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Abstract

Genetic factors and gene expression patterns are recognized predictors of susceptibility to chronic obstructive pulmonary disease
(COPD). Nevertheless, the extent to which these elements shape the diverse clinical presentations of COPD is not well
established. This investigation aimed to identify high-risk COPD subtypes by combining genetic risk assessment via polygenic
risk score (PRS) with blood-based transcriptional risk score (TRS), and to examine variations in their associated clinical and
molecular profiles. High-risk categories were constructed using quantiles derived from PRS and TRS distributions, selecting
thresholds that produced the greatest separation in protein biomarker levels within the COPDGene training dataset. These
definitions were then applied to independent COPDGene and ECLIPSE validation cohorts. Associations between subgroup
membership and clinical endpoints were analyzed using multivariable models. Protein—protein interaction networks and
potential drug repurposing strategies were also contrasted across the high-risk categories. Analyses focused on two omics-
derived high-risk groups within separate test cohorts (n = 1133 non-Hispanic White participants from COPDGene, n = 299
African American participants from COPDGene, and n = 468 from ECLIPSE). The subgroups were labeled “high activity” (low
PRS combined with high TRS) and “severe risk” (high PRS combined with high TRS). Relative to a low-risk reference group
(low PRS and low TRS), participants in both high-risk subgroups had reduced body-mass index (BMI), impaired lung function,
and dysregulated pathways involved in metabolism, growth, and immune responses. The “high activity” subgroup alone
exhibited more rapid longitudinal decline in FEV1 (COPDGene: —51 mL/year; ECLIPSE: —40 mL/year). Proteomic signatures
in this subgroup were notably enriched for gene sets influenced by 5-lipoxygenase inhibitors and angiotensin-converting enzyme
(ACE) inhibitors. Considering polygenic and transcriptional risk scores together delineated clinically and molecularly distinct
subsets within the high-risk COPD population. Proteomic characterization and drug-repurposing modeling highlighted therapy
enrichments that differed by subtype, providing a plausible explanation for why earlier drug-repurposing initiatives may have
failed due to insufficient consideration of patient heterogeneity.
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Introduction airflow limitation, the disorder varies widely among
patients in terms of the degree of emphysema, airway
Chronic obstructive pulmonary disease (COPD) ranks  abnormalities, exacerbation frequency, and the trajectory
among the primary contributors to illness and death ona  of lung function loss [2, 3]. Pinpointing individuals most
global scale [1]. Although defined primarily by fixed likely to experience rapid disease progression or advance
to severe stages is vital for tailoring therapeutic
interventions to individual needs.
Extensive omics resources create opportunities to detect,
Copyright CC BY-NC-SA 4.0 using a routine blood sample, groups at elevated risk who
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people at heightened susceptibility to coronary artery
disease, facilitating earlier statin use than suggested by
conventional criteria [4]. In oncology, merging genetic
and transcriptomic data has improved treatment guidance
and prognosis [5]. Our earlier research showed that both
a PRS and a transcriptional risk score (TRS)
independently anticipate COPD development [6, 7]. The
TRS yielded an odds ratio of 3.3 and an area under the
curve of 0.79 when predicting COPD [7]. Although both
instruments rely on spirometric parameters, they show
little correlation [7] and appear to reflect separate
dimensions of lung pathology. COPD-related genetic
variants are notably enriched in pathways governing lung
development and show stronger influence in early
disease phases [6, 8]. At the same time, the TRS aligns
with inflammatory indicators and progressive functional
impairment, possibly signaling active disease processes
and vulnerability to further deterioration [7]. This
complementarity suggests that combining PRS and TRS
information could help distinguish clinically and
biologically discrete COPD subtypes.

Although omics-based prediction models have advanced,
several practical issues for real-world implementation
persist. These scores are generally adjusted for statistical
modeling, which complicates decisions about how best to
apply them to classify individual risk [9]. As continuous
traits that often follow a normal distribution, they pose
challenges for subtype definition along a gradient—a
difficulty noted in earlier work [10]. Even so,
categorization is required to associate omics-highlighted
high-risk populations—who stand to gain from targeted
treatments—with particular mechanistic pathways and
clinical management strategies. New and repurposed
medications for COPD frequently show disappointing
results in trials [11], yet whether these shortcomings arise
from limitations in selecting appropriate participants,
particularly without omics or biomarker guidance,
remains unresolved.

While the PRS performed well in forecasting COPD
severity and new cases, the TRS excelled at predicting
FEV1 decline. Their joint use may therefore reveal
subgroups susceptible to several key adverse COPD
outcomes. Accordingly, we proposed that our established
PRS and TRS—both grounded in spirometry—could
delineate subtypes reflecting heterogeneity within high-
risk ever-smoker populations across two cohorts,
manifesting as differences in clinical presentation and
biological features. The study objectives included
devising a method to deploy omics risk scores in

population contexts and using them to advance precision
medicine. Proteomics provided an independent layer of
biological characterization for the resulting subgroups,
and computational drug repurposing analyses identified
therapy candidates with potential subgroup selectivity.

Materials and Methods

Study Populations

COPDGene

The analysis included participants from the Genetic
Epidemiology of COPD (COPDGene) study
(ClinicalTrials.gov Identifier: NCT00608764) with
available single nucleotide polymorphism (SNP)
genotyping, RNA-sequencing, and SomaScan proteomic
measurements to enable PRS calculation, TRS
derivation, and assessment of differential protein
expression. In summary, COPDGene enrolled 10,198
non-Hispanic White (NHW) and African American (AA)
adults between 45 and 80 years of age with a minimum
smoking exposure of 10 pack-years [12]. Originally
structured as a cross-sectional case—control investigation,
the study evolved into a longitudinal effort with
evaluations at 5- and 10-year intervals. Each visit
involved comprehensive anthropometric assessments,
spirometric testing, and computed tomography (CT)
scans. We performed baseline genotyping, with RNA
sequencing and proteomic profiling at the 5-year follow-
up.

