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In brief

Zhou et al. present the flagship project of
the Global Biobank Meta-analysis
Initiative (GBMI). They demonstrate the
substantial benefits of the collaborative
efforts of 23 biobanks worldwide to
advance genetic discoveries for human
diseases with larger sample sizes and
increased ancestry diversity and highlight
issues and challenges in biobank meta-
analyses.
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Global Biobank Meta-analysis Initiative:
Powering genetic discovery across human disease
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SUMMARY

Biobanks facilitate genome-wide association studies (GWASs), which have mapped genomic loci across a
range of human diseases and traits. However, most biobanks are primarily composed of individuals of Euro-
pean ancestry. We introduce the Global Biobank Meta-analysis Initiative (GBMI)—a collaborative network of
23 biobanks from 4 continents representing more than 2.2 million consented individuals with genetic data
linked to electronic health records. GBMI meta-analyzes summary statistics from GWASs generated using
harmonized genotypes and phenotypes from member biobanks for 14 exemplar diseases and endpoints.
This strategy validates that GWASs conducted in diverse biobanks can be integrated despite heterogeneity
in case definitions, recruitment strategies, and baseline characteristics. This collaborative effort improves
GWAS power for diseases, benefits understudied diseases, and improves risk prediction while also enabling
the nomination of disease genes and drug candidates by incorporating gene and protein expression data and
providing insight into the underlying biology of human diseases and traits.

INTRODUCTION genes as drug targets, and identify at-risk individuals for preven-

tion strategies. Genome-wide association studies (GWASSs)
Understanding the genetic basis of disease can elucidate the have identified thousands of genetic loci for hundreds of human
biology or underlying epidemiological risk factors, nominate diseases and traits (see GWAS Catalog'). Meta-analysis across

':3, Cell Genomics 2, 100192, October 12, 2022 © 2022 1
. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


http://crossmark.crossref.org/dialog/?doi=10.1016/j.xgen.2022.100192&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/

¢ CellPress Cell Genomics

Anne Richmond,®6 Agustin Rojas-Muinoz,3° Jonathan A. Shortt,?® Peter Straub,'%'" Ran Tao,'"-5” Brett Vanderwerff,3”
Manvi Vernekar,35 Yogasudha Veturi,2” Kathleen C. Barnes,2® Marike Boezen,*5:°° Zhengming Chen,32-34

Chia-Yen Chen,>® Judy Cho,*¢ George Davey Smith,®5? Hilary K. Finucane,’->2 Lude Franke,'” Eric R. Gamazon,'0-11,60
Andrea Ganna,’%2° Tom R. Gaunt,®%° Tian Ge,®'-62 Hailiang Huang,-? Jennifer Huffman,®? Nicholas Katsanis,>°

Jukka T. Koskela,?° Clara Lajonchere,®+65 Matthew H. Law,?82° Liming Li,*® Cecilia M. Lindgren,®¢ Ruth J.F. Loos,38-67
Stuart MacGregor,2é Koichi Matsuda,®® Catherine M. Olsen,?® David J. Porteous,** Jordan A. Shavit,9-89

Harold Snieder,*> Tomohiro Takano,>° Richard C. Trembath,’° Judith M. Vonk,*°> David C. Whiteman,22

Stephen J. Wicks, 22 Cisca Wijmenga,'” John Wright,”! Jie Zheng,° Xiang Zhou,3? Philip Awadalla,’®-”2 Michael Boehnke,3”
Carlos D. Bustamante, 55373 Nancy J. Cox,'%'" Segun Fatumo,”+7576 Daniel H. Geschwind,%+77-78 Caroline Hayward,>°
Kristian Hveem,”-2' Eimear E. Kenny,”® Seunggeun Lee,*¢ Yen-Feng Lin,?48%81 Hamdi Mbarek,3° Reedik Magi,'®

Hilary C. Martin,®? Sarah E. Medland,?® Yukinori Okada,>8%.84.85.86 Aarno V. Palotie,’->?° Bogdan Pasaniuc,?-25.64.77.87
Daniel J. Rader,?”#! Marylyn D. Ritchie,?” Serena Sanna,'”-8¢ Jordan W. Smoller,%'-62 Kari Stefansson,*°

David A. van Heel,>2 Robin G. Walters,32-3¢ Sebastian Zéliner,*” Biobank of the Americas, Biobank Japan Project, BioMe,
BioVU, CanPath - Ontario Health Study, China Kadoorie Biobank Collaborative Group, Colorado Center for Personalized
Medicine, deCODE Genetics, Estonian Biobank, FinnGen, Generation Scotland, Genes & Health Research Team,

(Author list continued on next page)

12Department of Pathology and Laboratory Medicine, David Geffen School of Medicine, University of California, Los Angeles, Los Angeles,
CA, USA

13Department of Internal Medicine, Division of Cardiology, University of Michigan, Ann Arbor, MI, USA

14University of Groningen, UMCG, Department of Ophthalmology, Groningen, the Netherlands

15Department of Clinical Genetics, Amsterdam University Medical Center (AMC), Amsterdam, the Netherlands

16Department of Immunology, Genetics and Pathology, Science for Life Laboratory, Uppsala University, Uppsala, Sweden
17University of Groningen, UMCG, Department of Genetics, Groningen, the Netherlands

18Estonian Genome Centre, Institute of Genomics, University of Tartu, Tartu, Estonia

190ntario Institute for Cancer Research, Toronto, ON, Canada

20|nstitute for Molecular Medicine Finland, University of Helsinki, Helsinki, Finland

2THUNT Research Centre, Department of Public Health and Nursing, NTNU, Norwegian University of Science and Technology, Levanger,
Norway

22Clinic of Medicine, St. Olavs Hospital, Trondheim University Hospital, Trondheim, Norway

23University of Colorado - Anschutz Medical Campus, Aurora, CO, USA

24Center for Neuropsychiatric Research, National Health Research Institutes, Miaoli, Taiwan

25Bioinformatics Interdepartmental Program, University of California, Los Angeles, Los Angeles, CA, USA

26Djvision of Biostatistics, Institute of Epidemiology and Preventive Medicine, College of Public Health, National Taiwan University, Taipei,
Taiwan

27Department of Genetics, Perelman School of Medicine, University of Pennsylvania, Philadelphia, PA, USA

28QIMR Berghofer Medical Research Institute, Brisbane, QLD, Australia

29Faculty of Health, School of Biomedical Sciences, Queensland University of Technology, Brisbane, QLD, Australia

30Qatar Genome Program, Qatar Foundation Research, Development and Innovation, Qatar Foundation, Doha, Qatar
31Department of Computer Science, University of California, Los Angeles, Los Angeles, CA, USA

32Nuffield Department of Population Health, University of Oxford, Oxford, UK

33Department of Epidemiology and Biostatistics, School of Public Health, Peking University Health Science Center, Beijing, China
34MRC Population Health Research Unit, University of Oxford, Oxford, UK

35Galatea Bio, Inc., Hialeah, FL, USA

36Graduate School of Data Science, Seoul National University, Seoul, South Korea

37Department of Biostatistics and Center for Statistical Genetics, University of Michigan, Ann Arbor, MI, USA

38The Charles Bronfman Institute for Personalized Medicine, Icahn School of Medicine at Mount Sinai, New York, NY, USA
39Department of Pathology and Laboratory Medicine, Perelman School of Medicine, University of Pennsylvania, Philadelphia, PA, USA
40deCODE Genetics/Amgen, Inc., 101 Reykjavik, Iceland

41Department of Medicine, Perelman School of Medicine, University of Pennsylvania, Philadelphia, PA, USA

42Corporal Michael Crescenz VA Medical Center, Philadelphia, PA, USA

43Qatar Biobank for Medical Research, Qatar Foundation for Education, Science, and Community, Doha, Qatar

44Centre for Genomic and Experimental Medicine, Institute of Genetics and Cancer, University of Edinburgh, Edinburgh, UK
45Department of Epidemiology, University Medical Center Groningen, Groningen, the Netherlands

46Department of Surgery, Perelman School of Medicine, University of Pennsylvania, Philadelphia, PA, USA

