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Summary

While polygenic risk scores (PRSs) enable early identification of genetic risk for chronic obstructive pulmonary disease (COPD), predic-
tive performance is limited when the discovery and target populations are not well matched. Hypothesizing that the biological mech-
anisms of disease are shared across ancestry groups, we introduce a PrediXcan-derived polygenic transcriptome risk score (PTRS) to
improve cross-ethnic portability of risk prediction. We constructed the PTRS using summary statistics from application of PrediXcan
on large-scale GWASs of lung function (forced expiratory volume in 1 s [FEV;] and its ratio to forced vital capacity [FEV/FVC]) in
the UK Biobank. We examined prediction performance and cross-ethnic portability of PTRS through smoking-stratified analyses both
on 29,381 multi-ethnic participants from TOPMed population/family-based cohorts and on 11,771 multi-ethnic participants from
TOPMed COPD-enriched studies. Analyses were carried out for two dichotomous COPD traits (moderate-to-severe and severe COPD)
and two quantitative lung function traits (FEV,; and FEV,/FVC). While the proposed PTRS showed weaker associations with disease
than PRS for European ancestry, the PTRS showed stronger association with COPD than PRS for African Americans (e.g., odds ratio
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[OR] = 1.24 [95% confidence interval [CI]: 1.08-1.43] for PTRS versus 1.10 [0.96-1.26] for PRS among heavy smokers with > 40 pack-
years of smoking) for moderate-to-severe COPD. Cross-ethnic portability of the PTRS was significantly higher than the PRS (paired t test
p < 2.2 x 1071® with portability gains ranging from 5% to 28%) for both dichotomous COPD traits and across all smoking strata. Our
study demonstrates the value of PTRS for improved cross-ethnic portability compared to PRS in predicting COPD risk.

Introduction

Chronic obstructive pulmonary disease (COPD), character-
ized by irreversible airflow obstruction, is currently a lead-
ing cause of death in the United States'* and worldwide.’
COPD is diagnosed using two spirometric measures of lung
function, namely forced expiratory volume in one second
(FEV,) and its ratio to forced vital capacity (FEV,/FVC).
While the main risk factor for COPD is cigarette smoking,
non-smokers can also develop COPD,** which suggests ge-
netic variation in susceptibility to the disease. Further-
more, COPD is a highly heterogeneous disease with herita-
bility estimates ranging from 35% to 60% even after
accounting for smoking behavior.®® Currently, there is
no convincing therapy that prevents the development
and progression of COPD, which reflects limited under-
standing of its biological mechanisms. Thus, early diag-
nosis can provide a crucial path toward prevention of
more severe disease.

Large-scale genome-wide association studies (GWASs) of
COPD and lung function have identified numerous ge-
netic variants associated with COPD risk.”"'® However,
the individual contribution of the identified disease-associ-
ated variants to complex disease is generally very
small."*"* The polygenic risk score (PRS) framework, aggre-
gating the cumulative effects of genetic variants, tends to
capture a reasonable proportion of variation in COPD
risk and exhibits generally stronger association with dis-
ease when more genetic variants are included in the risk
SCOI‘E.()’ll’lé_lg

Additionally, PRS has the benefit that it can translate the
results of GWASs into clinical application for the early
identification of genetic risk of complex diseases. With
recent increases in the scale of GWASs, the PRS approach
has become more powerful. Many studies have demon-
strated the predictive power of PRS on a wide range of com-
plex diseases or traits.'"”?* However, populations with
varying genetic ancestry may possess different allelic fre-
quencies and linkage structures, and as a result, the predic-
tive power of PRS is limited when the discovery and target
populations are from different genetic ancestry groups,
which is referred to as limited cross-ethnic portability.
For example, a study of seventeen anthropometric and
blood-panel quantitative traits in the UK Biobank has
shown that prediction accuracy was far lower for non-Eu-
ropean-ancestry populations when the PRS was derived
from summary statistics for studies of individuals with Eu-
ropean ancestry.”*

For COPD, Shrine and colleagues derived a 279-variant
weighted PRS from large-scale GWASs of lung function car-
ried out in individuals with European ancestry from the
UK Biobank.'! Their results show that the derived PRS per-

formed significantly better for individuals with European
ancestry than for individuals with African ancestry in the
external validation cohorts. In addition, Moll and col-
leagues derived an expanded PRS for COPD using Shrine’s
GWAS'' results and showed that the gap in odds ratio of
COPD between individuals with European and non-Euro-
pean ancestry increased with the decile of PRS.'® As the
majority of GWASs have been performed in individuals
with European ancestry, disparity in prediction accuracy
across non-European-ancestry individuals from GWAS-
derived PRS is a major concern in consideration of poten-
tial clinical applications.”*?%°

While heterogeneity in genetic architectures limits
cross-ethnic portability of PRS,%’° the results from several
cross-ethnic GWAS replication studies provide evidence for
some causal variants shared across populations.®'* Given
that a substantial proportion of GWAS variants demon-
strate gene regulation effects,®® constructing risk scores
built on expression quantitative-trait locus (eQTL) variants
presents a promising path toward incorporating biological
information in genetic prediction. Motivated by the hy-
pothesis that the underlying biological mechanisms of
trait or disease are shared across ancestry groups, Liang
and colleagues proposed to improve cross-ethnic risk pre-
diction using a polygenic transcriptome risk score (PTRS)
constructed using multi-SNP predictors of gene expres-
sion.”® The proposed PTRS builds on the widely used
PrediXcan approach, an integrative method that leverages
gene expression information to identify trait-associated
genes from GWAS.?” Compared with more conventional
PRS approaches, the PTRS uses the cumulative effect of
genes to construct genetic predictors of traits. Their results,
which focused on seventeen anthropomorphic and blood
phenotypes, showed substantial benefits in cross-ethnic
portability from PTRS prediction compared with standard
PRS approaches.’®. Another benefit of the PTRS as a gene-
based risk score is that it provides an additional layer of
biological interpretability, as the PrediXcan-based predic-
tors can be tied directly to gene expression traits corre-
sponding to specific genes.

In this paper, we explored the benefits of PTRS for pre-
dicting COPD risk across self-reported race/ethnic groups
by adapting the PTRS approach proposed by Liang
et al.,’® with the main difference being that the current
work leverages summary statistics from published GWASs
rather than individual-level data. We constructed PTRSs
for prediction of two quantitative lung function traits
(FEV; and FEV{/FVC ratio) and two definitions of COPD
(moderate-to-severe COPD and severe COPD) using sum-
mary statistics from the recent large-scale GWAS of pulmo-
nary function traits (FEV; and FEV,/FVC ratio) conducted
in individuals with European ancestry from the UK
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Gene selection methods for each PTRS
model

1) Genes within a +/- 1-Mb region of
279 GWAS variants (“279-1Mb”)

2) Genes nearby 279 GWAS variants
(“279-nearby”)

3) Genes pass p-value thresholds on
TWAS results from S-PrediXcan
(“TWAS-nominal”, “TWAS-qval”,

and “TWAS-Bonf”)

4) Genes with regional colocalization
probability ranging from 0.1 to 0.9
(“Coloc0.1” to “Coloc0.9”)

A
GWAS summary statistics for FEV,/FVC ratio and FEV,
(UK Biobank, Shrine et al. 20191%)
Derivation
PRS Models PTRS Models
1) By 279 GWAS variants, PRS_279 1) By GTEx_V8 RNA-seq for Lung tissue, PTRS_GTEx(Lung)
2) By pruning and thresholding, 2) By GTEx_V8 RNA-seq for Whole Blood tissue,
PRS_(p+t) PTRS_GTEx(WB)
3) By MESA micro-array transcriptome from monocytes,
PTRS_MESA(monocytes)
Training Choose best risk score for each model based on maximal AUC in
multi-ethnic TOPMed population/family-based cohorts
Test Assess association and cross-ethnic portability of best risk scores with disease in
multi-ethnic TOPMed COPD-enriched studies
Figure 1. Study design

(A) Study workflow.
(B) Four methods of selecting genes included in each PTRS model.

PRS, polygenic risk score; PTRS, polygenic transcriptome risk score; 279 variants are the SNPs used to derive weighted genetic risk score
for COPD in Shrine’s work; TWAS, transcriptome-wide association study; S-PrediXcan, Summary-PrediXcan.

Biobank."'. We focused on these specific quantitative traits
and definitions of COPD (1) for consistency with prior ge-
netic studies'''® and risk scores for COPD'""'® and (2) for
their clinical relevance to diagnosis of COPD. We further
proposed multiple approaches for the construction of
PTRS, leveraging gene expression prediction functions
from GTEx*® and the Multi-Ethnic Study of Atherosclerosis
(MESA).*? To assess the prediction performance and the
cross-ethnic portability of our proposed PTRS candidates,
we leveraged multi-ethnic participants in the NHLBI
Trans-Omics for Precision Medicine (TOPMed) program
to select the best-performing candidates from popula-
tion/family-based cohorts and then tested their perfor-
mance on COPD-enriched studies.

Material and methods

Overview of approach

An overview of the study design is shown in Figure 1. For the deri-
vation of risk scores (both PRS and PTRS), we leveraged summary
statistics from the recent large-scale GWASs of pulmonary function
traits (FEV; and FEV,/FVC ratio) conducted in individuals with Eu-
ropean ancestry from the UK Biobank.'' For the two COPD defini-
tions (moderate-to-severe COPD and severe COPD), the risk-score
candidates were constructed using GWAS results for FEV,/FVC ratio.
We assessed these candidate scores on the TOPMed population/
family-based cohorts (training data) to select the best-performing
candidate by maximal area under the curve (AUC) from the set of
risk scores derived for each model and trait. Both association and
cross-ethnic portability (prediction accuracy for non-European
ancestry relative to European ancestry) of the best risk scores with
disease were then tested on TOPMed COPD-enriched studies.