We used the Illumina (San Diego, CA)
HumanOmniExpress platform for SNP genotyping.
Separate testing for Z and S alpha-1 antitrypsin alleles
excluded participants with severe deficiency states.
Imputation relied on the Michigan Imputation Server,
drawing from the Haplotype Reference Consortium [13]
and 1000 Genomes Phase | v3 Cosmopolitan panels for
non-Hispanic White and African American subjects,
respectively. Variants exhibiting r> < 0.3 were discarded.

ECLIPSE

Consistent with prior reports,7 the present analysis
included participants from the Evaluation of COPD
Longitudinally to Identify Predictive Surrogate
Endpoints  (ECLIPSE) study (ClinicalTrials.gov
Identifier: NCT00292552) with SNP genotyping, whole-
blood microarray expression data, and at least two FEV1
recordings. The ECLIPSE cohort comprised 2,140
individuals diagnosed with COPD, aged 40-75 years,
each with at least 10 pack-years of smoking history [14].
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Initial data collection encompassed anthropometric,
spirometric, and CT imaging variables. Blood specimens
were drawn at entry, with concurrent genotype and
microarray expression data available for selected
participants. Those fulfilling Global Initiative for
Chronic Obstructive Lung Disease (GOLD) [15] stage 2—
4 criteria at baseline attended semiannual spirometry
visits over three years.

SNP genotyping in ECLIPSE utilized the Illumina
HumanHap 550 V3 array (Illumina, San Diego, CA). We
removed individuals and variants with call rates below
95%. Imputation was executed on the Michigan
Imputation Server utilizing the Haplotype Reference
Consortium [13] panel.

Cohort expression data

COPDGene: RNA sequencing data

Whole blood specimens were collected and preserved in
PAXgene Blood RNA tubes during the 5-year follow-up
assessment of the COPDGene study. Earlier reports
outline the procedures for acquiring and processing
RNA-sequencing data [7, 16]. In short, total RNA was
isolated using the Qiagen PreAnalytiX PAXgene Blood
miRNA Kit (Qiagen, Valencia, CA). After quality
control, samples underwent globin depletion before
cDNA library construction. Sequencing generated 75 bp
reads, achieving an average depth of 20 million reads per
sample on an Illumina HiSeq 2500 instrument. We
filtered raw count data to retain transcripts with counts
exceeding 1 per million (CPM) in at least 99% of
samples. We normalized data using log-CPM
transformation with the edgeR package in R [17]. We
adjusted library size, then corrected batch effects using
the removeBatchEffects function from the limma
package [18].

ECLIPSE: Microarray data

We collected blood samples from ECLIPSE participants
at study entry. We isolated total RNA with PAXgene
Blood miRNA kits and hybridized it to the Affymetrix
Human Gene 1.1 ST array. When multiple probes
corresponded to the same transcript, we selected the
probe with the largest interquartile range. Batch effects
were mitigated using the removeBatchEffects function in
limma [18]. Additional information on RNA data
handling and preprocessing is available in our previous
publication [7].

Before downstream analyses, we restricted transcripts to
those common to both datasets, based on HGNC gene

symbols. For the ECLIPSE microarray results, we
retained the probe with the highest interquartile range
when multiple probes were present per gene. We
standardized both RNA-sequencing count data and
microarray expression values to a mean of 0 and a
standard deviation of 1.

Proteomic data: COPDGene

Plasma proteomic profiling was conducted with the
SomaScan v4.0 assay, which employs aptamers
(SOMAmers) to measure 4,776 distinct human proteins.
On the SomaScan 5K platform, plate hybridization was
followed by median signal normalization, plate scaling,
and SOMAmer calibration to minimize technical
variation arising from array signals, run-to-run
differences, inter-assay variability, and plate-to-plate
batch effects. We have previously reported
comprehensive  descriptions of SomaScan data
generation and preprocessing [19].

Polygenic and transcriptional risk scores

Both the COPD PRS and TRS were constructed from
spirometric traits and have been detailed in prior
publications [6, 7].

Polygenic risk score

A PRS for COPD was previously developed6 based on
genome-wide association studies (GWAS) of FEV1 and
FEV1/FVC involving roughly 500,000 participants from
the UK Biobank and SpiroMeta consortium [20]. We
computed separate PRSs for FEV1 and FEV1/FVC using
lassosum [21], a shrinkage regression method that
reduces multicollinearity, performs variable selection,
and adjusts for linkage disequilibrium. We then
combined these two component scores into an overall
risk score, consistent with earlier methodology [6].
Neither COPDGene nor ECLIPSE contributed to PRS
construction; both served as independent validation
cohorts.

To optimize separation by genetic risk and reduce
confounding from population structure, we examined
non-Hispanic White (NHW) and African American (AA)
individuals separately. We regressed out principal
components reflecting genetic ancestry before applying
the PRS.

Transcriptional risk score
The TRS was originally developed [7] using least
absolute shrinkage and selection operator (LASSO)-
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penalized regression [22] on a training set of 1,374
COPDGene participants, with performance evaluated in
an independent held-out group of 674 individuals.
Subsequent RNA-sequencing data from TOPMed Freeze
4 became available for an additional 459 NHW and 143
AA participants, who were incorporated into the
COPDGene testing set. We ensured that no training
samples were included in the current COPDGene test
cohort.

