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Supplementary Materials

File name: suppl_table_S1-significant_gene_trait_associations.xIsx
Supplementary Table S1: Gene-trait associations in PhenomeXcan that were significant by Bonferroni correction
p-value and with locus RCP > 0.1.

This table contains all 22,219 gene-trait associations with p-value < 5.49 x 10*° and locus RCP > 0.1.

File name: suppl_table_S2-UKBiobank_to_OMIM-standard.xIsx
Supplementary Table S2: Standard of OMIM gene-trait associations used to validate PhenomeXcan
This table contains 7,809 high-confidence gene-trait associations from OMIM that were used to evaluate the performance

of PhenomeXcan.



Strength of Evidence

Gene List

Causal

ABCCS8, ANGPTL4, ANKH, APOE, CDKN1B, GCK,
GCKR, GIPR, GLIS3, GLP1R, HNF1A, HNF1B, HNF4A,
IGF2, INS, IRS2, KCNJ11, LPL, MC4R, MNX1, MTNR1B,
NEUROG3, NKX2-2, PAM, PATJ, PAX4, PDX1, PLCB3,
PNPLA3, POCS5, PPARG, QSER1, RREB1, SLC16A11,
SLC30A8, SLC5A1, TBC1D4, TM6SF2, WFS1, WSCD2,
ZNFT771

Strong

ABCB9, BCAR1, C2CD4B, CAMK1D, CCND2, DGKB,
INSR, IRS1, IRX3, IRX5, KLF14, KLHL42, LMNA,
SLC2A2, STARD10, TCF7L2, ZMIZ1

Moderate

ADCY5, AGPAT2, AGTR2, AP3S2, BCL11A, CISD2,
FAMG3A, FOXA2, GPSM1, IGF2BP2, JAZF1, KCNK17,
MACF1, MADD, NKX6-3, PDE8B, PLIN1, SGSM2,
SPRY2, UBE2E2, VPS13C

Possible

ANK1, ASCC2, CALCOCO2, FADS1, HMGZ20A,
IL17REL, MRPS30, PRC1, PTRF, SCD5, SNAPC4,
ST6GAL1, TP53INP1

Weak

ABO, CARDY, CDK2AP1, CTNNALZL, DNZL, ITGB6

Related Traits

ADRA2A, AKT2, APPL1, BLK, BSCL2, CAV1, CEL,
EIF2AKS3, ERAP2, FOXP3, G6PC2, G6PD, GATA4,
GATAG, GCG, GRB10, IER3IP1, IGF1, KLF11, NAT2,
NEUROD1, PAX6, PCBD1, PCSK1, POLD1, PPP1R15B,
PTF1A, RFX6, SIX2, SIX3, SLC19A2, TRMT10A, WARS,
ZFP57

Supplementary Table S3: List of curated genes and strengths of evidence for causal association to type 2 diabetes.

This list is curated by the Accelerating Medicines Partnership: Type 2 Diabetes Knowledge Portal.




Gene Chromosome | p-value Locus Number of UK Number of non- | Number of
RCP Biobank GWAS | UK Biobank clinical or
GWAS functional
studies
focused on
sleep or
chronotype
mechanisms
TRAF3IP1 2037.3 1.724¢-20 0.40 4 1 0
RASA4B 7q22.1 1.660e-19 0.63 1 0 1
CLNS5 13¢22.3 5.248e-18 0.33 4 1 3
VAMP3 1p36.23 7.317e-18 0.63 0 0 0
VIP 6025.2 1.812e-17 0.26 0 1 7
FBXL3 13¢22.3 1.545¢-16 0.35 4 1 29
LINC01470 5033.1 4.161e-16 0.10 3 0 0
TNRC6B 22q13.1 8.441e-14 0.20 6 1 0
RASD1 17p11.2 1.246e-12 0.22 4 1 0
ZCCHC7 9p13.2 4.282¢-11 0.25 2 0 0
RP11-22011.5 9 6.427e-11 0.20 0 0 0




EBLN3P 9p13.2 6.853e-11 0.91 2 0
RASL10B 17q12 1.098e-10 0.15 0 0
PMFBP1 16922.2 1.413e-10 0.85 4 0
DDI2 1p36.21 2.156e-10 0.26 4 0

Supplementary Table S4: Summary of genes and evidence associated with UK Biobank trait “Morning/evening
person (chronotype)”. Genes are sorted by PrediXcan p-value for the best tissue expression, with locus regional
colocalization probability (locus RCP) higher than 0.1. Higher p-values and locus RCP scores suggest greater likelihood
of causal association to the trait. Evidence is organized by gene reports in GWAS using UK Biobank subjects, GWAS not
using UK Biobank subjects, and clinical/functional studies. GWAS were identified using the NHGRI-EBI GWAS catalog

(10/21/2019), and functional/clinical studies were identified from PubMed using searches for the gene name as well as the

gene name/trait category and gene name/trait.