PTRS derivation

Gene expression prediction models for integrative analysis

We selected two existing types of gene expression prediction
models for investigation in construction of the PTRS:

o PTRS_GTEx models: based on European ancestry-dominant
GTEx_V8 RNA-seq data. We used MASHR-based*’ prediction
models that are recommended by the PrediXcan team for
GTEx_V8 RNA-seq data.’® In the analysis, both lung (n =
444, PTRS_GTEx[Lung]) and whole blood (n = 573,
PTRS_GTEx[WB]) tissues of MASHR-based GTEx models
were applied.

o PTRS_MESA model: based on multi-ethnic microarray tran-
scriptome data collected from monocytes (total, n = 1,163;
non-Hispanic Whites [NHW], n = 578; African Americans
[AA], n = 233; and Hispanics/Latinos [HIS], n = 352).>’ We
used the multi-ethnic elastic net prediction model (trained
with mixing parameter o = 0.5) as presented in Mogil
et al.*” for our analysis, and we refer this model as PTRS_ME-
SA(monocytes).

Construction of risk scores

Building on the concept of genetically regulated gene expression
(GReX) introduced as part of the widely used PrediXcan frame-
work,?” we calculated the PTRS for the i individual using the
following formula:

m
PTRS; = > Ty¥;,

j=1
where Tj; is the GReX of gene j for individual i, the calculation of
Ty is detailed in PrediXcan framework,”” 7; is the estimated effect
size of gene j, the calculation of ¥; is detailed in Summary-PrediX-
can (S-PrediXcan),*! and m is the total number of genes. The PTRS
approach used in the current manuscript was adapted from
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previous work,*® with the main difference being that the current

work leverages summary statistics from published GWASs rather
than individual-level data. We applied S-PrediXcan®' using the
selected gene expression prediction models with the published
lung function GWASs to obtain the estimated effects correspond-
ing to each gene (7;). Finally, the PTRS was inverse-normal trans-
formed in the analysis.

We then applied four methods to select genes for inclusion in
the PTRS:

(1) The first method was to take genes within a + 1-Mb region
of 279 variants from previous GWASs'' and then overlap
with genes from each of the three PTRS models (“279-
1Mb”).

(2) The second method is a variation of the first method
(above). We restricted to 261 genes identified in previous
GWAS (Table S9 in Shrine’s work'!) harboring the 279 var-
iants and then selected genes overlapping with each of the
three PTRS models (“279-nearby”).

(3) The third method was to apply different p value thresholds
on transcriptome-wide association study (TWAS) results
from S-PrediXcan. Nominal, qval, and Bonf represented
the p value, q value, and Bonferroni corrected cut-offs at
0.05, respectively (“TWAS-nominal,” “TWAS-qval,” and
“TWAS-Bont”).

(4) The last method was to select genes by regional colocaliza-
tion probability (RCP). We applied FastEnloc** on eQTLs
and GWASs'' to compute RCP for genes. For eQTLs, we
adopted GTEx_V8 eQTL*® for PTRS_GTEx models and
MESA eQTLs*® for PTRS_MESA models. The genes were
selected first by the range of RCP (from 0.1 to 0.9) and
then overlapped with genes from each of the three PTRS
models (“Coloc0.1” to “Coloc0.9”).

A summary of the number of genes selected by each method is
reported in Table S1.

PRS calculation

To provide a comparison with our proposed PTRS, we incorporated
in our study two models that reflect a more standard PRS frame-
work. We further applied inverse normal transformation to the
PRS values to standardize the scores.

e PRS_279 model: denotes the previously published genetic
risk score that leverages weights for 279 selected variants
from previous GWASs'' (“SNPs-279").

e PRS_(p+t) model: applied pruning and thresholding by
PLINK 1.90b —clump and -score,** a p value and linkage
disequilibrium (LD)-driven procedure, to build additional
PRS candidates where 1,864 European ancestry samples
from MESA who had-whole genome sequence data through
TOPMed were used to construct a LD reference panel. For
each trait, a range of p values (5%10~* and 5 x 10~%) and
pairwise correlation r2 (0.2, 0.4, 0.6, and 0.8) thresholds
were used to create an additional eight PRS candidates
(“5e-4_0.2" to “5e-8_0.8").

Study samples
The training data comprised the participants from eight popula-
tion/family-based cohorts (the Atherosclerosis Risk in Commu-

nities [ARIC] study, the Coronary Artery Risk Development in
Young Adults [CARDIA] study, the Cleveland Family Study [CFS],
the Cardiovascular Health Study [CHS], the Framingham Heart
Study [FHS], the Hispanic Community Health Study/Study of
Latinos [HCHS/SOL], the Jackson Heart Study [JHS], and the
Multi-Ethnic Study of Atherosclerosis [MESA]). The test data con-
sisted of the participants from two COPD-enriched studies (the
Genetic Epidemiology of COPD [COPDGene] study and the Sub-
Populations and Intermediate Outcome Measures in COPD Study
[SPIROMICS]). For all of the included studies, Institutional Review
Boards at each field center approved study protocols, and written
informed consent was obtained from all participants. Detailed
cohort descriptions are provided in the supplemental methods.

Whole-genome sequence data

Whole-genome sequencing (WGS) in TOPMed had, on average,
deep (~30x) coverage with joint-sample variant calling and
variant level quality control in ~140,000 TOPMed samples for
Freeze 8 and ~159,000 samples for Freeze 9b.*> Analyses in the
population/family-based cohorts, as well as COPDGene, used
WGS from TOPMed Freeze 8. Study-specific analyses in
SPIROMICS used the newer Freeze 9b WGS genotypes as (1) these
analyses were carried out at a later stage in our research, and (2) the
SPIROMICS WGS data were only available starting from the newer
Freeze 9b release. Additional details regarding quality control of
genotype data for the present analyses are included in the supple-
mental methods.

Phenotype definition

The phenotype harmonization of pulmonary function traits (pre-
bronchodilator FEV,; and FEV{/FVC ratio) was conducted
following the protocol of the NHLBI Pooled Cohorts Study (sup-
plemental methods, Oelsner et al.'”). We followed Zhao et al."*
to proceed with phenotype QC and calculate the race/ethnic-spe-
cific predicted values of FEV; using the equations of Hankinson*°
that were determined for NHW, AA, and HIS, respectively, COPD
cases, and controls were then defined as follows:

e Moderate-to-severe COPD: pre-bronchodilator FEV; < 80%
predicted and FEV,/FVC < 0.7

e Severe COPD: pre-bronchodilator FEV; < 50% predicted and
FEV,/FVC < 0.7

e Controls: pre-bronchodilator FEV; > 80% predicted and
FEV,/FVC > 0.7

Statistical analysis to examine prediction performance
We carried out pooled analyses across self-reported race/ethnic
groups for the training data (population/family-based cohorts).
For the test data (COPD-enriched studies), analyses were stratified
by self-reported race/ethnic group (NHW versus AA) and then
meta-analyzed using an inverse-variance weighted fixed effect
model. Statistical analyses were conducted using R/GENESIS
v.2.21.3,*” and meta-analyses were implemented in R/meta
v4.13-0.%

For dichotomous traits, the score with the best prediction accu-
racy for each set of risk scores corresponding to each model was
determined by the maximal AUC. The AUC was calculated using
a generalized linear mixed model for association of the dichoto-
mous trait with thescore candidate and including additional co-
variate adjustment for age, sex, race, study, sequence center,
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pack-years of smoking, ever versus never smoking, and principal
components (PCs) of ancestry. The genetic relationship matrix
(GRM) was used to specify the covariance structures of the random
effects term in the model. The AUC was calculated by risk score
only, and the confidence intervals of AUC were calculated using
R/pROC v.1.17.0.1.*°

For quantitative traits, we followed Zhao et a and Sofer
et al.>” to obtain study-specific variance adjusted residuals as phe-
notypes for the analyses. More specifically, we applied linear
mixed models to obtain study-specific residuals, along with
study-specific standard deviations of the residuals. The inverse-
normal transformed residuals were scaled by their study-specific
standard deviations. The resulting values were used to assess the
association with each proposed risk score using a linear mixed
model. The linear mixed models included covariate adjustment
for age, age-squared, sex, height, height-squared, race, study,
sequence center, pack-years of smoking, current smoking, former
smoking, PCs of ancestry, and the GRM. Prediction performance
of each score was quantified as the proportion of variance ex-
plained (%), estimated as 100 x the squared correlation (R?) be-
tween the observed phenotypes and the predicted phenotypes
by score only.

The GRM of samples and PCs of ancestry for all studies except
SPIROMICS were generated on TOPMed Freeze 8 and obtained
directly from the TOPMed Data Coordinating Center. For
SPIROMICS, the GRM and PCs were based on TOPMed Freeze 9b
and were computed by following TOPMed Freeze 8 procedures us-
ing R/GENESIS v.2.21.3.*” Analyses in TOPMed Freeze 8 (popula-
tion/family-based and COPDGene) included adjustment for the
first 11 PCs of ancestry, whereas analyses in SPIROMICS included
adjustment for the first 4 PCs of ancestry after checking pairwise
PC plots.

1.13

Smoking interaction

For the best-performing risk-score candidate identified for each
model, the smoking x score interaction effects were assessed by
adding an interaction term for pack-years of smoking X score in
the (generalized) linear mixed models for each of the four traits
(moderate-to-severe COPD, severe COPD, FEV,, and FEV{/FVC ra-
tio) on population/family-based cohorts.

Portability analysis

Cross-ethnic portability was defined as the prediction accuracy
(AUC) ratio for non-European- versus European-ancestry popula-
tions. We applied bootstrapped sampling (i.e., random sampling
with replacement) on two COPD-enriched studies to generate
95% confidence intervals of cross-ethnic portability. For each
bootstrapped sample of COPD cases and controls, we calculated
the cross-ethnic portability. The 95% ClIs for portability estimates
were then obtained using the percentile method on 10,000 boot-
strapped samples, separately for each of the two COPD-enriched
studies.

