIGHT (0.085) WHR (−0.065)

ALS (−0.051) DS (−0.034) LOAD (−0.010) NEU (−0.022)
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Functional category: Enhancer_Hoffman

MCV (−0.014) PCV (0.034) RBC (0.010)

URATE (−0.003) HB (−0.005) MCH (0.003) MCHC (0.006)

MI (−0.061) T2D (0.070) TC (−0.008) TG (−0.023)

HDL (0.098) HR (−0.003) LDL (0.037) FI (0.009)

ANM (−0.011) CAD (0.021) FG (−0.004) GOUT (−0.007)

CD (0.141) IBD (0.201) RA (0.202) UC (0.236)

SCZ (0.111) BMI (−0.053) HEIGHT (0.125) WHR (−0.036)

ALS (−0.004) DS (−0.047) LOAD (−0.018) NEU (−0.008)
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Functional category: Enhancer_Hoffman.extend.500

MCV (0.011) PCV (0.048) RBC (0.003)

URATE (0.005) HB (0.021) MCH (0.030) MCHC (0.005)

MI (−0.059) T2D (0.067) TC (0.000) TG (−0.015)

HDL (0.090) HR (−0.014) LDL (0.035) FI (−0.002)

ANM (−0.000) CAD (0.019) FG (−0.007) GOUT (0.010)

CD (0.132) IBD (0.187) RA (0.209) UC (0.219)

SCZ (0.135) BMI (−0.066) HEIGHT (0.121) WHR (−0.022)

ALS (−0.002) DS (−0.028) LOAD (−0.008) NEU (−0.014)
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Functional category: FetalDHS_Trynka

MCV (0.050) PCV (0.066) RBC (−0.014)

URATE (0.000) HB (0.044) MCH (0.046) MCHC (−0.011)

MI (−0.091) T2D (0.051) TC (−0.008) TG (−0.023)

HDL (0.062) HR (0.005) LDL (0.049) FI (−0.039)

ANM (−0.015) CAD (−0.005) FG (−0.024) GOUT (0.007)

CD (0.113) IBD (0.136) RA (0.150) UC (0.160)

SCZ (0.090) BMI (−0.058) HEIGHT (0.128) WHR (−0.020)

ALS (−0.062) DS (−0.075) LOAD (−0.004) NEU (−0.022)
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Functional category: FetalDHS_Trynka.extend.500

MCV (−0.029) PCV (0.038) RBC (−0.024)

URATE (0.004) HB (−0.033) MCH (−0.038) MCHC (−0.009)

MI (−0.085) T2D (0.074) TC (−0.015) TG (−0.024)

HDL (0.002) HR (−0.005) LDL (0.042) FI (−0.007)

ANM (−0.018) CAD (−0.005) FG (−0.038) GOUT (−0.018)

CD (0.153) IBD (0.185) RA (0.159) UC (0.229)

SCZ (−0.002) BMI (−0.100) HEIGHT (0.099) WHR (−0.024)

ALS (−0.068) DS (−0.103) LOAD (−0.011) NEU (−0.026)
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Functional category: H3K27ac_Hnisz

MCV (−0.011) PCV (0.030) RBC (0.014)

URATE (0.003) HB (−0.012) MCH (0.004) MCHC (−0.021)

MI (−0.066) T2D (0.084) TC (−0.010) TG (−0.026)

HDL (0.089) HR (−0.002) LDL (0.027) FI (−0.015)

ANM (−0.007) CAD (0.032) FG (−0.027) GOUT (0.005)

CD (0.144) IBD (0.187) RA (0.203) UC (0.226)

SCZ (0.102) BMI (−0.057) HEIGHT (0.128) WHR (−0.010)

ALS (−0.009) DS (−0.026) LOAD (−0.005) NEU (−0.014)
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Functional category: H3K27ac_Hnisz.extend.500

MCV (−0.007) PCV (0.031) RBC (0.013)

URATE (0.004) HB (−0.006) MCH (0.009) MCHC (−0.020)

MI (−0.068) T2D (0.082) TC (−0.008) TG (−0.022)

HDL (0.088) HR (−0.001) LDL (0.026) FI (−0.019)

ANM (−0.007) CAD (0.030) FG (−0.029) GOUT (0.002)

CD (0.138) IBD (0.181) RA (0.201) UC (0.222)

SCZ (0.107) BMI (−0.059) HEIGHT (0.129) WHR (−0.011)

ALS (−0.007) DS (−0.029) LOAD (−0.007) NEU (−0.010)
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Functional category: H3K27ac_PGC2

MCV (0.015) PCV (0.045) RBC (0.002)

