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Supplementary Notes

Supplementary Note 1

RSS-NET is a Bayesian hierarchical model given by

p ~ N(SRS7B, SRS), 1)
Bi ~ mj- N, o8+ -m,)-8o, 2)
n; = 1/[1+10"Corei0 3)
Hj = Ygeo;Wjg Vg (4)
Yie ~ (0,07, (5)

where A (u, X) denotes a normal distribution with mean vector g and covariance matrix
3, pi= (,31,...,,3},)’ is a p x 1 vector, S:= diag{(81,...,8,)'} is a p x p diagonal matrix, {,Bj,é'j}
are single-SNP effect estimate and its standard error for each SNP j in a GWAS, R := [#; ;1
is a p x p LD matrix estimated from a reference panel with ancestry matching the GWAS,
B :=(B1,...,Bp) is a p x 1 vector, f; is the true effect of each SNP j, n; denotes the prior
probability that §; # 0, u; denotes the prior expected value of §; conditioning on §; # 0,
0o denotes point mass at zero, {a;,0;,w,s} are known annotations derived from a given
regulatory network (see main text Equations (3)-(5)), y o denotes the random effect of SNP
J due to gene g, and {0y,60,00,0} are hyper-parameters.

To fit the RSS-NET model, we first integrate out y,:

p ~ N(SRSB, SRS), (6)
Bi ~ mj- N, 09 +1-m,)- 80, (7)
mj = 1/[1+10 G0ra9 (8)
0'? = 0(2)+02-Zg€0jwjz~g. 9)

We then write the posterior distribution of § as
Bl D)=ff(ﬁ | D,60,0,00,0)f(60,0,00,0 | D)dBpdOdoodo, (10)

WhereA 12 is a shorthand foI the input data of RSS-NET including GWAS summary statis-
tics {B,S}, LD estimates R and network annotations {a,0,W} (see main text Equations
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(3)-(5)). Given {0y,0,00,0}, we use the mean-field variational approximation algorithm
from RSS-E [1] to estimate f(f | D,0¢,0,00,0):

p
f(B1D,60,0,00,0) = []q7(B;1D,60,6,00,0), (11)
j=1
a7 (B; 1D,00,0,00,0) = af-AN(Bj; vi,@HH+1-a}) 8o(B)), (12)

where the optimal variational parameters {a;.‘,vj , T;} are given by:

1

*\2
TP = T (13)
i Fiiatvr
vio= (T;)Z.(%_ A RS ) (14)
S5 i SiSi
“ L { o } (15)
= - ——-exp .
1—05;‘ 1-7; o 2(7;)2

The per-iteration complexity of the coordinate descent algorithm specified by Equations
(13)-(15) is linear with p, the number of genome-wide SNPs analyzed.

We use F*(D,0,0,00,0), the variational lower bound corresponding to the optimal vari-
ational parameters {aJ, T *} in Equations (13)-(15) to approximate the log marginal

likelihood 1ogf([3 | S,R,a,O,W, 00,0,00,0):

Var,,
F*(D,00,0,00,0) = FoD)+BS2Eq(p)— - E’*(ﬁ)S IRSIE *(ﬁ)——ZarA—z(ﬁ’
2j3 Sj
1-a*
_Za log( ) Z(l a)log( J)
J= T
: (r*)2 @T*)2+ ()2
+ —J{1+log e ! }, (16)
R I

where Fy(D) = —[log|27 - SRS| +E’(§ﬁ§)—1ﬁ] / 2 is a constant of {0y,0,00,0}, E «(B) =

(Eg+(B1),...,Egx(Bp)), E *(,Bj)_a % andVarq*(ﬁj):a;‘[(r}*)2+(v;)2] (ajv*)2 Of note,

RSS-NET and RSS-E have the same computation scheme if we set O'j = 0% for all j =
1,...,p in Equations (13)-(16).

Finally, we approximate the joint posterior of hyper-parameters f(6¢,0,009,0 | D) as:
f(60,0,00,0 | D)= w*(0y,0,00,0) x exp{F*(D,0,0,00,0)}, amn

since we use independent uniform grid hyper-priors (Supplementary Table 14).

Supplementary Note 2

To assess whether a regulatory network is enriched for genetic associations with a trait,
we evaluate the following Bayes factor (BF):

_ f(ﬁ | gyﬁaayo’w,Ml)
f(ﬁ | gyﬁaayo’w;MO)’

(18)
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where M; denotes the enrichment model with 6 > 0 or 62 > 0, and M, denotes the base-
line model with 6 = 0 and 02 = 0. To compute BF we approximate intractable marginal
likelihoods in Equation (18) by corresponding variational lower bounds F*:

J B 18,R,8,0,W,00,60,00,0)f 00)f (O)f (00)f (0)d0dBodoodo
ff(B | §7ﬁ7a7 07W;90,0 = O,GO,U = O)f(GO)f(GO)dBOdUO

H 'Y explF*D,000,00,01, ™))

L1YL  exp(F*(D,6),0=0,0,0 =0))

BF =

u

(19)

where {Héh),e(h),agh),a(h)} and {9(“”),05[)} are pre-defined (Supplementary Table 14).

Supplementary Note 3

To identify association between a locus and a trait, we compute P71, the posterior probabil-
ity that at least one SNP in the locus is associated with the trait:

P;=1-Pr(f;=0,Yj€locus | D,model), (20)

where the “model” here can be the baseline model My (yielding Pll’ase), the enrichment
model M; for the near-gene control network (yielding P{**") or M for a given regulatory

network (yielding P7*"). Given a grid {th),B(h),agh ) oM}, Py is estimated as

Py = l—fPr(ﬁj=0, Vj elocus | D,0,0,00,0)f(00,0,00,0 | D)d0d0doodo
H
~ 1-Y ] [1—a;(egh),e(h’,agh),a‘h’) 0*OP,0M o1 ™), (21)
h=1 jelocus

Supplementary Note 4

In this study a regulatory network is a directed bipartite graph {Vrtr, Vrg, ETr_1g}, where
V1r denotes the node set of transcription factors (TF's), Vrg denotes the node set of target
genes (TGs), and Err_1g denotes the set of directed TF-to-TG edges, summarizing how
TFs regulate TGs through regulatory elements (REs). Each edge has a weight between 0
and 1, measuring the relative regulation strength of a TF on a TG.

Below is a small subset of B cell regulatory network (https://github.com/suwonglab/
rss-net/tree/master/data). In this example, Vg corresponds to the column TF, Vg
corresponds to the column TG, Etp_1qg corresponds to all rows of TF and TG, and the edge
weights are specified by the column Score.

TF TG Score
1 RARG EEF1A1 0.723037
2 S0X9 CD74 0.690921
3: EBF1 FXYD5 0.659009
4. PAX5 CD44 0.704366
5: TRIM28 GSAP 0.629798
6: POU6F1 RPS3A 0.632690

Given a TF, here we only consider the downstream effects of all genes that are directly
regulated by this TF; see main text Figure 1c and Equation (5). For example, it is bio-
logically possible that TF 1 regulates a target gene which is also a TF, say TF 2; when


https://github.com/suwonglab/rss-net/tree/master/data
https://github.com/suwonglab/rss-net/tree/master/data
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specifying the RSS-NET SNP-level effect size distribution, we only incorporate the direct
downstream effect of TF 1 on TF 2, and ignore all other indirect downstream effect of TF
1 on genes that are only directly regulated by TF 2.

Supplementary Note 5

To specify the relative impact of a cis SNP j on a gene g c;, in main text Equation (5), we
use a simple approach based on cis expression quantitative trait loci (eQTL). Specifically,
if a pair of SNP j and gene g is available in an eQTL database, we define

cjg=1+,/2%,/ (23, +njg), (22)

where n j; is the number of individuals with both genotype of SNP j and expression of gene
g available and z, is the single-SNP z-score measuring the marginal association between
genotype of SNP j and expression of gene g across nj, individuals; if the pair does not
have eQTL association data available, we set cj; = 1. When deriving cj, from cis-eQTL
data, we consider all available SNP-gene pairs, not just the significant ones.

In this study we specify c;; in a context-matched manner. For example, if we analyze
the regulatory network derived from liver samples, we also use cis-eQTL data from liver
samples to define c;,. For networks of 5 brain regions and 27 non-brain tissues, we use
the tissue-matched cis-eQTL data from GTEx (https://storage.googleapis.com/gtex_
analysis_v7/single_tissue_eqtl_data/GTEx_Analysis_v7_eQTL_all_associations.
tar.gz, accessed April 7, 2019). For networks of 5 immune cells, we use the cell-type-
matched cis-eQTL data from DICE (http://downloads.dice-database.org/downloads/
DICE_DB_1/eqtl/unfiltered/, accessed July 3, 2019). For the “omnibus” network, we
use the cis-eQTL data of blood samples from the eQTLGen (http://www.eqtlgen.org/
cis-eqtls.html, accessed May 17, 2019). Summaries of ¢ are provided in Supplemen-
tary Tables 12-13.

The small sample sizes of eQTL studies make it hard to produce reliable model-based esti-
mates of ¢ ;. Hence, we keep our specification of ¢ j, deliberately simple. We acknowledge
that Equation (22) could be potentially improved, although we have not fully investigated
it here. Due to the modular design of RSS-NET, once improved estimates of c;, become
available, they can be incorporated into RSS-NET in a straightforward manner.

Supplementary Note 6
In this work we model the random effect y;, of SNP j due to gene g as
Yig iid. N0, 0_2).

We emphasize that the SNP-level subscript j in yj, ensures the exchangeability of f;
required by Equation (2), as illustrated below. Suppose there are two nearby SNPs 1 and
2, and their effects are sums of random effects of genes 1 and 2. If we ignore the SNP-level
subscript j and use the y, notation, then

B1=0.1811+0.36-y2, B2=0.36-71+0.72-ys, V¢ L H(0, 02), g=1,2.
Y Y Y Y2, Ye

This is inconsistent with the independent prior placed on f; as shown in Equation (2),
because under the y, notation, f2 = 261 and the correlation of 1 and fs is exactly 1. In


https://storage.googleapis.com/gtex_analysis_v7/single_tissue_eqtl_data/GTEx_Analysis_v7_eQTL_all_associations.tar.gz
https://storage.googleapis.com/gtex_analysis_v7/single_tissue_eqtl_data/GTEx_Analysis_v7_eQTL_all_associations.tar.gz
https://storage.googleapis.com/gtex_analysis_v7/single_tissue_eqtl_data/GTEx_Analysis_v7_eQTL_all_associations.tar.gz
http://downloads.dice-database.org/downloads/DICE_DB_1/eqtl/unfiltered/
http://downloads.dice-database.org/downloads/DICE_DB_1/eqtl/unfiltered/
http://www.eqtlgen.org/cis-eqtls.html
http://www.eqtlgen.org/cis-eqtls.html

contrast, this inconsistency disappears if we use the v, notation:

P1=0.18-y11+0.36-y12, B2=0.36-y21+0.72 Y22, ¥jg b N0, 02), j=1,2, g=1,2.

Now 1 and B2 are independent, because y;,’s are all i.i.d for j=1,2 and g =1,2.

Supplementary Note 7
Here we assume a multiple regression model for the phenotype-genotype relationship:
y=Xf+e€, (23)

where y is an n x 1 centered vector of phenotype, X is an n x p column-centered matrix of
genotype, P is a p x 1 vector of multiple regression coefficients (i.e., SNP-level effect sizes),
and € is an independent error term. Let 0326 j denote the population variance of genotype

for SNP j, j=1,...,p, and let 0'?, denote the population variance of phenotype.

PRrROPOSITION 1. If SNP-level effect sizes f follow the prior distribution specified in Equa-
tions (2), (4) and (5), then, for all j=1,...,p,

E(B))=0, Var(B)) =n;(0%+0% Lgeo,u?,), Cov(fi, B)=0, i#}. (24)

PROOF. This is a direct application of the law of total expectation. |

PROPOSITION 2. E[V(XB)] = EP***[V(XB)] + E"**[V (X )], where

p

E°[VXp)] = o5 ) n;-EIVX))], (25)
j=1
p

EIVXB)] = 02 Y 1) (Lee0,0%) BIVE), (26)
j=1

X is the jth column of X, j =1,...,p, and V(d) denotes the sample variance of a vector d.

PROOF. Define a p x p diagonal matrix Zg where the jth diagonal entry is Var(f;) in
PROPOSITION 1. It suffices to show that V(XB) = n ! p’X'XB and

E[VXP)] = E{EVEXP) X} = E[trace(n_IX’X-Zﬂ)],
p p
= E Zl n~'X/X; Var(p))| = 21Var(ﬁj)-E[V(xj)]. @7
J= J=
Use PROPOSITION 1 to complete the proof. ]

REMARK 1. PROPOSITION 2 shows that the total genetic variation E[V(X)] can be de-
composed into a component that is shared by all p SNPs (Equation (25)) and a component
that is due to network annotations {0;,w .} (Equation (26)).

PROPOSITION 3. Let ns? = a?v / Uij, forj=1,...,p. If {03,02} are re-parameterized as

P m ! P Ty €0 w2 -1
j J ~8€V; % jg
aﬁ=n-(1—p)-(Z—JQ) ,02=n-p-(ZT”) :
J=1 J

(28)

—1NRS”
J=1 J

then n = E[V(XB)]/ E[V(y)] and p = E"{[V(XB)]/ E[V (XB)].
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PROOF. It suffices to show that, forall j=1,...,p,

nsi=0y /0y ;=EIV(¥I/EVEX)L (29)
Use PROPOSITION 2 to complete the proof. [ ]

REMARK 2. PROPOSITION 3 provides the mathematical basis to interpret {n, p}. Specifi-
cally, n represents the proportion of the total phenotypic variation explained by p SNPs,
and p represents the proportion of total genetic variation explained by network annota-
tions {0, w g}

REMARK 3. Since ns? = U?, / 092”., where (T?, is the population variance of phenotype and

032”. is the population variance of genotype at SNP j, this re-parameterization based on

{n, p} ensures that the induced prior of {0’%, 02} in Equation (28) does not depend on GWAS
sample size n, and the resulting prior genetic effects () have the same measurement unit
as the phenotype.

REMARK 4. The induced prior of {0’%, 02} in Equation (28) contains a quantity ns? = af, / az j

that depends on unknown population parameters {O’?,,(sz}. As shown in [2], ns? can be

reliably estimated from GWAS summary data: ns? ~ ns?? In practice, we replace the

unknown ns? in Equation (28) with observed n§§; see main text Equation (9).

Supplementary Note 8

This study uses data generated by the WT'CCC, 1000 Genomes Project, ENCODE Consor-
tium, GTEx Project, DICE Project, eQTLGen Consortium, and multiple GWAS consortia.
We thank them for making their data publicly available. Detailed acknowledgments and
data sources are listed below.

e Wellcome Trust Case Control Consortium (WTCCC). This study uses individual-level
genotype data generated by WT'CCC to design simulations. A full list of the in-
vestigators who contributed to the generation of the data is available from https:
//www.wtccc.org.uk/. The WI'CCC data are available at the European Genome-
phenome Archive (https://www.ebi.ac.uk/ega/).

e 1000 Genomes Project. This study uses haplotypes of individuals with European an-
cestry from the 1000 Genomes Project Phase 3 to estimate LD. The 1000 Genomes
Phase 3 haplotype data have been contributed by 1000 Genomes investigators and
have been downloaded from ftp://ftp.1000genomes.ebi.ac.uk/voll/ftp/release/
20130502/.

e Encyclopedia of DNA Elements (ENCODE) Consortium. This study uses gene ex-
pression and chromatin accessibility data generated by the ENCODE Consortium
and the ENCODE production laboratories. The ENCODE data are available at the
ENCODE portal (https://www.encodeproject.org/).

e Genotype-Tissue Expression (GTEx) Project. This study uses cis-eQTL data gener-
ated by the 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 GTEx data are available at the GTEx Portal
(https://gtexportal.org/home/).


https://www.wtccc.org.uk/
https://www.wtccc.org.uk/
https://www.ebi.ac.uk/ega/
ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/
ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/
https://www.encodeproject.org/
https://gtexportal.org/home/
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Database of Immune Cell Expression, Expression quantitative trait loci and Epige-
nomics (DICE) Project. This study uses cis-eQTL data generated by the DICE Project.
The DICE Project was supported by NIH R24A1108564. The DICE data are available
at https://dice-database.org/.

eQTLGen Consortium. This study uses cis-eQTL data generated by the eQTLGen
Consortium. The eQTLGen data are available at http://www.eqtlgen.org/.