47Department of Anesthesiology, Michigan Medicine, Ann Arbor, MI, USA

48|nstitute of Healthcare Policy & Innovation, University of Michigan, Ann Arbor, MI, USA

49Wolfson Institute of Population Health, Queen Mary University of London, London, UK

50Amphora Health, Morelia, Michoacan, Mexico

51Chinese Academy of Medical Sciences, Beijing, China

52Blizard Institute, Queen Mary University of London, London, UK

(Affiliations continued on next page)

2 Cell Genomics 2, 100192, October 12, 2022



Cell Genomics

¢ CellP’ress

LifeLines, Mass General Brigham Biobank, Michigan Genomics Initiative, National Biobank of Korea, Penn Medicine
BioBank, Qatar Biobank, The QSkin Sun and Health Study, Taiwan Biobank, The HUNT Study, UCLA ATLAS Community
Health Initiative, Uganda Genome Resource, UK Biobank, Alicia R. Martin,’-22 Cristen J. Willer,5-13,89.91.*

Mark J. Daly,".2:320.91* and Benjamin M. Neale'-23.91.*
53Stanford University School of Medicine, Stanford, CA, USA

54Central Pharmaceutical Research Institute, Japan Tobacco, Inc., Takatsuki 569-1125, Japan

55Genomelink, Inc., Berkeley, CA, USA

56Medical Research Council Human Genetics Unit, Institute of Genetics and Cancer, University of Edinburgh, Edinburgh, UK
57Department of Biostatistics, Vanderbilt University Medical Center, Nashville, TN, USA

58Bjogen, Cambridge, MA, USA
59NIHR Bristol Biomedical Research Centre, Bristol, UK

80MRC Epidemiology Unit, University of Cambridge, Cambridge, UK

61Psychiatric and Neurodevelopmental Genetics Unit, Center for Genomic Medicine, Massachusetts General Hospital, Boston, MA, USA
62Center for Precision Psychiatry, Massachusetts General Hospital, Boston, MA, USA

83Centre for Population Genomics, VA Boston Healthcare System, Boston, MA, USA

84|nstitute of Precision Health, University of California, Los Angeles, Los Angeles, CA, USA

85Program in Neurogenetics, Department of Neurology, David Geffen School of Medicine, University of California, Los Angeles, Los Angeles,

CA, USA

66Big Data Institute, Li Ka Shing Centre for Health Information and Discovery, University of Oxford, Oxford, UK
67Novo Nordisk Foundation Center for Basic Metabolic Research, Faculty of Medicine and Health Sciences, University of Copenhagen,

Copenhagen, Denmark

88Department of Computational Biology and Medical Sciences, Graduate School of Frontier Sciences, The University of Tokyo, Tokyo, Japan
89University of Michigan, Department of Pediatrics, Ann Arbor, Ml 48109, USA

70School of Basic and Medical Biosciences, Faculty of Life Sciences and Medicine, King’s College London, London, UK

71Bradford Institute for Health Research, Bradford Teaching Hospitals National Health Service (NHS) Foundation Trust, Bradford, UK
72Department of Molecular Genetics, University of Toronto, Toronto, ON, Canada

73Chan Zuckerberg Biohub, San Francisco, CA, USA

74The African Computational Genomics (TACG) Research Group, MRC/UVRI and LSHTM, Entebbe, Uganda

75London School of Hygiene & Tropical Medicine, London, UK

76Medical Research Council/Uganda Virus Research Institute/London School of Hygiene and Tropical Medicine (MRC/UVRI/LSHTM) Uganda

Research Unit, Entebbe, Uganda

77Department of Human Genetics, David Geffen School of Medicine, University of California, Los Angeles, Los Angeles, CA, USA
78Department of Neurology, David Geffen School of Medicine, University of California, Los Angeles, Los Angeles, CA, USA

9\nstitute for Genomic Health, Icahn School of Medicine at Mount Sinai, New York, NY, USA

80Department of Public Health & Medical Humanities, School of Medicine, National Yang Ming Chiao Tung University, Taipei, Taiwan
81nstitute of Behavioral Medicine, College of Medicine, National Cheng Kung University, Tainan, Taiwan

82Human Genetics Programme, Wellcome Sanger Institute, Hinxton, UK

83Department of Genome Informatics, Graduate School of Medicine, The University of Tokyo, Tokyo 113-0033, Japan

84 aboratory of Statistical Immunology, Immunology Frontier Research Center (WPI-IFReC), Osaka University, Suita 565-0871, Japan

85 aboratory for Systems Genetics, RIKEN Center for Integrative Medical Sciences, Yokohama, Japan

86|ntegrated Frontier Research for Medical Science Division, Institute for Open and Transdisciplinary Research Initiatives, Osaka University,

Suita 565-0871, Japan

87Department of Computational Medicine, David Geffen School of Medicine, University of California, Los Angeles, Los Angeles, CA, USA
88|nstitute for Genetics and Biomedical Research (IRGB), National Research Council (CNR), Cagliari, Italy
89Department of Human Genetics, University of Michigan, Ann Arbor, MI, USA

90Deceased
91These authors contributed equally
92| ead contact

*Correspondence: wzhou@broadinstitute.org (W.Z.), cristen@umich.edu (C.J.W.), mjdaly@broadinstitute.org (M.J.D.), bneale@

broadinstitute.org (B.M.N.)
https://doi.org/10.1016/j.xgen.2022.100192

cohorts has been instrumental in making these discoveries.
However, most genomics research has been performed primar-
ily in cohorts of European ancestry in high-resource countries.
Although much remains to be done to address the lack of repre-
sentation in genomics, here we present the Global Biobank
Meta-analysis Initiative (GBMI), a step toward building a more
comprehensive view of the impact of genetic variation on human
health and disease.

Biobanks with health data linked with genomic information
provide resources for the genetic research community. The

drop in the cost of genotyping and sequencing has led to an
increase in the number of genomically profiled biobanks
worldwide. Compared with disease- or trait-based cohorts
centered around a particular phenotype or several relevant
phenotypes, biobanks enable cost-effective genetic discovery
for hundreds to thousands of phenotypes, curated from
electronic health records (EHRs), registry-based data (e.g.,
pharmaceutical, death, or cancer registry data), and/or epide-
miological questionnaires to understand the genetic etiology
of human diseases.”®
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Figure 1. 23 biobanks across four continents have joined GBMI as of April 2022, bringing the total number of samples with matched health

data and genotypes to more than 2.2 million
Biobanks are colored based on the sample recruiting strategies.

In 2019, we formed the GBMI, bringing together 23 biobanks
to work together to understand the genetic basis of human
health and disease (Figure 1; Table S1). The goal was to jump-
start and align global efforts, particularly because meta-analysis
of GWASSs is simple in terms of data sharing yet enables a
variety of scientific goals including increasing the power of
GWAS:Ss for common diseases, enabling the genetic investigation
into less prevalent or understudied diseases, cross-validating
new findings across biobanks, facilitating follow-up analyses
such as polygenic risk scores or Mandelian randomization, and
increasing the genetic ancestral diversity of association studies
which, by extension, expands the analysis to a broader set of ge-
netic variation. At the heart of the GBMI is a community of inves-
tigators that have adopted seven principles to guide our collab-
oration (Figure 2).

Here, we present the pilot effort of GBMI, in which we meta-
analyzed GWAS results for 14 endpoints of common interest of
18 biobanks and then meta-analyzed GWAS results of 5 more
biobanks for replication. These include diseases across a wide
range of prevalences in the discovery stage (Table S2): asthma
(153,763 cases [sample prevalence: 8.54%]); chronic obstruc-
tive pulmonary disease (COPD; 81,568 cases [5.86%]); heart fail-
ure (HF; 68,408 cases [5.05%]); stroke (60,176 cases [4.39%]);
gout (37,105 cases [2.50%)]); venous thromboembolism (VTE;
27,987 cases [2.63%)]); primary open-angle glaucoma (POAG;
26,848 cases [1.80%)]); abdominal aortic aneurysm (AAA; 9,453
cases [0.65%]); idiopathic pulmonary fibrosis (IPF; 8,006 cases
[0.64%]); thyroid cancer (ThC; 6,699 cases [0.41%]); hypertro-

4 Cell Genomics 2, 100192, October 12, 2022

phic cardiomyopathy (HCM; 2,993 cases [0.25%]); and a fe-
male-specific disease, uterine cancer (UtC; 8,295 cases
[1.2%]). We also examined acute appendicitis (AcApp; 32,706
cases [2.95%]) and the related procedure code of appendec-
tomy (14,446 cases [1.86%]), which is an endpoint that can be
extracted from EHR procedure codes but has not been widely
studied in previous GWASs. As a proof of concept, using aligned
phenotype definitions, analysis methods, sharing standards, and
quality control, we demonstrate the advantages of aggregating
biobanks together for genetic studies of human diseases.