URATE (0.009) HB (0.019) MCH (0.024) MCHC (−0.010)

MI (−0.046) T2D (0.090) TC (0.004) TG (−0.017)

HDL (0.114) HR (0.001) LDL (0.045) FI (−0.023)

ANM (0.004) CAD (0.032) FG (−0.020) GOUT (0.023)

CD (0.149) IBD (0.197) RA (0.240) UC (0.227)

SCZ (0.115) BMI (−0.033) HEIGHT (0.114) WHR (−0.015)

ALS (−0.002) DS (−0.027) LOAD (0.010) NEU (−0.006)
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Functional category: H3K27ac_PGC2.extend.500

MCV (0.015) PCV (0.037) RBC (0.009)

URATE (0.008) HB (0.018) MCH (0.026) MCHC (−0.009)

MI (−0.046) T2D (0.092) TC (0.002) TG (−0.016)

HDL (0.106) HR (0.004) LDL (0.037) FI (−0.023)

ANM (0.003) CAD (0.029) FG (−0.022) GOUT (0.012)

CD (0.137) IBD (0.183) RA (0.229) UC (0.214)

SCZ (0.117) BMI (−0.039) HEIGHT (0.120) WHR (−0.010)

ALS (−0.002) DS (−0.038) LOAD (−0.002) NEU (−0.005)
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Functional category: H3K4me1_peaks_Trynka

MCV (−0.009) PCV (0.050) RBC (−0.006)

URATE (0.005) HB (−0.005) MCH (0.003) MCHC (−0.011)

MI (−0.055) T2D (0.067) TC (−0.001) TG (−0.029)

HDL (0.082) HR (0.002) LDL (0.024) FI (−0.004)

ANM (−0.002) CAD (0.000) FG (−0.010) GOUT (0.006)

CD (0.104) IBD (0.144) RA (0.166) UC (0.185)

SCZ (0.155) BMI (−0.048) HEIGHT (0.154) WHR (−0.002)

ALS (−0.035) DS (−0.055) LOAD (−0.005) NEU (−0.002)
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Functional category: H3K4me1_Trynka

MCV (−0.006) PCV (0.029) RBC (−0.005)

URATE (0.005) HB (−0.008) MCH (0.019) MCHC (−0.015)

MI (−0.059) T2D (0.052) TC (0.010) TG (−0.007)

HDL (0.127) HR (0.012) LDL (0.031) FI (−0.033)

ANM (−0.004) CAD (0.013) FG (−0.033) GOUT (−0.000)

CD (0.070) IBD (0.106) RA (0.164) UC (0.139)

SCZ (0.169) BMI (−0.037) HEIGHT (0.144) WHR (0.003)

ALS (0.005) DS (−0.037) LOAD (−0.013) NEU (0.001)

0 500 1000 1500 0 250 500 750 0 100 200

0 200 400 600 800 0 1000 2000 3000 0 500 1000 0 300 600 900

0 50 100 150 200 0 200 400 600 0 250 500 750 1000 0 500 1000

0 40 80 0 50 100 150 200 250 0 20 40 60 80 0 500 1000

0 300 600 900 0 10 20 30 0 1000 2000 3000 0 100 200

0 10 20 0 10 20 30 −5 0 5 10 0 4 8 12

−2 −1 0 1 2 0 50 100 150 0 20 40 60 0 20 40 60 80

−0.5 0.0 0.5 1.0 0 100 200 300 400 0 25 50 75 0 50 100 150

0.4

0.6

0.8

1.0

0.4

0.6

0.8

1.0

0.4

0.6

0.8

1.0

0.4

0.6

0.8

1.0

0.4

0.6

0.8

1.0

0.4

0.6

0.8

1.0

0.4

0.6

0.8

1.0

0.4

0.6

0.8

1.0

Log 10 enrichment Bayes factor

P
ro

po
rt

io
n 

of
 fu

nc
tio

na
l S

N
P

s 
in

 th
e 

ge
ne

 s
et

Trait category Neurological Anthropometric Immune−related Metabolic Hematopoietic



142

Functional category: H3K4me1_Trynka.extend.500

MCV (−0.008) PCV (0.026) RBC (−0.006)

URATE (0.008) HB (−0.007) MCH (0.021) MCHC (−0.017)

MI (−0.055) T2D (0.056) TC (0.010) TG (0.004)

HDL (0.111) HR (0.023) LDL (0.022) FI (−0.037)

ANM (−0.007) CAD (−0.001) FG (−0.032) GOUT (−0.009)

CD (0.068) IBD (0.096) RA (0.145) UC (0.131)

