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Supplementary Fig 1. Current state and important considerations to enable cross-cohort
analysis of genomic data stored in separate Trusted Research Environments (TREs). A/l
of Us, the All of Us logo, and “The Future of Health Begins with You” are service marks of the
U.S. Department of Health and Human Services.

Data access

Policy details of data access

The UK Biobank, a population-based cohort of approximately 500,000 participants recruited
from 2006 to 2010, has existing genomic and longitudinal phenotypic data. Baseline
assessments were conducted at 22 assessment centers across the United Kingdom, with
sample collections including blood-derived DNA. UK Biobank individual-level data are available
by request via application (https://www.ukbiobank.ac.uk). All UK Biobank participants gave
written, informed consent per the UK Biobank primary protocol. Secondary use of this data was
approved by the Massachusetts General Hospital Institutional Review Board (protocol
2021P002228) and was facilitated through UK Biobank application 7089.

Authorization for access to participant-level data in All of Us is user based, rather than project
based. Authorized users receive a “data passport.” The data passport is required for gaining
data access and for creating workspaces to carry out research projects using All of Us genomic
and phenotypic data. Data passports are currently authorized via a 6-step process that includes
affiliation with an institution which has signed a Data Use and Registration Agreement, account
creation, identity verification using login.gov, completion of ethics training, and attestation to the
All of Us Data User Code of Conduct. Additionally, approval to use the dataset for program
operational demonstration projects was obtained from the All of Us Institutional Review Board.
The All of Us Data and Statistics Dissemination Policy disallows disclosure of participant counts
under 20 and allele counts under 40 to protect participant privacy
(https://www.researchallofus.org/data-tools/data-access/) but this study applied for and received
an exception to the policy.



https://www.ukbiobank.ac.uk
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Technical details of data access

For the UK Biobank analyses, a DNAnexus project for Broad UK Biobank application 7089
project created on the UK Biobank Research Analysis Platform.

For the All of Us analyses, a workspace was created on the All of Us Researcher Workbench.

For the pooled analyses, a workspace was also created on the All of Us Researcher
Workbench. Broad UK Biobank application 7089 already had data staged in Terra on Google
Cloud for use in other research projects. The Broad data custodian added our
@researchallofus.org accounts to the access control list for read-only access to the UK Biobank
data so that the data became visible to the workspace within the All of Us Researcher

Workbench (Supplementary Fig. 2).
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Supplementary Fig. 2. Data locations and access control configuration for the pooled
analyses.

Code availability

The code for all analyses can be found in
https://aithub.com/all-of-us/ukb-cross-analysis-demo-project and was compatible with UK
Biobank Research Analysis Platform and All of Us Researcher Workbench available data and
technical capabilities as of the Spring of 2022.

Genomic data preparation and quality control

UK Biobank’s 200k exome release ' was chosen for use in this project because it is the most
recent release of genomic data permitted by UK Biobank policy rules to be analyzed outside of
the UK Biobank Research Analysis Platform. UK Biobank exome data includes ~10M exonic
variants, with an average coverage of 20X in 95.6% of the sites. No variant- or sample-level
filters were pre-applied to the pVCF or PLINK files. For the meta-analyses, the PLINK format
files were filtered to variants within the exonic capture regions
(https://biobank.ndph.ox.ac.uk/ukb/refer.cqi?id=3803) and variants with an alternate allele
frequency of 6 or more. For the pooled analyses, the pVCF files were ingested into Hail (Hail
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Team. Hail 0.2.13-81ab564db2b4. https://github.com/hail-is/hail/releases/tag/0.2.13) and
emitted as a matrix table similarly filtered to exonic capture regions. The data was then further
filtered via plink to include only variants with an alternate allele frequency of 6 or more.