RESULTS

Overview of biobanks in GBMI

GBMI represents 2.2 million research participants with health
and genetic data from 23 biobanks: one from Australia, one
from West Asia, four from East Asian countries, eight from Euro-
pean countries, and nine from North America. During the prepa-
ration of this manuscript, the Uganda Genome Resource” joined
GBMIL.

Table S1 presents a brief summary of biobanks in GBMI,
including basic information about each biobank (location,
institute, cohort size, and sample recruiting approach),
participants (ancestry and age), types of electronic health
data (self-report data from epidemiological survey question-
naires, billing codes, doctors’ narrative notes, death registry,
etc.), and genotypes (genotyping platforms and imputation



Cell Genomics

¢ CellP’ress

OPEN ACCESS

guide our collaboration:

1. Collaborate in an environment of honesty, fairness and trust

2. Promote early-career researchers

3. Respect other groups’ data

4. Operate transparently with a goal of no surprises

5. Seek permission from each group to use results prior to public release

6. Do not share another group’s results with other parties without permission

ﬁt the heart of the GBMI is a community of investigators that have adopted seven principles to \

\7. Do not inhibit any work being done within an individual biobank (or between pairs of biobanks) j

Figure 2. Seven collaboration principles in
GBMI

stratified by ancestry and sex were con-
ducted in each biobank (Table S2) with
the first 20 genetic PCs adjusted as cova-
riates, which are continuous measures of

reference), as well as data access and references (webpage if
available).

Disease prevalence varies across biobanks (Figure S1) and
across sample recruiting strategy groups (Figure S2A). Biobanks
recruiting participants from health centers or hospitals, relative
to those recruiting participants from the general population,
had a significantly higher prevalence (Wilcoxon test p < 0.05)
for 6 out of 13 examined diseases (appendectomy was excluded
from the test because of insufficient data shared from the hospi-
tal-based biobanks) (Figure S2B), including asthma, HF, stroke,
VTE, gout, and IPF.

GBMI incorporates diverse genetic ancestries in genetic
studies by including biobank samples of 6 main ancestry
groups: approximately 42,000 of African ancestries from ad-
mixed-ancestry diaspora (AFR), 18,000 admixed American
(AMR), 31,000 Central and South Asian (CSA), 415,000 East
Asian (EAS), 1.4 million European (EUR), and 12,000 Middle
Eastern (MID) individuals (Table S3). To compare the genetic
ancestries represented between different biobanks, we pro-
jected biobanks’ participants to the same principal component
(PC) space (Figure 3) using pre-computed loadings of genetic
markers overlapping in all biobanks and the reference contain-
ing 1000 Genomes® and Human Genome Diversity Project
(HGDP).° PCs projected in the same space enable a cross-
comparison of the sample genetic ancestry among all
biobanks (STAR Methods). Notably, the population labels
used in GBMI were defined by global genetic reference data-
sets, although GBMI is not globally representative; for example,
the majority of individuals assigned to AMR and AFR ancestry
groups are mostly from biobanks in the US, and GBMI partici-
pants’ ancestries are not currently representative of broader
Central/South American or continental African ancestries,
respectively.

Biobank meta-analyses

Biobank meta-analyses (Figure 4) were performed. We harmo-
nized phenotype definitions primarily by mapping the Interna-
tional Classification of Diseases (ICD) codes to phecodes’ for
diseases and using Classification of Interventions and Proced-
ures (OPCS) codes for procedures. We shared the definitions
with member biobanks to curate phenotypes (Table S4).
Biobanks that have not collected ICD or OPCS codes for their
participants used the shared phenotype definitions as a guide-
line to create phenotypes with any available health data, such
as self-report data (Table S5). After standard quality control
and the estimation of ancestry groups (Table S1), GWASs

sample ancestries (STAR Methods). The

central analysis team performed post-

GWAS variant-level quality control for
each biobank by flagging markers with different allele fre-
quencies compared with gnomAD® and excluding markers
with an imputation quality score <0.3 (STAR Methods). Across
all biobanks, 70.7 million genetic variants were tested for asso-
ciations, of which 39.4 million variants were tested in at least
two biobanks (Table S6). The discovery meta-analyses contain
up to 18 biobanks, and for each endpoint, all-biobank meta-
analysis as well as ancestry- and sex-stratified meta-analyses
were conducted. In addition, we performed the leave-one-bio-
bank-out (LOBO) meta-analyses for each biobank, estimated
genetic correlation, and compared effect size estimates be-
tween GWASs in individual biobanks and the corresponding
LOBO (see integration of association results across biobanks).
LOBO results have been used by analyses that are sensitive to
sample overlap, such as developing and testing polygenic risk
scores (PRSs) for disease prediction.® Post-meta-analysis fil-
ters were applied to genome-wide significant loci (STAR
Methods). Five biobanks (BBofA, PMBB, CanPath, NBK, and
QBB) were meta-analyzed to replicate loci identified by the dis-
covery meta-analysis.

Inverse variance-based meta-analyses of all biobanks for 14
endpoints successfully replicated 317 previously reported loci'
and identified 183 apparently novel loci, spanning the variant fre-
quency spectrum (STAR Methods; Table S7; Figure 5). 431 loci
were tested for 12 endpoints (except for VTE and appendec-
tomy) in the replication meta-analysis containing up to 73,596
samples (9,991 cases and 63,605 controls) (Tables S2 and S7).
Despite that for 360 out of 431 loci, the case numbers in the repli-
cation data were less than 10% of the case numbers in the dis-
covery data, 127 loci (30%) had a p value <0.05 in the replication
meta-analyses. Out of the 127 loci, 124 loci had consistent effect
direction in discovery and replication meta-analyses (Table S7).

At 87 loci, a protein-coding variant was either the most signif-
icant one (n = 26) (Table 1) or in linkage disequilibrium with the
most significant variant with r> > 0.8 (n = 61 additional). 18 of
these 87 loci were novel (Table S8). 13 endpoints had SNP-
based heritability significantly different from 0 on the liability
scale (under the assumption that the population prevalence
matches the prevalence of all biobanks aggregated together),
ranging from 1.79% (AcApp) to 10.73% (gout) (Table S9). The
heritability of cardiomyopathy was estimated to be 0. This
could be because the heritability estimation was underpowered
based on the low prevalence (0.25%) with a low number of cases
(2,993 cases) and because the disease has heterogeneous sub-
types, including dilated and hypertrophic cardiomyopathy, with
different genetic causes.'®
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Figure 3. GBMI incorporates biobanks with diverse sample ancestry into genetic studies
Biobanks’ participants were projected to the same principal component (PC) space using the pre-computed loadings of genetic markers.

Identified associations were largely shared across biobanks.
The lead variants at 95% (n = 476) of the 500 genome-
wide loci did not show evidence for heterogeneity in effect sizes
across different datasets (per biobank and ancestry) (Table S7)
with a p value for Cochran’s Q test >1/500, despite
biobanks differing in many aspects, as discussed above.
This suggests that harmonizing phenotyping and then inte-
grating GWASs from different biobanks together using the anal-
ysis pipeline within GBMI enables reliable discoveries for ge-
netic-disease associations. We also used the meta-regression
approach implemented in MR-MEGA'" for all-biobank meta-an-
alyses. In contrast with fixed-effects, inverse variance-based
meta-analyses, MR-MEGA accounts for the effect size hetero-
geneity across datasets, which identified 17 additional loci
across 10 endpoints, including 12 that were novel (Figure S3;
Table S10).