Statistics

Overview of study design

To delineate high-risk subgroups from continuous risk
metrics, we used the previously established COPDGene
training cohort.7 Different combinations of PRS and TRS
quantiles were evaluated to identify partitions that

maximized the detection of differentially expressed
proteins across the resulting subtype categories (Figure
1). Only participants of European ancestry were included
in the training phase, consistent with the ancestry used in
PRS development. We then applied raw (non-
standardized) score thresholds corresponding to the
selected percentile cut-offs from the training set to assign
individuals in the COPDGene test set and the
independent ECLIPSE validation cohort to specific
omics-defined subtypes. We then characterized these
newly classified subtypes through proteomic network
analysis and drug repurposing modeling. We used
multivariable linear regression models to evaluate
associations between subtype membership and COPD-
related clinical outcomes.
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(NHW: n=1,374)
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Figure 1. Schematic overview of the study design. COPD, chronic obstructive pulmonary disease. COPDGene,
Genetic Epidemiology of COPD study. ECLIPSE, Evaluation of COPD Longitudinally to Identify Predictive
Surrogate Endpoints study. PRS, polygenic risk score. TRS, transcriptional risk score. STRING, Search Tool for
the Retrieval of Interacting Genes/Proteins. MAGMA, Multi-marker Analysis of GenoMic Annotation.

Determining risk score divisions and identifying omics-
defined subtypes

Omics-derived risk scores are routinely standardized for
statistical modeling, resulting in a normal distribution
that inherently limits their suitability for conventional
clustering methods. Nevertheless, clinical translation
requires assignment of patients to discrete categories. To

assess whether one or multiple clusters would be most
appropriate, we computed the gap statistic for the PRS
and TRS using the clusGap function from the cluster
package in R, specifying up to 8 k-means clusters and 500
bootstrap replications. This statistic evaluates within-
cluster dispersion relative to what would be expected
under a null reference distribution [23]; the “gap”
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represents the difference between observed and expected
dispersion, and the largest gap across varying cluster
numbers identifies the optimal cluster solution.

As a practical alternative to clustering, participants are
frequently assigned to quantiles of omics risk scores,
with each quantile compared against the lowest-risk
reference group [4, 6, 24]. Extending this strategy to two
independent omics scores introduces added complexity:
fewer divisions yield larger subgroups and greater
statistical power, whereas finer divisions enable more
extreme contrasts. Because genetic and transcriptomic
measures defined the subtypes, proteomic data served as
an orthogonal biological perspective. Therefore, PRS and
TRS were each divided into 2 to 3 quantiles (yielding
between 4 and 9 total groups), and the combinations that
maximized the number of significantly differentially
expressed proteins—determined via limma [18] by
comparing each category against the lowest quantile—
were selected. We further evaluated the sensitivity of the
partitions by inspecting clinical features across the
various group combinations. Significance was defined as
Benjamini-Hochberg [25] false discovery rate (FDR)-
adjusted p-values below 0.05. We summed the total count
of significantly differentially expressed proteins for each
omics risk score category.

Clinical comparisons of omics-defined subtypes

We assessed differences in clinical parameters between
the omics-defined subtypes using the tableone R
package. Because transcriptomic and proteomic profiling
in COPDGene occurred at the 5-year follow-up
examination (Phase 2), analyses focused on
anthropometric indices—including yearly change in
body mass index (kg/m?/year) from study entry to the 5-
year assessment—along with spirometry results
(including the rate of FEV1 decline from the 5- to 10-
year visits) and CT-derived measures of emphysema (%
LAA <-950 HU on inspiratory scans [26] and the 15th
percentile lung density [Perc15] [27]) as well as airway
wall thickening (WA% [26] and Pi10 [28]) obtained at
the 5-year time point. Parallel outcomes were evaluated
in ECLIPSE, with follow-up data spanning from
enrolment through the 3-year visit. Both studies used
post-bronchodilator spirometry. All regression models
accounted for age, sex, current smoking, cumulative
pack-year exposure, genetic ancestry principal
components, and CT scanner model (restricted to
imaging endpoints). We cross-checked self-reported sex
and race against genetic determinations derived from

XY chromosomes and ancestry components, in line with
established protocols from prior genetic research [20,
29]. We examined potential interaction effects between
PRS and TRS by testing the statistical significance of
their product term in fully adjusted models.

In COPDGene, we calculated FEV1 change as the
difference between 10-year and 5-year values divided by
the intervening years. In ECLIPSE, we used the slope of
the linear regression of FEV1 over time, consistent with
earlier descriptions [7, 30]. Additional COPDGene-
specific evaluations included early-onset disease (GOLD
2-4 before age 55 years [31]) and circulating white blood
cell differential counts.

Sensitivity analyses restricted the sample to individuals
meeting COPD criteria (FEV1/FVC < 0.7) at baseline or
at the 5-year visit before rerunning the regression models.

Regression model specifications

We carried out multivariable linear regression analyses
within the COPDGene validation set, contrasting each
identified subtype against the reference category. Key
endpoints included FEV1 percent predicted, FEV1/FVC
ratio, % LAA < —950 HU, Percl5, Pil0, and WA%.
Covariate adjustment encompassed age, sex, current
smoking status, pack-years, genetic ancestry principal
components, and CT scanner (for radiographic
variables). Outcome selection reflected clinical
importance and adequate data completeness (< 20%
missing). We determined adjustment covariates through
clinical consultation and based on universal availability.
Interaction testing involved including PRS, TRS, and
their multiplicative term (PRS = TRS) simultaneously in
regression models.

Biological characterization of omics-defined subtypes
Differential expression of genes and proteins (FDR-
adjusted P < 0.05) was determined by contrasting each
high-risk subtype with the reference category, defined by
the lowest quantiles of both PRS and TRS. Identified
proteins were projected onto the human protein—protein
interactome [32], and subsequent enrichment analyses
were conducted using Reactome [33], Enrichr [34-36],
and STRING [37] tools.