Genetic Investigation of ANthropometric Traits (GIANT) Consortium. GWAS sum-
mary statistics on adult human height [3], body mass index [4] and body fat distri-
bution [5] have been contributed by GIANT investigators and have been downloaded
from http://portals.broadinstitute.org/collaboration/giant.

Psychiatric Genomics Consortium (PGC). GWAS summary statistics on schizophre-
nia [6] have been contributed by PGC investigators and have been downloaded from
http://www.med.unc.edu/pgc.

International Inflammatory Bowel Disease Genetics Consortium (IIBDGC). GWAS
summary statistics on inflammatory bowel disease, Crohn’s disease and ulcerative
colitis [7] 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. GWAS summary statistics on coronary artery disease and myocardial
infarction [8] have been contributed by CARDIoGRAMplusC4D investigators and
downloaded from http://www.cardiogramplusc4d.org/.

GWAS summary statistics of heart rate. GWAS summary statistics on heart rate
have been contributed by authors of [9] and have been downloaded from https://
walker05.u.hpc.mssm. edu/.

International Genomics of Alzheimer’s Project (IGAP). GWAS summary statistics
on Alzheimer’s disease [10] have been contributed by IGAP investigators and have
been downloaded from http://web.pasteur-1ille.fr/en/recherche/u744/igap/
igap_download.php. We thank the International Genomics of Alzheimer’s Project
(IGAP) for providing summary results data for these analyses. The investigators
within IGAP contributed to the design and implementation of IGAP and/or pro-
vided data but did not participate in analysis or writing of this report. IGAP was
made possible by the generous participation of the control subjects, 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, In-
serm, Institut Pasteur de Lille, Universite de Lille 2 and the Lille University Hos-
pital. GERAD was supported 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 Net-
work Dementia (CND) grant no. 01GI0102, 01GI0711, 01GI0420. CHARGE was
partly supported by the NTH/NIA grant R0O1 AG033193 and the NIA AG081220 and
AGES contract N01-AG-12100, the NHLBI grant R0O1 HL.105756, the Icelandic Heart
Association, and the Erasmus Medical Center and Erasmus University. ADGC was
supported by the NTH/NTA grants: U01 AG032984, U24 AG021886, U01 AG016976,


https://dice-database.org/
http://www.eqtlgen.org/
http://portals.broadinstitute.org/collaboration/giant
http://www.med.unc.edu/pgc
https://www.ibdgenetics.org
http://www.cardiogramplusc4d.org/
https://walker05.u.hpc.mssm.edu/
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

and the Alzheimer’s Association grant ADGC-10-196728.

Social Science Genetic Association Consortium (SSGAC). GWAS summary statistics
on neuroticism [11] have been contributed by SSGAC investigators 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 Re-
search), the Ragnar Soderberg 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. GWAS summary statistics on
rheumatoid arthritis have been contributed by authors of [12] and have been down-
loaded from http://plaza.umin.ac.jp/yokada/datasource/software.htm.

DIAbetes Genetics Replication And Meta-analysis (DIAGRAM) Consortium. GWAS
summary statistics on type 2 diabetes [13] have been contributed by DIAGRAM in-
vestigators and have been downloaded from http://www.diagram-consortium.org.

Global Lipids Genetics Consortium (GLGC). GWAS summary statistics on low-density
and high-density lipoprotein cholesterol [14] have been contributed by GLGC inves-
tigators and have been downloaded from http://csg.sph.umich.edu//abecasis/
public/1ipids2010.

GWAS summary statistics of atrial fibrillation. GWAS summary statistics on atrial
fibrillation have been contributed by authors of [15] and are available from the cor-
responding author on reasonable request; see “Data availability” section of [15].

Genetic Associations and Mechanisms in Oncology (GAME-ON), Discovery, Biology,
and Risk of Inherited Variants in Breast Cancer (DRIVE) Project. GWAS summary
statistics on breast cancer have been contributed by the GAME-ON/DRIVE Project
and have been downloaded from http://gameon.dfci.harvard.edu. The DRIVE
project acknowledges the following GWASs and investigators that shared genome-
wide summary data as part of the breast-cancer GWAS meta-analysis: the Aus-
tralian Breast Cancer Family Study (ABCF'S) (John L. Hopper, Melissa C. Southey,
Enes Makalic, Daniel F. Schmidt), the British Breast Cancer Study (BBCS) (Olivia
Fletcher, Julian Peto, Lorna Gibson, Isabel dos Santos Silva), the Breast and Prostate
Cancer Cohort Consortium (BPC3) (David J. Hunter, Sara Lindstrom, Peter Kraft),
the Breast Cancer Family Registries (BCFR) (Habib Ahsan, Alice Whittemore), the
Dutch Familial Bilateral Breast Cancer Study (DFBBCS) (Quinten Waisfisz, Hanne
Meijers-Heijboer, Muriel Adank, Rob B. van der Luijt, Andre G. Uitterlinden, Al-
bert Hofman), German Consortium for Hereditary Breast and Ovarian Cancer (GC-
HBOC) (Alfons Meindl, Rita K. Schmutzler, Bertram Muller-Myhsok, Peter Licht-
ner), the Helsinki Breast Cancer Study (HEBCS) (Heli Nevanlinna, Taru A. Mu-
ranen, Kristiina Aittomaki, Carl Blomqvist), the Mammary Carcinoma Risk Factor
Investigation (MARIE) (Jenny Chang-Claude, Rebecca Hein, Norbert Dahmen, Lars
Beckman), SardiNIA (Laura Crisponi), the Singapore and Sweden Breast Cancer
Study (SASBAC) (Per Hall, Kamila Czene, Astrid Irwanto, Jianjun Liu), and the
UK2 (Douglas F. Easton, Clare Turnbull, Nazneen Rahman).


https://www.thessgac.org
http://plaza.umin.ac.jp/yokada/datasource/software.htm
http://www.diagram-consortium.org
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Supplementary Figures

Supplementary Figure 1

Simulation details and additional results of Figure 2. We use real genotypes of 348,965
genome-wide SNPs on chromosomes 1-22 from 1,458 individuals in the UK Blood Service
Control Group [16] to simulate phenotype data, and then compute single-SNP associa-
tion summary statistics. On these summary data, we compare RSS-NET with existing
enrichment methods.

We infer a B cell regulatory network from the paired gene expression and chromatin acces-
sibility data of primary B cells from peripheral blood [17, 18]. We use the B cell network
to create SNP-level annotation for 348,965 SNPs. Specifically, we let a; = 1 if SNP j is
within 100 kb of either a regulatory element or the transcribed region of a member gene
in the B cell network, and let a; = 0 otherwise. There are 121,308 SNPs mapped to the B
cell network with annotation a; = 1.

To ensure that simulated datasets have roughly the same proportion of true genetic sig-
nals, we simulate causal indicators for negative and positive datasets in a paired way. We
first simulate the causal indicator {; of each SNP j in a positive dataset as:

{j ~Bernoulli(r;), 7;=1/[1+10"0*a0

where 0y and 0 are the baseline and enrichment proportion parameters respectively. We
then count the number of causal SNPs in this positive dataset as n. := 3} ;{;, and randomly
choose n. SNPs as causal SNPs for the corresponding negative dataset.

For positive datasets, we simulate the true effect §; of each SNP j as

Bil¢j=0 ~ bo,

Billj=1 ~ N, 0f+0% Lgeo,why),
where 6y denotes point mass at zero, 0% and o2 are the baseline and enrichment mag-
nitude parameter respectively, {O;,w;.} are network annotations defined in main text

Equations (4)-(5). For negative datasets, we simulate ; from the same model above with
2
o“=0.

To ensure that negative and positive datasets have roughly the same magnitude of total
genetic signals, we simulate phenotypes by matching signal-to-noise ratios. Specifically,
we simulate phenotype y; of individual i as follows:

Yi= Z’;:lxij Bj+ei, € ~NO,T7Y),

where p is 348,965, x;; is the genotype of SNP j for individual i. The true value of residual
variance 7! is determined by the total proportion of variance in phenotype y explained
by effects of all available SNPs in X:

PVE=VXp) /[t +VXP)],

where V(Xp) is the sample variance of Xf.

We set the true values of hyper-parameter as follows: baseline proportion parameter 6 €
{—2,-3,—4}, enrichment proportion parameter 6 € {0,2}, baseline magnitude parameter
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o9 = 1, enrichment magnitude parameter o € {0,0.5,2}, and PVE € {0.2,0.6}. For each
combination of {6y,0,0¢,0,PVE} (excluding negative cases with 6 = o = 0), we simulate
200 negative and 200 positive datasets. The caption of each panel in this supplementary
figure shows the true hyper-parameter values of positive datasets. The table below lists
true values of positive datasets for each panel in Figure 2 (o9 =1).

Figure 2 panel ‘ a b c d
sparse: gp=-4 | 6=2,0=0,PVE=0.6 60=0,0=05PVE=0.6 60=2,0=05PVE=06 6=2,0=0,PVE=0.2

polygenic: 6p=-2 | 6=2,0 =0,PVE=0.6 0=0,0=05PVE=06 0=2,0=05PVE=0.6 6=2,0=0,PVE=0.2
We apply RSS-NET to simulated datasets with the following hyper-parameter grids. The
baseline parameters 6y and o are fixed as their true values. The grids on the enrichment
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We repeat the simulations in Supplementary Figure 1 on a different network based on data
from vagina (https://github.com/suwonglab/rss-net/tree/master/data/).
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Supplementary Figure 3

Simulation details and additional results of Figure 3a. This part aims to assess the robust-
ness of RSS-NET to model mis-specification where a random set of “near-gene” SNPs is en-
riched for genetic association in negative datasets. Details of this part are almost identical
to those in Supplementary Figure 1. Here we only highlight the differences.

We define a SNP as “near-gene” if this SNP is within 100 kb of the transcribed region of
any autosomal protein-coding gene. In total, there are 254,296 near-gene SNPs among
348,965 genome-wide SNPs from [16].

Here we simulate negative and positive datasets in a paired way. We first simulate a
positive dataset as in Supplementary Figure 1. For this positive dataset, we count the
total number of causal SNPs as n. =} ;(;, and count the number of causal SNPs in the
target network as n, =3 ;(;a; (recall that a; = 1 if SNP j is in the network). We then
randomly choose 7, SNPs from the 254,296 near-gene SNPs and (n. —n,) SNPs from the
remaining SNPs, and use them as causal SNPs for the corresponding negative dataset.
With causal indicators {(;} in place, we simulate the true genetic effects f in a negative
dataset as follows
Bil¢;=0 ~ by,
ﬁj | CJ':]., (Xj:O ~ e/V(O, O'g),
Bil¢i=1,a;=1~ N0, 2 00,

where {; = 1 if SNP j is causal and 0 otherwise, a; = 1 if SNP j is near-gene and 0 other-
wise. The rest of simulations is the same as Supplementary Figure 1.

The caption of each panel in this supplementary figure shows the true hyper-parameter
values of positive datasets. The sparse scenario in Figure 3a corresponds to simulations
with true hyper-parameter values of positive datasets being 0p=—-4,0=2,0¢0=1,0=0.5
and PVE = 0.6. The polygenic scenario in Figure 3a corresponds to simulations with true
hyper-parameter values of positive datasets being 6g = -2, 8 = 2, g9 =1, 0 = 0.5 and
PVE =0.6.
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Supplementary Figure 4

Simulation details and additional results of Figure 3b. This part aims to assess the ro-
bustness of RSS-NET to model mis-specification where a random set of “near-RE” SNPs is
enriched for genetic association in negative datasets. Details of this part are almost iden-
tical to those in Supplementary Figure 1. Here we only highlight the differences.

We define a SNP as “near-RE” if this SNP is within 10 kb of any RE. There are 3,895,021
unique autosomal REs associated with 38 regulatory networks analyzed in this study. In
total, there are 169,100 near-RE SNPs among 348,965 genome-wide SNPs from [16].

Here we simulate negative and positive datasets in a paired way. We first simulate a
positive dataset as in Supplementary Figure 1. For this positive dataset, we count the
total number of causal SNPs as n. =} ;(;, and count the number of causal SNPs in the
target network as n, =3 ;(;a; (recall that a; = 1 if SNP j is in the network). We then
randomly choose 7, SNPs from the 169,100 near-RE SNPs and (n. —n,) SNPs from the
remaining SNPs, and use them as causal SNPs for the corresponding negative dataset.
With causal indicators {(;} in place, we simulate the true genetic effects f in a negative
dataset as follows
Bjl1¢;=0 ~ by,
ﬁj | CJ':]., (Xj:O ~ JV(O, O'g),
Bil¢j=1,a;=1~ N0, 2 00,

where (; = 1if SNP j is causal and 0 otherwise, a; = 1if SNP j is near-RE and 0 otherwise.
The rest of simulations is the same as Supplementary Figure 1.

The caption of each panel in this supplementary figure shows the true hyper-parameter
values of positive datasets. The sparse scenario in Figure 3b corresponds to simulations
with true hyper-parameter values of positive datasets being 0p=—-4,0=2,0¢0=1,0=0.5
and PVE = 0.6. The polygenic scenario in Figure 3b corresponds to simulations with true
hyper-parameter values of positive datasets being 6g = -2, 8 = 2, g9 =1, 0 = 0.5 and
PVE =0.6.
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Supplementary Figure 5

Simulation details and additional results of Figure 3c. This part aims to assess the ro-
bustness of RSS-NET to model mis-specification where true genetic effects are MAF- and
LD-dependent in negative datasets. Details of this part are almost identical to those in
Supplementary Figure 1. Here we only highlight the differences.

Here we simulate negative and positive datasets in a paired way. We first simulate a
positive dataset as in Supplementary Figure 1. For this positive dataset, we count the
total number of causal SNPs as n, =} ;{;. We then randomly choose n. genome-wide
SNPs as causal SNPs for the corresponding negative dataset. With causal indicators {(;}
in place, we simulate the true genetic effects ff in a negative dataset as follows

Bi1¢;=0 ~ &,
Billj=1~ N, 08 +X;8 ajn-11),
T ~ W(ﬂk; a-k)y

where (; = 1if SNP j is causal and 0 otherwise, a j;, is the value of annotation £ at SNP j,
the 16 annotations consist of 10 MAF bins and 6 LD-related annotations defined in [20],
{{1r,01} are meta-analyzed mean and standard error estimates for 7, across 31 indepen-
dent human traits, which are provided in the Supplementary Table 9 of [20]. The rest of
simulations is the same as Supplementary Figure 1.