Power improved by incorporating samples with non-
EUR ancestries

An additional 21.8 million genetic variants were analyzed in the
all-biobank meta-analyses that were not present in the EUR-
only meta-analyses with variant sets imputed from Haplotype
Reference Consortium (HRC) and/or population-specific refer-
ence panels (Tables S1 and S6). The majority of these variants
were rare, with 18.3 million having a minor allele frequency
(MAF) < 1%, and the other 3.4 million were common in at
least one ancestry group (Figure S4). Incorporating samples
with diverse ancestries to the meta-analyses allowed us to
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compare effect sizes of genomic loci across ancestry. 486
out of the 500 loci were tested in more than one ancestry
(Table S7). 16 out of the 486 loci showed evidence for hetero-
geneity in effect sizes across ancestry (p value for Cochran’s Q
test across ancestry < 1/486) (Table S11). 337 loci were iden-
tified in the EUR-only meta-analyses, and including non-EUR
samples yielded 163 more loci (Figure S5A; Table S12),
bringing the total number of loci to 500. While an increase in
sample size drives some of our ability to detect variants, the
increased diversity allows the identification of loci whose index
variants are much more frequent in non-EUR ancestries. In
contrast to only 4 out of the 337 loci identified in the EUR-
only meta-analyses (1.19%), 21 out of the 163 additional loci
(12.9%) had index variants that are at least 10 times more
frequent in other ancestries than in EUR ancestries and have
a MAF <5% in EUR ancestries (Table S12). Forest plots (Fig-
ure S5B) highlight analyses with index variants more frequent
in EAS than other ancestries (MIR2054/INTU for POAG,
PNPT1/EFEMP1 for COPD, and NAA38 for asthma) as well
as loci more frequent in African ancestry than other ancestries,
including VPS13D/DHRS3 for VTE, BCL2L12 for HF, and
MEIS2/TMCOS5A for stroke.

Sex-stratified meta-analyses

We performed sex-stratified meta-analyses to compare GWAS
effect sizes between sexes. 479 loci were tested in more than
one biobank for both male-only and female-only meta-analyses.
8 loci showed evidence of heterogeneous effect sizes between
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Figure 4. Workflow of the flagship project in GBMI
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males and females (p value for Cochran’s Q test < 1/479)
(Table S13; Figure S6).

Environmental factors, such as alcohol usage, that have dif-
ferences in males and females may play a role in GWAS effect
size differences between sexes. We have replicated two previ-
ously reported loci that are located at the aldehyde dehydroge-
nase family genes for gout and exhibit stronger associations in
males than in females.'>"'® The top hit of one locus was an
EAS-specific intronic variant rs4646776 (* = 0.99 with the
missense variant rs671'%) located at the gene ALDH2 with a
stronger effect in males than in females (in females AF =
20.4%, effect size [SE] = —0.10 [0.056], p = 0.07; in males
AF = 24.2%, effect size [SE] = —-0.29 [0.023], p =
2.5 x 107%9). The top hit of the other locus was a low-frequency
EUR-specific intronic variant located in ALDH16A1, which has
been previously identified to be associated with serum urate
levels.” The variant was more strongly associated with gout
in males and in females (rs752383928 intronic, in females
AF = 0.74%, effect size [SE] = 1.63 [0.29], p = 2.43 x 1075,
in males AF = 0.73%, effect size [SE] = 2.70 [0.18], p =
1.33 x 107°%. We have also uncovered significant sex differ-
ences for loci that were previously reported for disease associ-
ation: RANBP6/IL33 for asthma,'® AFAP1 for COPD,'® PKD2
for gout,'” MUCS5AC/MUCS5B for IPF,'® and ARHGEF12 for
POAG."?

The top variant in the CTDP1/KCNG2 locus (rs11665567)
was an intergenic variant with a female-specific association for
asthma (in females AF = 18.8%, effect size [SE] = 0.05 [0.008],
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teractions requires further study.

There were 31 loci only identified in
the sex-stratified meta-analyses but
not in the sex-combined meta-analyses

(p value > 5 x 1078, of which 11 loci were detected in female-
only meta-analyses and 20 loci only in male-only meta-analyses.
26 out of the 31 loci were potentially novel for the studied pheno-
types (Table S14). Female-only meta-analysis for stroke identi-
fied the previously reported locus CETP?' that did not reach
the genome-wide significance threshold in the sex-combined
meta-analysis. The top hit is an intronic variant rs7499892 with
stronger association in females than in males (in females: effect
size [SE] = 0.078 [0.014], p = 1.08 x 1078; in males: effect size
[SE] = 0.007 [0.012], p = 0.56). Transgenic expression of CETP
increases plasma triglyceride levels in females and males
through distinct mechanisms,**?* while the role of triglyceride
levels in the risk of stroke remains elusive. None of the 31 loci
had significant heterogeneity in effect size estimates across
ancestries within females or males with p <0.05/31 (Table S14).
In between-sex heterogeneity tests conducted within each
ancestry, the significant heterogeneity of effect sizes in males
and females was observed in some ancestries, suggesting that
the between-sex effect heterogeneity of these loci was unlikely
confounded by differences across ancestries in the proportion
of each sex studied (Figure S7). Some loci with sex-specific ef-
fects were also ancestry specific, such as the EAS-specific locus
ALDH?2 and the EUR-specific locus ALDH16A1 for gout.

Integration of association results across biobanks

We evaluated the integration of different biobanks in the
meta-analyses (STAR Methods; Data S1). We compared
the effect sizes of top variants in individual biobanks and the
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Table 1. Lead variants that are protein coding within 26 disease-associated loci identified in the multi-biobank multi-ancestry meta-analyses in GBMI

CHR/POS Odds Ratio Number of
Endpoint (hg38) REF/ALT Freg® (95% CI)® p Heterogeneity p Gene Function Cases Controls biobanks
Novel
AAA 10:73913343 T/C 0.737 0.88 (0.85-0.91) 5.93 x 1072 0.76 PLAU missense 9,453 1,446,422 11
COPD 1:149934520 T/C 0.350 1.04 (1.03-1.05) 7.91 x 1071 0.54 MTMR11 missense 79,844 1,289,683 15
Stroke 6:49492265 AG 0.446 0.96 (0.94-0.97) 1.8 x 107" 0.99 CENPQ missense 60,176 1,310,725 16
Asthma 10:94279840 G/C 0.448 1.03 (1.02-1.03) 2.52 x 107° 0.98 PLCE1 missense 153,763 1,647,022 18
Asthma 14:100883117 G/T 0.025 1.09 (1.05-1.12) 2.61 x 1078 0.73 RTL1 missense 133,369 1,370,606 16
Asthma 19:56222056 C/A 0.253 1.03 (1.02-1.04) 2.35 x 1078 0.60 ZSCAN5A missense 149,293 1,626,581 17
Known
COPD 14:94378610 C/T 0.020 1.22 (1.16-1.29) 52 x 107 ° 9.27 x 1073 SERPINAT missense 54,105 883,399 11
COPD 19:44908684 T/C 0.140 0.95 (0.94-0.97) 1.04 x 1078 0.36 APOE missense 81,568 1,310,798 16
Gout 2:27508073 T/C 0.588 0.87 (0.86-0.88) 9.27 x 107%* 0.11 GCKR missense 37,105 1,448,128 15
Gout 11:64593747 G/A 0.016 0.36 (0.31-0.42) 1.19 x 1074 0.10 SLC22A12 stop gain 6,634 248,305 2
Gout 12:57449928 G/A 0.194 0.91 (0.89-0.93) 151 x 10717 0.45 INHBC missense 37,105 1,448,128 15
IPF 5:1279370 T/C 0.001 862 (205-3618) 2.66 x 1072 0.09 TERT missense 1,278 330,954 2
IPF 5:169588475 G/A 0.014 2.19 (1.81-2.66) 1.61 x 1071° 0.02 SPDL1 missense 4,812 882,416 7
POAG 1:11193760 C/T 0.026 0.67 (0.6-0.74) 439 x 107" 0.90 ANGPTL7 missense 12,810 421,360 5
POAG 1:171636338 G/A 0.002 6.33 (4.71-8.51) 1.67 x 10734 4.33 x 10°° MYOC stop gain 15,916 1,092,446 11
POAG 14:60509819 C/A 0.547 0.89 (0.87-0.91) 7.08 x 107 0.31 SIX6 missense 26,848 1,460,599 15
Stroke 12:111803962 G/A 0.238 0.9 (0.88-0.92) 516 x 10718 0.37 ALDH2 missense 23,804 269,656 4
VTE 1:169549811 cT 0.020  3.04 (2.85-3.24) 1.5 x 1072% 552 x 10718 F5 missense 26,749 1,011,509 9
VTE 12:6034818 T/C 0.889 1.1 (1.07-1.13) 1.59 x 107 1° 0.21 VWF missense 27,987 1,035,290 9
VTE 12:103742510 C/T 0.011 1.65 (1.45-1.88) 6.19 x 107 0.25 STAB2 missense 10,353 341,418 2
Asthma 1:12115601 G/A 0.012 0.85 (0.8-0.89) 1.7 x 107" 0.46 TNFRSF8 missense 118,767 1,202,660 12
Asthma 1:31699894 G/T 0.573 1.03 (1.02-1.04) 1.61 x 1071° 0.49 COL16A1 missense 148,045 1,579,632 17
Asthma 4:38797027 C/A 0.387 0.95 (0.94-0.96) 421 x 1072 0.54 TLR1 missense 138,764 1,458,022 15
Asthma 4:102267552 C/T 0.044 1.08 (1.06-1.1) 2.53 x 1072 0.81 SLC39A8 missense 129,434 1,256,670 14
Asthma 5:14610200 C/G 0.084 1.07 (1.05-1.09) 7.68 x 1071° 0.16 OTULINL missense 125,483 1,241,068 13
Asthma 9:128721272 T/A 0.068 0.95 (0.93-0.96) 5.61 x 1071° 0.21 ZDHHC12 missense 152,469 1,638,824 18