Differential expression analysis

We used limma to detect proteins whose expression
varied by PRS status, declaring significance at FDR-
adjusted P-values < 0.05. We also performed direct
contrasts of protein profiles between high-risk
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subgroups. To clarify the influence of genetic risk on the
transcriptome, we assessed differential gene expression
linked to COPD affection status (GOLD 2-4 versus
preserved spirometry), adjusting for age, sex, smoking
status, and pack-years. We then refitted the model to
adjust for PRS and ancestry principal components. We
selected covariates based on clinical judgment and
complete data availability across the sample.

STRING, pathway enrichment, and drug repurposing
analyses

Networks were generated in STRING (www.string-
db.org) by querying the human interactome and retaining
up to ten first-shell and five second-shell interactors
around each seed protein [37], limited to high-confidence
edges (score > 0.7).

Pathway over-representation testing and Markov cluster
(MCL) analysis (inflation parameter set at 3) [38] were
performed on the resulting protein—protein interaction
(PPI) networks. Differentially expressed proteins were
submitted to Enrichr (maayanlab.cloud/Enrichr) to
interrogate the MAGMA drugs and diseases resource
[39]. We also used the Enrichr Appyter platform to
propose candidate drugs for repurposing in specific
omics-defined  subtypes. We updated subtype
nomenclature post-analysis to better capture the
associated clinical traits and mechanistic signatures.

Ethics

We obtained written informed consent from all
participants, and the original studies received approval
from relevant institutional review boards. Approval for
the present investigation was granted by the Mass
General Brigham institutional review board (IRB
#2007P000554).

Role of funders

GlaxoSmithKline participated in the design of the
ECLIPSE study and in acquiring genotype and
phenotype information. Beyond this contribution,
sponsors had no role in the design, conduct, analysis,
interpretation, or reporting of the current work. The
corresponding author, with unrestricted data access,
assumed final responsibility for manuscript submission.

Results and Discussion

Characteristics of study populations

We included 3,274 ever-smokers from two distinct
cohorts in the analyses. The COPDGene training and
testing subsets showed close alignment in baseline
demographics and lung function parameters (Table 1). In
comparison with COPDGene, the ECLIPSE cohort
consisted of individuals who were, on average, younger,
more often male, had accumulated greater lifetime
tobacco exposure, presented with more impaired FEV1
percent predicted and FEV1/FVC ratios, and included a
smaller proportion of current smokers.

Table 1. Features of the participating cohorts.

Variable C_O_PDGene COPDGene validation COPDGene validation ECLIPSE p-value
training cohort cohort (NHW) cohort (AA) cohort

Participants, n 1374 1133 299 468 —
Age, years (mean + SD) 67.38 £8.25 68.13 £ 8.30 61.01 +6.95 64.43+6.09 <0.001
Female participants, n (%) 677 (49.3) 560 (49.4) 153 (51.2) 156 (33.3)  <0.001
Smoking exposure, pack-years 45 47, 54 61 45.47 + 23.65 395542074  49.33+26.87 <0.001

(mean £ SD)

Current smokers, n (%) 343 (25.0) 289 (25.5) 182 (60.9) 70 (15.0)  <0.001
Predicted FEV1 (%) (mean + SD)  78.37 £24.21 77.85+24.81 81.79 £ 23.54 44.22 +14.64 <0.001
Predicted FVC (%) (mean + SD)  87.25+17.34 86.79 + 17.55 88.68 + 16.63 80.63 £ 19.37 <0.001
FEV1/FVC ratio (mean £ SD) 0.67 £ 0.15 0.66 £ 0.15 0.71+0.14 0.45+0.11 <0.001

Abbreviations: COPD, chronic obstructive pulmonary disease. COPDGene, Genetic Epidemiology of COPD. ECLIPSE, Evaluation of COPD
Longitudinally to Identify Predictive Surrogate Endpoints study. FEV1, forced expiratory volume in 1 s. FEV1/FVC, FEV1/forced vital capacity.

NHW, non-Hispanic white. AA, African American.

Defining polygenic and transcriptional risk score

divisions

Mapping study participants by PRS and TRS values
revealed a continuous spectrum without clear separation,
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similar to the distribution commonly observed for
standard measures of COPD severity such as FEV1 and
FEV1/FVC[10, 40]. Evaluation of the gap statistic across
multiple k-means cluster solutions in the COPDGene
training data reinforced this observation: the single-
cluster solution produced the maximum gap value,
indicating no natural clustering structure.

Given the limitations of clustering for these continuous
risk metrics, we pursued a quantile-based stratification
strategy. Because the most appropriate cut-points
balancing meaningful risk elevation with sufficient
statistical power were not obvious, we systematically
compared four partitioning schemes that combined the

two omics scores with an independent layer of
information—differential  protein  expression. The
configuration that identified the most differentially
expressed proteins involved splitting the PRS into two
groups and the TRS into three. These thresholds were
then applied to classify participants in the COPDGene
testing cohort and the ECLIPSE validation sample
(Figure 2). Stability of the derived subgroups was
verified by exploring alternative divisions ranging from
4 to 9 groups; clinical traits remained consistent for both
the highest-risk categories (“low PRS, high TRS” and
“high PRS, high TRS”) and the lowest-risk reference
(“low PRS, low TRS”) across these variations.

1
low PRS 1 high PRS
high TRS I high TRS
~0.60+ .t
High disease o A' Severe disease risk
activity subtype , e ®°® o J subtype
& > *"* pd
— -
S B
D om | - &—h“—‘l"ﬁ—.--;i-—f— __________
2 —0-657 | <54 a
5] . .
= low PRS Ao B * = ,~high PRS
x intermediate TRS V< * .intermediate TRS
S —0.704 : :_
D
g ]
= 1
I
1
1
_0.75 low PRS ) high PRS
low TRS : low TRS
1
1
-6 B 0 3

Polygenic risk score

Figure 2. Placement of omics-defined groups and subtypes on the plane defined by polygenic risk score (PRS;
horizontal axis) and transcriptional risk score (TRS; vertical axis) in the COPDGene testing set (n = 1432).