The All of Us whole genome sequence alpha 3 release is the very first release of genomic data
available for the All of Us cohort. The All of Us policy rules require that this data may only be
used within the All of Us Researcher Workbench. Whole genome sequence (WGS) data was
generated on consented All of Us participants via a College of American Pathologists (CAP) /
Clinical Laboratory Improvement Amendments (CLIA) validated pipeline. A count-called
SNP/Indel joint call set was generated from WGS data according to GATK Best Practices. WGS
data were provided in pVCF and Hail matrix table formats. For the meta-analyses, the matrix
table was filtered to variants within the UK Biobank exonic capture regions and variants with an
alternate allele frequency of 6 or more. For the pooled analyses, the matrix table was similarly
filtered to exonic capture regions. The data was then further filtered via plink to include only
variants with an alternate allele frequency of 6 or more. We were not able to use the provided
VCF filter flags for filtering since each cohort used different flagging criteria (Supplementary
Fig. 3).

UK Biobank
All of Us VCF filter flags
VCF filter flags

filters n

filters n

set<str> int64

set<str> int64

{"ExcessHet"} 3484
{"MONOALLELIC"} 46475

NA 7669317

{"ExcessHet","NO_HQ_GENOTYPES"} 8

{"LowQual"} 18116

{"LowQual","NO_HQ_GENOTYPES"} 146068
{"NO_HQ_GENOTYPES"} 173635
NA 8104213

Supplementary Fig. 3. The UK Biobank and A/l of Us VCF data used different soft
thresholds in the VCF filter field, therefore we were not able to use these precomputed
results in our filtering.

For the pooled analysis, biallelic variants were merged if these values were identical: [chrom,
pos, ref, alt](Supplementary Fig. 4a and 4b). More specifically, the variants in the
prepared UK Biobank and All of Us matrix tables were split into biallelic variants using Hail
method split_multi_hts and then an inner join of the variants was performed via Hail method
union_cols. For full details, please see 03_merge_variants.ipynb.
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Supplementary Fig. 4a. Characteristics of variants found in both datasets, versus those
found only in UK Biobank or All of Us. The maximum value for allele number on the y-axis is
determined by cohort size. The pooled exonic variants consist of common and rare variants.
Most exonic variants found in UK Biobank only were very rare. Most exonic variants found in All
of Us only were either very rare or have a very low allele number. Note that variant QC and AC
filtering has not yet occurred for the data shown in these plots. From the All of Us VCF filter field
values for these variants, most of the common variants found in All of Us only were of low
quality and would have eventually been filtered out during variant QC, if they had been included.

gnomAD popmax allele frequencies of variants found in both datasets, versus those found
only in UK Biobank or All of Us.
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Supplementary Fig. 4b. gnomAD popmax allele frequencies of variants found in both
datasets, versus those found only in UK Biobank or All of Us. The pooled exonic variants
show a clear pattern with gnomAD population maximum allele frequencies. Less alignment
along the diagonal is shown for UK Biobank only and All of Us only exonic variants. Note that



variant QC and AC filtering has not yet occurred for the data shown in these plots. From the All
of Us VCF filter field values for these variants, most of the common variants found in All of Us
only were of low quality and would have eventually been filtered out during variant QC, if they
had been included.

Variants were removed from use in downstream analyses, such as principal component analysis
and REGENIE, if Hardy-Weinberg equilibrium exact test p-value was below 1e-15 or missing
call rates exceed 10%. Samples were removed if missing call rates exceeded 10%, but no
samples in UK Biobank or All of Us exceeded this missingness threshold. We did not apply
other variant QC criteria such as call quality thresholds because the determination of equivalent
thresholds for use with DeepVariant+GLnexus variants versus DRAGEN variants is non-trivial to
determine due to their differences in accuracy 2.

Phenotype preparation

Blood lipids including low-density lipoprotein cholesterol (LDL-C), total cholesterol (TC),
high-density lipoprotein cholesterol (HDL-C) and triglycerides (TG) were used as the primary
phenotypes in this study. We curated and harmonized the lipid measurements and statin drug
exposures for both UK Biobank and All of Us from the phenotype resources of these cohorts.