#Frequencies are reported with respect to the alternate allele (ALT) in the combined meta-analysis datasets.
POdds ratios are reported with respect to the alternate allele (ALT) in the meta-analyses.
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corresponding LOBO meta-analyses by fitting a Deming regres-
sion.’* Most of the slope estimates were not significantly
different from 1 across biobanks and phenotypes with excep-
tions among biobanks with smaller sample sizes and non-EUR
or multiple ancestries (Figure S8; Data S1). Genetic correlation
estimates between individual biobanks and LOBO for diseases
with the highest heritability estimates, asthma, gout, and
COPD, were close to 1 (STAR Methods; Figure S9; Table S9).
We also compared population-based biobanks and hospital-/
healthcare-based biobanks (STAR Methods) with meta-analyses
for biobank groups separately for gout, ThC, asthma, and POAG,
and consistent effect sizes between two biobank groups were
observed (Figure S10; Data S1). Robust genetic association re-
sults despite differences among biobanks suggested the inte-
gration of genetic association results across biobanks.

For previously reported loci, consistent effect size direction and
magnitude were observed between GBMI and the previous
largest meta-analyses for AAA®® and gout®® (Table S15; Data
S1) as well as for VTE (see Wolford et al.?”). All 18 loci that were
previously identified by the Trans-National Asthma Genetic Con-
sortium (TAGC)'® for asthma had more significant association
p values in GBMI (Figure S11), and attenuation of genetic effects
in GBMI was observed (Table S15; see Tsuo et al.?%). Attenuation
of effect estimates in GBMI compared with disease-specific co-
horts that generally study highly ascertained patients was also
observed for IPF (see Koskela et al.;*° Data S1). These results sug-
gested that the impact of using EHR-curated phenotypes in bio-
banks on effect size estimates varies across phenotypes and
that biobank studies can show attenuated genetic effects where
phenotyping is often, by necessity, more pragmatic.

Biological implications of genetic associations
Pleiotropic effects of associated loci

We investigated the genetic relationship between endpoints stud-
ied in this project and other complex traits by examining associa-
tions of the top variants identified by all-biobank meta-analyses
with 1,283 human diseases in UKBB (STAR Methods). 78 variants
identified from 12 GBMI endpoints (except for HCM and UtC)
exhibited significant (p <5 x 1078) pleiotropic associations
with at least one other phenotype (Table S16; Data S1). We further
investigated pleiotropic effects of the 52 loci (30 novel) identified
for gout by all-biobank meta-analysis. 40 of these loci were asso-
ciated with serum urate levels,?®>°~°? and most of these loci were
also associated with other relevant traits and diseases (Table S17;
Data S1).

Prioritization of cell types, tissues, and genes

To further understand the biology underlying the genetic associa-
tions, we prioritized tissues and cell types in which genes at the
associated loci are likely to be highly expressed using Data-driven
Expression-Prioritized Integration for Complex Traits (DEPICT)*®
(Table S18).

Prioritizing potentially functional genes with genetic variant as-
sociations is a large challenge for genomic research. We applied
several methods to prioritize potentially functional genes,
including DEPICT (Table S19), the gene-level polygenic priority
score (PoPS)** (Table S20), transcriptome-wide association
studies (TWASs)®® (Table S21), and proteome-wide Mendelian
randomization (PWMR)*® (Table S22; STAR Methods). Using
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asthma, POAG, and VTE as examples, the gene lists generated
by these different methods showed little overlap (Figure S12).
For asthma, 618 genes were prioritized by at least 1 of the 4 ap-
proaches (Figure S12A). However, no genes were prioritized by
all 4 methods, and only 5 were prioritized by any 3 methods
(Table S22). All these genes are located at well-known asthma-
associated loci. We then extracted the nearest genes of the
most significant variants (for intergenic variants, the nearest
genes on both sides were included if both are located within 50
kb from the top hits), which brings the total number of prioritized
genesto 729. FCER1G, IL4R, and SMADG3, which were prioritized
by DEPICT, TWAS, and PoPS, were also the nearest genes of top
hits at those loci. 17 more genes were prioritized by any of the two
methods and the naive nearest genes approach (Figure S12A;
Table S22): BCL2, CD247, CD28, GSDMB, HDAC7?7, IL13,
IL2RA, IL6R, IL7R, ITPKB, JAZF1, NEK6, PTPRC, RUNX3,
STAT6, TLR1, and TNFSF8. Low overlap of the prioritized gene
lists by different methods was also seen for POAG and VTE
(Figures S12B and S12C; Table S22; Data S1).

In line with previous discussions,®* these results suggest that
existing gene prioritization methods successfully prioritized rele-
vant genes for diseases but had poor agreement. Note that be-
sides adapting different statistical models and pipelines, these
approaches prioritize genes with different expression data types
(STAR Methods).

In addition, a gold standard set of 41 VTE genes was curated
blindly from the meta-analysis results®” (Figure S13A;
Table S23). Based on this gene set, the nearest gene approach
had comparable precision and recall to other methods (Fig-
ure S13B; Data S1). When using 13 genes in the gold standard
set that are located within 1 Mb around the VTE top hit, as ex-
pected, we observed an increase in the recall of DEPICT and
the nearest gene approach (Figures S13B and S13C). This is
because both approaches tend to prioritize genes that are
located at GWAS loci.

Our results highlight the challenges in interpreting genome-
wide significant loci and the clear need for robust in silico ap-
proaches and pipelines to nominate genes for experimental
follow-up.

Prioritization of functional variants through fine
mapping

While previous meta-analysis studies have applied existing fine-
mapping methods to further prioritize functional variants at dis-
ease association loci,®” 9 it is unclear whether heterogeneous
characteristics of biobanks in the meta-analysis affect fine-map-
ping calibration and recall. We investigated the impacts on fine
mapping of the heterogeneity across biobanks via simulation
studies and demonstrated that different sample sizes, ances-
tries, phenotyping, genotyping, and imputation can lead to
mis-calibrated fine-mapping results.*’ Thus, we developed a
summary statistics-based quality control (QC) method,
SLALOM, to identify suspicious loci for meta-analysis fine map-
ping. Applying SLALOM to the all-biobank meta-analysis results
for 14 endpoints in GBMI found that 68% of loci showed suspi-
cious patterns that call into question fine-mapping accuracy.*’
These results suggest the need for development of methods
that take the cohort heterogeneity into account for reliable
meta-analysis fine mapping. We thus urge caution when
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interpreting fine-mapping results from meta-analysis until
improved methods are available. Because of the lack of robust
fine-mapping methods to obtain credible sets for most loci, we
report the protein-coding variants at association loci (Tables 1
and S8) to shed light on potentially functional variants.