SCZ (0.161) BMI (−0.024) HEIGHT (0.139) WHR (0.014)

ALS (0.009) DS (−0.027) LOAD (−0.019) NEU (−0.011)

0 500 1000 1500 0 250 500 750 0 100 200

0 200 400 600 800 0 1000 2000 3000 0 500 1000 0 300 600 900

0 50 100 150 200 0 200 400 600 0 250 500 750 1000 0 500 1000

0 40 80 0 50 100 150 200 250 0 20 40 60 80 0 500 1000

0 300 600 900 0 10 20 30 0 1000 2000 3000 0 100 200

0 10 20 0 10 20 30 −5 0 5 10 0 4 8 12

−2 −1 0 1 2 0 50 100 150 0 20 40 60 0 20 40 60 80

−0.5 0.0 0.5 1.0 0 100 200 300 400 0 25 50 75 0 50 100 150

0.6

0.8

1.0

0.6

0.8

1.0

0.6

0.8

1.0

0.6

0.8

1.0

0.6

0.8

1.0

0.6

0.8

1.0

0.6

0.8

1.0

0.6

0.8

1.0

Log 10 enrichment Bayes factor

P
ro

po
rt

io
n 

of
 fu

nc
tio

na
l S

N
P

s 
in

 th
e 

ge
ne

 s
et

Trait category Neurological Anthropometric Immune−related Metabolic Hematopoietic



143

Functional category: H3K4me3_peaks_Trynka

MCV (0.073) PCV (0.099) RBC (0.020)

URATE (−0.011) HB (0.086) MCH (0.108) MCHC (0.006)

MI (−0.040) T2D (0.026) TC (0.002) TG (−0.025)

HDL (0.108) HR (0.011) LDL (0.039) FI (−0.038)

ANM (0.041) CAD (0.007) FG (0.004) GOUT (0.017)

CD (0.077) IBD (0.112) RA (0.172) UC (0.129)

SCZ (0.213) BMI (−0.042) HEIGHT (0.131) WHR (−0.004)

ALS (0.014) DS (−0.012) LOAD (−0.002) NEU (−0.009)
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Functional category: H3K4me3_Trynka

MCV (0.050) PCV (0.081) RBC (0.005)

URATE (−0.012) HB (0.060) MCH (0.092) MCHC (0.006)

MI (−0.009) T2D (0.023) TC (0.002) TG (−0.019)

HDL (0.108) HR (−0.004) LDL (0.021) FI (−0.039)

ANM (0.003) CAD (0.016) FG (0.005) GOUT (0.047)

CD (0.060) IBD (0.102) RA (0.166) UC (0.134)

SCZ (0.235) BMI (−0.036) HEIGHT (0.108) WHR (−0.014)

ALS (0.048) DS (0.004) LOAD (0.009) NEU (0.009)
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Functional category: H3K4me3_Trynka.extend.500

MCV (0.046) PCV (0.065) RBC (0.012)

URATE (−0.011) HB (0.054) MCH (0.079) MCHC (0.008)

MI (−0.008) T2D (0.019) TC (0.004) TG (−0.013)

HDL (0.115) HR (−0.019) LDL (0.035) FI (−0.036)

ANM (−0.014) CAD (0.017) FG (−0.004) GOUT (0.048)

CD (0.066) IBD (0.113) RA (0.169) UC (0.148)

SCZ (0.226) BMI (−0.018) HEIGHT (0.116) WHR (−0.004)

ALS (0.043) DS (−0.001) LOAD (0.004) NEU (−0.003)
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Functional category: H3K9ac_peaks_Trynka

MCV (0.037) PCV (0.070) RBC (0.031)

URATE (0.004) HB (0.047) MCH (0.077) MCHC (−0.001)

MI (−0.034) T2D (−0.011) TC (0.010) TG (−0.008)

HDL (0.138) HR (0.015) LDL (0.042) FI (−0.045)

ANM (0.036) CAD (0.016) FG (0.025) GOUT (0.039)

CD (0.017) IBD (0.029) RA (0.086) UC (0.054)

SCZ (0.237) BMI (−0.006) HEIGHT (0.117) WHR (0.009)

ALS (0.044) DS (−0.026) LOAD (0.010) NEU (0.018)
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Functional category: H3K9ac_Trynka

MCV (0.030) PCV (0.070) RBC (0.030)

URATE (0.003) HB (0.036) MCH (0.076) MCHC (−0.002)

MI (−0.024) T2D (−0.013) TC (0.012) TG (−0.002)

HDL (0.155) HR (0.011) LDL (0.040) FI (−0.046)