Examination of a combined risk score

To explore the performance of a single risk score that combines
PRS and PTRS, we selected one candidate to represent
each approach (PRS_279: SNPs-279 and PTRS_GTEx(Lung):
279-nearby) for further investigation. These two risk scores are
relevant but provide different levels of genetic risk information.
We first examined the interaction between these two scores in
the training data (population/family-based cohorts). The interac-

tion was assessed by adding a score interaction term in the same
prediction model as for risk-score prediction evaluation. We then
explored two schemes to combine two individual risk scores, un-
weighted sum and weighted sum. The unweighted sum is ob-
tained as the direct sum of the two individual risk scores. The
weights in the weighted sum were obtained as the regression coef-
ficients of two individual risk scores in the score interaction model
using the population/family-based cohorts. The weights were also
applied to COPD-enriched studies to calculate the combined risk
score. Finally, we evaluated the predictive performance of the
risk scores for each COPD trait (1) using the same prediction model
used for our primary analyses as described above, (2) using a base-
line set of clinical risk factors alone (age, sex, race, pack-years of
smoking), (3) using the risk score alone, and (4) using the combi-
nation of clinical risk factors and risk score.

Results

Participant characteristics

Demographic and clinical characteristics of our study sam-
ples are summarized in Table 1, which includes 29,381 par-
ticipants from the eight population/family-based cohorts
and 11,771 participants from the COPD-enriched studies.
Based on participant self-reported race/ethnicity, 50%
and 74% of the participants were categorized as NHW in
the population/family-based cohorts and COPD-enriched
studies, respectively. The remaining participants repre-
sented AA (24% and 26% in the population/family-based
and COPD-enriched studies, respectively) and HIS (26%
in the population/family-based cohorts).

Selection of best-performing risk-score candidate for
each model
The overview of study design is shown in Figure 1. We used
large-scale GWASs of individuals with European ancestry
from the UK Biobank reported by Shrine et al.'' (n =
321,047) to derive both PRS and PTRS candidates for
FEV,/FVC ratio and FEV;, respectively. For the two COPD
definitions (moderate-to-severe COPD and severe COPD),
the risk-score candidates were constructed using GWAS re-
sults for FEV,/FVC ratio. Specifically, we derived 42 candi-
dates for PTRS by three different transcriptome reference
models (i.e., PTRS_GTEx[Lung], PTRS_GTEx[WB], and
PTRS_MESA[monocytes]) and by four different gene selec-
tion methods for each transcriptome reference model (i.e.,
“279-1Mb,” "279-nearby,” “TWAS-nominal, qval, and
Bonf,” and “Coloc0.1 to Coloc0.9”), and 9 candidates for
PRS by two models (i.e., PRS_279 and PRS_[p+t]) for each
of the complex traits (material and methods). We assessed
these candidate scores on the TOPMed population/family-
based cohorts (training data) to select the best-performing
risk score by maximum AUC for each model and for each
trait. Both association strength and cross-ethnic portability
of the best risk scores with diseases were then tested in the
TOPMed COPD-enriched studies (Figure 1).

Figure 2 shows that the two definitions of COPD (mod-
erate-to-severe COPD and severe COPD) shared the same
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Table 1.

Characteristics of the study-participants included in the analyses

Moderate-
Age, Female Smoking FEV 10, FEV,/FVC to-severe Severe
Stratum Study NHW AA HIS  years (%) pack-years predicted ratio COPD COoPD
Population- ARIC 5,717 1,458 - 62.81 + 3,998 (56) 17.28 + 23.41 92 + 19 0.73 = 0.09 1,115 199
and family- 9.69
based
CARDIA 1,386 1,373 - 42.17 = 1,525(55) 0.71 = 1.58 95 + 14 0.79 = 0.06 - -
6.62
CES 402 388 - 47.21 £ 16.07 432 (55) 10.29 + 16.26 91 = 20 0.79 £ 0.07 64 16
CHS 2,321 312 - 78.74 + 1,574 (60) 16.08 = 24.85 91 = 25 0.72 = 0.11 500 155
6.09
FHS 3,321 - - 48.86 + 1,771 (53) 6.72 = 15.76 96 += 15 0.76 = 0.07 239 26
11.85
HCHS/SOL - - 6,750 46.65 = 3,969 (59) 7.43 + 1597 92 + 15 0.80 = 0.07 394 69
13.64
JHS - 2,511 - 54.54 + 1,621 (65) - 93 = 18 0.81 = 0.08 123 26
12.54
MESA 1,580 983 879 66.40 + 2,088 (52) 10.69 += 20.90 94 + 18 0.75 = 0.08 408 52
9.84
Total 14,727 7,025 7,629 - - - - - 2,843 543
COPD- COPDGene 6,609 3,258 - 59.55 + 4,602 (47) 44.27 + 2487 73 + 26 0.65 = 0.16 3,981 2,022
enriched 9.04
SPIROMICS 1,535 369 - 63.50 + 886 (47) 47.60 + 27.91 67 + 27 0.59 = 0.16 1,115 547
9.06
Total 8,144 3,627 - - - - - - 5,096 2,569

Mean =+ standard deviation. ARIC, Atherosclerosis Risk in Communities; CARDIA, Coronary Artery Risk Development in Young Adults; CFS, Cleveland Family
Study; CHS, Cardiovascular Health Study; FHS, Framingham Heart Study; HCHS/SOL, Hispanic Community Health Study/Study of Latinos; JSH, Jackson Heart
Study; MESA, Multi-Ethnic Study of Atherosclerosis; COPDGene, Genetic Epidemiology of COPD; SPIROMICS, Sub-Populations and Intermediate Outcome Mea-
sures in COPD Study; NHW, non-Hispanic White; AA, African American; HIS, Hispanic; FEV;, forced expiratory volume in 1 s; FEV,/FVC ratio, FEV; ratio to forced

vital capacity.

pattern of the best-performing risk-score candidates for
each model. Taking moderate-to-severe COPD for
example, PRS_279 had the best prediction accuracy over-
all (AUC = 0.579 [95% CI: 0.567-0.590]). The best-per-
forming candidate for the PRS pruning and thresholding
model was from the accumulation of independently
genome-wide significant variants (i.e., PRS_[p+t]: Se-
8_0.2 with AUC = 0.566 [95% CI: 0.555-0.578]). Among
our proposed PTRSs, the PTRS with genes near 279
variants had the best AUC for PTRS_GTEx(Lung) model
(i.e., PTRS_GTEx[Lung]: 279-nearby with AUC = 0.549
[95% CI: 0.537-0.560]). Among the PTRS_GTEx(WB)
model risk scores, the candidate with genes selected using
the q value method was the best performing (.e.,
PTRS_GTEx[WB]: TWAS-qval with AUC = 0.525 [95%
CI: 0.513-0.536]). The PTRS with the second-largest
gene size was the best performing for the MESA model
(i.e., PTRS_MESA[monocytes]: TWAS-nominal with
AUC = 0.537 [95% CI: 0.525-0.548]). The best PRS candi-
date (PRS_279) has significantly higher AUC than the best
PTRS candidate (PTRS_GTEx[Lung]: 279-nearby) for mod-
erate-to-severe COPD (Delong p value = 7.46 x 107°).
The detailed prediction performance of all proposed risk
scores for the two COPD traits are shown in Tables S2
and S3.

The genes included in the best-performing PTRS for two
COPD traits may provide additional information to priori-
tize genes for further investigation of the underlying bio-
logical mechanism of COPD (Tables S4-S6). Taking the
best-performing PTRS of the GTEx(Lung) model (i.e.,
PTRS_GTEx[Lung]: 279-nearby) for example, there are
126 genes included in this PTRS that represent a subset
of the 261 genes identified based on GWASs of lung func-
tion in the UK Biobank.'' Among these, 43 of the genes
included in the risk score achieved Bonferroni significance
(i.e., TWAS p value < 0.05/126, Table S4). Furthermore, the
small number of overlapped genes among the three best-
performing PTRS candidates suggested that the best candi-
date from each PTRS model provided information on a
relatively distinct set of genes (Table S1 and Figures S2-S4).

For the two quantitative lung function traits, PRS_279 has
overall better prediction accuracy than the other risk scores
examined for both traits, and the best-performing PTRS
candidate differed by trait (Figure S1). Overall, the risk scores
from the model PTRS_GTEx(Lung) presented higher R*
among all PTRS candidates for both traits. The detailed pre-
diction results for all proposed risk scores are shown in
Tables S7 and S8, and the genes included for the best-per-
forming score from each PTRS model for two lung function
quantitative traits are shown in Tables S9-513.
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Figure 2. Prediction accuracy of all risk-score candidates on multi-ethnic population/family-based cohorts for two COPD traits

AUC, area under the curve, was evaluated by the risk score only. Data are shown as AUC with 95% CI. PRS_279, PRS derived by previously
published 279 variants for FEV;/FVC ratio; PRS_(p+t), PRS derived by pruning and thresholding (a range of p value and pairwise corre-
lation thresholds were used to create eight candidates, 5e-4_0.2 to Se-8_0.8); 279-nearby and 279-1Mb, PTRS derived by genes nearby
and within = 1 Mb region of 279 variants, respectively; TWAS-nominal, TWAS-qval, and TWAS-Bonf, PTRS derived by genes passing
TWAS p value threshold of 0.05, q value, and Bonferroni, respectively; Coloc0.1 to Coloc0.9, PTRS derived by genes with regional coloc-

alization probability ranging from 0.1 to 0.9.