Lipid levels

For UK Biobank, study-specific blood serum lipids assays were performed systematically in its
central laboratories®. The first instance of the lipid measurement was used which included
LDL-C (data-field-ID: 30780), TC (data-field-ID: 30690), HDL-C (data-field-ID: 30760) and TG
(data-field-ID: 30870). Most participants (N=190,982) in the 200k exome release had at least
one non-null lipid value, and therefore were included in the analysis. The lipid measurements
were converted from mmol/L to mg/dL by multiplying TG values by 88.57 and the other lipid
measurements by 38.67 “.

For All of Us, there were no study- specific blood serum lipids assays available at the time of
this analysis, so we instead used lipids measurements from Electronic Health Records (EHR).
Of the 98,622 WGS samples, 37,754 of the participants had at least one type of lipid
measurement. The most recent measurement value for each of the four lipid types was used.
Note that a person’s measurements for the four different lipid types, if available, may have
occurred on different dates. In order to maximize the number of All of Us genomes we were able
to include in this study, we collapsed several related OMOP measurement concepts and several
OMOP unit concepts (Supplementary Fig. 5). This included use of measurements with no unit
specified, when the data distribution for that measurement appeared empirically to be in mg/dL.

UNIT_NAMES <- c('milligram per deciliter', 'No matching concept', 'mg/dL")

# HDL cholesterol

HDL_MEASURE_NAMES <- ¢(
'Cholesterol in HDL [Mass/volume] in Serum or Plasma’,
'Cholesterol in HDL [Mass/volume] in Serum or Plasma by Electrophoresis’,
'Cholesterol in HDL [Mass/volume] in Serum or Plasma ultracentrifugate')

# LDL-C cholesterol

LDL-C_MEASURE_NAMES <- ¢(
'Cholesterol in LDL-C [Mass/volume] in Serum or Plasma by calculation’,
'‘Cholesterol in LDL-C [Mass/volume] in Serum or Plasma’,
'‘Cholesterol in LDL-C [Mass/volume] in Serum or Plasma ultracentrifugate’,
'‘Cholesterol in LDL-C [Mass/volume] in Serum or Plasma by Direct assay',
'‘Cholesterol in LDL-C [Mass/volume] in Serum or Plasma by Electrophoresis')

# Total cholesterol




TC_MEASURE_NAMES <- ¢('Cholesterol [Mass/volume] in Serum or Plasma')

# Triglycerides
TG_MEASURE_NAMES <- ¢(
'Triglyceride [Mass/volume] in Serum or Plasma',
'Triglyceride [Mass/volume] in Blood',
'Triglyceride [Mass/volume] in Serum or Plasma --fasting’,
'Triglyceride [Mass/volume] in Serum or Plasma by calculation')

Supplementary Fig. 5. Several OMOP measurement and unit concepts were collapsed into
the final lipid phenotype.

Age at time of measurement

For UK Biobank participants, their age at time of measurement was their age when they
attended the assessment center (data-field-1D: 21003).

For All of Us participants, as noted in the prior section, a person’s measurements for the four
different lipid types, if available, may have occurred on different dates. REGENIE can analyze
multiple phenotypes concurrently, so a single value for the age covariate was desired. To
achieve this single value for age, we used the maximum age at time of measurement
determined from the person’s four, or fewer, different lipid type measurements. If any particular
lipid type measurement was taken at an age more than 5 years earlier than their maximum age,
it was discarded.

Statin drug classification

For UK Biobank, the generic and trade names of drugs were expressed in the controlled
vocabulary Read v2 and Read v3.

For All of Us, the generic and trade names of drugs were expressed in controlled vocabulary
RXNORM °.

Note that since UK Biobank and All of Us used different controlled vocabularies for drugs, we
were not able to utilize an identical set of statin drugs (Supplementary Fig. 6).