ANM (0.014) CAD (0.034) FG (0.016) GOUT (0.050)

CD (−0.003) IBD (0.018) RA (0.084) UC (0.051)

SCZ (0.230) BMI (0.016) HEIGHT (0.107) WHR (0.006)

ALS (0.076) DS (0.010) LOAD (0.012) NEU (0.013)
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Functional category: H3K9ac_Trynka.extend.500

MCV (0.020) PCV (0.049) RBC (0.033)

URATE (0.001) HB (0.022) MCH (0.065) MCHC (−0.009)

MI (−0.023) T2D (−0.010) TC (0.016) TG (0.008)

HDL (0.177) HR (0.014) LDL (0.046) FI (−0.046)

ANM (0.011) CAD (0.028) FG (−0.004) GOUT (0.036)

CD (−0.005) IBD (0.016) RA (0.097) UC (0.047)

SCZ (0.228) BMI (0.020) HEIGHT (0.116) WHR (0.018)

ALS (0.065) DS (−0.014) LOAD (0.006) NEU (0.010)
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Functional category: Intron_UCSC

MCV (−0.077) PCV (−0.016) RBC (−0.002)

URATE (0.005) HB (−0.100) MCH (−0.091) MCHC (−0.049)

MI (−0.018) T2D (−0.051) TC (0.013) TG (0.016)

HDL (−0.015) HR (0.008) LDL (0.004) FI (0.027)

ANM (0.075) CAD (−0.010) FG (−0.018) GOUT (0.004)

CD (−0.019) IBD (−0.093) RA (−0.168) UC (−0.099)

SCZ (−0.120) BMI (0.005) HEIGHT (−0.007) WHR (0.035)

ALS (−0.160) DS (−0.048) LOAD (−0.005) NEU (−0.036)
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Functional category: Intron_UCSC.extend.500

MCV (−0.066) PCV (−0.005) RBC (0.013)

URATE (0.003) HB (−0.088) MCH (−0.067) MCHC (−0.054)

MI (−0.025) T2D (−0.053) TC (0.018) TG (0.023)

HDL (0.024) HR (0.006) LDL (0.012) FI (0.009)

ANM (0.076) CAD (−0.001) FG (−0.015) GOUT (0.011)

CD (−0.028) IBD (−0.101) RA (−0.152) UC (−0.103)

SCZ (−0.077) BMI (0.005) HEIGHT (−0.010) WHR (0.036)

ALS (−0.128) DS (−0.039) LOAD (0.011) NEU (−0.026)
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Functional category: PromoterFlanking_Hoffman

MCV (0.135) PCV (0.053) RBC (−0.017)

URATE (0.010) HB (0.175) MCH (0.138) MCHC (−0.019)

MI (−0.012) T2D (0.028) TC (0.023) TG (0.014)

HDL (0.088) HR (0.035) LDL (−0.033) FI (−0.032)

ANM (0.022) CAD (−0.047) FG (−0.007) GOUT (0.044)

CD (0.004) IBD (0.032) RA (0.113) UC (0.021)

SCZ (0.209) BMI (0.023) HEIGHT (0.070) WHR (0.007)

ALS (0.041) DS (0.001) LOAD (−0.010) NEU (0.037)
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Functional category: PromoterFlanking_Hoffman.extend.500

MCV (0.159) PCV (0.066) RBC (0.005)

URATE (0.005) HB (0.196) MCH (0.173) MCHC (0.017)

MI (−0.032) T2D (0.007) TC (0.013) TG (0.025)

HDL (0.105) HR (0.043) LDL (−0.015) FI (−0.054)

ANM (−0.004) CAD (−0.020) FG (−0.023) GOUT (0.054)

CD (0.009) IBD (0.040) RA (0.172) UC (0.030)

SCZ (0.277) BMI (0.023) HEIGHT (0.067) WHR (0.001)

ALS (0.074) DS (0.021) LOAD (−0.005) NEU (0.032)
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Functional category: Promoter_UCSC

MCV (0.142) PCV (0.075) RBC (0.034)

URATE (−0.003) HB (0.157) MCH (0.173) MCHC (−0.004)

MI (0.063) T2D (−0.010) TC (0.023) TG (0.025)

HDL (0.139) HR (0.014) LDL (−0.011) FI (−0.077)

ANM (0.018) CAD (−0.007) FG (0.013) GOUT (0.067)

CD (−0.060) IBD (−0.054) RA (0.065) UC (−0.054)

SCZ (0.234) BMI (0.026) HEIGHT (−0.009) WHR (0.014)