PTRS presents stronger association than PRS with COPD
in African Americans
Defining subgroups for stratified analysis
As shown in Table 1, the participants in COPD-enriched
studies had heavier smoking history than those in
TOPMed population/family-based cohorts. Hence, to
examine the association strength of best risk scores on
COPD-enriched studies, we first examined the impact of
pack-years of smoking on the relationship between the
proposed risk scores and COPD risk via smoking interac-
tion analysis (material and methods). For each of the
four traits (two definitions of COPD and two quantitative
traits: FEV,; and FEV{/FVC ratio), at least one selected
candidate score showed nominally significant interaction
with smoking (i.e., interaction p value < 0.05, Table S14).
We then conducted smoking-stratified analyses on
COPD-enriched studies to examine the association perfor-
mance of best risk scores on different smoking strata.
Within smoking strata, we undertook separate analyses
for NHW and AA. Due to the limited samples with pack-
years of smoking < 20 in SPIROMICS (Table S15), we
only applied analyses in COPDGene for the light smokers
(i.e., pack-years of smoking < 20) for all four traits. For each
of the five risk-score models (i.e., PRS_279, PRS_[p+t],

PTRS_GTEx[Lung], PTRS_GTEx[WB], and PTRS_MESA
[monocytes]), we selected the best risk scores based on
their AUCs in each smoking stratum on population/fam-
ily-based cohorts and then applied them in analysis of
COPD-enriched studies (Tables S16-S19). The meta-
analyzed odds ratios for the association of best risk scores
with COPD traits on COPD-enriched studies are shown
in Figure 3A. Overall, PRS_279 still showed stronger associ-
ation with both COPD traits in NHW participants from
COPD-enriched studies and for each smoking strata (e.g.,
odds ratio [OR] = 1.57 [95% CI: 1.48-1.67] for moderate-
to-severe COPD and OR = 1.66 [95% CI: 1.55-1.79] for se-
vere COPD for smoking pack years > 0). For light smokers
(i.e., pack-years of smoking < 20) in AA, PTRS showed
either a similar or stronger association than PRS with two
COPD traits (OR = 1.33 [95% CI: 1.06-1.68] from
PTRS_GTEx[WB] versus 1.33 [95% CI: 1.06-1.68] from
PRS_279 for moderate-to-severe COPD, and OR = 1.51
[95% CI: 1.04-2.19] from PTRS_GTEx[WB] versus 1.31
[95% CI: 0.87-1.96] from PRS_279 for severe COPD). For
heavy smokers (i.e., pack-years of smoking > 40) in AA,
the PTRS presented a stronger association than the PRS
for moderate-to-severe COPD (OR = 1.24 [95% CI: 1.08-
1.43] from PTRS_GTEx[Lung] versus OR = 1.10 [95%
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Figure 3. Association and cross-ethnic portability of best risk scores with two COPD traits in COPD-enriched studies
The risk-score candidates used in the analyses were based on the best AUC of each smoking stratum on multi-ethnic population/family-

based cohorts for both PRS and PTRS.

(A) Association of the best risk scores with two COPD traits. NHW, non-Hispanic Whites; AA, African Americans. Data are shown as meta-

analyzed odds ratio with 95% CI.

(B) Cross-ethnic portability of the best risk scores; portability was calculated as the ratio of AUC of AA over NHW. Data are shown as raw
portability, and error bars are 95% ClIs from 10,000 bootstrapped samples.

CI: 0.96-1.26] from PRS_279). For the other two lung func-
tion traits, FEV/FVC ratio and FEV;, PRS_279 outper-
formed in both NHW and AA (Figures S5 and S6).

PTRS improves cross-ethnic portability of prediction

The noticeably decreased performance of PRS from NHW to
AA is shown in Figure 3A. For example, considering the per-
formance of all participants (i.e., pack-years of smoking >
0) for moderate-to-severe COPD, the OR was 1.57 [95%
CI: 1.48-1.67] by PRS_279 for NHW, but it dropped to
1.24 [95% CI: 1.14-1.36] for AA (Table S16). To test the
cross-ethnic portability of prediction for both PRS and
PTRS, we generated 10,000 bootstrapped samples for two
COPD-enriched studies (material and methods). By defini-
tion of cross-ethnic portability, the reference portability is
1. As shown in Figure 3B, the PTRS models retained overall

better portability than that from PRS models for both defini-
tions of COPD. More specifically, we compared the perfor-
mance of the best portability between PTRS and PRS. For
example, in pooled analysis across all smoking strata (i.e.,
pack-years of smoking > 0) for moderate-to-severe
COPD, the PTRS with the best portability was
PTRS_GTEx(Lung) model (portability = 1 [95% CI: 0.95-
1.05] for COPDGene and portability = 1.05 [95% CI:
0.89-1.19] for SPIROMICS), whereas the PRS with the best
portability was the PRS_(p+t) model (portability = 0.95
[95% CI: 0.91-1] for COPDGene and portability = 1 [95%
CI: 0.87-1.13] for SPIROMICS). Hence, the gain of porta-
bility from PTRS was 5% from both cohorts in this smoking
strata for moderate-to-severe COPD, and based on a paired t
test comparing the bootstrapped distributions, the PTRS_
GTEx(Lung) model has significantly higher portability
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Figure 4. Risk for two COPD traits by different risk groups and by the combined risk scores

(A) Odds ratios of two COPD traits for different risk groups on multi-ethnic population/family-based cohorts. The reference group was
defined as low risk and light smoker; low and high risk are referring to the 1°* and the 5" quintile of genetic risk score, respectively; light
and heavy smokers are referring to the participants with pack-years of smoking < 20 and > 40, respectively; the risk-score candidates
used in the analyses were based on the prediction performance of non-smoking stratum on population/family-based cohorts. Data are

shown as odds ratio with 95% CI.

(B) Association of the combined risk scores with two COPD traits. The risk-score candidates, PTRS_GTEx(Lung): 279-nearby and
PRS_279: SNPs-279 were used for PTRS and PRS, respectively, in the analyses. Unweighted sum and weighted sum refer to the direct sum-
mation and the weighted summation of PTRS and PRS, respectively. Data are shown as odds ratio with 95% CI. For COPD-enriched
studies, the odds ratios were meta-analyzed. NHW, non-Hispanic Whites; AA, African Americans; Population_MultiEthnic, multi-ethnic

samples in population/family-based cohorts.

than that from the PRS_(p+t) model for both cohorts
(p < 2.2x 1071%). We also observed the significantly
improved portability from PTRS (gain ranges from 5% to
28%, Tables S16 and S17) for the other three smoking strata
for both definitions of COPD.

Comparison of genetic versus smoking-related risk of
disease

To aid with practical interpretation, we examined the
impact of the combination of genetic risk scores and smok-
ing history on the risk of COPD. These exploratory ana-
lyses were conducted on population/family-based cohorts
only, as these studies allowed us to examine the popula-

tion-level risk of disease. Participants were divided into
risk categories by the values of both risk scores (quintiles)
and pack-years of smoking (< 20 and > 40). The reference
group was defined as the participants with low genetic risk
(i.e., 1°* quintile of genetic risk score) and light smoking
(i.e., pack-years of smoking < 20). Comparing the individ-
uals with high genetic risk (i.e., 5™ quintile of genetic risk
score) and heavy smoking history (i.e., pack-years of smok-
ing > 40) to those in the reference group, the OR by the
PRS_279 model was 11.26 (95% CI: 5.94-21.35) for moder-
ate-to-severe COPD and 21.21 (95% CI: 7.93-56.74) for se-
vere COPD (Figure 4A). The impact of smoking history was
observed to be greater than genetic risk, as quantified by
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either the PRS or the PTRS. Taking the results from PRS_279
for example, if an individual has low genetic risk but heavy
smoking, then the OR for moderate-to-severe COPD was
4.45 (95% CI: 2.50-7.93). However, for an individual in
the light smoking group, even with high genetic risk, the
OR was comparably lower at 2.58 (95% CI: 2.14-3.11) for
moderate-to-severe COPD (Figure 4A). The same pattern
was also observed for severe COPD.

Combined PRS and PTRS improves association strength

To explore the performance of a single risk score that bor-
rows information from both PRS and PTRS for COPD, we
selected one risk score representing each approach,
PRS_279: SNPs-279 and PTRS_GTEx(Lung): 279-nearby,
for further examination. These two risk scores are corre-
lated (Pearson’s correlation = 0.27, p < 2.2 x 10716) but
provide different levels of genetic risk information. We first
examined the interaction between the two scores in the
population/family-based cohorts (material and methods).
The significant main effects (i.e., PRS and PTRS effects)
and non-significant interactions indicated that two indi-
vidual risk scores provided independent effects for all
four traits (Table S20). Then we applied unweighted- and
weighted-sum schemes to combine two individual risk
scores into a single score. Figure 4B presents the association
results of combined risk score with two COPD traits on
both training and test data. In general, the weighted-sum
score and PRS showed similar strength of association,
and both presented stronger association than un-
weighted-sum score and PTRS on both NHW dominant
training data (population/family-based cohorts) and
NHW participants in test data (COPD-enriched studies).
The similar performance between the weighted-sum score
and the PRS for NHW can be explained by the major
contribution from PRS to this combined score (i.e., the
weights mainly come from PRS, Table S20). For AA, the un-
weighted-sum score that equally borrows information
from both PRS and PTRS produced noticeable improve-
ment. Taking the AA participants with pack-years of smok-
ing between 20 and 40 for example, the OR was increased
from 1.50 (95% CI: 1.24-1.80) by PRS to 1.66 (95% CI:
1.37-2.02) by the unweighted-sum score for severe
COPD, which produced 10% increment for OR. The
same pattern of improvement was also observed for the
two lung traits FEV,/FVC and FEV, (Figures S7 and S8).
For the prediction accuracy evaluated by AUC, the
weighted-sum score presented overall outperformance for
both COPD traits among risk scores in population/fam-
ily-based cohorts (Tables S21 and S22). Although the
AUC achieved by a baseline model (i.e., AUC based on clin-
ical risk factors) was higher than the AUC for the risk score
alone, we observed a trend of lower baseline AUC and high
risk-score AUC among heavy smokers compared to those
with reduced smoking exposures. Taking moderate-to-se-
vere COPD for example, the baseline AUC dropped from
0.742 (95% CI: 0.729-0.754) for light smokers (i.e., pack-
years of smoking < 20) to 0.63 (95% CI: 0.604-0.657) for

heavy smokers (i.e., pack-years of smoking > 40), whereas
the weighted-sum risk-score AUC increased from 0.592
(95% CI: 0.576-0.608) to 0.599 (95% CI: 0.572-0.625)
(Table S21).