All of Us statin drugs UK Biobank statin drugs

Source / Roll-up Item UKB drug
Name Concept Id Vocab Code Notes

Standard Count Count code UKB drug name Notes
Atorvastatin 1545958 Standard RXNORM 83367 0O 42333 in ukb list 1140861958 simvastatin in AoU as Zocor (BRAND NAME)
Cerivastatin 1592180 Standard RXNORM 596723 0O 61 not in ukb list 1140861970 lipostat 10mg tablet in AoU as pravastin
Fluvastatin 1549686  Standard RXNORM 41127 O 6592 in ukb list 1140864592 lescol 20mg capsule in AoU as fluvastin
Lovastatin 1592085 Standard  RXNORM 6472 0 2905  not in ukb list 1140881748 zocor 10mg tablet  in AoU as simvastatin
Pitavastatin 40165636  Standard RXNORM 861634 O 321  |Hotinuks i 1140888594  fluvastatin in AoU as Lescol (BRAND NAME)
Pravastatin 1551860 Standard  RXNORM 42463 o] 9,863 in ukb list in Aol as Lipostat (BRAND

: u i .
1140888648 pravastatin NAME)

Rosuvastatin 1510813 Standard RXNORM 301542 0O 10,022 in ukb list
Simvastatin 1539403 standard RXNORM 36567 O 19,314 in ukb list 1140910632 eptastatin

1140910654 velastatin
1141146138 lipitor 10mg tablet  in AoU as atorvastatin

1141146234 atorvastatin in AoU as Lipitor (BRAND NAME)
in AoU as Crestor (BRAND
1141192410 rosuvastatin NAME)

1141192414 crestor 10mg tablet in AoU as rosuvastatin

zocor heart-pro
1141200040 10mg tablet in AoU as simvastatin



Supplementary Fig. 6. Drug codes used for statin drug use determination. Left: the statin
drug list used for All of Us statin use determination. Right: the statin drug list used for UK
Biobank statin drug use determination.

Statin drug use determination

For UK Biobank participants, a current medication list was provided in a verbal interview during
their visit to the study center (data-field-ID 20003).

For All of Us participants, their visit to the study center had no specific relationship to drug
exposures at the time of measurement, because the lipids measurements were from their
historical EHR, not a study-specific blood serum assay. Therefore, we employed a heuristic
method to determine whether a statin drug exposure was likely in effect when their lipids
measurement was taken. Specifically, for each All of Us participant an outer time boundary was
taken from the collection of all drug exposures that were statin drug exposures. If this window of
time overlapped the day on which a particular lipids measurement occurred, then that
measurement was adjusted for status use. We did not correct for missingness of drug exposure
data in this study, but it is a known issue worth addressing in future similar studies. For full
details, please see 01 _aou_lipids phenotype.ipynb.

Adjustment of lipid levels for statin use

For both UK Biobank and All of Us, TC and LDL-C measurements were adjusted for lipid
lowering medications as previously done® (Supplementary Fig. 7).

1. LDL-C adjustment based on TG/LDL-C values
o If TG > 400, then LDL-C = NA
o If TGisnull, then LDL-C = LDL-C
o IfLDL-C <10, then LDL-C = NA
2. LDL-C and TC adjustment based on Statin (Lipid lowering medication)
o If STATINis used, LDL-C_ADJ = LDL-C/0.7
o If STATIN is used, TOTAL_ADJ = TC/0.8
3. TG adjustment
o TG_LOG =log(TG)

Supplementary Fig. 7. Formula used for lipid level adjustment per statin use.

Lipids GWAS analysis method

For both UK Biobank and All of Us, the lipid phenotypes were inverse rank normalized
the residuals, scaled by the standard deviation and adjusted for the covariates. We included
PC1-10, age, age? and sex at birth as covariates in our study °. For the pooled analysis an
additional covariate of ‘cohort’ was added to mitigate batch effects. The PCs were generated
using a high-quality LD pruned set of variants using Plink ’.