ALS (0.136) DS (0.117) LOAD (0.041) NEU (0.041)
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Functional category: Promoter_UCSC.extend.500

MCV (0.126) PCV (0.065) RBC (0.031)

URATE (−0.005) HB (0.139) MCH (0.164) MCHC (0.004)

MI (0.065) T2D (−0.009) TC (0.022) TG (0.028)

HDL (0.131) HR (0.021) LDL (−0.014) FI (−0.080)

ANM (0.009) CAD (−0.007) FG (0.010) GOUT (0.059)

CD (−0.060) IBD (−0.055) RA (0.064) UC (−0.052)

SCZ (0.234) BMI (0.025) HEIGHT (−0.014) WHR (0.016)

ALS (0.144) DS (0.103) LOAD (0.047) NEU (0.048)
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Functional category: Repressed_Hoffman

MCV (−0.070) PCV (−0.040) RBC (−0.020)

URATE (−0.023) HB (−0.062) MCH (−0.092) MCHC (−0.008)

MI (0.083) T2D (−0.030) TC (−0.035) TG (−0.031)

HDL (−0.142) HR (−0.042) LDL (−0.030) FI (0.027)

ANM (−0.034) CAD (0.018) FG (0.015) GOUT (−0.004)

CD (−0.006) IBD (−0.015) RA (−0.108) UC (−0.036)

SCZ (−0.197) BMI (−0.015) HEIGHT (−0.117) WHR (−0.043)

ALS (0.006) DS (0.023) LOAD (−0.000) NEU (−0.010)
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Functional category: Repressed_Hoffman.extend.500

MCV (−0.078) PCV (−0.048) RBC (−0.007)

URATE (−0.020) HB (−0.074) MCH (−0.101) MCHC (−0.000)

MI (0.073) T2D (−0.033) TC (−0.030) TG (−0.026)

HDL (−0.152) HR (−0.040) LDL (−0.027) FI (0.036)

ANM (−0.037) CAD (0.013) FG (0.010) GOUT (−0.002)

CD (0.007) IBD (−0.005) RA (−0.107) UC (−0.026)

SCZ (−0.212) BMI (−0.017) HEIGHT (−0.116) WHR (−0.035)

ALS (−0.001) DS (0.016) LOAD (0.002) NEU (−0.018)
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Functional category: SuperEnhancer_Hnisz

MCV (−0.016) PCV (0.048) RBC (−0.036)

URATE (0.003) HB (−0.008) MCH (−0.016) MCHC (−0.009)

MI (−0.040) T2D (0.099) TC (−0.021) TG (−0.042)

HDL (0.063) HR (−0.003) LDL (0.055) FI (−0.001)

ANM (0.001) CAD (0.059) FG (−0.024) GOUT (0.027)

CD (0.155) IBD (0.210) RA (0.216) UC (0.263)

SCZ (0.062) BMI (−0.060) HEIGHT (0.117) WHR (−0.022)

ALS (−0.025) DS (−0.037) LOAD (−0.013) NEU (−0.026)
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Functional category: SuperEnhancer_Hnisz.extend.500

MCV (−0.014) PCV (0.049) RBC (−0.036)

URATE (0.003) HB (−0.006) MCH (−0.014) MCHC (−0.010)

MI (−0.040) T2D (0.098) TC (−0.021) TG (−0.042)

HDL (0.064) HR (−0.002) LDL (0.054) FI (−0.002)

ANM (0.001) CAD (0.058) FG (−0.024) GOUT (0.026)

CD (0.155) IBD (0.210) RA (0.217) UC (0.262)

SCZ (0.065) BMI (−0.060) HEIGHT (0.118) WHR (−0.023)

ALS (−0.024) DS (−0.035) LOAD (−0.012) NEU (−0.025)
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Functional category: TFBS_ENCODE

MCV (0.088) PCV (0.095) RBC (−0.000)

URATE (−0.003) HB (0.100) MCH (0.117) MCHC (0.021)

MI (−0.049) T2D (0.017) TC (−0.004) TG (−0.011)

HDL (0.133) HR (−0.005) LDL (0.033) FI (−0.033)

ANM (0.015) CAD (−0.008) FG (−0.006) GOUT (0.017)

CD (0.067) IBD (0.119) RA (0.184) UC (0.148)

SCZ (0.219) BMI (−0.037) HEIGHT (0.128) WHR (−0.010)

ALS (0.043) DS (−0.029) LOAD (0.001) NEU (0.005)
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Functional category: TFBS_ENCODE.extend.500

MCV (0.050) PCV (0.064) RBC (−0.010)

URATE (−0.004) HB (0.059) MCH (0.071) MCHC (0.007)