Abbreviation in

Category Trait PhenomeXcan Sample Size

Psychiatric-neurologic CNCR Insomnia all INSOMN 113006
Psychiatric-neurologic IGAP Alzheimer AD 54162
Psychiatric-neurologic Jones et al 2016 Chronotype | CHRONO 128266

Jones et al 2016

Psychiatric-neurologic SleepDuration SLEEP 128266
Psychiatric-neurologic PGC ADHD EUR 2017 ADHD 53293
Psychiatric-neurologic pgc.scz2 SCz 150064




SSGAC Depressive

Psychiatric-neurologic Symptoms DEPR 180866
SSGAC Education Years

Psychiatric-neurologic Pooled EDU 293723

Anthropometric EGG BW3 EUR BW 143677
ENIGMA Intracraneal

Anthropometric Volume ICV 30717

Anthropometric GEFOS Forearm BMD 49988

Anthropometric GIANT HEIGHT HEIGHT 253288
CARDIoGRAM C4D CAD

Cardiometabolic ADDITIVE CAD 184305

Cardiometabolic MAGIC FastingGlucose FG 46186

Cardiometabolic MAGIC In Fastinglnsulin ~ [INSUL 38238

Cardiometabolic MAGNETIC CH2.DB.ratio |CH2 24154

Cardiometabolic MAGNETIC HDL.C HDLC 19270

Cardiometabolic MAGNETIC IDL.TG IDL 21559

Cardiometabolic MAGNETIC LDL.C LDLC 13527
Astle et al 2016 Eosinophil

Blood counts EC 173480
Astle et al 2016 Granulocyte

Blood count GC 173480
Astle et al 2016 High light

Blood scatter reticulocyte count HRET 173480




Astle et al 2016

Blood Lymphocyte counts LC 173480
Astle et al 2016 Monocyte

Blood count MC 173480
Astle et al 2016 Myeloid

Blood white cell count MWBC 173480
Astle et al 2016 Neutrophil

Blood count NC 173480
Astle et al 2016 Platelet

Blood count PLT 173480
Astle et al 2016 Red blood

Blood cell count RBC 173480
Astle et al 2016

Blood Reticulocyte count RET 173480
Astle et al 2016 Sum

Blood basophil neutrophil counts |BNC 173480
Astle et al 2016 Sum

Blood eosinophil basophil counts |EBC 173480
Astle et al 2016 Sum

Blood neutrophil eosinophil counts [NEC 173480
Astle et al 2016 White blood

Blood cell count WBC 173480
BCAC ER negative

Cancer BreastCancer EUR ERNBC 120000
BCAC ER positive

Cancer BreastCancer EUR ERPBC 120000
BCAC Overall

Cancer BreastCancer EUR BC 120000

Allergy EAGLE Eczema ECZ 116863




Immune IBD.EUR.Crohns Disease |CD 20833

IBD.EUR.Inflammatory

Immune Bowel Disease IBD 34652

Immune IBD.EUR.UIcerative Colitis |[UC 27432

IMMUNOBASE Systemic

Immune lupus erythematosus hgl9 [SLE 23210
RA OKADA TRANS
Immune ETHNIC RA 80799

Supplementary Table S5: 42 additional traits taken from GWAS studies for the development of PhenomeXcan.

Traits are organized by trait category, data source, abbreviation in PhenomeXcan and number of subjects in the dataset.
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Supplementary Fig. S1: Quantile-quantile (QQ) plot of all associations in PhenomeXcan. The expected null
distribution is plotted along the black diagonal, and the entire distribution of observed p-values is plotted in blue. We do
not see evidence of systematic inflation given the initial consistency in expected and observed p-values. (To improve
visualization, p-values are thresholded at -log10(p-value)=30.) The increase in the QQ plot for observed p-values can be

seen with the extremely large number of associations tested.