Single variant genome wide association studies (GWAS) were carried out using REGENIE
v2.2.4 8. For the pooled analysis we used 299,265 samples for which lipid phenotype data was
available for our analysis. We implemented REGENIE Step1 NULL model generation using
313,211 quality-controlled variants with a minor allele count (MAC) of 100. We applied the leave
one chromosome out (LOCQO) method for GWAS while adjusting for the covariates stated
above. We used variant and sample missingness at 10% followed by Hardy-Weinberg
equilibrium p-value not exceeding 1x107"° for the genome wide associations. In total we tested
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the association of 2,135,845 variants with four lipids. For UK Biobank analysis we used 190,982
samples for which lipid phenotype data was available for our analysis. We implemented
REGENIE Step1 NULL model generation using 267,898 quality-controlled variants with an MAC
of 100. We applied the LOCO method for GWAS while adjusting for the covariates stated
above. We used variant and sample missingness at 10% followed by Hardy-Weinberg
equilibrium p-value not exceeding 1x107'° for the genome wide associations. In total we tested
the association of 2,037,169 variants with four lipids. For All of Us analysis we used 37,754
samples for which lipid phenotype data was available for our analysis. We implemented
REGENIE Step1 NULL model generation using 179,349 quality-controlled variants with an MAC
of 100. We applied the LOCO method for GWAS while adjusting for the covariates stated above.
We used variant and sample missingness at 10% followed by Hardy-Weinberg equilibrium
p-value not exceeding 1x107"® for the genome wide associations. In total we tested the
association of 789,179 variants with four lipids.

We carried out meta-analysis of the GWAS results from both the cohorts using the METAL
package®. We used the Standard Error scheme, where the methods weights effect size
estimates using the inverse of the corresponding standard errors. We used the standard error
(SE) method to account for the differences in allele frequencies between studies, only using
sample size for the weight can be suboptimal in terms of power of the meta-analysis.
Supplementary Data 1 & 2 and Supplementary Figure 8 provide a summary of significant
variants from lipid GWAS. Supplementary Figure 9 compares the LOG10P values for variants
examined in both approaches, but meeting the genome-wide significance level (p<5E-08) in
only one approach.

Counts of LDL GWAS results categorized by significance and presence
in each approach

significant in meta-analysis
count

Meta-analysis

not significant in meta-analysis 633065 5e+05
1e+06
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(single-cohort variant due to AC<6 1496360
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Source: All of Us v5 alpha3 and UK Biobank data

Supplementary Fig. 8. LDL-C variant counts categorized by their significance, and in which
result sets they occurred. The 27 significant results from the meta-analysis not present in
pooled were all removed during the variant QC process via the Hardy Weinberg equilibrium
filter.



LDL results in both the meta-analysis and the pooled analysis,
but found to be genome-wide significant in only one approach
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Supplementary Fig. 9. LOG10 (P-values) for LDL-C GWAS found to meet the genome-wide
significance level in one approach, but not the other. Most LOG10 (P-values) for the method
not meeting the genome-wide significance are close to that hard cut off of p<5E-08.



LDL meta-analysis GWAS result comparison to
104significant RSID from Hindy et al. 2021
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LDL pooled GWAS result comparison to 104
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Supplementary Fig. 10a. Comparison of results against published whole exome dataset'.
Two-sided Pearson correlation test was conducted. Left: meta-analysis results Right: pooled

results
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Supplementary Fig. 10b. Comparison of results against published whole genome dataset
", Two-sided Pearson correlation test was conducted. Left: meta-analysis results Right: pooled

results

In Supplementary Fig. 11 note that the duplicative computational steps performed in the
meta-analysis yield a total of 32 arrows, where the arrows are the inputs/outputs to each




computational step. For the pooled approach, we have a total of 19 arrows, which is still a fair
bit of complexity, but all computational steps are unique.