MI (−0.035) T2D (0.015) TC (−0.013) TG (−0.016)

HDL (0.100) HR (−0.013) LDL (0.024) FI (−0.018)

ANM (−0.002) CAD (−0.003) FG (−0.019) GOUT (0.013)

CD (0.087) IBD (0.136) RA (0.189) UC (0.175)

SCZ (0.185) BMI (−0.050) HEIGHT (0.125) WHR (−0.028)

ALS (0.035) DS (−0.030) LOAD (0.000) NEU (0.005)
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Functional category: Transcribed_Hoffman

MCV (0.046) PCV (0.013) RBC (0.011)

URATE (0.019) HB (0.038) MCH (0.061) MCHC (−0.006)

MI (−0.077) T2D (0.017) TC (0.025) TG (0.027)

HDL (0.100) HR (0.048) LDL (0.016) FI (−0.023)

ANM (0.029) CAD (−0.025) FG (−0.019) GOUT (0.016)

CD (−0.033) IBD (−0.047) RA (0.037) UC (−0.034)

SCZ (0.156) BMI (0.019) HEIGHT (0.096) WHR (0.060)

ALS (−0.047) DS (−0.021) LOAD (−0.012) NEU (0.017)
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Functional category: Transcribed_Hoffman.extend.500

MCV (0.017) PCV (0.010) RBC (0.059)

URATE (0.004) HB (0.011) MCH (0.025) MCHC (0.007)

MI (−0.101) T2D (0.002) TC (0.010) TG (0.012)

HDL (0.052) HR (0.036) LDL (0.025) FI (0.004)

ANM (0.021) CAD (−0.015) FG (−0.005) GOUT (0.041)

CD (−0.034) IBD (−0.070) RA (−0.012) UC (−0.066)

SCZ (0.060) BMI (0.008) HEIGHT (0.047) WHR (0.052)

ALS (−0.072) DS (−0.015) LOAD (−0.006) NEU (0.007)
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Functional category: TSS_Hoffman

MCV (0.194) PCV (0.156) RBC (0.025)

URATE (0.006) HB (0.223) MCH (0.225) MCHC (0.025)

MI (−0.033) T2D (−0.008) TC (0.014) TG (−0.000)

HDL (0.132) HR (0.028) LDL (0.008) FI (−0.041)

ANM (0.041) CAD (−0.008) FG (0.009) GOUT (0.065)

CD (0.056) IBD (0.062) RA (0.145) UC (0.058)

SCZ (0.278) BMI (0.002) HEIGHT (0.096) WHR (0.004)

ALS (0.048) DS (0.037) LOAD (0.069) NEU (0.006)
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Functional category: TSS_Hoffman.extend.500

MCV (0.164) PCV (0.143) RBC (0.026)

URATE (0.005) HB (0.193) MCH (0.205) MCHC (0.022)

MI (−0.040) T2D (−0.008) TC (0.012) TG (0.001)

HDL (0.132) HR (0.016) LDL (0.014) FI (−0.046)

ANM (0.025) CAD (−0.006) FG (0.015) GOUT (0.061)

CD (0.041) IBD (0.055) RA (0.140) UC (0.058)

SCZ (0.280) BMI (−0.000) HEIGHT (0.090) WHR (−0.000)

ALS (0.067) DS (0.039) LOAD (0.057) NEU (0.013)
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Functional category: UTR_3_UCSC

MCV (0.021) PCV (−0.001) RBC (0.031)

URATE (−0.009) HB (0.025) MCH (0.056) MCHC (0.020)

MI (−0.042) T2D (−0.029) TC (0.003) TG (0.018)

HDL (0.084) HR (−0.002) LDL (−0.016) FI (−0.040)

ANM (0.016) CAD (−0.034) FG (−0.015) GOUT (0.023)

CD (−0.050) IBD (−0.055) RA (0.015) UC (−0.028)

SCZ (0.231) BMI (0.059) HEIGHT (0.031) WHR (−0.006)

ALS (0.118) DS (0.055) LOAD (0.032) NEU (0.020)
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Functional category: UTR_3_UCSC.extend.500

MCV (0.104) PCV (0.046) RBC (0.047)

URATE (0.004) HB (0.123) MCH (0.133) MCHC (0.015)

MI (−0.022) T2D (−0.017) TC (0.025) TG (0.029)

HDL (0.134) HR (−0.006) LDL (−0.005) FI (−0.076)

ANM (0.026) CAD (−0.027) FG (−0.009) GOUT (0.028)

CD (−0.057) IBD (−0.051) RA (0.043) UC (−0.033)