Discussion

In the current manuscript, we proposed and applied an
integrative framework to quantify genetic risk of COPD
and predict quantitative lung function traits. Our proposed
polygenic transcriptomic risk score (PTRS) framework,
built on the widely used PrediXcan approach used for sys-
tematic integration of GWASs with reference eQTL
data,’”** bears a more direct connection to underlying dis-
ease biology than standard PRS approaches. Hypothesizing
that the underlying biology of complex disease traits is
shared across diverse race/ethnic groups, we further antic-
ipated that risk scores constructed under our PTRS frame-
work would have greater portability than the standard
PRS. Our application of PTRS to prediction of COPD in Af-
rican American individuals from COPD-enriched studies
demonstrated that our proposed PTRS had better porta-
bility for prediction of both moderate-to-severe COPD
and severe COPD than the PRS approaches that we exam-
ined. Further, examining correlation of our PTRS with a
standard PRS, we showed that the two classes of scores
are not strongly correlated and thus present independent
and complementary information that can be combined.
As the PTRS approaches are restricted primarily to eQTL
variants, the number of possible predictors available for
construction of these risk scores is relatively constrained
in relation to more standard PRS approaches. Thus, we
did not hypothesize that the PTRS would show overall
stronger predictive performance than comparable PRS ap-
proaches. As expected, the PRS approaches showed perfor-
mance advantages in prediction of COPD risk in individ-
uals with European ancestry. In examining performance
specifically among African Americans, we did note a stron-
ger association with COPD for the PTRS compared to PRS,
particularly in heavy smokers with 40 or more pack-years
of smoking for moderate-to-severe COPD and in light
smokers with pack-years of smoking less than 20 for severe
COPD. Although our present work did not include a direct
comparison to the more recently published COPD PRS'®
that is a weighted sum of two individual PRSs for FEV,
and FEV,/FVC and includes more variants not reaching
genome-wide significance by lassosum,’’ we observed
the same pattern as the Moll paper'® that the AUC based
on clinical risk factors was higher than the risk-score
AUC, but the combined AUC (including both clinical
and genetic factors) improved upon each of the separate
models. In addition, we observed that the AUC obtained
by clinical risk factors alone decreased with increasing
smoking history, whereas the AUC achieved by the risk
score alone was higher in strata with greater smoking expo-
sures. This result reflects the likely larger effects of the
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underlying SNPs in the presence of smoking and warrants
further investigation. While the Moll PRS'® demonstrated
improvements in predictive performance over the Shrine
et al.'' risk score for both individuals with European
ancestry and individuals with African ancestry, the perfor-
mance gap between these two ancestry groups was
increased (e.g., based on comparison of odds ratios for
the respective risk scores observed for COPDGene NHW
and AA from the Moll versus Shrine PRS). In our study,
the improved association performance of the PTRS in Afri-
can Americans is concordant with the portability advan-
tages that we also observed for the PTRS. Combined, these
results underscore the value of using PTRS approaches to
leverage large-scale genomic resources of primarily Euro-
pean ancestry to construct risk scores that can be extended
to non-European ancestry populations.

The specific reasons contributing to the particular value
of PTRS in improving portability across ancestry groups are
not entirely straightforward. While we hypothesized
initially that the PTRS may show advantages due to its
use of eQTL variants that tie it to biological mechanisms
that may be shared across ancestry groups, part of the
portability of the PTRS may also stem in part from the
methods used to construct the gene expression prediction
models. The GTEx prediction models*® incorporated statis-
tical fine-mapped variants in selection of SNPs for gene
expression prediction, which may have helped in enrich-
ing the resulting predictors for causal variants. While the
MESA prediction models were built using the elastic net
model without initial selection based on fine mapping,
these MESA prediction models were constructed leveraging
the diverse and multi-ethnic MESA participants,®® such
that the variants ultimately included in the predictors
were also enriched for eQTL variants exhibiting shared ef-
fects across ancestry groups.

Comparing performance of the PTRS across the different
gene expression prediction models used to construct these
risk scores, we did not observe a clear trend in terms of
which model resulted in better predictive performance
overall. Direct comparison of PTRS performance across
different gene expression prediction models is not straight-
forward, in part because the properties of the underlying
models from GTEx and MESA differ on multiple levels. Be-
sides the differences in statistical approaches used to
develop these prediction models noted earlier, other differ-
ences between the GTEx and MESA models include (1)
source tissues represented, (2) race/ethnic composition of
the underlying studies, with GTEx including roughly
15% non-European-ancestry individuals®? compared to
50% mnon-Furopean-ancestry individuals in MESA,*’ and
(3) sample sizes of the underlying models in GTEx lung
(n = 444) and whole blood (n = 573) versus MESA mono-
cytes (n = 1,163).°%3? Further, the PTRS constructed using
different gene expression prediction models differed mark-
edly in the specific genes included in the final risk scores.
While these differences may reflect distinct biology
captured by each of the corresponding sources of tissue,

we should keep in mind that the sample sizes used to
construct the underlying gene expression prediction
models were limited. In addition, the quality and disease
relevance of the GTEx lung data for application to chronic
lung diseases are limited.>® As resources used for eQTL
mapping expand in sample size and improve in tissue
quality in the future, we expect to gain additional resolu-
tion in examining the finer difference in performance
among the various PTRSs derived from distinct gene
expression prediction models.

In summary, we applied the PTRS framework toward ge-
netic risk prediction of COPD and demonstrated its value
in providing biologically interpretable disease risk predic-
tion that is portable across ancestry groups and provides in-
formation complementary to the standard polygenic risk
scores. A particular strength of our approach is that the
PTRS can be constructed using summary statistics from
large-scale GWASs and/or TWASs alone, allowing us to
leverage the abundant genome-wide summary data from
prior GWASs to construct these risk scores. Limitations of
our study include our use, for construction of the PTRS, of
existing gene expression prediction functions, which them-
selves rely on limited sample sizes and provide limited abil-
ity to compare performance of PTRS approaches across un-
derlying tissue models for gene expression prediction. In
future work, we will work to build gene expression predic-
tion models in expanded RNA-seq resources from
TOPMed and other sources, allowing us to leverage larger
sample sizes for gene expression prediction, while also
applying more consistent methods for gene expression pre-
diction to allow more direct comparison across tissues. In
addition, our proposed PTRS framework extends naturally
to other molecular omics types, and we intend to extend
our PTRS approach to leverage proteomics or additional
omics as they become more widely available.

While we have demonstrated the value of integrative ap-
proaches leveraging eQTLs toward improvement of cross-
ancestry portability of risk scores, we further emphasize
that constructing more portable risk scores represents
just one line of investigation toward achieving equity in
risk prediction and personalized medicine. Ultimately, a
crucial step toward improving performance of genomic
risk prediction for non-European-ancestry groups will be
to increase the diversity of participants included and
analyzed in genetic studies. Our long-term hope is that
our field can make sufficient progress on expanding diverse
ancestry resources for genomics, for example from
TOPMed, the Population Architecture using Genomics
and Epidemiology (PAGE) Consortium,*” and All of Us
Research Program,’* such that we can leverage these
diverse ancestry resources more directly toward improved
prediction in diverse ancestry populations. As there re-
mains a long road ahead toward recruitment, phenotyp-
ing, and analysis of diverse ancestry samples for large-scale
diverse ancestry genetic studies, we suggest that construc-
tion of more portable risk scores will contribute toward im-
provements in equity in the near future.
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Data and code availability

Individual whole-genome sequence data for TOPMed whole ge-
nomes are available through dbGaP. The dbGaP accession
numbers are: Atherosclerosis Risk in Communities (ARIC)
phs001211, Coronary Artery Risk Development in Young Adults
(CARDIA) phs001612, Cardiovascular Health Study (CHS)
phs001368, Cleveland Family Study (CFS) phs000954, Framing-
ham Heart Study (FHS) phs000974, Hispanic Community Health
Study/Study of Latinos (HCHS/SOL) phs001395, Jackson Heart
Study (JHS) phs000964, Multi-Ethnic Study of Atherosclerosis
(MESA) phs001416, Genetic Epidemiology of COPD
(COPDGene) phs000951, and SubPopulations and InteRmediate
Outcome Measures in COPD Study (SPIROMICS) phs001927.
Data in dbGaP can be downloaded by controlled access with an
approved application submitted through dbGaP website. All
PrediXcan code used is available in the GitHub repository.