If a future analysis utilized data from three distinct TREs, the meta-analysis would yield 32 +
16 = 48 arrows and the pooled approach would yield 20 + 4 = 24 arrows. For N distinct
TREs, the meta-analysis would yield 1 6* N arrows and the pooled approach would yield 12 +

Meta-analysis

4* N arrows.
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Supplementary Fig. 11. Steps involved in the meta- and pooled analyses. Bold outline is
used for computational steps where data merging occurs. Top: Numbered computational steps
involved in meta-analysis, many of which are duplicated. Bottom: Numbered computational
steps involved in pooled analysis, where each distinct step is performed only once. All of Us, the
All of Us logo, and “The Future of Health Begins with You” are service marks of the U.S.
Department of Health and Human Services.

Ancestry and Functional Analysis

We curated variant information from the gnomAD database to understand the enrichment of
functional categories and ancestral distribution for the significant variants identified from our
analysis. We used the population maximum allele frequency (popmax) as defined by gnomAD
2. where ancestral groups were defined as African/African American, East Asian, European,
Latino/Admixed American, and South Asian (Supplementary Data 1, 2, and 3). We used
scaled Combined Annotation Dependent Depletion (Phred-like CADD) scores ' and
annotations from variant effect predictor (VEP) ™ to define functional importance of the variants.

Supplementary References

1. Szustakowski, J.D., Balasubramanian, S., Kvikstad, E. et al. Advancing human
genetics research and drug discovery through exome sequencing of the UK
Biobank. Nat Genet 53, 942—-948 (2021).
https://doi.org/10.1038/s41588-021-00885-0

2. Yun, T. et al. Accurate, scalable cohort variant calls using DeepVariant and
GLnexus. Bioinformatics (2021) doi:10.1093/bioinformatics/btaa1081.

3. Allen NE, et al. Approaches to minimising the epidemiological impact of sources of
systematic and random variation that may affect biochemistry assay data in UK
Biobank. Wellcome Open Res. 5, 222 (2021) doi:
10.12688/wellcomeopenres.16171.2.

4. Rugge, B. et al. Lipid Conversion Factors. (Agency for Healthcare Research and
Quality (US), 2011).

5. Data Methods — All of Us Research Hub.
https://www.researchallofus.org/data-tools/methods/.

6. Natarajan, P. et al. Deep-coverage whole genome sequences and blood lipids
among 16,324 individuals. Nat. Commun. 9, 3391 (2018).

7. Purcell, S. et al. PLINK: a tool set for whole-genome association and
population-based linkage analyses. Am. J. Hum. Genet. 81, 559-575 (2007).

8. Mbatchou, J. et al. Computationally efficient whole-genome regression for
quantitative and binary traits. Nat. Genet. 53, 1097-1103 (2021).

9. Willer, C. J., Li, Y. & Abecasis, G. R. METAL: fast and efficient meta-analysis of
genomewide association scans. Bioinformatics 26, 2190-2191 (2010).

10. Hindy, G. et al. Rare coding variants in 35 genes associate with circulating lipid
levels-A multi-ancestry analysis of 170,000 exomes. Am. J. Hum. Genet. 109,
81-96 (2022).

11. Selvaraj, M.S., Li, X,, Li, Z. et al. Whole genome sequence analysis of blood lipid
levels in >66,000 individuals. Nat Commun 13, 5995 (2022).
https://doi.org/10.1038/s41467-022-33510-7


https://gnomad.broadinstitute.org/

12. Karczewski, K. J. et al. The mutational constraint spectrum quantified from variation
in 141,456 humans. Nature 581, 434—-443 (2020).

13. Rentzsch, P., Witten, D., Cooper, G. M., Shendure, J. & Kircher, M. CADD:
predicting the deleteriousness of variants throughout the human genome. Nucleic
Acids Res. 47, D886—-D894 (2019).

14. McLaren, W. et al. The Ensembl Variant Effect Predictor. Genome Biol. 17, 122
(2016).

All of Us, the All of Us logo, and “The Future of Health Begins with You” are service marks of the U.S. Department of
Health and Human Services.