SCZ (0.249) BMI (0.076) HEIGHT (−0.008) WHR (−0.006)

ALS (0.136) DS (0.072) LOAD (0.021) NEU (0.048)
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Functional category: UTR_5_UCSC

MCV (0.045) PCV (0.053) RBC (0.022)

URATE (−0.016) HB (0.061) MCH (0.089) MCHC (−0.013)

MI (−0.039) T2D (−0.016) TC (0.006) TG (0.011)

HDL (0.092) HR (0.026) LDL (0.001) FI (−0.049)

ANM (0.039) CAD (0.036) FG (−0.001) GOUT (0.034)

CD (−0.034) IBD (−0.030) RA (0.049) UC (−0.010)

SCZ (0.159) BMI (0.085) HEIGHT (0.023) WHR (0.016)

ALS (0.101) DS (0.035) LOAD (0.017) NEU (0.013)
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Functional category: UTR_5_UCSC.extend.500

MCV (0.084) PCV (0.052) RBC (0.068)

URATE (−0.016) HB (0.097) MCH (0.135) MCHC (0.025)

MI (−0.010) T2D (−0.009) TC (0.006) TG (0.018)

HDL (0.123) HR (0.061) LDL (−0.019) FI (−0.062)

ANM (0.010) CAD (0.011) FG (−0.000) GOUT (0.074)

CD (−0.067) IBD (−0.056) RA (0.054) UC (−0.049)

SCZ (0.224) BMI (0.069) HEIGHT (0.008) WHR (0.005)

ALS (0.131) DS (0.114) LOAD (0.018) NEU (0.025)
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Functional category: WeakEnhancer_Hoffman

MCV (−0.020) PCV (0.034) RBC (0.005)

URATE (0.019) HB (−0.004) MCH (−0.004) MCHC (0.015)

MI (−0.040) T2D (0.041) TC (0.003) TG (−0.018)

HDL (0.072) HR (−0.015) LDL (0.036) FI (−0.008)

ANM (−0.021) CAD (0.012) FG (0.012) GOUT (−0.003)

CD (0.076) IBD (0.130) RA (0.159) UC (0.165)

SCZ (0.137) BMI (−0.047) HEIGHT (0.086) WHR (−0.031)

ALS (0.010) DS (−0.036) LOAD (−0.043) NEU (−0.004)
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Functional category: WeakEnhancer_Hoffman.extend.500

MCV (−0.031) PCV (0.042) RBC (−0.004)

URATE (0.010) HB (−0.020) MCH (−0.003) MCHC (0.009)

MI (−0.049) T2D (0.057) TC (−0.002) TG (−0.016)

HDL (0.063) HR (−0.037) LDL (0.031) FI (−0.004)

ANM (−0.008) CAD (0.017) FG (−0.014) GOUT (0.007)

CD (0.103) IBD (0.163) RA (0.181) UC (0.203)

SCZ (0.130) BMI (−0.074) HEIGHT (0.099) WHR (−0.016)