True Positive Rate

True Positive Rate

True Positive Rate

ROC curves using PheWAS Catalog

1.0

0.8 1

o
o
A

o
IS

0.2 4

0.0

—— MultiXcan - AUC: 0.624
fastENLOC - AUC: 0.569
—— Combined - AUC: 0.568

0.0

0.2 0.4 0.6 0.8 10
False Positive Rate

ROC curves using OMIM

1.0

0.8 1

o
o
!

o
rs
s

0.2 4

0.0

—— MultiXcan - AUC: 0.640
fastENLOC - AUC: 0.613
—— Combined - AUC: 0.613

0.0

0.2 0.4 0.6 0.8 10
False Positive Rate

ROC curves using T2D

1.0

0.8

o
o
!

I
IS

0.2 4

——— MultiXcan - AUC: 0.666
——— fastENLOC - AUC: 0.609
—— Combined - AUC: 0.614

0.2 0.4 0.6 0.8 10
False Positive Rate

0.40

0.35

0.30

o
N
%

Precision
o
N
[=]

0.15

Precision-Recall curves using PheWAS Catalog

—— MultiXcan - AP: 0.196

- fastENLOC - AP: 0.150
—— Combined - AP: 0.159
—— Random

0.10 -
0.05 T T T T r
0.0 0.2 0.4 0.6 0.8 1.0
Recall
0,05 Precision-Recall curves using OMIM

—— MultiXcan - AP: 0.013

fastENLOC - AP: 0.012
——— Combined - AP: 0.017
—— Random

0.03
c
°
wv
‘O
<
o
0.02
0.01
0.00 : . . . .
0.0 0.2 0.4 0.6 0.8 1.0
Recall
Precision-Recall curves using T2D
1.01 ——— MultiXcan - AP: 0.075
—— fastENLOC - AP: 0.023
—— Combined - AP: 0.023
——— Random
0.8
0.6
=
2
wn
B
&£ 0.4
0.2
0.0
0.0 0.2 0.4 06 08 1.0

Recall



Supplementary Fig. S2: Combined performance of PhenomeXcan methods (S-MultiXcan and fastENLOC) across
the PheWAS Catalog, OMIM data sets and T2D reported genes. MultiXcan refers to the version of PrediXcan
designed to take GWAS summary statistics and aggregate results across tissues. (A, B) ROC curve and PR curve of
PrediXcan significance scores (blue), fastENLOC (orange) and combined methods (green) to predict PheWAS catalog
gene-trait associations. (C, D) ROC curve and PR curve of PrediXcan significance scores (blue), fastENLOC (orange) and
combined methods (green) to predict OMIM catalog gene-trait associations. (E, F) ROC curve and PR curve of PrediXcan
significance scores (blue), fastENLOC (orange) and combined methods (green) to predict T2D catalog gene-trait
associations. AUC refers to the area under the curve, AP refers to average precision. The maximum fastENLOC
colocalization probability across tissues was used for all figures. Points with a minimum colocalization probability of 0.1

were included for the combined analysis.

The variations in performance of the combined approach reflect the conservative nature of colocalization analysis, which
can lead to increased false negatives. However, we do see that the combined approach improves the precision (proportion
of “true causal” genes, i.e. the true discovery rate) for OMIM genes. Precision-recall curves better reflect relative
performance in this dataset given the class imbalance between “true” associations and “negative” associations. For the
PheWAS-based silver standard, precision is better than MultiXcan only at the very low end of the recall range. This
reflects the correlation between S-MultiXcan and PheWAS criterion to call a causal gene and should not be over-

interpreted.
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Supplementary Fig. S3: Quantile-quantile (QQ) plot of all associations in PhenomeXcan and Clinvar traits. The
expected y’null distribution is plotted along the black diagonal, and the entire distribution of observed Z- is plotted in
blue. We do not see evidence of systematic inflation given the initial consistency in expected and observed p-values. (To
improve visualization, Z2 are thresholded at 30.) The increase in the QQ plot for observed p-values can be seen with the
extremely large number of associations tested (20.6 million) as well as the pleiotropy we identify with trait-trait
associations in which multiple genes are involved. Z° correspondence to percentiles were as follows: 95th percentile:
Z%=4.45, 99th percentile: Z?=9.07, 99.9th percentile: Z?=214.45. A Z? of 6 represents a Bonferroni-adjusted p-value of