The caption of each panel in this supplementary figure shows the true hyper-parameter
values of positive datasets. The sparse scenario in Figure 3c corresponds to simulations
with true hyper-parameter values of positive datasets being 0y =—-4,0=2,0¢0=1,0=0.5
and PVE = 0.6. The polygenic scenario in Figure 3c corresponds to simulations with
true hyper-parameter values of positive datasets being 8y = -2, 0 =2, 09 =1, 0 =0.5 and
PVE =0.6.
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Supplementary Figure 6

Simulation details and additional results of Figure 3d. This part aims to assess the ro-
bustness of RSS-NET to model mis-specification where an edge-altered version of the true
network is enriched for genetic association in negative datasets. Details of this part are
almost identical to those in Supplementary Figure 1. Here we only highlight the differ-
ences.

We simulate random edge-altered networks on the basis of the B cell regulatory network
introduced in Supplementary Figure 1. Specifically, we keep all associated REs and mem-
ber genes of the B cell network, remove the actual connections between TFs and TGs, and
then create fake edges by randomly connecting TF's to TGs with random edge weights. We
ensure that the edge-altered network has the same number of edges as the actual B cell
network and their edge weights have the same distribution. For each negative dataset, we
simulate a new edge-altered network independently.

We first simulate positive datasets as in Supplementary Figure 1. Since the true and
edge-altered networks have the same associated REs and member genes, their SNP-level
annotations {a;} are the same, and thus we let a negative dataset and its corresponding
positive dataset have the same causal indicators {{;}. We then simulate true genetic effects
P in a negative dataset as:

Bil¢i=0 ~ 6bo,
_ 2. 2 12
Bil¢i=1 ~ N(0,o0p+0 'deoj(wjg) ),

where {O;, w;g} are annotations of the random edge-altered network. For all datasets the
target of enrichment testing is the actual B cell network.

The caption of each panel in this supplementary figure shows the true hyper-parameter
values of positive datasets. The sparse scenario in Figure 3d corresponds to simulations
with true hyper-parameter values of positive datasets being 0p = —-4,0=2,0¢0=1,0=0.5
and PVE = 0.6. The polygenic scenario in Figure 3d corresponds to simulations with true
hyper-parameter values of positive datasets being 6g = -2, 8 =2, g9 =1, 0 = 0.5 and
PVE =0.6.

The true and random edge-altered networks have the same associated REs and member
genes but totally different topology (TF-TG edges and edge weights). Existing methods
like LDSC and Pascal only exploits proximity between SNPs and network genes and/or
REs, and thus they cannot distinguish the true and random edge-altered networks. In
contrast, because of the enrichment parameter 02, RSS-NET is able to capture the topo-
logical differences among networks, and thus it can reliably distinguish true enrichments
of the B cell network from enrichments of its edge-altered counterparts.
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Supplementary Figure 7

Simulation details and additional results of Figure 4. Here we compare RSS-NET with ex-
isting gene-level association testing methods on the same simulated summary data used
in Supplementary Figure 1. Details of this part are almost identical to those in Supple-
mentary Figure 1. Here we only highlight the differences.

For each simulated dataset, we define a gene as “trait-associated” if at lease one SNP j
within 100 kb of the transcribed region of this gene has non-zero effect (§; # 0). For each
gene in each simulated dataset, RSS-NET and RSS-E methods [1] produce P, the pos-
terior probability that the gene is trait-associated, whereas Pascal methods [21] produce
P-value for 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 associa-
tion 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”.

Here the true values of baseline proportion parameter 6y are {—2,—3,—4}, the true val-
ues of enrichment proportion parameter 0 are {0,2}, the true value of baseline magnitude
parameter og is 1, the true values of enrichment magnitude parameter o are {0,0.5,2},
and the true values of PVE are {0.2,0.6}. In total there are 36 (= 3 x 2 x 3 x 2) simulation
scenarios. Each scenario contains 200 independent datasets. For all datasets we test as-
sociations of 16,954 autosomal protein-coding genes that are available in Pascal-required
database.

The caption of each panel in this supplementary figure shows the true hyper-parameter
values of simulated datasets. All panels of Figure 4 correspond to simulations with true
6o = -4, 09 =1 and PVE = 0.6. Figure 4a corresponds to simulations with true 6 = 0
and o = 0. Figure 4b corresponds to simulations with true 8 = 2 and o = 0. Figure 4c
corresponds to simulations with true 8 = 0 and o = 2. Figure 4d corresponds to simulations
with true 6 =2 and 0 = 2.

We evaluate the performance of these gene-level association methods by plotting the re-
ceiver operating characteristic (ROC) curve and computing the area under the ROC curve
(AUROC) for each method. Both metrics are implemented in the R package plotR0OC [19].
Unlike the balanced enrichment simulations (200 positive and 200 negative datasets in
each scenario), the numbers of trait-associated genes (true labels) and non-trait-associated
genes (false labels) are often very different. Due to this imbalance nature, we also plot the
precision-recall (PRC) curve and compute the area under the PRC curve (AUPRC) for each
method. Both metrics are implemented in the R package precrec [22].


https://cran.r-project.org/web/packages/plotROC/
https://cran.r-project.org/web/packages/precrec/
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Supplementary Figure 8
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We repeat the simulations in Supplementary Figure 7 on GWAS summary statistics sim-
ulated in Supplementary Figure 2 and the vagina regulatory network.

True PVE=0.2, theta0=-2, theta=0, sigma0=1, sigma=0.5 True PVE=0.2, theta0=-2, theta=0, sigma0=1, sigma=2
1.00 1.00 © 100 ‘
0.90 0.90 0.90
0.75 0.75 0.75
< < s
S s s
B B B
g g g
2050 2 050 2050
3 3z g
g 8 g
g 2 g
@ o o
2 2 2
s £ £
Method (AUROC) Method (AUROC) Wethod (AUROC)
0.25 Random (0.500) 0.25 Random (0.500) 0.25 Random (0.500)
— RSS-NET (0.700) — RSS-NET (0685) — RSS-NET (0.698)
- = RSS-E (0.700) - = RSS-E (0.687) - = RSS-E (0691)
0.10 - - RSS-E-baseline (0.706) 0,10 - - RSS-E-baseline (0.706)  0.10 - = RSS-E-baseline (0.706)
Pascal-max (0.508) Pascal-max (0.510) Pascal-max (0.510)
0.001 - - Pascal-sum (0.508) 0,001 - - Pascal-sum (0510) 0.00{ , - = Pascal-sum (0510)
0.00 0.10 0.25 0.50 0.75 0.90 1.00 0.00 0.10 0.25 0.50 0.75 0.90 1.00 0.00 0.10 0.25 0.50 0.75 0.90 1.00
False positive fraction False positive fraction False positive fraction
True PVE=0.2, theta0=-2, theta=0, sigma0=1, sigma=0 True PVE=0.2, theta0=-2, theta=0, sigma0=1, sigma=0.5 True PVE=0.2, theta0=-2, theta=0, sigma0=1, sigma=2
Method (AUPRC) Method (AUPRC) Method (AUPRC)
1.00 Random (0.233) 1.00 Random (0.233) 1.00 Random (0.233)
— RSS-NET (0.427) — RSS-NET (0.407) — RSS-NET (0423)
0907 | RSS-E (0.427) 0.90 RSS-E (0417) 0.90 RSS-E (0.421)
H - = RSS-E-baseline (0.436) RSS-E-baseline (0.436) RSS-E-baseline (0.436)
| Pascal-max (0.238) Pascal-max (0.243) Pascal-mx (0.243)
0.75 i = = Pascal-sum (0.239) 0.75 Pascal-sum (0.242) 0.75 = = Pascal-sum (0.243)
|
< ! < <
s ' s s
20501 | 2 2050
3 . o o
- | a a
|
0.25 ,l, . - [0 e e — -
0.10 0.10
0.00 0.00
0.00 0.10 0.25 0.50 0.75 0.90 1.00 0.00 0.10 0.25 0.50 0.75 0.90 1.00 0.00 0.10 0.25 0.50 0.75 0.90 1.00
Recall Recall Recall
True PVE=0.2, thetaO=-4, theta=0, sigma0=1, sigma=0 True PVE=0.2, thetaO=-4, theta=0, sigma0=1, sigma=0.5 True PVE=0.2, theta0=-4, theta=0, sigma0=1, sigma=2
1.00 1.00 1.00
0.90 0.90 0.90
0.75 0.75 0.75
c c <
S S g
T B i
g g g
2 050 2 050 2050
3 3 g
g 3 g
g g g8
o o o
3 3 ]
= = =
Method (AUROC) g Method (AUROC) - Method (AUROC)
025 [/ Random (0.500) 0.25 Random (0.500) 0.25 Random (0.500)
— RSS-NET (0.703) — RSS-NET (0.768) X — RSS-NET (0.783)
- RSS-E (0.793) - - RSS-E (0.733) KA - - RSS-E (0681)
0.10 ’ = RSS-E-baseline (0.797) 0.10 ’ - = RSS-E-baseline (0.776)  0.101 |# ‘ + = RSS-E-baseline (0.714)
. Pascal-max (0.713) . Pascal-max (0.674) . Pascal-max (0.668)
0.001 = = Pascal-sum (0.707) 0.001 = = Pascal-sum (0.671) 0.001 ' = = Pascal-sum (0.666)
000 010 025 0.50 075 090 1.00 000 010 025 0.50 0.75 090 100 000 010 025 0.50 075 090 100
False positive fraction False positive fraction False positive fraction
True PVE=0.2, thetaO=-4, theta=0, sigma0=1, sigma=0 True PVE=0.2, thetaO=-4, theta=0, sigma0=1, sigma=0.5 True PVE=0.2, thetaO=-4, theta=0, sigma0=1, sigma=2
Method (AUPRC) Method (AUPRC) Method (AUPRC)
100{ ¢ Random (0.003) 1.00 Random (0.003) 1.00{ Random (0.003)
— RSS-NET (0.172) — RSS-NET(0157) — RSS-NET (0.160)
0% | RSS-E (0172) 0.90 RSS-E (0.123) 0.90 - = RSS-E (0.022)
H - - RSS-E-baselie (0.173) RSS-E-baseline (0.126) RSS-E-baseline (0.022)
| Pascal-max (0.134) pascal-max (0.119) pascal-max (0.117)
0.75 i - - Pascal-sum (0.097) 0.75 - = Pascal-sum (0.098) 07s{ I - = Pascal-sum (0.097)
A
o
) f K
! \
g 1 5 5 1
2 050 l 2050 gosol
2 £ g £l
I ' a a : '
\ b
\ [
025 \ 0.25 025 ! \
. | \
\ 1 \
0.10 0.10 0.10 1
! N
000 ——— 000 == 000f- -

000 010 025 075  0.90 1.00

0.50
Recall

0.00 0.10 075  0.90 1.00

0.50
Recall

0.00 0.10

075 090 1.00

0.50
Recall



True PVE=0.2, theta0=-2, theta=2, sigma0=1, sigma=0 True PVE=0.2, theta0=-2, theta=2, sigma0=1, sigma=0.5

True PVE=0.2, theta0=-2, theta=2, sigma0=1, sigma=2

1.00 - © 100 © 100 ’
. /
0.90 ’ s 0.90 0.90
g
’
’ '//
. ) .7
075 v 075 0.75
/
< < <
S S s
3 3 3
£ £ £
£ 050 £ 050 2050
= = =
] 3 Z
g g g
2 g 2
o g o
3 3 3
e £ £
Method (AUROC) Method (AUROC) Method (AUROC)
0.25 Random (0.500) 0.25 Randon (0.500) 0.25 Random (0.500)
— RSS-NET (0.958) = RSS-NET (0.986) = RSS-NET (0.986)
= = RSS-E (0.971) = = RSS-E (0.990) = = RSS-E (0.990)
0.10 - = RSS-E-baseine 0569 0,10 - = RSS-E-baseline (0569) 0,10 - = RSS-E-baseline (0.569)
Pascal-max (0.504) Pascal-max (0.505) v Pascal-max (0.505)
0.00 - = Pascal-sum (0.504) 0.001 - = Pascal-sum (0.505) 0.00] ¥ - = Pascal-sum (0505)
000 010 025 050 075 090 1.00 000 010 025 050 075 090 1.00 000 010 025 050 075 090 1.00
False positive fraction False positive fraction False positive fraction
True PVE=0.2, theta0=-2, theta=2, sigma0=1, sigma=0 True PVE=0.2, theta0=-2, theta=2, sigma0=1, sigma=0.5 True PVE=0.2, theta0=-2, theta=2, sigma0=1, sigma=2
Lo0] = 100] — 100{ —
0.90 0.90 0.90
075 0.75 075
< < <
s s s
2 0.50 2 0.50 2 050
2 23 13
a & &
Method (AUPRC) Method (AUPRC) Method (AUPRC)
025 Random (0.962) 025 Random (0.962) 025 Random (0.962)
— RSS-NET (0.9%8) — RSS-NET (0.999) — RSS-NET (0.959)
RSS-E (0.999) RSS-E (1.000) RSS-E (0.999)
0.10 - = RSS-E-baseline (0.966) 0.10 RSS-E-baseline (0.966) 0.10 RSS-E-baseline (0.966)
Pascal-max (0.962) Pascal-max (0.962) Pascal-max (0.962)
0.00 - = Pascal-sum (0.962) 0.00 - = Pascal-sum (0.962) 0.00 - = Pascal-sum (0.962)
000 010 025 050 075 090 1.00 000 010 025 050 075 090 1.00 000 010 025 050 075 090 1.00
Recall Recall Recall
True PVE=0.2, theta0=-4, theta=2, sigma0=1, sigma=0 True PVE=0.2, theta0=-4, theta=2, sigma0=1, sigma=0.5 True PVE=0.2, theta0=-4, theta=2, sigma0=1, sigma=2
1.00 © 100 © 100 ’
0.90 0.90 0.90
075 075 0.75
< < <
2 8 g
3 g
£ £ £
2 0.50 2 0.50 2050
3 3 7
g g g
2 g 2
9 g o
3 3 3
£ £ £
Method (AUROC) Method (AUROC) Method (AUROC)
0.25 Random (0.500) 0.25 Random (0.500) 0.25 Random (0.500)
— RSS-NET 0671) — RSS-NET (0677) — RSS-NET (0.701)
- = RSS-E (0.685) = = RSS-E (0.715) + = RSS-E (0.716)
0.10 - = RSS-E-baseine 0.68) 0,10 - = RSS-E-baseline (0680) 0,10 - = RSS-E-baseline (0.650)
Pascal-max (0.511) Pascal-max (0.511) Pascal-max (0.511)
0.001 / - = Pascal-sum (0512) 0.001 / - = Pascal-sum (0512) 0.001 - = Pascal-sum (0512)
000 010 025 050 075 090 1.00 000 010 025 050 075 090 1.00 000 010 025 050 075 090 1.00
False positive fraction False positive fraction False positive fraction
True PVE=0.2, theta0=-4, theta=2, sigma0=1, sigma=0 True PVE=0.2, theta0=-4, theta=2, sigma0=1, sigma=0.5 True PVE=0.2, theta0=-4, theta=2, sigma0=1, sigma=2
Method (AUPRC) Method (AUPRC) Method (AUPRC)
1.00 Random (0.207) 1.00 Random (0.207) 1.00 Random (0.207)
— RSS-NET (0338) — RSS-NET (0:343) — RSS-NET (0:374)
0.90 - = RSS-E (0.353) 0.90 - = RSS-E (0.395) 0.90 - = RSS-E (0.39)
« = RSS-E-baseline (0.341) + = RSS-E-baseline (0.340) « = RSS-E-baseline (0.340)
Pascal-max (0.214) Pascal-max (0.218) Pascal-max (0.219)
075 - = Pascal-sum (0.215) 0.75 Pascal-sum (0.219) 075 Pascal-sum (0.219)
< < <
s s s
2 0.50 2 050 2 050
2 3 L
a & &
025
| : T o I o
0.10 0104 ! 0104 !
[ 1 1
0.00 0.00{ * 0.00{ *
000 010 025 0.50 075 090 1.00 000 010 025 050 075 090 1.00 000 010 025 050 075 090 1.00
Recall Recall Recall



31
Supplementary Figure 9

RSS-NET simulations based on 1 million common SNPs. This part is the same as Supple-
mentary Figure 1, except that here we use the genotype data of 503 European-ancestry in-
dividuals on 1,030,397 common SNPs (MAF = 1%) from [23] to specify the genotype matrix
X. Results below (a: timing; b: network enrichment; c: gene-level association) correspond
to the simulation scenario with true hyper-parameters of positive datasets being 0y = —4,
0=2 00=1, 0=2and PVE =0.6. Error bars in Panel a represent interquartile range
(from 25th to 75th percentiles), n = 200 independent positive or negative datasets.