ALS (−0.005) DS (−0.043) LOAD (−0.020) NEU (−0.004)
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30. Supplementary Figure 22. Distribution of Bayes factors for enrichment of 3,913 biological
pathways in 31 phenotypes. These results are generated from the Round 1 enrichment analyses (see
Supplementary Table 7 for details).
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31. Supplementary Figure 23. Gene set overlap among top 6 most enriched pathways for each
of 31 phenotypes. Each barplot below shows the gene set overlap of the top 6 pathways with at least
10 member genes that show the largest enrichment Bayes factors (BFs) for each trait in Round 2
analyses (see Supplementary Table 7 for details). If multiple pathways from different databases
have the same pathway description, only the one with the largest BF is displayed here. For each
barplot, the yellow bars correspond to the pathway with the largest enrichment BF among the top 6
pathways. Full information about the enriched pathways can be found at http://xiangzhu.github.
io/rss-gsea/. Intersections of top pathways are visualized as UpSet plots [80].
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Waist-to-hip ratio adjusted for body mass index [36]
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Amyotrophic lateral sclerosis [45]
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Mean cell haemoglobin concentration [46]
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Packed cell volume [46]
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Alzheimer’s disease [39]
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Heart rate [38]
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Coronary artery disease [18]
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Myocardial infarction [18]
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Serum urate concentrations [43]
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Gout [43]
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Total cholesterol [22]
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Triglycerides [22]
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High-density lipoprotein [22]
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Low-density lipoprotein [22]
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Depressive symptoms [40]
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Neuroticism [40]
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Schizophrenia [37]
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Rheumatoid arthritis [26]
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Fasting glucose levels [46]
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Fasting insulin levels [46]
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Haemoglobin [46]
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Red blood cell count [46]
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Mean cell haemoglobin [46]
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Mean cell volume [46]
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Age at natural menopause [42]
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Inflammatory bowel disease [11]
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Crohn’s disease [11]
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Ulcerative colitis [11]
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Type 2 diabetes [41]
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32. Supplementary Figure 24. Estimated genome-wide background parameter (θ0) under the
baseline (M0) and enrichment (M1) models across 31 traits. Each dot represents a trait, with the
x-axis value being the posterior mean of θ0 estimated under M0 and a vertical point range indicating
the (2.5, 50, 97.5)-percentile for posterior means of θ0 across 100 top-ranked gene sets under M1.
The dashed line has slope one and intercept zero. The tight vertical point ranges demonstrate that
RSS-E gives almost identical estimates of θ0 in both baseline and enrichment analyses.
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33. Supplementary Figure 25. Estimated enrichment parameter (θ) versus the background
parameter (θ0) under the enrichment model (M1) across 31 traits. Each dot represents a trait, with
horizontal and vertical point ranges indicating the (2.5, 50, 97.5)-percentiles for posterior means of
θ0 and θ across 100 top-ranked gene sets respectively. This plot demonstrates that RSS-E yields a
positive estimate of enrichment parameter θ if the gene set is identified as enriched.
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34. Supplementary Figure 26. Compare the number of trait-associated loci detected under the
baseline hypothesis with the number of trait-associated loci detected under the enrichment hypoth-
esis. The baseline hypothesis assumes that no pathways are enriched (M0 : θ = 0). The enrichment
hypothesis assumes that a candidate pathway is enriched (M1 : θ > 0). For each trait, each dot corre-
sponds to one of the top 10 most enriched pathways in Round 2 analyses (shown in Supplementary
Figure 17). A positive value in x-axis indicates that more trait-associated loci (P1 > 0.9) are identi-
fied under the enrichment hypothesis than under the null hypothesis. See Supplementary Figure
10 for the definition of locus and P1. Note that some dots are overlapped due to their similar values
in x-axis.
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35. Supplementary Figure 27. Regional association plots of genes LIPC and LPL based on
single-SNP summary data of low-density lipoprotein cholesterol levels. The “2010 data” were re-
ported in [22]. The “2013 data” were reported in [24]. These regional plots are generated using the
package LocusZoom [81].

(a) Regional association plot of LIPC.

(b) Regional association plot of LPL.
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36. Supplementary Figure 28. Venn diagrams showing that three annotation methods yield
different sets of genes for a given tissue. For each tissue, we use three complementary methods to de-
fine tissue-relevant genes based on GTEx RNA-seq data [34]. The first approach (“highly expressed”,
HE) uses the highest expressed genes in each tissue. The second approach (“selectively expressed”,
SE) uses a tissue-selectivity score [82] designed to identify genes that are much more strongly ex-
pressed in that tissue than in other tissues. The third approach (“distinctively expressed”, DE) clus-
ters the tissue samples and identifies genes that are most informative for distinguishing each clus-
ter from others [79]. Note that the HE and SE methods define unique gene sets for a given tissue,
whereas the DE method sometimes produce a gene set shared by multiple tissues. All tissue-based
gene sets in the present study contain 100 member genes.



192



193



194

37. Supplementary Figure 29. Regional association plots of genes C2orf16 and GCKR based
on single-SNP summary data of total cholesterol and triglycerides levels. The “2010 data” were re-
ported in [22]. The “2013 data” were reported in [24]. These regional plots are generated using the
package LocusZoom [81].
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38. Supplementary Figure 30. Compare analyses of individual-level data [2] with analyses
of summary-level data. Simulation details of Panel (a) are provided in Supplementary Figure
6. Simulation details of Panel (b) are provided in Supplementary Figure 1. For each simulated
dataset, varbvs analyzes individual-level data and rss-e analyzes summary-level data. Note that
rss-e (original) (shown in blue) is included here merely for testing purpose; rss-e (squarem)
(shown in green) is the only algorithm used to generate results for the present study.

(a) Type 1 error rates of varbvs (orange), rss-e (original) (blue) and rss-e (squarem) (green)
in baseline simulations (see Supplementary Figure 6). For each simulated dataset, a type 1 error
is made if the enrichment Bayes factor (BF) is greater than the given cutoff for BF.
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ment simulations (see Supplementary Figure 1). For each scenario, the power is computed as the
fraction of datasets whose enrichment BFs are greater than the given cutoff for BF.
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