0.05.
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Supplementary Fig. S4: Joint histograms using hexagonal bins for the regional colocalization probability (RCP)
agreement between fastENLOC and ENLOC. We analyzed the regional colocalization probabilities across traits
between fastENLOC and ENLOC to assess their agreement. We found largely strong correlation between these methods,
with the Spearman correlation coefficient for (A) “Standing height” = 0.61, (B) “Sleep duration” = 0.52 , (C), “Hayfever,

allergic rhinitis or eczema” = 0.57 and (D) “Fluid intelligence score” = 0.65.
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Supplementary Methods:

Preprocessing of Traits and Quality Control of Variants

We developed PhenomeXcan with 4,091 traits from publicly available GWAS summary statistics. Summary statistics from
GWAS performed for 4,049 traits from the UK Biobank (on 361,194 samples) were obtained from the publicly available
dataset compiled by the Neale Lab at the Broad Institute (61); we did not use individual-level data. The UK Biobank is a
prospective cohort of approximately 500,000 subjects between 40 and 69 years of age, recruited from 2006-2010 in the
United Kingdom (62). Traits characterized by the Neale lab include 2,891 auto-curated traits using PHESANT (63), of
which 274 are continuous, 271 ordinal and 2,346 binary. 633 binary traits were extracted from hospital-level data (ICD-10
codes). 559 traits were manually curated in collaboration with the FinnGen Consortium. Traits available cover a range of
categories, from lifestyle traits and socio-demographic questions to clinical biomarkers and diagnoses. Separate sex-specific

summary statistics and sex chromosome analyses were not included in this project. More details on the GWAS derivations

and quality control is provided in the website of the project:_http://www.nealelab.is/uk-biobank. We do note that for these
GWAS, 361,194 individuals were selected for inclusion based on quality of genotypes, white British ancestry (based on
both self-report and principal components analysis). Only those variants with an imputation quality score (INFO) > 80%, a

minor allele frequency (MAF) > 0.1%, call rate > 95% and a Hardy-Weinberg equilibrium p-value > 1 x 102° were selected.

We also compiled 42 additional traits from summary statistics from publicly available GWAS and GWAS-meta analyses
external to the UK Biobank study both to validate synthesis of additional GWAS data and to overcome limitations related
to poor sample sizes in the UK Biobank for specific diseases (e.g. breast cancer). These GWAS and traits represent a broad
array of disease-related categories, including immunological response, psychiatric and neurologic traits, cardiometabolic
diseases and syndromes and cancer. We have previously described the harmonization and imputation process (24)

(Supplementary Table S5).

ClinVar is a publicly available archive of clinically reported human genetic variants and associations with disease

maintained by the National Institutes of Health (https://www.ncbi.nlm.nih.gov/clinvar/). Variant associations with disease

are identified by manual review of submitted interpretations from “clinical testing laboratories, research laboratories, locus-
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specific databases, Online Mendelian Inheritance of Man (OMIM), GeneReviews, UniProt, expert panels and practice
guidelines” (30, 48). Traits can be reported to ClinVar as a single concept or set of clinical features. When possible, traits
are mapped manually to standardized terms from databases including OMIM and the Human Phenotype Ontology (HPO)

(29). All gene-trait associations published by ClinVar for 7/2019 were used for integration with PhenomeXcan.

fastENLOC

fastENLOC is a novel computational method built upon the existing colocalization analysis framework of ENLOC (23).
As in the original ENLOC, fastENLOC estimates the relative enrichment of causal eQTLs in the GWAS hits. This is a
distinct feature from other existing colocalization approaches. For example, eCAVIAR assumes that the probability of a
variant being causal for a trait is independent of the probability of the variant causally affecting gene expression, which
results in rapid processing but can be too conservative (64); whereas “coloc” allows users to specify enrichment parameter
subjectively (65). However, the inappropriate parameter setting can introduce systematic false-positive and false-negative
colocalization findings (64, 65). fastENLOC also follows the ENLOC approach to compute and report both SNP-level
colocalization probabilities (SCPs) and region/locus-level colocalization probabilities (RCPs), although the probability

computation is improved and the selection of genetic loci becomes fully automatic in the new method.