Supplemental information

Supplemental information can be found online at https://doi.org/
10.1016/j.ajhg.2022.03.007.
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Figure S1: Prediction performance of all risk score candidates in multi-ethnic population/family-based cohorts for
FEV1/FVC ratio and FEV1. Proportion of variance explained (%), estimated by 100*squared correlation between the
observed phenotypes and the predicted phenotypes by risk score only; Data are shown as proportion of variance
explained with 95% CI; PRS_279, PRS derived by previously published 279 variants for FEV1/FVC ratio or FEV1,;
PRS_(p+t), PRS derived by pruning and thresholding, a range of p-value and pairwise correlation thresholds were used to
create eight candidates (5e-4_0.2 to 5e-8_0.8); 279-nearby and 279-1Mb, PTRS derived by genes nearby and within +/-
1Mb region of previously published 279 variants (for FEV1/FVC ratio or FEV1) respectively; TWAS-nominal, TWAS-qval,
and TWAS-Bonf, PTRS derived by genes passing TWAS p-value threshold of 0.05, g-value, and Bonferroni respectively;
Coloc0.1 to Coloc0.9, PTRS derived by genes with regional colocalization probability ranging from 0.1 to 0.9.
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Figure S2: Venn diagram of the number of genes included in the best risk score
candidate of each model for two COPD traits. The best candidates of three models are
PTRS_GTEx(Lung): 279-nearby that was derived by genes nearby previously published
279 variants for FEV1/FVC ratio; PTRS_GTEx(WB): TWAS-qval that was derived by
genes passing TWAS g-value threshold; PTRS_MESA(monocytes): TWAS-nominal that
was derived by genes passing TWAS p-value threshold of 0.05. The number in the
parenthesis shows the gene size of the best candidate.
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Figure S3: Venn diagram of the number of genes included in the best risk score
candidate of each model for FEV1/FVC ratio. The best candidates of three models are
PTRS_GTEXx(Lung): Coloc0.1; PTRS_GTEXx(WB): Coloc0.1; Coloc0.1 was derived by
genes with regional colocalization probability greater than 0.1;
PTRS_MESA(monocytes): TWAS-nominal that was derived by genes passing TWAS p-
value threshold of 0.05. The number in the parenthesis shows the gene size of the best
candidate.
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Figure S4: Venn diagram of the number of genes included in the best risk score
candidate of each model for FEV1. The best candidates of three models are
PTRS_GTEx(Lung): TWAS-nominal; PTRS_GTEx(WB): TWAS-nominal;
PTRS_MESA(monocytes): TWAS-nominal. TWAS-nominal was derived by genes
passing TWAS p-value threshold of 0.05. The number in the parenthesis shows the
gene size of the best candidate.
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Figure S5: Prediction performance of the best risk scores with FEV1/FVC ratio in
COPD-enriched studies. NHW, Non-Hispanic Whites; AA, African Americans; the risk
scores used in the analyses were based on the prediction performance of each smoking
stratum on population/family-based cohorts for FEV1/FVC ratio; proportion of variance
explained (%) was estimated by 100*squared correlation between the observed
phenotypes and the predicted phenotypes by risk score only. Data are shown as meta-
analyzed results with error bars as 95% Cls of proportion of variance explained.
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Figure S6: Prediction performance of the best risk scores with FEV1 in COPD-enriched
studies. NHW, Non-Hispanic Whites; AA, African Americans; the risk scores used in the
analyses were based on the prediction performance of each smoking stratum on
population/family-based cohorts for FEV1; proportion of variance explained (%) was
estimated by 100*squared correlation between the observed phenotypes and the
predicted phenotypes by risk score only. Data are shown as meta-analyzed results with

error bars as 95% Cls of proportion of variance explained.
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Figure S7: Prediction performance of the combined risk scores for FEV1/FVC ratio. The
risk score candidates, PTRS_GTEx(Lung): 279-nearby and PRS_279: SNPs-279, were
used for PTRS and PRS respectively in the analyses; Unweighted Sum and Weighted
Sum refer to the direct summation and the weighted summation of PTRS and PRS
respectively; Data are shown as proportion of variance explained (%) which was
estimated by 100*squared correlation between the observed phenotypes and the
predicted phenotypes by combined risk score only, error bars are 95% Cls; For COPD-
enriched studies, the results were meta-analyzed. NHW, Non-Hispanic Whites; AA,
African Americans; Population_MultiEthnic, multi-ethnic samples in population/family-
based cohorts.
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Figure S8: Prediction performance of the combined risk scores for FEV1. The risk
score candidates, PTRS_GTEx(Lung): 279-nearby and PRS_279: SNPs-279, were
used for PTRS and PRS respectively in the analyses; Unweighted Sum and Weighted
Sum refer to the direct summation and the weighted summation of PTRS and PRS
respectively; Data are shown as proportion of variance explained (%) which was
estimated by 100*squared correlation between the observed phenotypes and the
predicted phenotypes by combined risk score only, error bars are 95% Cls; For COPD-
enriched studies, the results were meta-analyzed. NHW, Non-Hispanic Whites; AA,
African Americans; Population_MultiEthnic, multi-ethnic samples in population/family-
based cohorts.



Supplemental Tables

In this section we will include Table S1, Tables S14-15, and Tables S20-22. The Excel file will contain Tables S2-13 and
Tables S16-19.

FEV1/FVC FEV1

Candidate PTRS_GTEx | PTRS_GTEx | PTRS_MESA | PTRS_GTEx | PTRS_GTEx | PTRS_MESA

(Lung) (WB) (monocytes) (Lung) (WB) (monocytes)
279-nearby 126 102 75 126 102 75
279-1Mb 2797 2447 1400 2797 2447 1400
TWAS-nominal 2407 2065 1127 2417 2041 1194
TWAS-gval 1175 968 526 1164 928 513
TWAS-Bonf 271 219 143 206 200 142
Coloc0.1 296 242 289 301 260 352
Coloc0.2 185 147 207 182 161 230
Coloc0.3 126 107 147 128 102 177
Coloc0.4 96 72 119 97 85 149
Coloc0.5 72 50 98 56 50 131
Coloc0.6 55 32 80 43 38 111
Coloc0.7 40 26 61 22 20 82
Coloc0.8 35 16 42 8 14 67
Coloc0.9 19 8 25 2 2 46

Table S1: The number of genes included in each risk score candidate corresponding to three PTRS models for both
FEV1/FVC ratio and FEV1. 279-nearyby and 279-1Mb, PTRS derived by genes nearby and within +/- 1Mb region of
previously published 279 variants (for FEV1/FVC ratio or FEV1) respectively; TWAS-nominal, TWAS-qval, and TWAS-
Bonf, PTRS derived by genes passing TWAS p-value threshold of 0.05, g-value, and Bonferroni respectively; Coloc0.1 to
Coloc0.9, PTRS derived by genes with regional colocalization probability ranging from 0.1 to 0.9.



Moderate-to-Severe COPD

Model Candidate Score Interaction Interaction Interaction

beta beta se P-value
PRS_279 SNPs-279 0.3143 0.0012 0.0009 0.2121
PRS_(p+t) 5e-8 0.2 0.2455 0.0015 0.0009 0.0767
PTRS_GTEX 279-nearby 0.1501 0.0001 0.0009 0.8872
(Lung)
PTRS GTEx | TWAS-qgval 0.0225 0.0019 0.0009 0.0355
(WB)
PTRS_MESA | TWAS-nominal 0.1309 0.0014 0.0009 0.1119
(monocytes)

Severe COPD
PRS_279 SNPs-279 0.2002 0.0052 0.0015 0.0007
PRS (p+t) 5e-8 0.2 0.2458 0.004 0.0014 0.0042
PTRS_GTEX 279-nearby 0.1151 0.0025 0.0016 0.1143
(Lung)
PTRS GTEx | TWAS-qgval 0.0066 -0.004 0.0015 0.0074
(WB)
PTRS MESA | TWAS-nominal 0.1441 0.0026 0.0015 0.0789
(monocytes)
EV1/FVC

PRS_279 SNPs-279 -1.2297 -0.0075 0.0021 0.0004
PRS_(p+t) 5e-8 0.2 -0.9944 -0.0078 0.0020 0.0001
PTRS_GTEX Coloc0.1 -0.5938 -0.0032 0.0021 0.1384

(Lung)




PTRS_GTEx | Coloc0.1 -0.4156 -0.0027 0.0022 0.2189
(WB)
PTRS_MESA | TWAS-nominal -0.5215 -0.0069 0.0022 0.0017
(monocytes)

FEV1
PRS_279 SNPs-279 -0.0703 -0.0003 0.0001 0.0288
PRS _ (p+t) 5e-4 0.8 -0.0571 -0.0004 0.0001 0.0024
PTRS GTEx | TWAS-nominal -0.0491 -0.0001 0.0001 0.4462
(Lung)
PTRS GTEx | TWAS-nominal -0.0272 -0.0002 0.0001 0.1013
(WB)
PTRS _MESA | TWAS-nominal -0.0397 -0.0002 0.0001 0.1249
(monocytes)

Table S14: Risk score by smoking pack-years interaction analysis for the best performing risk score candidates in
population/family-based cohorts. PRS_279, PRS derived by previously published 279 variants for FEV1/FVC ratio or
FEV1; PRS_(p+t), PRS derived by pruning and thresholding, a range of p-value and pairwise correlation thresholds were
used to create candidates (5e-4_0.8 and 5e-8_0.2) ; 279-nearyby, PTRS derived by genes nearby previously published
279 variants for FEV1/FVC ratio or FEV1; TWAS-nominal and TWAS-qval, PTRS derived by genes passing TWAS p-
value threshold of 0.05 and g-value respectively; Coloc0.1, PTRS derived by genes with regional colocalization probability
greater than 0.1.



Moderate-to-Severe Severe FEV1/FVC
COPD COPD and FEV1
Smoking
Study Pack-Years N Control | Case N Control | Case N
>=0 5183 | 2122 | 3061 | 3729 | 2122 | 1607 6609
0,20) 550 | 400 | 159 | 467 | 400 67 715
COPDGene NHW - 10) 1721 | 939 | 782 | 1289 | 939 350 2245
>=40 2903 | 783 | 2120 | 1973 | 783 | 1190 3649
>=0 2504 | 1584 | 920 | 1999 | 1584 | 415 3258
0,20) 434 | 307 | 127 | 362 | 307 55 612
COPDGene AA  20.40) 1137 | 769 | 368 | 924 | 769 155 1450
>=40 933 | 508 | 425 | 713 | 508 205 1196
>=0 1284 | 346 | 938 | 803 | 346 | 457 1535
0,20) 66 63 3 63 63 0 74
SPIROMICS_NHW 7565 40) 368 | 143 | 225 | 253 | 143 110 457
>=40 850 | 140 | 710 | 487 | 140 | 347 1004
>=0 316 | 139 | 177 | 229 | 139 90 369
0,20) 24 23 1 23 23 0 25
SPIROMICS_AA —1720.40) 162 | 74 88 | 118 | 74 44 188
>=40 130 | 42 88 | 88 42 46 156

Table S15: Sample size by smoker group for four traits in COPD-enriched studies. NHW, Non-Hispanic Whites; AA,
African Americans.