As shown in Panel a, the computation time of RSS-NET increases as the number of
genome-wide SNPs analyzed increases. On average, when the number of SNPs increases
from 348,965 to 1,030,397, the total computation time per dataset is four times longer
(one-sided Wilcoxon P = 8.02x107132), Due to the large-scale simulations conducted in this
study, we mainly use 348,965 genome-wide SNPs in order to reduce computation.
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Supplementary Figure 10

Robustness of RSS-NET under noisy networks. This part aims to assess the robustness of
RSS-NET to model mis-specification where the GWAS summary data are simulated from
a real target network and the enrichment testing is performed on a noisy version of this
real target. Details of this part are almost identical to those in Supplementary Figure 1.
Here we only highlight the differences.

The real target network used to simulate GWAS summary data is the B cell regulatory
network in Supplementary Figure 1. We create a noisy network for this target by randomly
subsetting a given fraction of its TF-TG edges and the associated REs. Here the fraction
of TF-TG edges to subset are {1%,5%,10%,50%}. For each pair of negative and positive
GWAS datasets, we simulate a new noisy network and use it in RSS-NET.

The GWAS summary data (both negative and positive) used here are the same as those
used in Supplementary Figure 1, with true 6g = -4, 6 =2, 09 =1, 0 =2 and PVE = 0.2.
Unlike Supplementary Figure 1, here we do not test the enrichment of B cell network
(i.e. the real target network), but test its random subsets instead.

Panels a-¢ Comparison of network enrichment results between using the real target net-
work and using its noisy versions in RSS-NET.
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Panels d-e Comparison of gene-level association results between using the real target net-
work and using its noisy versions in RSS-NET. Note that the AUROC based on true net-
work shown below is slightly different from the AUROC shown in Supplementary Figure
7, although they are generated from the same simulated datasets. This is because AUROC
shown in Supplementary Figure 7 is evaluated based on 16,954 autosomal protein-coding
genes that are available in Pascal-required database, whereas AUROC shown below is
evaluated based on all available autosomal protein-coding genes.
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Panels f-i Descriptive statistics of noisy networks under different subsetting fractions.
Each box plot below is based on 200 independently simulated noisy networks. Box plots
indicate median (middle line), 25th, 75th percentile (box) and 5th and 95th percentile
(whiskers) as well as outliers (single points).
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Supplementary Figure 11

Analysis details and additional results for Figure 5a. Here we perform clustering analy-
sis of 38 regulatory networks based on principal component analysis (PCA), ¢-distributed
stochastic neighbor embedding (t-SNE), and hierarchical clustering. To perform PCA, we
use the R built-in function prcomp. To perform t-SNE, we use the R package Rtsne. To
perform hierarchical clustering, we use the R built-in function hclust, with distance = 1
— Pearson correlation and the average method. Figure 5a corresponds to the t-SNE plot in
Panel e.

Panel a Here the input data matrix has 1,289,786 rows (SNPs) and 38 columns (networks),
where the (i, j)-th entry is 1 if SNP i is within 100 kb of any associated RE or transcribed
region of any member gene of network j and 0 otherwise.
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Panel b Here the input data matrix has 605 rows (TFs) and 38 columns (networks), where
the (i, j)-th entry is 1 if TF i belongs to network j and 0 otherwise.
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Panel ¢ Here the input data matrix has 12,963 rows (TGs) and 38 columns (networks),
where the (i, j)-th entry is 1 if TG i belongs to network j and 0 otherwise.
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Panel d Here the input data matrix has 880,777 rows (TF-TG edges) and 38 columns
(networks), where the (i, j)-th entry is the weight of TF-TG edge i in network j, and it is 0
if TF-TG edge i is not available in network j.

M Brain region Immune cell A Omnibus @ Other tissue M Brain region Immune cell A Omnibus @ Other tissue

Livel Uterus
CauctPICorex Pancreas %,

i per K2
0 , el gpepoe B
asioe - - cularis Prostate:

Ovary

Adrenal gland

eoug adipose
'stomach
Splegy

-exposediabfvege colon Lung&.z;wm\ omentum
Ting Vagin @ 4ora

Esophagus muscularis, %
Tibial nerve Bigmoid colon

istroesophageal junction

Terminal Nleum
Subcutaneous adipose

t-SNE2

o

PC2 (5.8%)
s

Leftv

-100

-100

Stomggh
Jﬁw:vumc colon

-150 Terminal ileum

-150 -100 0 50 -100 -50 50 100

-50 0
PC1 (6.13%) t-SNE1

ibial nerve
ubcutaneous adipose
oesophageal junction
<Esophagus muscularis
igmoid colon

orta
Jterus
“Ovary
Breast
gina
isceral omentum
ial appendage
+ eft ventricle
drenal gland
un-exposed skin
“Esophagus mucosa
“Prostate
Thyroid

ung

pleen

ver
$ancreas

Transverse colon
_|—| omach
minal ileum

keletal muscle
utamen
'_|—|::;‘Udme
I 1 {ippocampus

1 ortex
“erebellum

-4Omnibus



38

Panel e Here the input data matrix is obtained by concatenating the previous 4 data ma-
trices vertically, with a total of 2,184,131 rows and 38 columns (networks).
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Supplementary Figure 12

Additional results for Figure 5b. Each panel below shows the node and edge similarities
between a given cell type- or tissue-specific PECA-based network (panel caption: cell type
or tissue) and CAGE-based networks for 394 cell types and tissues [24] inferred from
independent CAGE data [25, 26]. In each panel, each point represents a context-specific
CAGE-based network, where x- and y-axis values indicate its node and edge set similarity
with the given PECA network respectively. For both node and edge sets, the similarity
is measured by Jaccard index (i.e., the size of the intersection divided by the size of the
union).
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Supplementary Figure 13

RSS-NET results with zero TF-TG edge weights. Here we repeat RSS-NET analyses of
11 GWAS traits on 38 TF-TG regulatory networks by setting all TF-TG edge weights zero
(i.e., vg; = 0 in main text Equation (5)). Each panel below corresponds to one of 11 GWAS
traits that pass the near-gene enrichment control for all 38 networks in our original anal-
yses using actual TF-TG edge weights (Supplementary Table 2). We remove myocardial
infarction since it is a subtype of coronary artery disease. In each panel, each point rep-
resents one of the 38 regulatory networks. The x- and y-axis values of each point are
log 10 BFs (M against M) based on zero and actual edge weights of a network respec-
tively. All diagonal lines have slope 1 and intercept 0. Numerical values are available at
https://suwonglab.github.io/rss-net/results.html.

For 10 out 11 traits, BFs based on actual edge weights are unanimously larger than BFs
based on zero edge weights across all 38 networks (i.e., all points above the diagonal line).
The only exception is low-density lipoprotein cholesterol, for which BF's based on actual
edge weights and BF's based on zero edge weights are not significantly different across 38
networks (two-sided Wilcoxon P =0.91).

Of note, setting TF-TG edge weights zero is different from setting the enrichment parame-
ter o2 zero; see main text Equations (2), (5) and (6). Setting edge weights zero induces the
following effect size distribution: f; ~ 7 N (X geq;Cjg "V je> 02)+(1-1;)-80, yjg ~ N (0, 02).
where {G},c;g,7 s} are defined in main text Equations (5)-(6). Setting o2 =0 leads to a dif-
ferent effect size distribution: g; ~ m;- . A4(0, ag) +(1—m;)-0o.
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Supplementary Figure 14

Additional results for Figure 5d. Each panel below shows the comparison of PECA- and
CAGE-based network enrichments on the same cell types or tissues (labels) and the same
GWAS data (caption). In each panel, each point represents a context (cell type or tis-
sue), where x- and y-axis show the RSS-NET log 10 enrichment BFs for the CAGE-
and PECA-based networks in this context respectively. Given a context, the analyzed
CAGE- and PECA-based networks have the same TF-TG edge counts, and their edge
weights are on the same scale (see main text Methods). The RSS-NET analyses of CAGE-
and PECA-based networks use the same hyper-parameter grids (Supplementary Table
14). All dashed lines have slope 1 and intercept 0. Numerical values are available at
https://suwonglab.github.io/rss-net/results.html.
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Supplementary Figure 15

Overlap between RSS-NET prioritized genes and genes from external databases.
In each panel, each point represents a pair of GWAS trait and knockout mouse phenotype
or human Mendelian disorder. For each point, the log odds ratio (OR) is produced by
running R built-in function fisher.test on the following 2 by 2 table:

Query genes | Other genes

Genes with Pi’ma >0.9
Genes with Ptl’ma <0.9

For the first panel, “query genes” correspond to genes that are implicated in one of 27 cate-
gories of knockout mouse phenotypes [27], and “other genes” correspond to genes that are
not implicated in any mouse phenotype. For the second panel, “query genes” correspond
to genes that are implicated in one of 19 categories of Mendelian disorders [28, 29], and
“other genes” correspond to genes that are not implicated in any Mendelian disorder. For
all points, the log ORs shown on the x-axis are estimated from all genes, and the log ORs
shown on the y-axis are estimated after excluding genes that are implicated in GWAS of
the same trait at the time of analysis (Supplementary Table 7). The OR values and asso-
ciated P-values are available in Supplementary Data 4-5. The diagonal lines have slope 1
and intercept 0. Pearson correlation and two-sided P-value are shown in each plot.
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Supplementary Figure 16

Posterior estimation of {g,0} in simulations. Similar to our calculation of P; in Equation
(21), we estimate the posterior means of {0,0} as:

H
E@ D)= Y o™ 0*o,0™, 0, o),
h=1

H
h=1

where w*(0y,0,00,0) is a discrete approximation to the joint posterior of hyper-parameters
{60,0,00,0}; see Equation (17). The x-axis indicates the simulation scenarios (true hyper-
parameter values of the positive datasets and the target network); see Supplementary
Figures 1-2. Each box contains results of 200 independent positive datasets for a given
scenario. Box plots indicate median (middle line), 25th, 75th percentile (box) and 5th
and 95th percentile (whiskers) as well as outliers (single points). Horizontal dashed lines
indicate true values of {o,0}.
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Supplementary Figure 17

Robustness of RSS-NET to o specification in simulations. Here we repeat RSS-NET anal-
yses of simulated datasets with a fixed value of o € {0.25,0.5,0.75,1}. In our original anal-
yses we use a model averaging approach as shown in Equation (19) to account for the
uncertainty of hyper-parameters.

Panel a The simulated negative and positive GWAS summary data are the same as those

from Supplementary Figures 1-2. The caption of each plot shows the true hyper-parameter
values of positive datasets and the target network for enrichment testing.
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Panel b Each plot corresponds to a positive simulation scenario with 200 independent
datasets, and its caption indicates the true hyper-parameter values and the target net-
work. In each plot, each point represent a simulated positive dataset. The y-axis value of
each point is the log 10 enrichment BF when the value of ¢ is fixed as 0.5 (ground truth).
The x-axis value of each point is the log 10 BF under other o specifications (differentiated
by point shape and color). All dashed lines have slope 1 and intercept 0. The number
“(a / 200 — a)” in each legend indicates that BFs based on o = 0.5 are higher than BFs
based on another o specification in a simulated datasets for this scenario.
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Concluding Remark: Apart from hyper-parameters, RSS-NET uses approximations in the
likelihood function [2] and the variational inference [1]. Hence, setting o as ground truth
does not guarantee the optimal outcome in some simulated datasets. Instead we recom-
mend the model averaging approach as shown in Equation (19), which was used in our
main analyses.
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Supplementary Figure 18

Robustness of RSS-NET to hyper-parameter grid choice in real data. For three GWAS
datasets, we run RSS-NET on 38 networks with two different hyper-parameter grids (grid
1: coarse; grid 2: focused), and then compare results of network enrichments (BF, panels in
the first row) and gene associations (PTet, panels in the second row). In each enrichment
comparison plot, each point represents a network. In each association comparison plot,
each point represent a gene-network pair. All diagonal lines have slope 1 and intercept O.
Pearson correlation and two-sided P-value are shown in each plot.

Panel a Alzheimer’s disease [10]. In grid 1, 6 € (0:0.5:4). In grid 2, 68 € (0: 0.25: 1).
For both grids, n=0.6, p€(0:0.2:0.8) and 0y € (-5.25:0.1: —4.75). Panel b low-density
lipoprotein [14]. In grid 1,0 €(0:0.5:3). In grid 2, 8 € (0:0.25: 1). For both grids, n =0.3,
p€(0:0.2:0.8) and 8¢ € (—3.75:0.05 : —3.5). Panel ¢ inflammatory bowel disease [7]. In
grid 1,0 €(0:0.5:3). In grid 2,6 €(0:0.25:1). For both grids, n=0.3, p€(0:0.2:0.8) and
0pe(—3:0.05:-2.8).
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Supplementary Figure 19

Comparison of two LDSC output statistics in simulations. On each simulated dataset two
LDSC methods, LDSC-baseline [30] and LDSC-baselineLLD [20], are used to test network
enrichments. Each LDSC method produces two statistics, enrichment P-value (denoted as
Enrichment_p in the software) and enrichment coefficient Z-score (Coefficient_z-score),
both of which can be used to rank the significance of enrichments. In each panel, each
point represent a simulation scenario that contains 200 positive and 200 negative datasets
(Supplementary Figures 1-6 and 9). The x- and y-axis of each point show AUROC values
evaluated on the basis of enrichment P-value and coefficient Z-score respectively. In to-
tal there are 89 simulation scenarios of assessing network enrichments in this study, and
thus each panel below consists of 89 points. The diagonal lines in both panels have slope 1
and intercept 0. Pearson correlation and two-sided P-value are shown in each plot.
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Supplementary Tables

Supplementary Table 1

GWAS publications, total sample sizes and numbers of genetic variants analyzed by RSS-
NET for 18 human traits. See Supplementary Note 8 for data sources and references.
Click PMIDs below to view publications online.