The main innovation in the fastENLOC lies in its explicit usage of signal clusters/Bayesian credible sets computed from
the Bayesian fine-mapping analysis. A signal cluster is a group of SNPs in LD and represents the same underlying genetic
association signal. Currently, we note that fine-mapping algorithms DAP-G and SUSIE-R can generate the required signal
clusters. The utilization of pre-computed signal cluster information from both GWAS and eQTL data greatly speeds up
the overall colocalization analysis and achieves higher accuracy through better probability calibration and explicit
accounting of allelic heterogeneity. This computation saving is particularly important in this application, where each of
the 4000+ traits is tested for colocalization with eQTLs in 49 different tissues. In a benchmark test, we record the
computational time of ENLOC and fastENLOC for colocalization analysis of whole blood eQTL data from the GTEx and
the high-density cholesterol GWAS data from the Global Lipid Genetic Consortium (GLGC) (66). In this experiment, we

provide fine-mapped eQTL results from DAP-G and single-SNP z-scores from GLGC. On a Linux system with Xeon 2.13
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GHz CPUs and 48 GB memory, the total processing times for fastENLOC and ENLOC were 6 minutes 44 seconds and
219 minutes 20 seconds, respectively. While the methodological innovation contributes to this performance improvement,
the new computational implementation of fastENLOC (e.g., by reducing redundant 1/0 operations) also has a significant
impact. Finally, we keep fastENLOC backwards compatible with the original ENLOC: in the simplest case, single-SNP
association summary statistics from GWAS and eQTL analysis are sufficient to start the fastENLOC analysis with a fast

pre-processing step via software package TORUS. The details are provided here: https://github.com/xgwen/fastenloc.

Next, we provide an overview of the fastENLOC analysis procedure. The overall procedure includes two interconnected
steps: enrichment estimation and colocalization computation. The enrichment estimation aims to estimate the enrichment
level of causal eQTLs in causal GWAS hits, or equivalently, the conditional prior probability that a SNP being a causal
GWAS hit given its causal eQTL status. Because the true causal SNPs for both eQTL and GWAS are not observed, and
the results from the association analysis carry a great deal of uncertainty due to LD, we adopt a multiple imputation (MI)
approach to sample the true causal SNPs from different traits then average the enrichment estimates over multiple
independent sets of imputed causal status. As a unique feature, fastENLOC implements a novel hierarchical sampling
procedure based on the signal cluster information: It first draws a Bernoulli random variable based on the cumulative
SNP-level posterior inclusion probabilities (PIPs) for a given signal cluster to determine if a cluster contains a causal
variant; conditional on a positive outcome, the actual causal SNP is subsequently drawn from the member SNPs within
the cluster. In comparison, the original ENLOC imputation procedure performs independent sampling based on SNP-
level PIPs. This unstructured sampling procedure has some obvious caveats that are remedied in the new fastENLOC
procedure. For example, the fastENLOC scheme ensures at most a single causal variant can be drawn from each signal
cluster, whereas the ENLOC procedure does not enforce such desirable constraint. As a result of this new imputation
procedure, we observe that the fastENLOC yields more accurate enrichment estimate and the sampling variance from the

multiple imputation procedure is also lower than the original ENLOC.

In summary, the faster speed and the improved performance of fastENLOC are achieved with the following changes:

e Pre-computation of posterior inclusion probabilities (fine-mapping) of eQTLs, which could be reused for any trait


https://github.com/xqwen/fastenloc

e Pre-computation of posterior inclusion probabilities (fine-mapping) of GWAS, which could be re-used for each of
the 49 tissues

e Faster calculation of enrichment parameters (00,a1) by taking advantage of the pre-computed credible sets

e Analytic update of the posterior probability of fine-mapping and colocalization using the posterior probability
input from both GWAS and eQTL fine-mapping

e A new computational implementation using C++

e Structured sampling procedure based on the signal clustering

When a GWAS identifies few association signals, the enrichment estimate can be highly unstable, i.e., the point estimate
is outside the normal range and the standard error is extremely large. In such cases, a desired outcome is to shrink the
estimate to near 0. Through analyzing 4000+ traits with 49 GTEX tissues, we find the adaptive shrinkage procedure
proposed in the ENLOC occasionally is insufficient to stabilize the point estimate. Thus, we implement a new shrinkage

approach in fastENLOC to deal with these scenarios.