Polygenic and transcriptional risk scores identify “high
disease activity” and “severe disease risk” subtypes

Marked differences emerged between the two high-risk
categories that shared elevated TRS levels (Table 2).
Both were benchmarked against a low-risk reference
group defined by the lowest quantiles of both scores
(“low PRS, low TRS”). In the validation datasets, the
high-TRS subgroups (“low PRS, high TRS” and “high
PRS, high TRS”) were characterized by reduced BMI,

worse lung function, increased emphysematous
destruction, and more pronounced airway wall
thickening than the reference (Table 2). After
adjustment, prospective FEV1 decline accelerated to a
similar degree in both high-risk groups within
COPDGene; however, only the “low PRS, high TRS”
group showed consistently greater decline in ECLIPSE

(—40 mL/year).

Table 2. Description of omics-defined subtypes within the COPDGene testing set and ECLIPSE.
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Variable COPDGene NHW Validation COPDGene AA Validation ECLIPSE Cohort
Cohort Cohort
e 5 ) 2 5 ) 82 5 )
2 F T oY 2F I R = T g D
8 % %) @ o 8 % %) ‘£ o - 8 g %) &’ o
=4 EF 55 84 &F 55 sd &EF 55
£¢ 5 IT 2g 3 IT 24 F IT
X a | X a - X a |
Participants (n) 196 65 68 61 16 11 57 63 56
Age, years (mean + SD) 6785+ 67.16+ 69.04+ 6126+ 6058+ 6595+ 6300+ 6543+ 6659+
ge.y B 8.52 6.46 8.11 7.55 7.24 8.05 5.10 6.65 5.95
11
Female participants, n (%) 114 (58.2) 19 (29.2) 24 (35.3) 36 (59.0) 5(31.2) 8(72.7) 30(52.6) 10 (15.9) (19.6)
Smoking history, pack-years 3651+ 60.07+ 5728+ 37.01+ 4342+ 6136+ 4549+ 5529+ 5429+
(mean + SD) 22.27 26.49 23.35 20.85 16.14  38.87 26.24 35.25  21.10
Current smokers, n (%) 20 (10.2) 36 (55.4) 36(52.9) 31(50.8) 15(93.8) 8(72.7) 6(10.5) 7(11.1) (21124)
Body mass index (kg/m?) 3000+ 2651+ 2570+ 3061+ 2914+ 2526+ 2754+ 2670+ 2549+
(mean + SD) 6.84 5.81 5.58 6.36 8.52 6.57 5.06 6.22 4.76
Predicted FEV1 (%) (mean+ 90.15+ 6650+ 6055+ 90.83+ 80.61+ 71.08+ 5025+ 4341+ 3744+
SD) 18.13 27.07 24.11 17.41 25.43  10.67 13.42 1565 13.44
Predicted FVC (%) (mean+ 9044+ 8525+ 8325+ 9165+ 8512+ 9199+ 9053+ 79.60+ 7525+
SD) 15.27 20.18 16.65 14.37 20.95  13.77 20.17 18.68 22,51
. 0.75 057+ 053+ 077+ 073+ 061+ 4584+ 4316+ 39.71+
FEVI/FVC ratio (mean £SD) - g 015 0.5 010 014 012 1113 1279  10.29
Low attenuation area (% 2.78 = 850+ 1100+ 171+ 351+ 549+ 1601+ 2088+ 2244+
LAA <-950 HU) (mean £ SD)  4.71 10.39 11.98 4.00 8.08 7.30 11.46 1350 13.22
Perc15 (mean + SD) —913.62 + —927.23 + —931.05+ —895.53 + —901.19 —913.62 —943.75 + —960.00 + —971.11
B 20.43 27.21 31.55 26.89 +£29.94 +34.95 50.13 49.44 +45384
Pi10 (mean + SD) 201+ 255+ 260+ 211+ 256+ 242+ 438+ 442+ 443+
- 0.50 0.65 0.51 0.48 0.59 0.44 0.20 0.23 0.19
Wall area percentage (WA%) 46.97+ 5446+ 5461+ 4748+ 5486* 5162+ 6435+ 6505+ 67.22+
(mean + SD) 8.11 8.35 7.41 7.76 10.52 4.06 2.79 3.58 3.44
Prospective FEV1 decline  —-32.11+ -51.21+ -66.45+ -42.28+ —87.86+ —-56.26+ —32.21+ -40.13+ -15.22
(mL/year) (mean + SD) 48.07 74.41 61.58 36.59  156.98 76.62 59.54 7531 +67.46

The low-risk reference category corresponded to the
“Low PRS, Low TRS” group. BMI, body-mass index.
LAA, low attenuation area. HU, Hounsfield units.
Perc15, 15th percentile of lung density histogram on
inspiratory CT scans. WA %, wall area percent. Pil0,
square root of wall area of a hypothetical internal
perimeter of 10 mm. ACO, asthma-COPD overlap.
Consult Table 1 legend for further abbreviations. NHW,
non-Hispanic white. AA, African American.

We then applied linear regression modeling to selected
COPD-relevant endpoints. We compared anthropometric
indices, pulmonary function parameters, imaging
findings, and additional clinical measures between the
COPDGene and ECLIPSE cohorts (Table 3). Relative to
the reference category, both high-risk groups showed

inferior spirometric values, more extensive emphysema,
and greater airway wall thickening (Table 3). Although
estimates of FEV1 decline after adjustment did not attain
statistical significance, the “low PRS, high TRS” group
showed concordant point estimates across studies (=30
mL/yr in COPDGene and —24 mL/year in ECLIPSE; P =
0.15 and P = 0.11, respectively). This pattern was notable
given the limited number of FEV1 assessments in
COPDGene (two measurements) versus the more
frequent sampling in ECLIPSE (up to six). On account of
the clinical significance of faster lung function
deterioration in this category, the “low PRS, high TRS”
group was reclassified as the “high disease activity”
subtype. The “high PRS, high TRS” group, despite
absence of replicated FEV1 decline, demonstrated the
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poorest baseline lung function and most pronounced
emphysema; hence, it was termed the “severe disease
risk” subtype.