Biobank meta-analysis for genetic association studies
Improving power of genetic discovery for common
diseases

Aggregating 18 biobanks in GBMI substantially increases sam-
ple sizes for genetic association studies for asthma (Table S2),
leading to an increase in power for genetic discovery; 179
genome-wide significant loci for asthma were identified by
GBMI, of which 49 are novel (Table S7). Notably, all 18 loci that
were reported by TAGC'® have more significant association p
values in GBMI (Figure S11). Meta-analyzing GBMI biobanks
and the existing disease consortia would further increase the dis-
covery power to uncover genetic risks for human diseases. For
example, we meta-analyzed 14 biobanks in GBMI with two pre-
vious meta-analysis studies for POAG (three overlapped biobank
datasets were excluded from GBMI), which doubled the case
numbers compared with the previous largest meta-analysis
and successfully identified 103 significant loci, of which 19 are
novel.”’

Providing opportunities for genetic studies on less
prevalent diseases

EHR-linked biobanks provide opportunities to assess less prev-
alent diseases that were understudied by previous GWASs. For
example, the largest meta-analysis for gout so far was conduct-
ed on 13,179 cases and 750,634 controls across 20 studies.
Here, meta-analysis of 15 biobanks in GBMI achieved a sample
size of 37,105 cases and 1,448,128 controls across 5 genetic an-
cestries (Table S2) and identified 52 significant loci, of which 30
are novel (Table S7).

Biobanks also enable genetic studies of different types of dis-
ease phenotypes. Meta-analyses of biobanks for AcApp and the
relevant procedure endpoint appendectomy, respectively,
demonstrated high genetic correlation between the two end-
points (2 = 0.99). Out of the 9 loci identified for AcApp, 3 were
also significant for appendectomy (Table S7) even with a 3 times
lower sample size, suggesting that the procedure phenotypes
may add meaningful information in biobank-based genetic
studies. Incorporating these phenotypes to traditional disease
diagnosis phenotypes could improve discovery power.
Improving PRSs with multi-biobank multi-ancestry
meta-analyses
The LOBO meta-analyses in GBMI allow us to construct bio-
bank-specific PRSs and evaluate PRSs for disease risk predic-
tion. We have investigated PRS construction, evaluation, and
interpretation using the multi-biobank multi-ancestry summary
statistics resource and shared lessons and methodological con-
siderations (see details in Wang et al.®).

Using asthma as an example, we observed improved PRS
prediction accuracy with GBMI summary statistics, compared
with a previous meta-analysis, '° in 6 biobanks across 6 ancestral
populations (Figure S14). The accuracy improvements were
greatest for EUR samples (0.017-0.047), followed by SAS and
EAS samples (0.01-0.037), and were least for AFR samples
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(0.005-0.014). Improvements in prediction accuracy using
GBMI compared with previous GWASs were also observed for
more endpoints.’ Note that the PRS prediction accuracy varies
across biobanks and ancestries, which might be attributable to
factors such as non-genetic factors and differences among bio-
banks. How to better account for these factors in disease predic-
tion models remains an open question for future research and
methods development.

DISCUSSION

Genetic discovery benefits from the increasing numbers of EHR-
linked biobanks, despite differences among biobanks. As of
January 2022, 23 biobanks across four continents comprising
six major ancestral groups have joined GBMI to uncover genetic
risk factors of human diseases. Researchers worked to address
challenges in large-scale genetic studies related to biobanks,
such as harmonizing phenotypes to account for different sour-
ces of heterogeneity and developing analytic pipelines to ac-
count for sample relatedness, case-control imbalance, and large
data sizes. GBMI is an important initiative aiming to integrate
large-scale biobanks for genetic studies. With carefully harmo-
nized phenotype definitions and analysis pipelines, we meta-
analyzed GWASs in up to 18 biobanks for 14 endpoints,
including common diseases (asthma, COPD, VTE, etc.), less
prevalent diseases (gout, IPF, AAA, ThC, etc.), and the proced-
ure endpoint appendectomy for primary discovery, and then
conducted replication in up to 5 additional biobanks. 500
genome-wide significant loci were detected, of which 183 are
novel. Sex-stratified meta-analysis allows for comparing effects
between sexes and identified 8 loci with different effect sizes in
men and women. Not only have we demonstrated the integration
of genetic association results from different biobanks, but we
have also illustrated the gains by meta-analyzing biobanks
together. The increase in the sample size and sample diversity
leads to higher discovery power. Incorporating non-EUR sam-
ples in the meta-analyses allows for genetic association tests
of 21.8 million additional markers. 85% of those markers are
low-frequency ones (AF < 1%), which may further facilitate func-
tional follow-up studies to disentangle the causal variants at
identified loci.

Several loci identified in our biobank meta-analyses have as-
sociations with other human diseases, which could be due to
pleiotropy, disease comorbidities, or linkage disequilibrium.
Follow-up statistical analyses, such as colocalization analysis,
are needed to obtain clearer biological implications. As ex-
pected, based on biobank meta-analysis results, more accurate
predictive PRSs can be constructed because of the increased
genetic discovery power compared with previous studies. This
gain can be further extended to non-EUR samples as the sample
diversity continues to increase in GBMI. The collaborative efforts
of biobanks in GBMI creates invaluable resources and opportu-
nities to advance the understanding of the etiology of human dis-
eases, leading to better treatment and prevention, and helps
move toward the equitability of genetic studies in diverse
ancestries.

We formed multiple working groups (1) to deepen the genetic
investigation of the biological implications of results for several
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endpoints,®’ 294243 (2) to systematically characterize genome-

wide significant loci via fine mapping,“® transcriptome-wide as-
sociation,*® protein QTL Mendelian randomization analysis,*®
and drug target prioritization,** and (3) to improve the disease
risk prediction with PRSs based on the multi-biobank multi-
ancestry meta-analysis results.’

Together, the pilot work conducted in GBMI shows that bio-
banks can be meta-analyzed to provide reliable genetic discov-
eries despite the heterogeneous characteristics across biobanks
in many aspects, such as locations, sample sizes, genotyping
and phenotyping approaches, sample ancestries, and strategies
to recruit participants, with standardized phenotype definitions
and analysis pipelines. We have evaluated the challenges in
downstream in silico studies to prioritize functional genes and
variants, provided the best practices and pipelines based on
our lessons from GBMI, and highlighted the need for new
method development to address the upcoming issues in current
analyses based on the biobank meta-analysis results.

Limitations of the study

Although we have demonstrated how biobank meta-analysis
can help advance the understanding of genetic risk factors for
human diseases, the current study has several limitations. (1)
Most samples (73%) in the current meta-analysis are of EUR
ancestry, and, because of the small proportion of samples of
non-EUR ancestries, the power to identify and investigate
ancestry-specific genetic and environmental factors for human
traits and diseases remains limited. (2) Phenotype curation in
biobanks was harmonized according to the phecode map, which
led to attenuation of effect size estimates for several phenotypes
compared with disease-specific cohorts that generally study
highly ascertained patients. (3) As has been demonstrated in
detail,*® due to heterogeneous characteristics across biobanks,
prioritization of functional variants through fine mapping based
on the summary statistics generated by biobank meta-analyses
can have mis-calibrated results. (4) Different gene prioritization
methods do not always agree, highlighting the challenges in in-
terpreting genome-wide significant loci and nominating genes
for functional follow-up. (5) Only three biobanks used self-report
data to curate phenotypes (two are EA biobanks). This chal-
lenged our ability to evaluate the impact of phenotyping on ge-
netic associations.
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Association results This paper https://www.globalbiobankmeta.org/resources
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gnomAD 8 https://www.nature.com/articles/s41586-020-2308-7
GTEXx ver. 8 52 https://www.science.org/doi/10.1126/science.aaz1776
1000 Genomes ) https://www.nature.com/articles/nature15393

Human Genome Diversity Project (HGDP) 6 https://www.science.org/doi/10.1126/science.296.5566.261b
Software and algorithms

Scripts used for quality control, meta-analysis This paper https://zenodo.org/badge/latestdoi/295461030

and summary of results

PC projection This paper https://zenodo.org/badge/latestdoi/353203447

SAIGE 45 https://www.nature.com/articles/s41588-018-0184-y
REGENIE 46 https://www.nature.com/articles/s41588-021-00870-7
MR-MEGA 11 https://academic.oup.com/hmg/article/26/18/3639/3976569
ANNOVAR 47 https://academic.oup.com/nar/article/38/16/e164/1749458
LDSC 49 https://www.nature.com/articles/ng.3211

DEPICT 33 https://www.nature.com/articles/ncomms6890

PoPS 34 https://doi.org/10.1101/2020.09.08.20190561

PRS-CS 66 https://www.nature.com/articles/s41467-019-09718-5

RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Wei Zhou
wzhou@broadinstitute.org.