# of SNPs Sample size
Trait (abbreviation) PMID (analyzed) (cases+controls)
Alzheimer’s disease (LOAD) 24162737 1,136,997 17,008+37,154
Neuroticism (NEU) 27089181 1,119,108 170,911
Schizophrenia (SCZ) 25056061 1,113,442 152,805
Body mass index (BMI) 25673413 1,012,465 234,069
Height (HEIGHT) 25282103 1,064,575 253,288
Waist-to-hip ratio (WAIST) 25673412 1,008,898 142,762
Crohn’s disease (CD) 26192919 1,064,533 5,956+14,927
Inflammatory bowel disease (IBD) 26192919 1,081,481 12,882+21,770
Rheumatoid arthritis (RA) 24390342 1,158,064  14,361+43,923
Ulcerative colitis (UC) 26192919 1,092,170 6,968+20,464
Breast cancer (BC) 23535729 1,188,902 15,863+40,022
Atrial fibrillation (AF) 28416818 1,175,059 17,931+115,142
Coronary artery disease (CAD) 26343387 1,121,322 60,801+123,504
High-density lipoprotein (HDL) 20686565 1,032,214 99,900
Heart rate (HR) 23583979 1,066,168 92,355
Low-density lipoprotein (LDL) 20686565 1,030,397 95,454
Myocardial infarction (MI) 26343387 1,111,568 42 561+123,504

Type 2 diabetes (T2D) 22885922 1,047,618 12,171+56,862



https://www.ncbi.nlm.nih.gov/pubmed/24162737
https://www.ncbi.nlm.nih.gov/pubmed/27089181
https://www.ncbi.nlm.nih.gov/pubmed/25056061
https://www.ncbi.nlm.nih.gov/pubmed/25673413
https://www.ncbi.nlm.nih.gov/pubmed/25282103
https://www.ncbi.nlm.nih.gov/pubmed/25673412
https://www.ncbi.nlm.nih.gov/pubmed/26192919
https://www.ncbi.nlm.nih.gov/pubmed/26192919
https://www.ncbi.nlm.nih.gov/pubmed/24390342
https://www.ncbi.nlm.nih.gov/pubmed/26192919
https://www.ncbi.nlm.nih.gov/pubmed/23535729
https://www.ncbi.nlm.nih.gov/pubmed/28416818
https://www.ncbi.nlm.nih.gov/pubmed/26343387
https://www.ncbi.nlm.nih.gov/pubmed/20686565
https://www.ncbi.nlm.nih.gov/pubmed/23583979
https://www.ncbi.nlm.nih.gov/pubmed/20686565
https://www.ncbi.nlm.nih.gov/pubmed/26343387
https://www.ncbi.nlm.nih.gov/pubmed/22885922
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Supplementary Table 2

To confirm that RSS-NET network enrichment results are unlikely to be driven by generic
enrichments harbored in the vicinity of genes, we perform a “near-gene” control analysis.
Specifically, we create a “near-gene” control network with 18,334 protein-coding autosomal
genes as nodes and no edges, and then analyze this control with RSS-NET on the same
GWAS data for 18 traits. The near-gene control analysis is formalized as:

p~ (SRS, SRS),
Bj~mj N (jy o) +(L=7,)-8,
mj=1/[1+10"Gota;0
i =YgeG;Clg " Vg
Yjg ~ N0, ),

where a; = 1 if SNP j is within 100 kb of transcribed region of any protein-coding auto-
somal gene and 0 otherwise, G; denotes the set of all protein-coding genes within 1 Mb
window of SNP j, and ¢, measures the relative impact of SNP j on gene g (derived from
eQTLGen cis-eQTL results; see Supplementary Note 5).

Panel a Using the same GWAS data and the same hyper-parameter grids, we compare
BF's between each network and the near-gene control under four enrichment models: (1)
M11: 6 >0 and 02 =0; (2) M12: 0 =0 and 02 > 0; (3) M13: >0 and 02 > 0; (4) M1: 0 >0
or 02 > 0. For all 38 networks and the near-gene control, BF computations are based on
the same baseline model (My: 6 = 0 and o2 = 0). Each row below reports the number of
networks with BF's greater than near-gene control BF for each trait and each enrichment
model. Trait abbreviations are defined in Supplementary Table 1.

# of networks

Trait M11 Mlz M13 M1
AF 32 38 38 38
BC 33 38 38 38
BMI 9 38 38 38
CAD 38 38 38 38
HDL 38 38 38 38
HR 32 38 38 38
LDL 38 38 38 38
MI 38 38 38 38
NEU 33 38 38 38
RA 38 38 38 38
SCZ 9 38 38 38
WAIST 38 38 38 38
UcC 38 22 34 34
LOAD 38 13 11 11
IBD 38 0 6 6
T2D 2 0 21 5
CD 38 0 5 0
HEIGHT 38 0 0 0
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Panel b Applying the external methods (LDSC, Pascal) to the same GWAS data, we com-
pare enrichment P-values between each network and the near-gene control. Each row
below reports the number of networks with enrichment P-value smaller than near-gene
control enrichment P-value for each trait and each external method. Numerical values
of LDSC and Pascal analyses are available at https://suwonglab.github.io/rss-net/
results.html.

# of networks

LDSC methods Pascal methods
Trait baseline baselineLD max-chi max-emp sum-chi sum-emp
RA 38 38 0 0 2 0
IBD 36 37 0 0 0 0
UucC 37 37 1 0 1 0
HR 31 36 0 0 0 0
WAIST 37 36 1 0 27 24
CD 32 34 0 0 0 0
BC 28 32 0 2 1 0
MI 31 30 0 0 15 15
CAD 23 23 0 0 8 0
T2D 25 22 0 0 5 6
LDL 24 18 0 0 1 0
NEU 18 16 0 0 0 0
HEIGHT 6 11 0 0 0 0
HDL 6 10 0 0 1 0
AF 5 5 0 0 7 0
LOAD 1 2 0 0 1 1
SCZ 2 2 0 0 0 0
BMI 0 0 0 0 0 0
Supplementary Table 3

We compute Pearson correlations between five network features and log 10 enrichment
BF's, either across 512 trait-network pairs that pass the near-gene control (Supplementary
Table 2), or across all 684 trait-network pairs (18 traits and 38 networks). We use R built-
in function cor.test for all correlation analyses. All tests are two-sided.

Pearson R (P-value)

Network feature 512 pairs 684 pairs
% of SNPs in a network -0.0304 (0.4925) -0.0403 (0.2924)
# of TF-TG edges -0.0092 (0.8353)  0.0025 (0.9479)
# of nodes (TF or TG) -0.0535 (0.2272) -0.0422 (0.2702)
# of TGs -0.0531 (0.2308) -0.0424 (0.2686)

# of TF's -0.0403 (0.3625) -0.0184 (0.6312)



https://suwonglab.github.io/rss-net/results.html
https://suwonglab.github.io/rss-net/results.html
https://stat.ethz.ch/R-manual/R-devel/library/stats/html/cor.test.html
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Supplementary Table 4

For 512 network-trait pairs passing the near-gene enrichment control (Supplementary
Table 2), we compute BFs comparing the baseline model (My: 6 = 0 and o2 = 0) against
three disjoint enrichment models: (1) M1;: 6 > 0 and 02=0;(2) M12: 6 =0 and o2 > 0; (3)
Mis: 6 >0 and 02 > 0. For each network-trait pair, we compare BFs based on M11, M9
and M3, and define the “best” enrichment model as the one with the largest BF. Each
row below shows, for each trait, the number of networks with M11, M12 and M3 being
the “best” model, respectively. Trait abbreviations are defined in Supplementary Table 1.
Figure 5c is based on the table below.

# of networks
Trait M11 M12 M13 Total

AF 0 0 38 38
BC 0 10 28 38
BMI 0 14 24 38
CAD 0 0 38 38
HDL 0 0 38 38
HR 0 0 38 38
LDL 0 0 38 38
MI 0 0 38 38
NEU 0 0 38 38
RA 0 0 38 38
SCZ 0 38 0 38
WAIST 0 37 1 38
ucC 0 0 34 34
LOAD 0 0 11 11
IBD 0 0 6 6
T2D 2 0 3 5
Total 2 99 411 512
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Supplementary Table 5

For each trait or trait-network pair, we compute the proportion of genes with higher en-
richment P; estimates (P;’ma or P7*") than reference estimates (Pg’as'e or P{*"), among
genes with reference P; estimates higher than a given cutoff.

Panel a Median proportion of genes with Pi’ma higher than reference estimates (P;’ase or
PT%"), among genes with reference estimates higher than a given cutoff. Medians shown
below are across 16 traits that have multiple networks more enriched than the near-gene
enrichment control (Supplementary Table 2). Figure 5e is based on this panel.

All genes Only TF's Only TGs
Cutoff P?ase Pr11ear Pllaase Prl'near Plloase Prlwear
0 0.9828 0.9401 0.9556 0.8829 0.9842 0.9423

0.1 0.9531 0.8811 0.9837 0.8593 0.9499 0.8920
0.2 0.9180 0.8590 0.9514 0.8333 0.9166 0.8707
0.3 0.8856 0.8342 0.9564 0.8000 0.8898 0.8360
0.4 0.8754 0.8061 0.9667 0.7500 0.8784 0.8084

0.5 0.8695 0.7871 0.9444 0.7321 0.8771 0.7979
0.6 0.8499 0.7815 0.9348 0.7321 0.8607 0.7872
0.7 0.8647 0.7795 0.9583 0.7321 0.8624 0.7831
0.8 0.8399 0.7578 1.0000 0.6667 0.8521 0.7657
0.9 0.8167 0.7443 1.0000 0.6870 0.8259 0.7245

Panel b Median proportion of genes with P}* higher than reference estimates (Pll’ase or
P7%"), among genes with reference estimates higher than a given cutoff. Medians shown
below are across 512 network-trait pairs passing the near-gene enrichment control (Sup-
plementary Table 2).

All genes Only TF's Only TGs
Cutoff P?ase Pi‘lear Pll)ase PTear P?ase P;ear
0 0.9637 0.9046 0.8926 0.7058 0.9730 0.9325

0.1 0.9203 0.8613 0.8549 0.6667 0.9340 0.8898
0.2 0.9081 0.8494 0.8571 0.6667 0.9114 0.8696
0.3 0.8623 0.8276 0.8313 0.6667 0.8745 0.8537
0.4 0.8622 0.7971 0.8000 0.6000 0.8750 0.8225

0.5 0.8756 0.7891 0.7656 0.6079 0.8827 0.8053
0.6 0.8707 0.7895 0.7895 0.6154 0.8757 0.8000
0.7 0.8750 0.7906 0.7895 0.6206 0.8788 0.8077
0.8 0.8462 0.7679 0.7471 0.5862 0.8583 0.7863
0.9 0.8333 0.7500 0.7230 0.5000 0.8468 0.7619




Supplementary Table 6

For each trait we compute the correlation between RSS-NET enrichment statistic (log 10
BF) and the percentage of network genes with P*" higher than the reference estimates
(P;’ase or P1%"), across all networks. Here we only consider 12 traits where all 38 networks
show stronger enrichment than the near-gene control (Supplementary Table 2). Rows are
ranked by two-sided Pearson P-values. The Bonferroni cutoff is 0.05/12 = 4.2 x 1072 Trait

abbreviations are defined in Supplementary Table 1.

Panel a The reference P; is P;’ase.

Pearson R (- log 10 P-value)

Trait All genes Only TF's Only TGs
LDL 0.8992 (13.7584) 0.9419(17.9148) 0.8947 (13.4362)
HR 0.8166 (9.3903)  0.7301 (6.7046)  0.8090 (9.0992)
BMI 0.6810 (5.5959)  0.6628 (5.2378)  0.7271 (6.6306)
AF 0.6687 (5.3518)  0.7041 (6.0910) 0.6492 (4.9850)
MI 0.5851 (3.9420) 0.5452(3.3972) 0.6125 (4.3594)
SCZ 0.5722 (3.7584)  0.6440 (4.8916) 0.6173 (4.4368)
BC 0.5579 (3.5637)  0.6122 (4.3543) 0.5412 (3.3468)
RA 0.3848 (1.7679)  0.3427 (1.4540)  0.4013 (1.9022)
WAIST 0.3672(1.6316)  0.4298 (2.1496)  0.3946 (1.8468)
HDL 0.2629 (0.9555)  0.4662 (2.4981) 0.2658 (0.9714)
CAD 0.1948 (0.6175)  0.0261 (0.0574)  0.3409 (1.4413)
NEU 0.1461 (0.4184)  0.0523 (0.1219)  0.2634 (0.9581)

Panel b The reference P; is P{*". This panel is reported in the main text.

Pearson R (- log 10 P-value)

Trait All genes Only TF's Only TGs
LDL 0.9100 (14.6053) 0.9432 (18.0902) 0.9086 (14.4901)
HR 0.8392 (10.3326)  0.8105 (9.1548) 0.8323 (10.0295)
BMI 0.7247 (6.5719)  0.7711(7.8321)  0.7873 (8.3440)
MI 0.7079 (6.1755)  0.7797 (8.0986)  0.7372 (6.8854)
AF 0.7069 (6.1523)  0.7894 (8.4116)  0.6956 (5.9022)
NEU 0.5618 (3.6150)  0.6441 (4.8921)  0.6092 (4.3072)
CAD 0.5268 (3.1675)  0.5975 (4.1260)  0.6206 (4.4905)
SCZ 0.5218 (3.1084) 0.6433 (4.8791)  0.5812 (3.8855)
BC 0.5124 (2.9978)  0.5914 (4.0355)  0.4724 (2.5613)
RA 0.5110(2.9809) 0.5191(3.0761)  0.5098 (2.9673)
WAIST  0.2877(1.0977)  0.4315(2.1654)  0.3785(1.7184)
HDL 0.2831 (1.0705)  0.4966 (2.8189)  0.3151 (1.2679)
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Supplementary Table 7

Here we quantify overlap between RSS-NET prioritized genes (Pi’ma = 0.9) and genes im-
plicated in the GWAS Catalog [31], for each of 16 traits that pass the near-gene enrichment
control (Supplementary Table 2). The “Same GWAS” column reports the overlap between
RSS-NET prioritized genes and genes implicated in the same GWAS. The “Later GWAS”
column reports the overlap between RSS-NET prioritized genes and genes implicated in a
later GWAS of the same trait with increased sample size. The “No GWAS” column reports
the number of RSS-NET prioritized genes that were not reported in either the same or the
later GWAS at the time of analysis. For example, there are 38 genome-wide significant
genes in GWAS Catalog for the same GWAS of HDL [14] that are analyzed by RSS-NET,
and 32 of them have P;’ma = 0.9; there are 20 new genome-wide significant genes in GWAS
Catalog for a later GWAS of HDL [32], and 3 of them have Pll’ma > 0.9 based on RSS-
NET analysis of previous GWAS [14]; there are 142 genes with mea > 0.9 that are not
reported in either the same or the later GWAS of HDL. All P-values are two-sided and
are generated by R built-in function fisher.test. Rows are sorted by P-values in the
“Same GWAS” column, then P-values in the “Later GWAS” column. Trait abbreviations
are defined in Supplementary Table 1.

It is important to note that some published GWAS hits are not necessarily genome-wide
significant in the corresponding summary data files. For example, rs34856868 shows
P =9.80 x 1072 for association with IBD in Table 2 of [7]; 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 [7] was indeed obtained from a combined analysis of data
on both GWAS and Immunochip arrays, whereas the result in the summary data file was
only based on GWAS arrays. Because of this type of potential discrepancy between sum-
mary data files and corresponding publications, the overlap fractions shown in the “Same
GWAS?” column are not very high for certain traits.

Fraction (- log 10 P-value)

Trait Same GWAS Later GWAS No GWAS
RA 44 /61 (63.75) 4/7(5.79) 190
HDL 32/ 38 (54.66) 3/20 (2.87) 142
LDL 26 /27 (48.62) 1/18(0.75) 141
SCZ 47 /58 (45.93) 138/330(82.51) 638
AF 16/ 18 (36.05) 10/83 (12.79) 35
CAD 18/20(35.64) 21/140(21.75) 72
IBD 33 /80 (35.50) 4/12 (4.60) 101
WAIST 16/33(29.73) 57233 (3.11) 36
HR 10/ 15 (22.08) 2/43 (2.33) 29
BC 8/9(21.03) 4/107 (4.82) 15
BMI 13 /59 (19.61) 4/461 (1.39) 33
MI 8/9(17.45) NA 61
T2D 6/16(12.26) 5/110 (6.29) 8
LOAD 6/18(11.12) 11/29 (22.14) 18
UcC 6/17(7.92) 2/5(3.02) 126
NEU 3/5(6.58) 9/ 122 (10.40) 28



https://stat.ethz.ch/R-manual/R-devel/library/stats/html/fisher.test.html
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Examples of RSS-NET highlighted genes that were reported in GWAS of the same data.
The “mouse trait” column is based on the Mouse Genome Informatics [27]. The “therapeu-
tic/clinical evidence” column is based on the Online Mendelian Inheritance in Man [29]
and Therapeutic Target Database [33]. Click entries in these two columns to view details
online. CS: cardiovascular system; Metab.: metabolism; NS: nervous system.