Distribution of COPD-associated traits across omics-
defined subtypes was largely preserved when examined
separately by sex. Within NHW individuals in
COPDGene, the “high disecase activity” subtype
displayed a non-significant trend for accelerated BMI
loss relative to the reference (B=-0.154 [95% CI: —0.333

to 0.0253], P = 0.094). Interaction testing revealed no
significant multiplicative effects between PRS and TRS
(all cross-product P-values > 0.05) for either spirometric
or CT-based outcomes. Restricting the sample to
participants with airflow obstruction (FEV1/FVC < 0.7)
at any visit yielded comparable patterns. All ECLIPSE
subjects fulfilled COPD diagnostic criteria. Findings
restricted to COPDGene participants alone mirrored the
main results concerning subtype profiles.

Table 3. Multivariable-adjusted linear regression results in the COPDGene testing set and ECLIPSE.

COPDGene NHW Validation Cohort COPDGene AA Validation Cohort

ECLIPSE Cohort
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= = > = > g =
COPD TS o, IS T S o IS 4 IS8 4, I
Outcome wgg S gEo 3 5 £ O 5 gE£0 5 SE0 5 4EO 5
r 9 S @x a X < ¥ @ ¥ < oL @ gL © y¥xHe o
ady 2 adgx 2 W T aWdg 2 gdy 2 oadx 2
g2 T gEe 2 z@ge % gge T zge T ggpe 2
8 F 2F 8 F 2F BE 2F
— T | T - I
Predicted —22.3(-29.5 S 315 N 411(-168 o 196 o 78 7185 g
w (—382to ' 0 (-327t0 g (-13.6to <2 (214t0 w
FEVL (%) t0-152) ® w t0 8.59) P S = ™
<  -248) -651) S -1.95) —961) o
Predicted —7.24 (-13t0 I, 119 S 407(-146 1 3, 88 < 124 9
FVC (%) sy 8 (17t 10 6.45) I (1550 © (1490 & (22210 3
: ©  —6.63) - : 7.91) 115 < -251) ©°
-0147 0197 -0.00368 -0118 o 45 883 i
FE\:alt/izVC (018410 7 (02330 W (-0.0731to0 § (-0.193t0 S (9.07t0 8B (-13.510 8
-011) ®  -0161) @« 0.0657) -0043) S 00772) ©  -416) oS
0 Q 2.33 6.97
LAA <—-950 S 3421- S 13044 o 094 o o 9
| L L © — < — Y
HU (%) 311852 4 5.6) S 37) S 0mag S (33410 F (00748 S
P o 8) to 14)
o ~ 153 P ~0.305 ~4.66 ~0.994 ~19.2
percis 2868 st W (1710 B (26210 B (241t0 S (49310 &
to—3.72) < © IS IS o o
S -7.89) ~ 16.5) 16.9) 22.1) 10.8)
0.498 (0,296 8 0605 S 0.346 o 0475 . -00786 _  —00753
Pi10 "o sgé) Ww o (0.429- W (-0.032t0 5 (0.00489- 8B (-0.147t0 & (-0.163t0
' o 078) = 0.724) e 0.946) © -0.00988) © 0.0124) ©
0 S 7.48 0516 2.18
_ < <D _ © —
Wallarea 5.88(319- 7 7.17(463- 5 455(-16t0 00534 B (09m © (a6 8
(%) 8.58) S  971) S 10.7) o 2 o =
~ e to 15) 2) 3.98)
Annual
—43. —60. 237 97
FEVI -30(-70.6t0 w0 3.9 N~ -103(-294 o 60.5 9 3 o 99 @
change 107) S (97w B 0 87.5) @ (-105t0 8 (529t0 T (25810 ©
. o . _ o
(mLiyear) 3.94) 15.6) 5.47) 39.8)

Models accounted for age, sex, current smoking, pack-
years, and genetic ancestry principal components. CT
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imaging variables were additionally adjusted for scanner
type. Abbreviations are explained in the legends of
Tables 1 and 2.

Biological characterization and drug
analyses of subtypes

After documenting clinical distinctions between the high-
risk categories, we investigated their underlying
biological features in greater depth. We assessed
differential transcript and protein expression by
comparing each high-risk subtype with the reference in
the COPDGene NHW testing sample. Fourteen proteins
were differentially expressed in the “high disease
activity” subtype and two in the “severe disease risk”
subtype.

Proteins showing differential abundance for each high-
risk subtype in the COPDGene testing set were projected
onto the human protein—protein interactome [32] and

repurposing

SEC63

€

LEP

DLL3

used as seed nodes to construct STRING-based PPI
networks (Figures 3 and 4). These networks
incorporated associated MCL clusters and underwent
pathway enrichment testing. For the low PRS/high TRS
group, we generated separate networks for up- and down-
regulated proteins, revealing additional involvement of
Asparagine N-linked glycosylation, NCAM1, and
RAF/MAP kinase cascade pathways. We identified
potential subtype-tailored drug repurposing candidates
by querying the MAGMA Drugs and Diseases
database39 with the same seed proteins. Proteomic
signatures in both subtypes indicated possible
responsiveness to ACE inhibitors, thyroid agents,
carvedilol, bromocriptine, and lovastatin. The “high
disease activity” subtype further showed enrichment
signals for 5-lipoxygenase inhibitors, fomepizole, and
galantamine, while the “severe disease risk” subtype
highlighted atypical antipsychotics.