Trait Effect Beta se P-value
Moderate-to-Severe PRS 0.3181 0.0238 8.50E-41
COPD PTRS 0.0571 0.0238 0.0163
Interaction 0.0075 0.0212 0.7249
PRS 0.3248 0.0502 9.90E-11
Severe COPD PTRS 0.085 0.0511 0.0961
Interaction 0.0049 0.0446 0.9124
PRS -1.2434 0.0426 9.43E-185
FEV1/FVC PTRS -0.4556 0.0425 9.71E-27
Interaction 0.0187 0.0415 0.6523
PRS -0.0666 0.0028 3.68E-127
FEV1 PTRS -0.0369 0.003 9.17E-36
Interaction 0.0013 0.0026 0.6190

Table S20: Risk score interaction analysis in population/family-based cohorts. PRS, PRS_279: SNPs-279 that was
derived by previously published 279 variants for FEV1/FVC ratio or FEV1; PTRS, PTRS_GTEx(Lung): 279-nearby that
was derived by genes nearby previously published 279 variants for FEV1/FVC ratio or FEV1.



Smoking Pack-Years20 Smoking Pack-Years: [0,20)
AUC | L95 AUC | U95 AUC | AUC | L95 AUC | U95 AUC

Clinical factors 0.807 0.798 0.815 0.742 0.729 0.754
PRS 0.579 0.567 0.59 0.589 0.574 0.605
PTRS 0.549 0.537 0.56 0.548 0.532 0.564
Unweighted Sum 0.58 0.568 0.591 0.586 0.571 0.602
Weighted Sum 0.582 0.571 0.593 0.592 0.576 0.608
Clinical+PRS 0.813 0.805 0.821 0.753 0.741 0.766
Clinical+PTRS 0.808 0.8 0.816 0.744 0.732 0.756
Clinical+Unweighted Sum | 0.812 0.804 0.82 0.751 0.739 0.764
Clinical+Weighted Sum 0.813 0.805 0.822 0.754 0.741 0.766

Smoking Pack-Years: [20,40) Smoking Pack-Years240
AUC | L95 AUC | U95 AUC | AUC | L95 AUC | U95 AUC

Clinical factors 0.647 0.623 0.672 0.63 0.604 0.657
PRS 0.585 0.558 0.611 0.598 0.571 0.625
PTRS 0.547 0.52 0.574 0.542 0.515 0.569
Unweighted Sum 0.581 0.554 0.608 0.585 0.559 0.612
Weighted Sum 0.587 0.56 0.613 0.599 0.572 0.625
Clinical+PRS 0.667 0.642 0.691 0.659 0.634 0.684
Clinical+PTRS 0.651 0.626 0.676 0.635 0.61 0.661
Clinical+Unweighted Sum | 0.662 0.637 0.686 0.651 0.625 0.676
Clinical+Weighted Sum 0.667 0.643 0.691 0.659 0.634 0.684

Table S21: Prediction accuracy for Moderate-to-Severe COPD in population/family-based cohorts from models using
clinical risk factors alone (including age, sex, race, and smoking pack-years), risk score alone, and the combination of
clinical risk factors and risk score. PRS, PRS_279: SNPs-279 that was derived by previously published 279 variants for
FEV1/FVC ratio; PTRS, PTRS_GTEXx(Lung): 279-nearby that was derived by genes nearby previously published 279
variants for FEV1/FVC ratio; Unweighted Sum and Weighted Sum refer to the direct summation and the weighted
summation of PTRS and PRS respectively; L95 AUC and U95_AUC are lower and upper 95% Cls of AUC respectively.



Smoking Pack-Years20 Smoking Pack-Years: [0,20)
AUC | L95 AUC | U95 AUC| AUC |L95 AUC | U95 AUC

Clinical factors 0.854 0.837 0.87 0.762 0.731 0.792
PRS 0.582 0.558 0.607 0.545 0.502 0.587
PTRS 0.554 0.53 0.579 0.527 0.486 0.568
Unweighted Sum 0.587 0.562 0.612 0.545 0.503 0.587
Weighted Sum 0.588 0.563 0.613 0.547 0.505 0.589
Clinical+PRS 0.853 0.836 0.87 0.761 0.731 0.792
Clinical+PTRS 0.853 0.836 0.87 0.761 0.731 0.792
Clinical+Unweighted Sum | 0.853 0.836 0.87 0.761 0.731 0.791
Clinical+Weighted Sum 0.853 0.836 0.87 0.761 0.73 0.791

Smoking Pack-Years: [20,40) Smoking Pack-Years240
AUC | L95 AUC | U95 AUC| AUC |L95 AUC |U95 AUC

Clinical factors 0.703 0.657 0.748 0.693 0.658 0.727
PRS 0.659 0.607 0.711 0.617 0.577 0.657
PTRS 0.574 0.515 0.633 0.556 0.517 0.596
Unweighted Sum 0.639 0.583 0.695 0.612 0.573 0.651
Weighted Sum 0.66 0.608 0.712 0.621 0.581 0.66
Clinical+PRS 0.743 0.698 0.789 0.723 0.688 0.758
Clinical+PTRS 0.71 0.663 0.757 0.699 0.664 0.734
Clinical+Unweighted Sum | 0.733 0.685 0.781 0.717 0.682 0.752
Clinical+Weighted Sum 0.743 0.698 0.789 0.723 0.688 0.758

Table S22: Prediction accuracy for Severe COPD in population/family-based cohorts from models using clinical risk
factors alone (including age, sex, race, and smoking pack-years), risk score alone, and the combination of clinical risk
factors and risk score. PRS, PRS_279: SNPs-279 that was derived by previously published 279 variants for FEV1/FVC
ratio; PTRS, PTRS_GTEx(Lung): 279-nearby that was derived by genes nearby previously published 279 variants for
FEV1/FVC ratio; Unweighted Sum and Weighted Sum refer to the direct summation and the weighted summation of
PTRS and PRS respectively; L95 AUC and U95_AUC are lower and upper 95% Cls of AUC respectively.



Supplemental Methods
Phenotype harmonization

Phenotype harmonization, data management, sample-identity QC, and general study
coordination, were provided by the TOPMed Data Coordinating Center (3RO1HL-
120393-02S1; contract HHSN2682018000011). Phenotype harmonization for pulmonary
traits was contributed by the NHLBI Pooled Cohorts Study with funding from NIH/NHLBI
R21 HL121457, R21 HL129924, K23 HL130627, RO1 HLO77612.

The NHLBI Pooled Cohorts Study (PCS)* harmonized and pooled data from nine
large US epidemiologic cohorts that conducted lung function assessments over the last
four decades. Additionally, data on self-administered questionnaires, with detailed
guestions regarding tobacco consumption, past medical history, medications,
respiratory symptoms, lipids, renal biomarkers, etc., were also harmonized. Data on
CLRD events was harmonized using either adjudicated CLRD hospitalizations or ICD
data for all hospitalizations occurring over follow-up.

Among the cohorts included in the NHLBI PCS, the follow cohorts were also
included in our TOPMed WGS analysis, for which we utilized harmonized data sets from
NHLBI PCS: Atherosclerosis Risk in Communities (ARIC) study; Cardiovascular Health
Study (CHS); Coronary Artery Risk Development in Young Adults (CARDIA);
Framingham Heart Study (FHS); Hispanic Community Health Study/Study of Latinos
(HCHS/SOL); Jackson Heart Study (JHS); and Multi-Ethnic Study of Atherosclerosis
(MESA). For the purpose of phenotype harmonization in TOPMed, harmonized data
sets for each of the participating cohorts were provided by the NHLBI Pooled Cohorts
Study for analyses in the current WGS analysis. We note that a subset of the ARIC
participants was later recruited into JHS. For TOPMed purposes, participants in the
ARIC-JHS overlap group were not included as part of Exam 4 in ARIC. For JHS, ARIC
participants were not excluded. For TOPMed studies not included in the NHLBI Pooled
Cohorts Study (Cleveland Family Study (CFS); Genetic Epidemiology of COPD
(COPDGene) and Sub-Populations and Intermediate Outcome Measures in COPD
Study (SPIROMICS)), phenotype harmonization was conducted separately by each of
the participating cohorts, following as closely as possible with the NHLBI Pooled
Cohorts Study variable definitions and procedures.

Study descriptions: population/family-based cohorts

The Atherosclerosis Risk in Communities Study (ARIC)

The ARIC study is a population-based prospective cohort study of cardiovascular
disease sponsored by the National Heart, Lung, and Blood Institute (NHLBI). ARIC
included 15,792 individuals, predominantly European American and African American,
aged 45-64 years at baseline (1987-89), chosen by probability sampling from four US



communities. Cohort members completed three additional triennial follow-up
examinations, a fifth exam in 2011-2013, a sixth exam in 2016-2017, and a seventh
exam in 2018-2019. The ARIC study has been described in detail previously (The ARIC
Investigators. The Atherosclerosis Risk in Communities (ARIC) study: Design and
objectives. American Journal of Epidemiology 1989; 129:687-702).

At each visit, spirometry testing protocols were standardized across the four
ARIC field centers, calibration checks were performed daily, and the standardization of
data collection and management was coordinated across field centers by a single
pulmonary function reading center. Each participant's best FEV1 and FVC of three
acceptable maneuvers, based on the centralized expert review, was used for analysis?.
For the current cross-sectional WGS analysis, data from the most recent spirometry
exam were utilized for participants having multiple longitudinal measures.

The Coronary Artery Risk Development in Young Adults (CARDIA)

During 1985 -1986, CARDIA recruited 5,115 black and white men and women, aged 18
to 30 years, from the general population at Birmingham, Alabama; Chicago, lllinois; and
Minneapolis, Minnesota; and from the membership of the Oakland Kaiser-Permanente
Health Plan in Oakland, California. The participants were selected so that there would
be approximately the same number of people in subgroups of race, gender, education
(high school or less and more than high school) and age (18-24 and 25-30) in each of 4
centers. Detailed methods, instruments, and quality control procedures are described at
the CARDIA website (http://www.cardia.dopm.uab.edu/ex_mt.htm) and in other
published reports*®. Spirometric pulmonary function testing was performed using the
Collins survey 8-liter water-sealed spirometer and the Eagle Il microprocessor (Warren
E. Collins, Inc., Braintree, MA) in a sitting position with noseclips, as per the 1979
American Thoracic Society criteria®. Specifically, each subject performed a minimum of
three trials with expirations recorded to the FVC plateau, which occurs after six seconds
of expiration in adult males and was maintained for at least one second before
terminating the forced expiratory maneuver. If, at the end of the three trials, there were
at least three acceptable tracings, and with the maximum FVC and FEV1 reproduced to
within 5% or 100 mL, whichever is greater, no more trials were performed. For the
current cross-sectional WGS analysis, data from the most recent spirometry exam were
utilized for participants having multiple longitudinal measures.