Trait Gene (Role) P%ase P?ear P%ma Pi‘et (Network, BF) Mouse trait Therapeutic/clinical evidence

BMI ADCY3 (TG) 1.00 1.00 1.00 1.00 (Tleum, 4.99 x 1012) Growth Severe obesity
NPC1 (TG) 0.72 0.93 0.97 0.97 (Colon, 5.49 x 1012) Growth Niemann-Pick disease
RPL27A (TG) 0.66 0.70 0.86 0.90 (Pancreas, 2.07 x 1013) Growth

WAIST  PIGC (TG) 1.00 1.00 1.00 1.00 (Esophagus, 6.78 x 10239) GPIBD16
TBX15 (TF) 1.00 1.00 1.00 1.00 (Pancreas, 2.72 x 10212) Growth Cousin syndrome
PPARG (TF) 0.94 0.94 0.96 0.96 (Esophagus, 6.78 x 10239) Metab. Insulin resistance, Obesity

BC FGFR2 (TG) 1.00 1.00 1.00 1.00 (Lung, 7.14 x 107) Growth Pfeiffer syndrome
PTHLH (TG) 1.00 1.00 1.00 1.00 (Aorta, 8.27 x 108) Growth Brachydactyly E2
MKL1 (TG) 0.80 0.80 0.91 0.92 (Spleen, 6.19 x 107) AMKL

RA CD40 (TG) 1.00 1.00 1.00 1.00 (B cell, 3.31 x 1057) Immune HIGM3
CTLA4 (TG) 1.00 1.00 1.00 1.00 (CD8, 6.96 x 1056) Immune ALPS5
ICOS (TG) 1.00 1.00 1.00 1.00 (CD8, 6.96 x 1056) Immune Immunodeficiency CV1
IL2RA (TG) 1.00 1.00 1.00 1.00 (NK cell, 2.95 x 1060) Immune Immunodeficiency 41
IL6R (TG) 1.00 1.00 1.00 1.00 (Monocyte, 8.91 x 1053) Immune
RASGRPI (TG) 1.00 1.00 1.00 1.00 (NK cell, 2.95 x 1060) Immune Immunodeficiency 64
STAT4 (TF) 1.00 1.00 1.00 1.00 (NK cell, 2.95 x 1060) Immune
TYK2 (TG) 1.00 1.00 1.00 1.00 (NK cell, 2.95 x 1060) Immune Immunodeficiency 35

IBD ATG16LI1 (TG) 1.00 1.00 1.00 1.00 (NK cell, 5.07 x 103°) Immune
BACH2 (TF) 1.00 1.00 1.00 1.00 (NK cell, 5.07 x 103°) Immune Immunodeficiency 60
FCGR2A (TG) 1.00 1.00 1.00 1.00 (Monocyte, 6.28 x 1031) Immune Lupus nephritis
JAK2 (TG) 1.00 1.00 1.00 1.00 (Monocyte, 6.28 x 1031) Immune Baricitinib
STAT3 (TF) 1.00 1.00 1.00 1.00 (NK cell, 5.07 x 1035) Immune ADMIO1
TYK2 (TG) 0.96 0.98 0.98 0.98 (NK cell, 5.07 x 1035) Immune Immunodeficiency 35
STAT4 (TF) 0.77 0.82 0.91 0.91 (NK cell, 5.07 x 1035) Immune Susceptibility to SLE

HDL ABCAI (TG) 1.00 1.00 1.00 1.00 (Liver, 2.81 x 1021) Metab. Tangier disease, Probucol
APOB (TG) 1.00 1.00 1.00 1.00 (Liver, 2.81 x 1021) Metab. FCHL2, FHBLI1, Mipomersen
GALNT?2 (TG) 1.00 1.00 1.00 1.00 (Liver, 2.81 x 1021) Metab.
LIPG (TG) 1.00 1.00 1.00 1.00 (Liver, 2.81 x 1021) Metab. GSK-264220A
LPL (TG) 1.00 1.00 1.00 1.00 (Omentum, 8.70 x 1013) Metab. Clofibrate Gemfibrozil
SCARBI (TG) 1.00 1.00 1.00 1.00 (Liver, 2.81 x 1021) Metab.

LDL APOB (TG) 1.00 1.00 1.00 1.00 (Liver, 7.66 x 1027) Metab.  FCHL2, FHBL1, Mipomersen
HMGCR (TG) 1.00 1.00 1.00 1.00 (CD8, 5.86 x 1028) Metab.
HNF1A (TF) 1.00 1.00 1.00 1.00 (CD8, 5.86 x 1028) Metab. MODY3, Hepatic adenomas
LDLR (TG) 1.00 1.00 1.00 1.00 (Pancreas, 3.04 x 1028) Metab. FHCL1
NPCILI (TG) 1.00 1.00 1.00 1.00 (Liver, 7.66 x 1027) Metab. Response to ezetimibe

T2D TCF7L2 (TF) 1.00 1.00 1.00 1.00 (NK cell, 1.49 x 1077) Metab. Susceptibility to T2D
IGF2BP?2 (TG) 0.99 1.00 1.00 1.00 (Tleum, 4.52 x 10%2) Metab. Susceptibility to T2D
PPARG (TF) 0.98 1.00 1.00 1.00 (Prostate, 5.64 x 1066) Metab. Insulin resistance, Obesity
PROXI (TG) 0.32 0.92 0.92 0.92 (Thyroid, 3.61 x 1061) CS, Metab.

HR MYH6 (TG) 1.00 1.00 1.00 1.00 (Heart, 2.12 x 107) CS,Muscle  Cardiomyopathy D1EE, H14
GJAI (TG) 1.00 1.00 1.00 1.00 (Uterus, 1.51 x 10%) CS, Muscle AVSD3, HLHS1
EPHB4 (TG) 1.00 1.00 1.00 1.00 (Aorta, 2.43 x 107) CS, Muscle CMAVM2, LMPHM7
TTN (TG) 1.00 1.00 1.00 1.00 (Aorta, 2.43 x 107) CS, Muscle Cardiomyopathy D1G, H9
GNB4 (TG) 0.55 0.64 0.91 0.91 (Aorta, 2.43 x 107) cs CMTDIF

CAD SMAD3 (TF) 0.99 1.00 1.00 1.00 (Adipose, 1.67 x 1029) CS, Blood Loeys-Dietz syndrome 3
APOB (TG) 0.94 0.98 0.99 0.99 (Liver, 2.99 x 1025) CS, Metab. FCHL2, FHBL1, Mipomersen
ATP2B1 (TG) 0.91 0.96 0.98 0.99 (Heart, 1.93 x 1028) CS, Muscle
MRAS (TG) 0.89 0.96 0.98 0.98 (Adipose, 1.67 x 1029) Immune Noonan syndrome 11
APOE (TG) 0.80 0.92 0.96 0.96 (Adipose, 1.67 x 1029) CS, Metab. Hyperlipoproteinemia 3
ABHD2 (TG) 0.81 0.92 0.95 0.95 (Adipose, 1.67 x 1029) cs
IL6R (TG) 0.77 0.91 0.93 0.94 (Heart, 1.93 x 1028) Immune Serum level of IL6
FURIN (TG) 0.69 0.86 0.93 0.95 (Heart, 1.93 x 1028) cS

AF TBX5 (TF) 1.00 1.00 1.00 1.00 (Heart, 2.15 x 1014) CS, Muscle Holt-Oram syndrome
PITX? (TF) 1.00 1.00 1.00 1.00 (Muscle, 8.55 x 1014) CS, Muscle
CAV1 (TG) 1.00 1.00 1.00 1.00 (Muscle, 8.55 x 1014) CS, Muscle PP hypertension 3
SH3PXD2A (TG)  1.00 1.00 1.00 1.00 (Muscle, 8.55 x 1014) CS, Muscle
ASAHI (TG) 1.00 1.00 1.00 1.00 (Muscle, 8.55 x 1014) Metab. Farber lipogranulomatosis
TTN (TG) 0.95 0.97 0.99 0.99 (Muscle, 8.55 x 1014) CS, Muscle Cardiomyopathy D1G, H9

LOAD  APOE (TG) 1.00 1.00 1.00 1.00 (Liver, 1.09 x 1020) Liver, NS Hyperlipoproteinemia 3
BIN1 (TG) 1.00 1.00 1.00 1.00 (CDS8, 8.31 x 1026) Muscle Centronuclear myopathy 2


http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:99675&header=growth/size/body
https://www.omim.org/entry/617885
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1097712&header=growth/size/body
https://www.omim.org/entry/257220
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1347076&header=growth/size/body
https://www.omim.org/entry/617816
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1277234&header=growth/size/body
https://www.omim.org/entry/260660
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:97747&header=homeostasis/metabolism
https://www.omim.org/entry/604367
https://www.omim.org/entry/601665
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http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:95500&header=immune%20system
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http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:96765&header=homeostasis/metabolism
https://www.omim.org/entry/143890
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:2685089&header=homeostasis/metabolism
https://www.omim.org/entry/617966
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1202879&header=homeostasis/metabolism
https://www.omim.org/entry/125853
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1890358&header=homeostasis/metabolism
https://www.omim.org/entry/125853
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:97747&header=homeostasis/metabolism
https://www.omim.org/entry/604367
https://www.omim.org/entry/601665
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:97772&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:97772&header=homeostasis/metabolism
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:97255&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:97255&header=muscle
https://www.omim.org/entry/613252
https://www.omim.org/entry/613251
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:95713&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:95713&header=muscle
https://www.omim.org/entry/600309
https://www.omim.org/entry/241550
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:104757&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:104757&header=muscle
https://www.omim.org/entry/618196
https://www.omim.org/entry/617300
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:98864&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:98864&header=muscle
https://www.omim.org/entry/604145
https://www.omim.org/entry/613765
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:104581&header=cardiovascular%20system
https://www.omim.org/entry/615185
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1201674&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1201674&header=hematopoietic%20system
https://www.omim.org/entry/613795
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:88052&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:88052&header=homeostasis/metabolism
https://www.omim.org/entry/144010
https://www.omim.org/entry/615558
http://db.idrblab.net/ttd/data/drug/details/d08cvq
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:104653&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:104653&header=muscle
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1100856&header=immune%20system
https://www.omim.org/entry/618499
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:88057&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:88057&header=homeostasis/metabolism
https://www.omim.org/entry/617347
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1914344&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:105304&header=immune%20system
https://www.omim.org/entry/614752
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:97513&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:102541&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:102541&header=muscle
https://www.omim.org/entry/142900
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:109340 &header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:109340 &header=muscle
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:102709&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:102709&header=muscle
https://www.omim.org/entry/615343
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1298393&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1298393&header=muscle
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1277124&header=homeostasis/metabolism
https://www.omim.org/entry/228000
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:98864&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:98864&header=muscle
https://www.omim.org/entry/604145
https://www.omim.org/entry/613765
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:88057&header=liver/biliary%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:88057&header=nervous%20system
https://www.omim.org/entry/617347
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:108092&header=muscle
https://www.omim.org/entry/255200
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(continued)
Trait Gene (Role) P?ase PTear Pi:ma P'fet (Network, BF) Mouse trait Therapeutic/clinical evidence
CLU (TG) 1.00 1.00 1.00 1.00 (Aorta, 3.24 x 1023) CS, Muscle
EPHAI (TG) 0.99 1.00 1.00 1.00 (CD8, 8.31 x 1026) Immune
CD2AP (TG) 0.70 0.95 0.98 0.98 (Pancreas, 3.53 x 1020) Metab. FSGS3
SCZ CACNAIC (TG) 1.00 1.00 1.00 1.00 (Spleen, 1.44 x 10141) Immune, NS Timothy syndrome
TCF4 (TF) 1.00 1.00 1.00 1.00 (Colon, 1.20 x 10144) Immune, NS Pitt-Hopkins syndrome
DPYD (TG) 1.00 1.00 1.00 1.00 (Spleen, 1.44 x 10141) Neuron DPD deficiency
NEU LINGO1 (TG) 0.99 1.00 1.00 1.00 (Putamen, 2.12 x 1019) NS Mental retardation
SBF2 (TG) 0.94 0.97 0.99 0.99 (Lung, 1.42 x 1018) Neuron, NS CMT4B2
PAFAHIBI (TG)  0.77 0.93 1.00 1.00 (Cerebellum, 4.85 x 1018) Neuron, NS Lissencephaly



http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:88423&header=cardiovascular%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:88423&header=muscle
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:107381&header=immune%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1330281&header=homeostasis/metabolism
https://www.omim.org/entry/607832
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:103013&header=immune%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:103013&header=nervous%20system
https://www.omim.org/entry/601005
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:98506&header=immune%20system
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:98506&header=nervous%20system
https://www.omim.org/entry/610954
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:2139667&header=behavior/neurological
https://www.omim.org/entry/274270
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1915522&header=nervous%20system
https://www.omim.org/entry/618103
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1921831&header=behavior/neurological
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:1921831&header=nervous%20system
https://www.omim.org/entry/604563
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:109520&header=behavior/neurological
http://www.informatics.jax.org/diseasePortal/popup?isPhenotype=true&markerID=MGI:109520&header=nervous%20system
https://www.omim.org/entry/607432
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Supplementary Table 9

Descriptive statistics of proportion of GWAS SNPs inside a network (a; = 1) over 18 traits
for each of 38 regulatory networks. Rows are sorted by the “Median” column.

Summary of Z‘;’:l a;/p

Network Min Q1 Median Q3 Max
Vagina 0.6400 0.6423 0.6438 0.6481 0.6505
Lung 0.6377 0.6399 0.6414 0.6460 0.6485
Thyroid 0.6287 0.6305 0.6324 0.6368 0.6394
Terminal ileum 0.6145 0.6170 0.6188 0.6230 0.6256
Testis 0.6109 0.6129 0.6149 0.6193 0.6220
Esophagus mucosa 0.6068 0.6090 0.6107 0.6153 0.6180
Sun-exposed skin 0.6014 0.6037 0.6056 0.6101 0.6129
Spleen 0.5965 0.5988 0.6003 0.6056 0.6085
Visceral omentum 0.5875 0.5901 0.5912 0.5963 0.5989
Prostate 0.5738 0.5762 0.5788 0.5828 0.5856
Stomach 0.5632 0.5655 0.5677 0.5725 0.5753
Adrenal gland 0.5576 0.5605 0.5621 0.5673 0.5699
Uterus 0.5508 0.5534 0.5551 0.5602 0.5631
Omnibus 0.5475 0.5494 0.5516 0.5567 0.5597
Esophagus muscularis 0.5442 0.5469 0.5489 0.5535 0.5561
Hippocampus 0.5429 0.5450 0.5463 0.5516 0.5545
Cortex 0.5068 0.5083 0.5101 0.5164 0.5197
Ovary 0.4999 0.5028 0.5049 0.5103 0.5135
Atrial appendage 0.4976 0.5001 0.5017 0.5070 0.5099
Transverse colon 0.4930 0.4956 0.4981 0.5034 0.5067
Caudate 0.4914 0.4930 0.4946 0.5001 0.5033
Tibial nerve 0.4876 0.4900 0.4918 0.4971 0.5002
Putamen 0.4701 0.4721 0.4743 0.4793 0.4824
CD4 cell 0.4468 0.4487 0.4521 0.4578 0.4614
Breast 0.4426 0.4451 0.4477 0.4532 0.4564
Sigmoid colon 0.4397 0.4425 0.4446 0.4501 0.4533
Cerebellum 0.4366 0.4385 0.4405 0.4467 0.4503
CD8 cell 0.4198 0.4213 0.4249 0.4307 0.4345
Subcutaneous adipose 0.4170 0.4193 0.4219 0.4275 0.4309
Gastroesophageal junction 0.4150 0.4180 0.4202 0.4260 0.4294
Skeletal muscle 0.4116 0.4145 0.4169 0.4225 0.4258
Monocyte 0.4093 0.4111 0.4148 0.4202 0.4236
Aorta 0.3766 0.3786 0.3817 0.3869 0.3901
Left ventricle 0.3713 0.3742 0.3768 0.3826 0.3859
B cell 0.3669 0.3691 0.3730 0.3786 0.3822
Liver 0.3611 0.3640 0.3676 0.3730 0.3763
NK cell 0.3494 0.3508 0.3549 0.3605 0.3643

Pancreas 0.3241 0.3262 0.3300 0.3355 0.3390
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Supplementary Table 10

Descriptive statistics of 38 regulatory networks. Rows are sorted by “# of TF-TG edges”.