GFRA1
5

Figure 3. STRING protein—protein interaction networks for the high disease activity (“low PRS, high TRS”)
subtype, constructed using differentially expressed proteins from the omics-defined groups (subtypes) in the
COPDGene testing set as seeds. Up to 10 first-shell and 5 second-shell interactors were permitted. Only high-
confidence interactions (score > 0.7) were retained; edge thickness reflects interaction confidence. Differentially
expressed proteins were identified relative to the reference group. Colors indicate MCL (Markov) clusters.
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ADIPOR1

ADIPOR2

S

Figure 4. STRING protein—protein interaction networks for the severe disease risk (“high PRS, high TRS”)
subtype, constructed using differentially expressed proteins from the omics-defined groups (subtypes) in the
COPDGene testing set as seeds. Up to 10 first-shell and 5 second-shell interactors were permitted. Only high-
confidence interactions (score > 0.7) were retained; edge thickness reflects interaction confidence. We identified
differentially expressed proteins relative to the reference group. Colors indicate MCL (Markov) clusters.

Results and Discussion

In this analysis of 3,274 ever-smokers from two separate
cohorts, we applied blood-derived polygenic (PRS) and
transcriptional (TRS) risk scores to uncover
heterogeneity among individuals at elevated risk,
delineating “high disease activity” and “severe disease
risCOPD subtypes. Relative to a low-risk reference
group, both subtypes exhibited reduced average BMI and
perturbations in metabolic, growth factor, and immune
signaling pathways. Participants classified as “high
disease activity” demonstrated prospective FEV1 decline
in both validation cohorts, although the association was
not statistically significant (yet directionally consistent)
in models adjusted for baseline FEV1. Individuals in the
“severe disease risk” subtype presented with markedly
impaired spirometry, extensive emphysema, and
prominent airway wall thickening. We identified
biological pathways and potential drug-repurposing
opportunities for each subtype, including agents
previously evaluated in COPD trials. Overall, these

findings illustrate how omics-based risk scores can reveal
COPD subtypes possessing distinct clinical and
molecular features that may inform targeted therapeutic
strategies.

Characterizing the pathobiological underpinnings of
omics-defined high-risk populations is an evolving
research domain, and this work extends it to respiratory
disease. In schizophrenia research, for instance, PRS-
stratified high-risk groups have been profiled using
weighted gene co-expression network methods [41].
Alternative strategies have integrated gene expression
data into PRSs to enhance predictive performance and
illuminate mechanistic pathways [42-44]. The current
study used genetic and transcriptomic information to
define subtypes and then used proteomic differences to
elucidate their biology. A key observation is that distinct
omics risk scores are not interchangeable; elevated scores
do not uniformly associate with identical clinical
outcomes. Participants in the highest transcriptomic risk
stratum showed divergent clinical and biological traits
depending on their concurrent polygenic burden.
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Although regression models for COPD-related endpoints
showed no significant statistical interactions between
PRS and TRS, the quantile-based subtyping strategy
identified individuals with advanced disease and
heterogeneous presentations—heterogeneity ~ that
conventional interaction testing failed to detect.
Furthermore, while participants occupied a continuous
spectrum of COPD risk without discrete clusters, the
resulting omics-defined subgroups exhibited meaningful
and stable clinical and biological differences. The two
high-risk categories (“low PRS, high TRS” and ‘“high
PRS, high TRS”) maintained consistent phenotypic
profiles across various partitioning schemes. These
observations indicate that genetic and transcriptomic
measures offer complementary perspectives on
pulmonary biology.

The identified high-risk groups displayed notable clinical
distinctions, including varying degrees of airflow
limitation, emphysema severity, airway pathology, and
rates of lung function deterioration. From a prognostic
standpoint, distinguishing patients with advanced disease
or rapid progression is particularly valuable. Relying
solely on blood-based omics profiling, we could isolate a
subtype characterized by very advanced disease (high
PRS, high TRS) and another predisposed to accelerated
FEV1 decline (low PRS, high TRS).

Clinically, the combination of reduced spirometry,
increased emphysema, and replicated FEV1 decline
points to the “high disease activity” subtype as a
potentially modifiable trait. This risk profile may be
amenable to existing therapies, including 5-lipoxygenase
inhibitors, angiotensin-converting enzyme (ACE)
inhibitors, fomepizole, and galantamine. To our
knowledge, fomepizole has not previously been proposed
as a repurposing candidate for COPD. Galantamine is
known to induce bronchospasm, and enrichment of its
target proteins implies likely harm in this patient subset.
Although a randomized trial of the 5-lipoxygenase
inhibitor zileuton failed to shorten hospital stay or reduce
treatment failure in acute COPD exacerbations, the study
was probably underpowered [45] and did not assess
longer-term effects. ACE inhibitors and angiotensin
receptor blockers (ARBs) have been suggested as
repurposing candidates in COPD. A recent trial found
that losartan did not slow emphysema progression [46].
Our analyses specifically implicated captopril—not the
broader class of ACE inhibitors or ARBs—in the “high
disease activity” but not the “severe disease risk”
subtype.

In contrast, atypical antipsychotics emerged as potential
candidates for the “severe disease risk” group. The
frequent co-occurrence of schizophrenia and COPD is
commonly ascribed to smoking. Yet, phenome-wide and
polygenic risk investigations indicate possible shared
genetic  architecture  between schizophrenia and
obstructive lung disorders [47]. Although models
adjusted for self-reported smoking, such measures are
imperfect, precluding definitive conclusions regarding
shared mechanisms independent of tobacco exposure. A
broader implication arising from the drug repurposing
results, which warrants prospective validation, is that
earlier trial failures may have stemmed from
unaccounted patient heterogeneity that omics-guided
stratification could help resolve.