Materials availability
This study did not generate new unique reagents.

Data and code availability

® The all-biobank meta-analysis results and plots for the 14 endpoints (including both ancestry-specific and cross-ancestry
meta-analyses and sex-stratified meta-analyses) are available for downloading at https://www.globalbiobankmeta.org/
resources and browsing at the browser http://results.globalbiobankmeta.org. The PRS weights estimated using all-biobank
multi-ancestry meta-analyses and leave-UKBB-out multi-ancestry meta-analyses have been deposited within the PGS Cata-
log with study ID PGP000262 (https://www.pgscatalog.org/).

e All original code has been deposited to Zenodo with DOIs as below and is publicly available as of the date of publication. Links
are listed in the key resources table.

® Scripts used for quality control, meta-analysis, and summary of results are available at https://github.com/globalbiobankmeta
and deposited at https://zenodo.org/badge/latestdoi/295461030.

® Scripts for PC projection are deposited at https://zenodo.org/badge/latestdoi/353203447.

® Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

METHOD DETAILS
Phenotype definition

A phenotype definition guideline was created and shared with all biobanks (Table S4). The disease endpoints were defined following
the phecode maps’ to map the ICD-9 or ICD-10 codes into hierarchical phecodes, each representing a specific disease group. Study
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participants were labeled a phecode if they had one or more of the phecode-specific ICD-9 or ICD-10 codes. Cases were all study
participants with the phecode of interest and controls were all study participants without the phecode of interest or any related phec-
odes. For sex-specfic disease endpoint, which is uterine cancer (UtC) in the endpoint list, only females were included in the study
samples. The procedure endpoint, appendectomy, was defined based on the OPCS. Any biobank participant with codes HO1 (Emer-
gency excision of appendix), HO1.1(emergency excision of abnormal appendix and drainage), or H01.2 (emergency excision of a
normal appendix) were cases, while all other participants without these codes were controls. Biobanks which do not collect the
ICD codes or OPCS codes define phenotypes using the available EHRs according to the phenotype definitions in the guideline.

GWAS

Each biobank conducted genotyping, imputation and quality controls and estimated sample ancestry independently. Then biobank
run GWAS following the analysis plan shared in GBMI (information available at https://www.globalbiobankmeta.org/) with pheno-
types curated according to the harmonized phenotype definitions (see the Phenotype definition section in STAR Methods). We rec-
ommended to run GWAS analysis using Scalable and Accurate Implementation of GEneralized mixed model (SAIGE)*® or
REGENIE,*® which are scalable for biobank-scale data and account for sample relatedness and case-control imbalances. The sug-
gested covariates were age, age2, sex, age*sex, 20 first principal components, and any biobank specific covariates, such as gen-
otyping batches and recruiting centers.

Post-GWAS quality control

Variant-level quality control was conducted for each data set containing GWAS summary statistics shared by biobanks (Table S24
and Figures S15 and S16). Genetic variants with MAC < 20 and variants that were poorly imputed with an imputation score < 0.3 were
firstly excluded. Genome coordinates of all genetic variants were lifted to GRCh38. For palindromic SNPs (with A/T or G/C alleles), we
compared their allele frequencies of the aligned reference allele in the GWAS data set (AF-GWAS) to gnomAD? (AF-gnomAD) by
ancestry. If a palindromic SNP met any one of the following standards, we flipped its alleles in the GWAS data set and indicated
that this variant had the potential strand flip with a flag: 1. The fold difference was greater than two, 2. The allele frequency of the
alternative allele in the GWAS data set was closer to AF-gnomAD than the reference allele, 3. AF-GWAS < 0.4 and AF-gnomAD > 0.6,
4. AF-GWAS > 0.6 and AF-gnomAD < 0.4. We then identified genetic variants with different allele frequencies compared to gnomAD.
For each genetic variant, the Mahalanobis distance between AF-GWAS and AF-gnomAD was estimated and the variant was flagged
to have different AF-GWAS and AF-gnomAD if the Mahalanobis distance was greater than three standard deviations away from the
mean. We observed that across 18 biobanks that shared GWAS summary statistics to the meta-analysis for asthma, very small pro-
portions (0.003% to 0.65%) of variants were flagged as either palindromic SNPs with flipped strands or variants having very different
allele frequencies compared to gnomAD.

Meta-analysis

Fixed-effect meta-analyses based on inverse-variance weighting were performed for all endpoints with 1. all biobanks across all an-
cestries, 2. leave-one-biobank out (LOBO) (Figure S8) 3. all biobanks stratified by each ancestry, and 4. all biobanks stratified by sex.
Trans-ancestry meta-analysis was performed using MR-MEGA'" with three principal components of ancestry. We defined genome-
wide significant loci by iteratively spanning the +500 kb region around the most significant variant and merging overlapping regions
until no genome-wide significant variants were detected within +1 Mb. A locus was categorized as “previously reported” if the region
after merging is within +500kb of variants for the corresponding phenotype in GWAS Catalog,’ otherwise, it was categorized as
“novel” (Table S7). The most significant variant in each locus was selected as the index variant. The nearest gene(s) to the index
variant was used to name each locus. Cochran’s Q-test for heterogeneity has been conducted to identify loci with index variants
that have different effect sizes across GWAS data sets, ancestry, or in males and females.

Post-meta-analysis quality control

For genome-wide significant loci, post meta-analysis quality control has been conducted. 1. For any locus with the top hit tested in
one or more data sets that have different allele frequencies compared to gnomAD,® we excluded those data sets and re-performed
the meta-analysis. 2. We excluded loci with the top hits that were tested in only two biobanks and had significant heterogeneous
effect size estimates in the biobanks.

PC projection

179,195 genetic variants have been genotyped/imputed in all biobanks, among which 168,899 are also in the 1000 Genomes® and
HGDP.° The weights corresponding to principal components for those markers were estimated based on the PCA analysis for the
reference samples with known ancestry in 1000 Genomes and HGDP and shared among biobanks. Biobanks then generated PC
loadings based on the pre-estimated weights of those markers.

Variant annotation

Genetic variants were annotated using ANNOVAR*” for the nearest genes. To obtain a more complete annotation for putative loss-of-
function variants, VEP*® with the LOFTEE plug® as implemented in Hail was used.
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Heritability estimation
LD score regression analyses were conducted using LDSC“° to estimate narrow-sense heritability based on the summary statistics of
all-biobank meta-analyses based on the LD scores pre-estimated using UK Biobank samples (Table S9).

Evaluate the integration genetic associations from diverse biobanks

Compare individual biobank with LOBO meta-analysis

The effect sizes of top variants with association p-value < 1 x 107'° by all-biobank meta-analyses in individual biobanks were
compared to the effect sizes estimated in the corresponding LOBO meta-analyses. For each biobank and LOBO pair, we fita Deming
regression model,>* which accounts for standard errors of effect size estimates in both association datasets, with the intercept set to
zero (Figure S8). We estimated genetic correlation between individual biobanks and LOBO (Figure S9) for the three endpoints with
highest heritability estimates: asthma, gout, and COPD, using LDSC.*° For biobanks with samples of non-EUR ancestries, such as
BBJ, we estimated the trans-ancestry genetic correlation estimation using Popcorn.*°

Compare GBMI with published GWAS studies

The effect size estimates of previously known loci in all-biobank meta-analyses were compared to the effect size estimated in pre-
vious GWAS (Table S15). This analysis was done for 18 loci that were previously identified by TAGC'® for asthma, 24 previously iden-
tified loci for AAA by MVP, and 40 previously identified loci for gout, respectively. For the 18 asthma loci, p-values by all-biobank
meta-analyses in GBMI were compared those reported by TAGC'® (Figure S11).