Network # of TF-TG edges # of TGs # of TF's
Stomach 96135 3727 450
Omnibus 96008 9317 571
Esophagus mucosa 95797 4891 419
Terminal ileum 95596 3700 408
Pancreas 95446 2941 481
Transverse colon 95446 3696 435
Lung 95361 4123 415
Breast 95355 3260 442
Left ventricle 95030 2546 424
Sun-exposed skin 94988 4144 448
Gastroesophageal junction 94838 2380 443
Atrial appendage 94749 2564 399
Vagina 94592 4325 431
Sigmoid colon 94549 2545 460
Esophagus muscularis 94408 2993 429
Visceral omentum 94334 3701 428
Tibial nerve 94133 3214 431
Subcutaneous adipose 94005 2718 434
Ovary 93822 3659 430
Liver 93706 3398 412
Spleen 93494 4358 397
Aorta 93408 3295 414
Uterus 93057 3569 453
Skeletal muscle 92832 2308 490
NK cell 92399 3105 376
Thyroid 92263 5369 450
CDS8 cell 91925 3439 424
B cell 91728 3018 436
Prostate 91722 3165 474
CD4 cell 91569 3643 433
Monocyte 91401 3702 384
Testis 90804 4646 474
Cortex 90579 2972 333
Adrenal gland 90401 2758 434
Caudate 89754 2547 374
Cerebellum 89371 3301 336
Hippocampus 88948 2592 366

Putamen 88634 2380 365
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Supplementary Table 11

Descriptive statistics of TF-TG edge weights {vg;} over all TF-TG edges available in each
of 38 regulatory networks. Rows are sorted by the “Median” column.

Summary of vg;

Network Min Q1 Median Q3 Max
Cortex 0.6946 0.7105 0.7315 0.7636 1.0000
Putamen 0.6797 0.6972 0.7201 0.7560 0.9944
Cerebellum 0.6817 0.6970 0.7170 0.7484 1.0000
Caudate 0.6704 0.6880 0.7113 0.7469 1.0000
Hippocampus 0.6678 0.6843 0.7063 0.7403 0.9977
Atrial appendage 0.6489 0.6674 0.6920 0.7314 1.0000
CD8 cell 0.6385 0.6553 0.6775 0.7125 1.0000
Subcutaneous adipose 0.6339 0.6520 0.6769 0.7160 1.0000
Omnibus 0.6278 0.6484 0.6748 0.7143 1.0000
Transverse colon 0.6353 0.6518 0.6740 0.7099 1.0000
Terminal ileum 0.6362 0.6522 0.6736 0.7082 1.0000
Adrenal gland 0.6296 0.6445 0.6650 0.6987 1.0000
CD4 cell 0.6266 0.6430 0.6647 0.6989 1.0000
Gastroesophageal junction 0.6233 0.6413 0.6645 0.7020 1.0000
Stomach 0.6276 0.6431 0.6640 0.6984 1.0000
Skeletal muscle 0.6187 0.6366 0.6609 0.6998 1.0000
Lung 0.6243 0.6393 0.6597 0.6927 1.0000
NK cell 0.6138 0.6324 0.6568 0.6949 1.0000
B cell 0.6101 0.6278 0.6515 0.6885 1.0000
Breast 0.6087 0.6263 0.6497 0.6870 1.0000
Spleen 0.6122 0.6279 0.6492 0.6831 1.0000
Monocyte 0.6088 0.6259 0.6488 0.6844 1.0000
Sigmoid colon 0.6079 0.6250 0.6482 0.6849 1.0000
Prostate 0.6047 0.6210 0.6427 0.6780 1.0000
Left ventricle 0.6006 0.6185 0.6418 0.6788 1.0000
Esophagus muscularis 0.5972 0.6157 0.6405 0.6797 1.0000
Uterus 0.5977 0.6142 0.6369 0.6728 1.0000
Sun-exposed skin 0.5984 0.6149 0.6368 0.6724 1.0000
Ovary 0.5938 0.6122 0.6368 0.6763 1.0000
Tibial nerve 0.5920 0.6104 0.6350 0.6740 1.0000
Liver 0.5867 0.6060 0.6312 0.6707 1.0000
Pancreas 0.5847 0.6046 0.6305 0.6722 1.0000
Vagina 0.5852 0.6010 0.6228 0.6581 1.0000
Visceral omentum 0.5814 0.5977 0.6198 0.6552 1.0000
Aorta 0.5646 0.5826 0.6067 0.6438 1.0000
Esophagus mucosa 0.5643 0.5809 0.6034 0.6400 1.0000
Thyroid 0.5621 0.5766 0.5966 0.6288 0.9587

Testis 0.5512 0.5675 0.5896 0.6252 1.0000
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Supplementary Table 12

Descriptive statistics of cis-eQTL databases used in this study. Rows are sorted by the “#
of SNP-gene pairs” column.

Source of eQTL # of SNP-gene pairs # of genes # of SNPs
Testis, GTEx (V7) 15,759,533 17,366 1,230,746
Prostate, GTEx (V7) 14,585,826 16,085 1,219,002
Terminal ileum, GTEx (V7) 14,546,128 16,041 1,215,324
Lung, GTEx (V7) 14,483,585 15,973 1,214,950
Sun-exposed skin, GTEx (V7) 14,404,353 15,869 1,213,959
Transverse colon, GTEx (V7) 14,402,835 15,875 1,215,596
Breast, GTEx (V7) 14,392,706 15,872 1,212,389
Vagina, GTEx (V7) 14,380,972 15,869 1,217,316
Thyroid, GTEx (V7) 14,336,449 15,810 1,214,645
Tibial nerve, GTEx (V7) 14,288,824 15,761 1,217,709
Cortex, GTEx (V7) 14,261,947 15,745 1,226,087
Hippocampus, GTEx (V7) 14,233,460 15,719 1,224,980
Stomach, GTEx (V7) 14,220,507 15,684 1,213,739
Caudate, GTEx (V7) 14,209,653 15,689 1,226,945
Sigmoid colon, GTEx (V7) 14,202,126 15,668 1,219,231
Cerebellum, GTEx (V7) 14,192,621 15,679 1,224,520
Visceral omentum, GTEx (V7) 14,151,283 15,611 1,210,453
Uterus, GTEx (V7) 14,144,127 15,599 1,208,996
Spleen, GTEx (V7) 14,088,656 15,568 1,203,063
Ovary, GTEx (V7) 14,083,563 15,543 1,211,776
Subcutaneous adipose, GTEx (V7) 14,074,828 15,5628 1,213,026
Esophagus mucosa, GTEx (V7) 14,050,266 15,504 1,201,919
Putamen, GTEx (V7) 14,036,948 15,503 1,226,334
Gastroesophageal junction, GTEx (V7) 13,998,654 15,446 1,217,148
Esophagus muscularis, GTEx (V7) 13,940,389 15,390 1,211,409
Adrenal gland, GTEx (V7) 13,918,735 15,368 1,215,183
Aorta, GTEx (V7) 13,913,807 15,356 1,207,409
Pancreas, GTEx (V7) 13,707,801 15,139 1,200,808
Atrial appendage, GTEx (V7) 13,683,429 15,122 1,207,966
Liver, GTEx (V7) 13,481,989 14,908 1,190,839
Left ventricle, GTEx (V7) 13,120,834 14,507 1,195,904
Skeletal muscle, GTEx (V7) 13,077,954 14,458 1,193,409
CDS8 cell, DICE (DB1) 12,467,472 18,258 944,172
CD4 cell, DICE (DB1) 12,464,676 18,258 943,869
NK cell, DICE (DB1) 12,379,934 18,258 937,629
Blood, eQTLGen 12,372,754 13,588 1,173,301
B cell, DICE (DB1) 12,344,429 18,258 934,954
Monocyte, DICE (DB1) 12,344,429 18,258 934,954
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Supplementary Table 13

Descriptive statistics of relative cis impact of SNPs on genes {c;¢} over all SNP-gene pairs
available in cis-eQTL databases. Rows are sorted by the “Median” column.

Summary of (¢ — 1)
Q1 Median Q3 Max

0.033 0.069 0.118 0.935
0.032 0.067 0.115 0.932
0.032 0.067 0.114 0.923
0.031 0.066 0.114 0.912
0.024 0.065 0.118 0.774

0.023 0.064 0.118 0.771
0.023 0.064 0.118 0.792
0.030 0.064 0.109 0.935
0.023 0.064 0.117 0.762
0.030 0.063 0.108 0.931

0.021 0.063 0.117 0.777
0.029 0.061 0.105 0.915
0.029 0.061 0.104 0.943
0.028 0.059 0.101 0.942
0.028 0.059 0.101 0.908

0.027 0.058 0.101 0.952
0.027 0.057 0.098 0.921
0.026 0.054 0.093 0.945
0.024 0.050 0.087 0.942
0.023 0.049 0.085 0.948

0.023 0.049 0.084 0.939
0.023 0.049 0.084 0.927
0.022 0.046 0.080 0.942
0.022 0.046 0.079 0.943
0.021 0.045 0.078 0.949

0.021 0.045 0.077 0.943
0.021 0.045 0.077 0.948
0.021 0.044 0.076 0.943
0.019 0.041 0.071 0.939
0.019 0.040 0.070 0.955

0.019 0.040 0.069 0.964
0.018 0.039 0.068 0.938
0.018 0.038 0.066 0.952
0.018 0.038 0.065 0.955
0.018 0.038 0.065 0.928

0.017 0.037 0.064 0.948
0.016 0.034 0.058 0.918
0.003 0.007 0.014 0.855

=
5

Source of eQTL

Uterus, GTEx (V7)
Vagina, GTEx (V7)
Putamen, GTEx (V7)
Hippocampus, GTEx (V7)
CDS8 cell, DICE (DB1)

CD4 cell, DICE (DB1)
Monocyte, DICE (DB1)
Terminal ileum, GTEx (V7)
NK cell, DICE (DB1)
Ovary, GTEx (V7)

B cell, DICE (DB1)
Cortex, GTEx (V7)
Prostate, GTEx (V7)
Spleen, GTEx (V7)
Caudate, GTEx (V7)

Cerebellum, GTEx (V7)

Liver, GTEx (V7)

Adrenal gland, GTEx (V7)

Sigmoid colon, GTEx (V7)
Gastroesophageal junction, GTEx (V7)

Pancreas, GTEx (V7)

Testis, GTEx (V7)

Stomach, GTEx (V7)
Transverse colon, GTEx (V7)
Breast, GTEx (V7)

Atrial appendage, GTEx (V7)
Aorta, GTEx (V7)

Left ventricle, GTEx (V7)

Visceral omentum, GTEx (V7)
Esophagus muscularis, GTEx (V7)

Tibial nerve, GTEx (V7)
Esophagus mucosa, GTEx (V7)
Subcutaneous adipose, GTEx (V7)
Thyroid, GTEx (V7)

Lung, GTEx (V7)

Sun-exposed skin, GTEx (V7)

Skeletal muscle, GTEx (V7)
Blood, eQTLGen

S OO OO OO0 OO0 OO0 OO OO0 OO0 o0 ocoooo
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Supplementary Table 14

RSS-NET hyper-parameter grids used in the present study. For all traits, the grid for
0 is (0:0.25: 1) and the grid for p is (0:0.2:0.8). Here (j:i: k) denotes a regularly-
spaced vector that starts at j, uses i as the increment, and (roughly) stops at 2. RSS-NET
analyses of the same trait across different networks use the same hyper-parameter grid
specified here. Trait abbreviations are defined in Supplementary Table 1.

Trait 0o n
LOAD (=5.25:0.1:-4.75) 0.6
NEU (—4.4:0.05:-4) 0.3
SCZ (—2.175:0.025: -2.05) 0.3
BMI (-4.1:0.025:-3.95) 0.3
HEIGHT (-2.05:0.05:-1.95) 0.3
WAIST (=3:0.025:-2.95) 0.3
CD (-3:0.05:-2.9) 0.3
IBD (-3:0.05:-2.8) 0.3
RA (—3.25:0.025:-3.125) 0.3
UucC (-3.05:0.025: -2.95) 0.3
BC (-4.25:0.05:-4) 0.2
AF (-4.5:0.25:-4) 0.2,0.3
CAD (—4:0.025:-3.85) 0.3
HDL (—3.575:0.025:-3.45) 0.3
HR (-4.45:0.05:-4.25) 0.3,04
LDL (-3.75:0.05:-3.5) 0.3
MI (—4.3:0.025:-4.1) 0.3
T2D (-4.65:0.05:-4.55) 0.4,0.5,0.6




Supplementary Table 15

63

False positive rates of RSS-NET under different log 10 enrichment BF cutoffs across 47
simulation scenarios of negative datasets.

Panel a Descriptive statistics of RSS-NET false positive rates across 17 negative scenarios
in Supplementary Figures 1-2 and 9.

Cutoff Min Q1 Median Q3 Max
0 0.0000 0.0000 0.0200 0.1250 0.3800
1 0.0000 0.0000 0.0000 0.0250 0.1800
2 0.0000 0.0000 0.0000 0.0000 0.1150
3 0.0000 0.0000 0.0000 0.0000 0.0900
4 0.0000 0.0000 0.0000 0.0000 0.0600
5 0.0000 0.0000 0.0000 0.0000 0.0550
6 0.0000 0.0000 0.0000 0.0000 0.0450
7 0.0000 0.0000 0.0000 0.0000 0.0400
8 0.0000 0.0000 0.0000 0.0000 0.0400
9 0.0000 0.0000 0.0000 0.0000 0.0350

Panel b Descriptive statistics of RSS-NET false positive rates across 6 negative scenarios
in Supplementary Figure 3.

Cutoff Min Q1 Median Q3 Max
0 0.0150 0.0438 0.3300 0.6050 0.6300
1 0.0000 0.0000 0.0475 0.1362 0.2000
2 0.0000 0.0000 0.0075 0.0300 0.0750
3 0.0000 0.0000 0.0000 0.0037 0.0150
4 0.0000 0.0000 0.0000 0.0000 0.0050
5 0.0000 0.0000 0.0000 0.0000 0.0050
6 0.0000 0.0000 0.0000 0.0000 0.0000
7 0.0000 0.0000 0.0000 0.0000 0.0000
8 0.0000 0.0000 0.0000 0.0000 0.0000
9 0.0000 0.0000 0.0000 0.0000 0.0000

Panel ¢ Descriptive statistics of RSS-NET false positive rates across 6 negative scenarios
in Supplementary Figure 4.