The cachectic phenotype in COPD, often linked to
heightened exacerbation risk, is a well-recognized
clinical presentation [48-51]. Consistent with this, both
the “high disease activity” and “severe disease risk”
subtypes showed lower average BMI values than other
groups. Although pulmonary cachexia has traditionally
been regarded as a feature confined to advanced COPD
[52], our findings reveal further heterogeneity among
ever-smokers with reduced BMI and delineate a “high
disease activity” subtype characterized by comparatively
milder airflow obstruction yet unique molecular features.
This subtype may share characteristics with a previously
reported cachexia-associated comorbidity cluster [53]. In
the present work, we uncovered corresponding molecular
signatures that could help direct therapeutic decisions.
Regarding body composition, leptin—an adipokine—
showed differential expression in both high-risk
subtypes. This observation admits several non-exclusive
explanations. Leptin functions as a hormone that
suppresses appetite and regulates fat storage [54] while
simultaneously acting as a proinflammatory cytokine
critical for immune defense [55, 56]. Leptin’s appetite-
regulating role may be particularly pertinent to the
“severe disease risk” subtype, which showed the
strongest reduction in leptin levels (—0.71 log-fold
change). Such decreased circulating leptin could
represent either a compensatory mechanism or a shared
causal pathway with pulmonary cachexia.

Furthermore, reduced leptin concentrations, commonly
observed in states of malnutrition, are associated with
impaired cellular immunity and increased vulnerability to
infection [55, 57]. In COPD populations, some
investigations have reported elevated leptin in plasma
and airways [58-62], while others have not [63]; leptin
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has also been proposed as a marker of emphysema
progression [64, 65]. Our data suggest that individuals in
the “high disease activity” or “severe disease risk”
subtypes may display immune and cytokine patterns
resembling those in malnourished states, potentially
increasing susceptibility to infections. It remains
uncertain whether the detected blood proteomic changes
reflect downstream consequences of disease activity or
contribute causally to a self-reinforcing cycle that
accelerates progression. Because the biomarkers
examined here derive from peripheral blood, establishing
direct mechanistic links to lung tissue processes is
challenging. Nevertheless, blood-based markers offer
clear practical advantages for clinical use, and future
studies correlating these changes with lung-specific
pathophysiology could help translate predictive models
into precision treatments.

This investigation integrated multiple layers of omics
information through well-validated and replicated risk
scores to define COPD subtypes across two cohorts of
ever-smokers. Although transcript and protein levels
often show weak correspondence, complicating joint
analyses, we leveraged this limited correlation to gain
insight into protein-level alterations within subtypes
originally defined by genetic and transcriptomic data.
The proteome, used here for protein—protein interaction
mapping, offers distinct benefits for subtype discovery:
proteins are the primary effectors of cellular function,
participate directly in pathways and interactions, and
often serve as accessible biomarkers. Moreover, because
most approved drugs are small molecules directed
against proteins, proteomic data are especially
advantageous for identifying therapeutic targets and
repurposing opportunities.

A central methodological challenge involved partitioning
subjects from continuous, standardized risk distributions.
We addressed this by systematically testing different
quantile combinations, selecting those that maximized
detection of differentially expressed proteins, and then
deriving raw score thresholds to classify every
participant in the COPDGene and ECLIPSE test sets.
Other valid strategies for applying omics risk scores
undoubtedly exist. Both COPDGene and ECLIPSE
primarily enrolled heavy smokers; therefore, this
approach applies to populations meeting these inclusion
criteria.

Participants with PRS values near the chosen cut-offs
may lie along a continuum between the “high disease
activity” and “severe disease risk” subtypes and could

potentially shift categories over time. Nevertheless,
establishing explicit thresholds represents an essential
step toward clinical implementation. Our focus remained
on the highest-risk groups. Although the high PRS/low
TRS combination was theoretically interesting,
individuals in this category exhibited relatively mild
disease compared with the other high-risk groups. The
conventional FEV1/FVC threshold of 0.7 for defining
airflow obstruction has faced increasing scrutiny. Recent
ATS/ERS spirometry recommendations [66]
acknowledge preserved ratio impaired spirometry
(PRISm) as a category associated with respiratory
symptoms, emphysema, airway abnormalities, elevated
mortality, and exacerbation risk [40, 67-69]. At the same
time, mortality risk rises sharply once FEV1/FVC falls
below 0.7 [70]. Accordingly, we repeated the primary
analyses restricted to participants with FEV1/FVC < 0.7.
We obtained comparable findings, indicating that this
omics-driven subtyping strategy is relevant for both
established COPD and smokers at high risk of developing
the disease.

Comparable patterns, including the association between
the “high disease activity” subtype and FEV1 decline,
were observed among African American participants in
COPDGene. We have previously shown that the PRS,
trained primarily in European-ancestry populations,
performs less well in individuals of non-European
descent [6]. Although we successfully tested subtypes in
African Americans, additional research is needed to
improve genetic risk prediction across diverse ancestries.
While COPDGene served as the discovery cohort and
ECLIPSE as the validation cohort, important differences
between the studies should be acknowledged.
COPDGene contained more participants without COPD,
whereas ECLIPSE enrolled a higher proportion with
severe disease. ECLIPSE also employed lower-dose CT
protocols. Prior work has documented systematic
differences in emphysema and airway wall
measurements between these cohorts even after
propensity score matching [71], likely attributable to
imaging protocol variations. Drug repurposing
candidates were derived from proteomic enrichment
analyses that did not incorporate directionality of
changes; therefore, further mechanistic and clinical
validation is necessary. Finally, although we identified
two high-risk subtypes, they do not capture the full
spectrum of COPD heterogeneity, and additional
clinically relevant subtypes likely exist.
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Conclusion

In conclusion, the combination of polygenic and
transcriptional risk scores, both derived from spirometric
measures, successfully delineated “high disease activity”
and “severe disease risk” COPD subtypes with unique
clinical and molecular profiles. Proteomic profiling and
drug repurposing analyses revealed subtype-specific
therapeutic enrichments, including several agents
previously considered for COPD treatment.
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