Prioritize functional genes

DEPICT

Data-driven Expression-Prioritized Integration for Complex Traits (DEPICT)*® was applied to investigate the results from GWAS of 14
endpoints. DEPICT uses three analyses to predict the gene functions: 1) prioritizing the most likely causal genes, 2) identifying en-
riched gene sets, and 3) discovering tissues/cell types with highly expressed genes at associated loci (Tables S18, S19, S22, and S23
and Figures S12 and S13). Two p-value thresholds were used to define genome-wide significance 1 x 1072 and 5 x 1078, for input
summary statistics. A reference panel from individuals of European ancestry in 1000 Genomes was used to calculate LD and further
identify the tag SNP from GWAS results. A minimum of 10 index variants from GWAS results were set to perform analysis using
DEPICT. Enrichment results for significant findings from DEPICT were defined by FDR <0.05. Sensitivity analysis was conducted
with GWAS summary statistics derived from the meta-analysis of biobank data sets with samples of European ancestries (not
including Finns) using LD information from the 1000 Genomes European panel to compare our findings with DEPICT results using
multi-ancestry GWAS summary statistics.

PoPS

Polygenic Priority Score (PoPS) is a gene prioritization method used in our study to identify potential causal genes®* (Tables S20 and
S22, and S23 and Figures S12 and S13). PoPS integrates GWAS summary statistics with publicly available bulk and single-cell gene
expression, biological pathway, and predicted protein-protein interaction data to comprehensively perform gene prioritization. PoPS
applies Multi-marker Analysis of GenoMic Annotation (MAGMA)®" to meta-analyze gene-level associations and create a gene-gene
correlation matrix. Gene-level associations were generated by meta-analyzing the variants across the same gene, using GWAS sum-
mary statistics and LD panel from the 1000 Genomes European-only dataset. Next, MAGMA integrated previously calculated gene-
level associations and gene-gene correlation to perform enrichment analysis for gene features selection. Lastly, a PoPS score was
calculated by fitting a joint model with all the selected features simultaneously. In our study, genes with a PoPS score in the top one
percentile were considered as the prioritized genes. A PoPS score cutoff, the top 0.1 percentile, was also used in the gene prioriti-
zation method evaluation.

Transcriptome-wide association studies (TWASSs)

Prediction of gene expression: Using genotypes and gene expression from 296 European donors from GTEx ver. 8,°? we trained pre-
dictive expression models using Joint-Tissue Imputation (JTI)°®> and Multi-Omic Strategies for TWAS (MOSTWAS).>* Due to small
eQTL sample sizes of non-European patients in GTEXx, we restricted TWAS to European populations. We used gene expression
from multiple relevant tissues for the analysis. For asthma, gene expression in Lung was used and for POAG, gene expression in Brain
Cortex was used. For VTE, gene expressions in five most relevant tissues were used: Artery Aorta, Artery Coronary, Artery Tibial,
Heart Atrial Appendage, and Heart Left Ventricle. JTI borrows information across transcriptomes of different tissues, leveraging
shared genetic regulation, to improve prediction performance in a tissue-dependent manner.>®> MOSTWAS prioritizes distal-SNPs
to a gene of interest that are mediated by biomarkers local to the distal-SNPs; these prioritized distal-SNPs are incorporated in
the final model. We only considered genes with positive SNP heritability at p-value < 0.05 and adjusted cross-validation (CV)
R2 > 0.01 with p-value < 0.05; we considered the gene model from the method that showed larger CV R? for TWAS.

Association testing and probabilistic fine-mapping: Using biobank meta-analysis summary statistics in GBMI from European-
ancestry subjects, we detected gene-trait associations through the weighted burden test and 1000 Genomes Project CEU population
as an LD reference®>°. We defined a transcriptome-wide significance using a Bonferroni correction across 20,000 tests
(p-value < 2.5 x 1076)°°°"(Tables S21, S22, S23 and Figures S12 and S13). As complex correlations between predicted
expression levels at a given region can yield multiple associated genes in TWAS, we used FOCUS, a probabilistic gene-level fine-
mapping method, to define credible sets of genes that explain the expression-trait signal at a given locus.*® Here, we used the default
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non-informative priors implemented in FOCUS and estimated the posterior inclusion probability (PIP) and a 90% credible set of genes
at a given locus.

Proteome-wide mendelian randomization (PWMR)

The putative causal role of 1,310 proteins on eight diseases in the NFE samples were estimated using proteome-wide association
study (PWMR) and sensitivity analyses. For the exposure of the analysis, 5,418 conditional independent protein quantitative trait
loci (pQTLs) of 1,310 proteins in European samples from ARIC®® were selected as genetic predictors. For outcomes, eight of the
14 endpoints from GBMI were selected since they had full GWAS summary statistics in both European and African ancestries
and had relatively good sample size (>100 cases). The eight disease outcomes included idiopathic pulmonary fibrosis (IPF), primary
open-angle glaucoma (POAG), heart failure (HF), venous thromboembolism (VTE), stroke, gout, chronic obstructive pulmonary dis-
ease (COPD) and asthma in European and African ancestries. For the discovery PWMR analysis, we applied a generalised inverse
variance weighted approach® that takes into account the correlation between genetic predictors. To increase the possibility of iden-
tifying true causal links between proteins and diseases, we applied five sensitivity analyses. First, we applied generalised MR-Egger
regression to estimate the influence of horizontal pleiotropy.®® For PWMR association with a p-value of the gEgger intercept term
lower than 0.05, we considered these associations as influenced by horizontal pleiotropy and excluded them from the top finding
list. Second, we applied Cochrane’s Q test for gIVW results and Rocker’s Q test for gEgger results to estimate the potential hetero-
geneity of PWMR estimates®'-®. Third, we applied three types of genetic colocalization analyses to distinguish causality from con-
founding by LD. The conventional colocalization, pairwise conditional and colocalization (PWCoCo) and LD check®-%“, Fourth, to
control for potential aptamer binding artificial effects of pQTLs, we listed all PWMR associations using pQTLs from the coding regions
and flagged these associations with caution. Fifth, to estimate the influence of potential reverse causality, we applied MR-Steiger
filtering®® and removed any PWMR associated with evidence of reverse causality from the top finding list. All the remaining
PWMR associations with p-value < 0.001 were selected as candidate findings (Tables S22 and S23 and Figures S12 and S13).

Phenome-wide association test
For top variants at the 500 identified loci (known or novel), look-ups were carried out for their association with 1,283 human diseases
curated based on phecodes mapped to ICD codes in the UK Biobank.*® We reported associations with p-value <5 x 107,

Polygenic scores

The polygenic scores (PRS) were constructed using PRS-CS,°® which is based on the Bayesian framework. We used the auto model
with default parameters implemented in the software to estimate the posterior mean SNP effects. The input for GWAS sample size
was estimated as the total effective sample size. The LD matrices calculated using European individuals from 1000 Genomes Phase 3
(1KG) provided by PRS-CS were used. Specifically, we used leave-one-biobank-out (LOBO) meta-analysis in GBMI for asthma as the
discovery GWAS and validated the PRS in 9 different biobanks, including: BBJ, BioVU, Lifelines, UKBB, CanPath, ESTBB, FinnGen,
HUNT and MGI. To quantify the accuracy improvement attributable to GBMI, we built PRS using a published GWAS by TAGC.'®
The prediction performance of PRS was estimated using Nagelkerke’s R? after regressing out all biobank-specific covariates with
a logistic regression. It was further transformed to R? on the liability scale,®” with biobank-specific case proportion used as the dis-
ease population prevalence. The corresponding 95% confidence intervals (Cls) were calculated using bootstrap with 1000 replicates
(Figure S14).
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