Cutoff Min Q1 Median Q3 Max
0 0.0200 0.0563 0.4225 0.8337 0.8700
1 0.0000 0.0000 0.1450 0.3013 0.4200
2 0.0000 0.0000 0.0100 0.0650 0.1400
3 0.0000 0.0000 0.0025 0.0125 0.0200
4 0.0000 0.0000 0.0000 0.0000 0.0050
5 0.0000 0.0000 0.0000 0.0000 0.0000
6 0.0000 0.0000 0.0000 0.0000 0.0000
7 0.0000 0.0000 0.0000 0.0000 0.0000
8 0.0000 0.0000 0.0000 0.0000 0.0000
9 0.0000 0.0000 0.0000 0.0000 0.0000
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Panel d Descriptive statistics of RSS-NET false positive rates across 6 negative scenarios
in Supplementary Figure 5.

Cutoff Min Q1 Median Q3 Max
0 0.0150 0.0287 0.0950 0.1462 0.2350
1 0.0000 0.0000 0.0125 0.0287 0.0350
2 0.0000 0.0000 0.0000 0.0000 0.0050
3 0.0000 0.0000 0.0000 0.0000 0.0000
4 0.0000 0.0000 0.0000 0.0000 0.0000
5 0.0000 0.0000 0.0000 0.0000 0.0000
6 0.0000 0.0000 0.0000 0.0000 0.0000
7 0.0000 0.0000 0.0000 0.0000 0.0000
8 0.0000 0.0000 0.0000 0.0000 0.0000
9 0.0000 0.0000 0.0000 0.0000 0.0000

Panel e Descriptive statistics of RSS-NET false positive rates across 12 negative scenarios
in Supplementary Figure 6.

Cutoff Min Q1 Median Q3 Max
0 0.2100 0.4625 0.8075 0.9950 1.0000
1 0.0400 0.0900 0.5675 0.9413 1.0000
2 0.0050 0.0138 0.3825 0.8712 1.0000
3 0.0000 0.0050 0.2675 0.7650 0.9900
4 0.0000 0.0050 0.2050 0.6262 0.9800
5 0.0000 0.0050 0.1425 0.4888 0.9700
6 0.0000 0.0050 0.0775 0.3700 0.9550
7 0.0000 0.0000 0.0400 0.2500 0.9250
8 0.0000 0.0000 0.0275 0.1675 0.8900
9 0.0000 0.0000 0.0225 0.1038 0.8550

Panel f Descriptive statistics of RSS-NET false positive rates across 47 negative scenarios
from Panels a to e above.

Cutoff Min Q1 Median Q3 Max

0.0000 0.0200 0.1350 0.6150 1.0000
0.0000 0.0000 0.0300 0.1900 1.0000
0.0000 0.0000 0.0000 0.0750 1.0000
0.0000 0.0000 0.0000 0.0150 0.9900
0.0000 0.0000 0.0000 0.0050 0.9800

0.0000 0.0000 0.0000 0.0050 0.9700
0.0000 0.0000 0.0000 0.0025 0.9550
0.0000 0.0000 0.0000 0.0000 0.9250
0.0000 0.0000 0.0000 0.0000 0.8900
0.0000 0.0000 0.0000 0.0000 0.8550
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False positive rates of RSS-NET under different P; cutoffs across 49 simulation scenarios
in Supplementary Figures 7-9.

Panel a Descriptive statistics of RSS-NET false positive rates across 8 scenarios with 6 =0

and 02 =0.
Cutoff Min Q1 Median Q3 Max
0.50 1.9158e-05 4.3152e-05 1.3280e-04 3.1445e-02 6.6337e-02
0.55 1.9158e-06 3.9181e-05 1.1041e-04 1.7910e-02 3.7976e-02
0.60 9.5791e-07 3.7196e-05 9.1061e-05 1.0309e-02 2.1019e-02
0.65 7.1843e-07 3.2524e-05 8.2365e-05 5.7166e-03 1.1068e-02
0.70 7.1843e-07 2.8846e-05 7.1198e-05 3.0852e-03 5.6593e-03
0.75 0.0000e+00 2.5692e-05 6.2483e-05 1.5269e-03 2.9909e-03
0.80 0.0000e+00 2.3357e-05 5.5691e-05 6.9265e-04 1.4404e-03
0.85 0.0000e+00 1.9970e-05 5.2003e-05 2.7399e-04 6.2126e-04
0.90 0.0000e+00 1.7868e-05 4.4425e-05 8.9064e-05 1.8040e-04
0.95 0.0000e+00 1.4094e-05 1.5193e-05 2.1983e-05 6.0961e-05
Panel b Descriptive statistics of RSS-NET false positive rates across 16 scenarios with
6 =0and 6% >0.
Cutoff Min Q1 Median Q3 Max
0.50 3.4568e-05 7.9590e-05 1.8260e-04 3.9777e-02 1.3713e-01
0.55 3.1765e-05 7.3369e-05 1.3957e-04 2.4210e-02 9.0496e-02
0.60 2.8028e-05 6.3212e-05 1.3148e-04 1.4952e-02 5.6791e-02
0.65 2.5926e-05 5.2579e-05 1.2136e-04 8.2891e-03 3.3777e-02
0.70 2.5225e-05 4.7513e-05 1.1207e-04 4.4175e-03 1.8742e-02
0.75 2.4525e-05 4.1115e-05 1.0169e-04 2.1514e-03 9.8169e-03
0.80 2.1722e-05 3.7478e-05 9.0797e-05 9.1384e-04 4.7398e-03
0.85 2.1255e-05 3.2583e-05 7.9758e-05 3.8602e-04 2.0535e-03
0.90 1.9620e-05 2.8757e-05 7.1112e-05 1.4587e-04 6.6205e-04
0.95 1.7518e-05 2.1299e-05 3.8781e-05 8.3458e-05 1.1029e-04
Panel ¢ Descriptive statistics of RSS-NET false positive rates across 8 scenarios with 8 > 0
and 02 =0.
Cutoff Min Q1 Median Q3 Max
0.50 3.1391e-04 2.7308e-03 8.4924e-02 1.0921e-01 1.6779e-01
0.55 1.4283e-04 1.3149e-03 6.0600e-02 8.4700e-02 1.3078e-01
0.60 5.7572e-05 6.2062e-04 4.6203e-02 6.5058e-02 9.8028e-02
0.65 2.6867e-05 2.9597e-04 3.4367e-02 4.9285e-02 6.9542e-02
0.70 1.5078e-05 1.3498e-04 2.4858e-02 3.5227e-02 4.6563e-02
0.75 8.2246e-06 5.4906e-05 1.7402e-02 2.3246e-02 2.8511e-02
0.80 3.0157e-06 2.1513e-05 1.1155e-02 1.3445e-02 1.6516e-02
0.85 5.4831e-07 5.1493e-06 6.1871e-03 6.8245e-03 1.0139e-02
0.90 0.0000e+00 1.0088e-06 2.1403e-03 3.0779e-03 4.6428e-03
0.95 0.0000e+00 2.8646e-07 2.5865e-04 8.9441e-04 1.1598e-03
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Panel d Descriptive statistics of RSS-NET false positive rates across 17 scenarios with

0>0and 2> 0.

Cutoff Min Q1 Median Q3 Max
0.50 3.6369e-03 1.4967e-02 9.4407e-02 1.1433e-01 2.8226e-01
0.55 1.8042e-03 9.9008e-03 7.1041e-02 9.6921e-02 2.4531e-01
0.60 8.8415e-04 6.4193e-03 5.1986e-02 8.7748e-02 2.0722e-01
0.65 4.2384e-04 3.9577e-03 4.0081e-02 6.6512e-02 1.6879e-01
0.70 2.0918e-04 2.2908e-03 3.0449e-02 5.0644e-02 1.3095e-01
0.75 1.1240e-04 1.1916e-03 2.1810e-02 3.5411e-02 9.5022e-02
0.80 6.4700e-05 5.0790e-04 1.4876e-02 2.5534e-02 6.2574e-02
0.85 3.1671e-05 1.8625e-04 8.6225e-03 1.2890e-02 3.6571e-02
0.90 1.7724e-05 9.7325e-05 4.3930e-03 6.0918e-03 2.0671e-02
0.95 1.1623e-05 4.5801e-05 7.0200e-04 1.6252e-03 8.4746e-03

Panel e Descriptive statistics of RSS-NET false positive rates across 49 scenarios from

Panels a to d above.

Cutoff Min Q1 Median Q3 Max
0.50 1.9158e-05 1.5303e-04 2.3029e-02 9.9199e-02 2.8226e-01
0.55 1.9158e-06 1.1734e-04 1.3126e-02 7.1041e-02 2.4531e-01
0.60 9.5791e-07 8.9924e-05 7.9050e-03 5.1986e-02 2.0722e-01
0.65 7.1843e-07 7.9649e-05 4.4754e-03 3.7725e-02 1.6879e-01
0.70 7.1843e-07 7.3107e-05 2.5532e-03 2.8071e-02 1.3095e-01
0.75 0.0000e+00 6.8903e-05 1.3102e-03 2.0162e-02 9.5022e-02
0.80 0.0000e+00 4.7177e-05 6.6729e-04 1.2758e-02 6.2574e-02
0.85 0.0000e+00 3.4724e-05 3.1254e-04 6.7839e-03 3.6571e-02
0.90 0.0000e+00 2.6867e-05 1.2389e-04 2.6863e-03 2.0671e-02
0.95 0.0000e+00 1.8642e-05 4.5801e-05 3.8126e-04 8.4746e-03
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False discovery rates of RSS-NET under different P; cutoffs across 49 simulation scenarios
in Supplementary Figures 7-9.

Panel a Descriptive statistics of RSS-NET false discovery rates across 8 scenarios with

6=0and 02 =0.
Cutoff Min Q1 Median Q3 Max
0.50 1.1188e-01 1.2069e-01 2.8257e-01 4.2073e-01 5.1834e-01
0.55 1.0503e-01 1.1364e-01 1.6283e-01 3.6907e-01 4.7243e-01
0.60 9.3834e-02 1.0941e-01 1.2964e-01 3.2187e-01 4.1940e-01
0.65 9.1880e-02 1.0105e-01 1.1862e-01 2.7451e-01 3.6253e-01
0.70 8.6757e-02 9.2940e-02 1.2742e-01 2.2929e-01 3.0309e-01
0.75 0.0000e+00 8.5148e-02 9.2273e-02 1.8561e-01 2.4523e-01
0.80 0.0000e+00 8.2356e-02 8.4653e-02 1.4323e-01 1.9181e-01
0.85 0.0000e+00 7.5615e-02 8.2129e-02 9.7863e-02 1.4419e-01
0.90 0.0000e+00 6.5377e-02 7.2441e-02 7.9936e-02 8.9158e-02
0.95 0.0000e+00 2.8272e-02 4.4659e-02 6.9743e-02 7.8781e-02
Panel b Descriptive statistics of RSS-NET false discovery rates across 16 scenarios with
6 =0and 62> 0.
Cutoff Min Q1 Median Q3 Max
0.50 9.3552e-02 1.1167e-01 1.6365e-01 4.6974e-01 5.8608e-01
0.55 8.8140e-02 1.0565e-01 1.3374e-01 4.2736e-01 5.5283e-01
0.60 7.9947e-02 1.0227e-01 1.2180e-01 3.8241e-01 5.1369e-01
0.65 7.5203e-02 9.9072e-02 1.1368e-01 3.3464e-01 4.7198e-01
0.70 7.4227e-02 9.2284e-02 1.0672e-01 2.7871e-01 4.2216e-01
0.75 6.9693e-02 8.8877e-02 9.7413e-02 2.2139e-01 3.6598e-01
0.80 6.5062e-02 8.2524e-02 9.2572e-02 1.5970e-01 3.0792e-01
0.85 6.2286e-02 7.6151e-02 8.2741e-02 1.1029e-01 2.4134e-01
0.90 5.8094e-02 6.7992e-02 7.1887e-02 8.2338e-02 1.6747e-01
0.95 3.3389e-02 5.6885e-02 6.2543e-02 7.3687e-02 7.9775e-02
Panel ¢ Descriptive statistics of RSS-NET false discovery rates across 8 scenarios with
6>0and o2 =0.
Cutoff Min Q1 Median Q3 Max
0.50 7.5518e-03 1.5761e-02 1.1404e-01 2.7079e-01 4.1668e-01
0.55 6.0640e-03 1.1565e-02 1.0039e-01 2.2832e-01 3.6661e-01
0.60 4.8994e-03 9.0095e-03 8.7617e-02 1.8033e-01 3.2287e-01
0.65 3.9766e-03 6.8870e-03 7.5335e-02 1.6327e-01 2.8728e-01
0.70 3.0792e-03 5.1992e-03 6.4138e-02 1.6055e-01 2.5701e-01
0.75 2.5024e-03 3.8653e-03 5.3417e-02 1.4547e-01 2.1409e-01
0.80 1.8573e-03 2.6962e-03 4.3209e-02 1.0037e-01 2.3810e-01
0.85 1.3463e-03 1.8628e-03 2.2601e-02 5.9213e-02 1.2366e-01
0.90 0.0000e+00 9.1602e-04 7.7182e-03 2.9053e-02 8.5106e-02
0.95 0.0000e+00 4.2681e-04 2.9493e-03 1.9917e-02 1.1111e-01
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Panel d Descriptive statistics of RSS-NET false discovery rates across 17 scenarios with
6>0and 02> 0.

Cutoff Min Q1 Median Q3 Max
0.50 7.6112e-03 1.6971e-02 1.4316e-01 3.6950e-01 5.8305e-01
0.55 6.3926e-03 1.2899e-02 1.3107e-01 3.1458e-01 5.4295e-01
0.60 5.4230e-03 1.0222e-02 1.1972e-01 2.8583e-01 4.9586e-01
0.65 4.4578e-03 8.0614e-03 1.0798e-01 2.4972e-01 4.4053e-01
0.70 3.4374e-03 6.1538e-03 9.7503e-02 1.8479e-01 3.8368e-01
0.75 2.6539e-03 4.5910e-03 8.6778e-02 1.4767e-01 3.2701e-01
0.80 1.9719e-03 3.3894e-03 7.1166e-02 1.1008e-01 2.6341e-01
0.85 1.2512e-03 2.3037e-03 5.7580e-02 7.6599e-02 1.9226e-01
0.90 6.2747e-04 1.2001e-03 4.1285e-02 5.9720e-02 1.3092e-01
0.95 1.6947e-04 3.4233e-04 1.8744e-02 4.7921e-02 6.8044e-02

Panel e Descriptive statistics of RSS-NET false discovery rates across 49 scenarios from

Panels a to d above.

Cutoff Min Q1 Median Q3 Max
0.50 7.5518e-03 1.1161e-01 1.4864e-01 4.1003e-01 5.8608e-01
0.55 6.0640e-03 9.9029e-02 1.3107e-01 3.5226e-01 5.5283e-01
0.60 4.8994e-03 9.0636e-02 1.2062e-01 2.9651e-01 5.1369e-01
0.65 3.9766e-03 8.0559e-02 1.1214e-01 2.5767e-01 4.7198e-01
0.70 3.0792e-03 7.1282e-02 1.0602e-01 2.2890e-01 4.2216e-01
0.75 0.0000e+00 5.6612e-02 9.3486e-02 1.9724e-01 3.6598e-01
0.80 0.0000e+00 4.3114e-02 8.3675e-02 1.5600e-01 3.0792e-01
0.85 0.0000e+00 2.6688e-02 7.6517e-02 1.0708e-01 2.4134e-01
0.90 0.0000e+00 1.5997e-02 6.4300e-02 7.8121e-02 1.6747e-01
0.95 0.0000e+00 7.2447e-03 4.2460e-02 6.3459%e-02 1.1111e-01
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