The Cardiovascular Health Study (CHS)

CHS is a population-based cohort study of risk factors for coronary heart disease and
stroke in adults 265 years conducted across four field centers7. The original
predominantly European ancestry cohort of 5,201 persons was recruited in 1989-1990
from random samples of the Medicare eligibility lists; subsequently, an additional



predominantly African-American cohort of 687 persons was enrolled in 1992-1993 for a
total sample of 5,888. Blood samples were drawn from all participants at their baseline
examination and DNA was subsequently extracted from available samples. Pulmonary
function testing was conducted at the 1989-1990 visit and follow-up visits four and
seven years later. The spirometry procedures for pulmonary function testing have been
previously described®®. Briefly, spirometry technicians were centrally trained and
certified prior to recruitment of participants. A standard spirometry system, including a
Collins Survey | water-seal spirometer (Collins Medical, Inc., Braintree, Massachusetts)
and software from S&M Instruments (Doylestown, Pennsylvania), was used by
technicians at all four recruitment centers. Stringent quality assurance procedures for
spirometry testing exceeded ATS recommendations®. For the current cross-sectional
WGS analysis, data from the most recent spirometry exam were utilized for participants
having multiple longitudinal measures.

European ancestry and African American ancestry CHS participants that had
been selected for inclusion in the second phase of the TOPMed sequencing program
were included in our discovery analyses. CHS was approved by institutional review
committees at each field center and individuals in the present analysis had available
DNA and gave informed consent including consent to use of genetic information for the
study of cardiovascular disease.

The Cleveland Family Study (CFES)

CFS is a family-based longitudinal study that includes participants with laboratory
diagnosed sleep apnea, their family members and neighborhood control families
followed between 1990 and 2006. Four examinations over 16 years provided
measurements of sleep apnea with overnight polysomnography, anthropometry, and
other related phenotypes, as detailed previously®. At each exam, forced vital capacity
(FVC) and forced expiratory flow (FEV1) was obtained using a calibrated spirometer
(Multi-Spiro). While seated, participants were encouraged to perform between 5-8
maneuvers to obtain 3 curves that met ATS standards for acceptability and
reproducibility. For the current cross-sectional WGS analysis, data from the most recent
spirometry exam were utilized for participants having multiple longitudinal measures.

The Framingham Heart Study (FHS)

The Original Cohort of the Framingham Study was established between 1948 and 1952
as a random sample of 5,209 adult residents of the town of Framingham,
Massachusetts. Between 1971 and 1975, the Framingham Study was expanded to
include a second generation, the Offspring Cohort, comprising 5,124 adults who were
the offspring, or spouses of the offspring, of Original Cohort participants!!. The Offspring



Cohort has returned for examinations approximately every 4 years since enrollment,
and spirometry data are available for the 3rd, 5th, 6th, 7th, ,8th, and 9th examinations.

Spirometry for the Offspring Cohort 3rd examination (1983-87) was performed
with a Collins Survey Il spirometer interfaced with an Eagle Il microprocessor (Warren
E. Collins, Inc., Braintree, MA). Spirometry for the 5th (1991-95), 6th (1995-98), and 7th
(1998-2001) examinations were performed with a Collins Survey Il spirometer interfaced
with a personal computer equipped with software developed by S & M Instruments
(Doylestown, PA) and adapted for use in epidemiologic studies. Spirometry for the 8th
(2005-08) and 9th (2011-14) examinations was performed with the Collins
Comprehensive Pulmonary Laboratory (CPL) system with Collins 2000 Plus/SQL
Software (Nspire Health, Inc., Longmont, CO). Spirometry was performed in accordance
with contemporaneous guidelines of the American Thoracic Society. For the current
cross-sectional WGS analysis, data from the first available spirometry exam were
utilized for participants having multiple longitudinal measures.

The Hispanic Community Health Study/Study of Latinos (HCHS/SOL)

HCHS/SOL is a community-based cohort study of 16,415 self-identified Hispanic/Latino
persons aged 18 to 74 years at baseline recruited from four U.S. communities (Bronx
NY, Chicago IL, San Diego CA, Miami FL). The baseline clinic visit took place in 2008-
2011 and included spirometry data collection. The study design, cohort recruitment!213
and baseline clinical examination'4 have been previously described. Institutional Review
Boards at each field center approved study protocols, and written informed consent was
obtained from all participants. For the current cross-sectional WGS analysis, only
baseline spirometry data were utilized.

The Jackson Heart Study (JHS)

JHS is a large, population-based observational study evaluating the etiology of
cardiovascular diseases and related disorders among African Americans residing in the
three counties (Hinds, Madison, and Rankin) that make up the Jackson, Mississippi
metropolitan area'®16, Data and biologic materials have been collected from 5,301
participants, including a nested family cohort of 1,498 members of 264 families. The age
at enrollment for the unrelated cohort was 35-84 years; the family cohort included
related individuals >21 years old. During a baseline examination (2000-2004) and two
follow-up examinations (2005-2008 and 2009-2012), participants provided extensive
medical and social history, had an array of physical and biochemical measurements and
diagnostic procedures, and provided blood for genomic DNAY’. The study population is
characterized by a high prevalence of diabetes, hypertension, obesity, and related
disorders. Annual follow-up interviews and cohort surveillance are ongoing. For the
current cross-sectional WGS analysis, only baseline spirometry data were utilized.



The Multi-Ethnic Study of Atherosclerosis (MESA)

MESA is a longitudinal study of subclinical cardiovascular disease and risk factors that
predict progression to clinically overt cardiovascular disease or progression of the
subclinical disease'®. Between 2000 and 2002, MESA recruited 6,814 men and women
45 to 84 years of age from Forsyth County, North Carolina; New York City; Baltimore;
St. Paul, Minnesota; Chicago; and Los Angeles. Exclusion criteria were clinical
cardiovascular disease, weight exceeding 136 kg (300 Ib.), pregnancy, and impediment
to long-term participation. The MESA Lung Study performed spirometry following the
2005 ATS/ERS guidelines in a subset of the MESA Study, as previously described®. All
participants provided informed consent and the protocols of MESA were approved by
the IRBs of collaborating institutions and the National Heart, Lung and Blood Institute.
For the current cross-sectional WGS analysis, data from the earliest spirometry exam
were utilized for participants having multiple longitudinal measures.

Study descriptions: COPD-enriched studies

Genetic Epidemiology of COPD (COPDGene)

COPDGene? is a multi-center observational cohort for epidemiologic and genetic study
of over 10,000 subjects (2/3 non-Hispanic White and 1/3 African Americans) with at
least 10 pack-years of cigarette smoking with and without COPD. All subjects
underwent extensive phenotyping, including lung function, chest CT phenotypes
(including emphysema and expiratory gas trapping). Pre- and post-bronchodilator
spirometry measures were obtained using a standardized protocol and spirometer (ndd
EasyOne Spirometer, Zurich, Switzerland). All study sites obtained local IRB approval to
enroll participants and all subjects provided written informed consent. For the current
cross-sectional WGS analysis, only baseline spirometry data were utilized.

Sub-Populations and Intermediate Outcome Measures in COPD Study (SPIROMICS)

SPIROMICS is a prospective cohort study that enrolled 3,200 participants into four
strata (non-smokers, smokers without airflow obstruction, mild/moderate COPD, and
severe COPD). Participants may be enrolled in concurrent observational studies,
excluding the COPDGene Study?°, which facilitates combined analyses between
SPIROMICS and COPDGene. The Institutional Review Boards/Ethics Committees of all
the cooperating institutions have approved the study protocols. SPIROMICS
participants were 40 to 80 years of age with a smoking history 220 pack-years with
COPD (GOLD spirometric grades 1-4) and without COPD21,22. Participants were
comprehensively characterized with annual pre- and post-bronchodilator lung function
measures for up to 3 years, computed tomography scans, and standardized



guestionnaires?!. For the current cross-sectional WGS analysis, only baseline
spirometry data were utilized.

Quality control of samples and variants included in TOPMed cohorts for analyses

For the pooled cohort, we first removed subjects who failed sample-level quality control.
The filters included checking for pedigree errors, discrepancies between self-reported
and genetic sex. Details regarding the quality control are described on the website (
https://www.nhlbiwgs.org/topmed-whole-genome-sequencing-methods-freeze-8). In
addition, only one subject from each pair of duplicates was kept. There were 29,381
subjects from population/family-based cohorts and 11,771 subjects from COPD-
enriched studies that passed the filtering.

For site-level quality control, variants were removed based on Mendelian
discordance, a support vector machine (SVM) quality filter and excess heterozygosity
filter. Details are described on the online document, https://www.nhlbiwgs.org/topmed-
whole-genome-sequencing-methods-freeze-8.

Acknowledgments for TOPMed whole genome sequencing

Whole genome sequencing (WGS) for the Trans-Omics in Precision Medicine
(TOPMed) program was supported by the National Heart, Lung and Blood Institute
(NHLBI). WGS for "NHLBI TOPMed: Atherosclerosis Risk in Communities (ARIC)"
(phs001211) was performed at the Baylor College of Medicine Human Genome
Sequencing Center (HHSN268201500015C and 3U54HG003273-12S2) and the Broad
Institute for MIT and Harvard (3RO1HL092577-06S1). WGS for "NHLBI TOPMed:
Coronary Artery Risk Development in Young Adults (CARDIA)” (phs001612) was
performed at the Baylor College of Medicine Human Genome Sequencing Center
(HHSN268201600033I1). WGS for “NHLBI TOPMed: The Cleveland Family Study
(CFS)” (phs000954) was performed at the University of Washington Northwest
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