Briefly, we propose a normal prior, N(0,1/2), for the enrichment parameter a4, and report its posterior mean for the

downstream colocalization computation. Specifically,

d;shrinkage

2
Sshrinkage _ S1
1 14 As?

Where @ and s, are estimates from the multiple imputation procedure. The shrinkage parameter A, which can be

customized by the users, quantifies the strength of the shrinkage: A — 0 represents no shrinkage and A — oo shrinks any
estimate to exactly 0. By default, we find set A = 1 achieves a good balance in practice, where we find the enrichment

parameters are well stabilized with standard error < 1.

Despite the new shrinkage scheme, the locus RCPs calculated by ENLOC and fastENLOC show good agreement
(Supplementary Figure S4). This is likely because the instability of the enrichment estimates typically indicate a lack of

colocalized signals. (On the contrary, the noteworthy colocalization probabilities are typically computed from those traits



where enrichment parameters can be stably computed even with weak or no shrinkages.)

Given the enrichment parameters & = (g, @; ), we derive the analytic formula to calculate the colocalization probability
using the pre-computed posterior inclusion probabilities and the signal cluster information from fine-mapping results of

GWAS and eQTL traits.

Let D, E denote the association data from GWAS and eQTL analyses, respectively. We consider a signal cluster inferred
from the fine-mapping analysis of either eQTLs or GWAS and use latent binary indicator p-vectors d, y to represent the
causal association status of its p member single-nucleotide polymorphisms (SNPs) with the complex trait and the gene
expression level of interest, respectively. (Recall that a signal cluster, by definition, contains a set of SNPs in LD and
represents the same underlying genetic association signal.) Furthermore, we use y, to denote the configuration of no
causal eQTLs in the cluster and y, to denote the i SNP is the true causal eQTL SNP (i.e., the i"" entry is set to 1 and 0 for

the remaining SNPs).

Assuming GWAS data are originally analyzed using an exchangeable prior 77, i.e.,
Pr(dy) = (1 - )P~
and
Pr(dy) = (1 — )P
By the nature of a signal cluster, it follows from the Bayes rule that

BF, (0

Pr(d; | D) =
(Al D) = Gy /m + 3, B,

where BF; denotes the marginal likelihood ratio,

P(D|d;
pr, = P21 di)
P(D | dy)
Note that in case that the GWAS posterior probability is derived from a multi-SNP analysis, BF; may not be well-
approximated by single SNP testing statistics. Nevertheless, given 7} and note that Pr(y; | D) coincides with the

posterior inclusion probability (PIP) of the ith SNP in the signal cluster, BF;'s can be straightforwardly computed from



Eqg. (1). Additionally, 7t; can be obtained by averaging the PIPs from all interrogated SNPs.

Given the enrichment information, the GWAS prior differs for eQTL and non-eQTL SNPs. Specifically, for eQTL SNP,

exp(qp + @7)

¢=Pr(d=1|y=1&)=
A R

and for non-eQTL SNP,

; . exp(ao)
€ = P d = 1 = 0, =
T = Pr y @) 1+ exp(a)

Using the eQTL-informed priors, the GWAS posterior probability can be updated analytically, i.e.,
Pr( di | D; a;Yi )
n§(1-nf)! B,
= ~P—1 P2 o ~P—1
A-m)(1-nf)" "+ @ -nD(1-nf)" “nf¥;.BF +ni(1-nf)" BF;

B n¢(1 — m§)BF;
S a-m)H(1-n) + A -nHns Yj=i BF; + 15 (1 — ) BF;

Subsequently, the colocalization probability at the ith SNP is computed by
Pr(d;y; | D,E,a) =Pr(d; | D,a,y;)Pr(y; | E,D),
where we approximate Pr(y; | E, D) with the eQTL PIP for the ith SNP. The regional colocalization probability, RCP,

for the signal cluster of interest is given by

RCP = ZPr(di,yi | D,E,ﬁ),
i

because events {y;, d;} and {y;,d;} for i = j are mutually exclusive within a signal cluster.

The software and its source code are freely available at https://github.com/xgwen/fastenloc/.
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