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Chronic obstructive pulmonary disease (COPD) is clinically and molecularly
heterogeneous. Toinvestigate COPD heterogeneity, we profiled lung tissue

by single-nucleus RNA sequencing from 141 study participants (1,516,727
nuclei) and identified shifts in cell composition and emergent cell states

that correlated with lung function, emphysema and composite symptom
scores. Epithelial regenerative states peaked in early COPD and declined
thereafter, whereas inflamed nonimmune cells and profibrotic/remodeling
states, together with selectimmune populations, expanded with disease
progression. Clustering study participants by the proportion of pathologic
cells coupled with spatial transcriptomics identified distinct patterns of
cellular co-occurrence within spatially localized niches. Proteomic analyses
identified plasmabiomarkers of cell states and theirimpact on the extracellular
matrix. Mediation and cell communication analyses revealed cell-autonomous
andintercellular communication networks associated with disease. These
data define the cellular landscape of COPD heterogeneity, revealing molecular
drivers and biomarkers that could inform therapeutic strategies.

Chronic obstructive pulmonary disease (COPD) is aleading cause of ~ biomarkerssuch as polygenicrisk scores and blood eosinophil counts,
deathin the United States'. Although defined by persistentairflow limi-  clinical characterization of COPD remains anchored insymptoms and
tation, COPD presents with broad variationin the severity of obstruc-  spirometry. These coarse metrics fail to account for the underlying
tion, symptoms and exacerbation frequency*’. Pathologic features,  biological heterogeneity that shapes disease progression®”.

including chronic inflammation, tissue remodeling and emphysema, Much of the field’s understanding derives from mouse and other
alsovary widely and evolve over time, shaped by genetics and cumula-  reductionist models, which, while informative, do not capture the full
tive environmental exposures*. With few effective stratificationtools,  cellular diversity or spatial organization of the human lung. COPD arises
many studies have treated COPD as asingle entity, limiting the discov-  fromamulticellular responsetoinjuryin whichepithelialand endothe-
ery of mechanisms and targeted therapies. Despite the emergence of  lial damage triggers persistentinflammation and extracellular matrix
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method—L, lobectomy, E, explant; LVRS, lung volume reduction surgery; self-identified race—AA, Black or African American; W, white; M, multiracial.

(ECM) remodeling without effective repair*®. These processes involve
diverse structuraland immune populations, yet the relative contribu-
tions of each, and their variation across individuals, remain unclear.
Single-cell RNA sequencing of human lungs has begun to address this
gap, identifying distinct cellular phenotypes, or ‘cell states’, in health
and disease’ ", including regenerative states and those marked by
metabolic dysregulation and impaired stress tolerance in COPD'>™>,
However, prior COPD studies often involved small, end-stage cohorts,
sampling only part of the clinical spectrum and yielding fragmented
insights loosely connected to established COPD pathobiology.

Here we address the challenge of deconvolving COPD heterogene-
ity by integrating single-nucleus RNA sequencing (snRNA-seq) with
high-resolution spatial transcriptomics and paired lung proteom-
ics and plasma proteomics. Nuclei isolation enabled sequencing of
archived lungtissue fromalarge, well-phenotyped cohort, identifying
canonical and disease-emergent cell states whose abundances cor-
relate with airflow obstruction, symptom burden and/or emphysema
severity. Unsupervised clustering of participants based on changes
in cell and cell-state abundances revealed reproducible patterns of
co-occurring cells that defined distinct cellular communities, such
as inflammation-enriched and repair/remodeling-enriched groups.
Spatial transcriptomics demonstrated that these aberrant populations
also colocalize within shared tissue niches, and pathway analyses iden-
tified cell-autonomous and intercellular signaling programs shaping
these spatially organized communities. Lung ECM proteomics linked
specific aberrant cells to matrix remodeling, while plasma proteom-
ics detected systemic biomarkers of these cell states. Together, these
multi-omic data provide aspatially resolved portrait of COPD that links
clinical heterogeneity to distinct pathogenic microenvironments and
underlying molecular pathways.

Results
Patient cohorts and study design
We performed snRNA-seq on lung tissue from the Lung Transplant
Research Consortium (LTRC), whichincludes 2,213 study participants
(never-smokers, asymptomatic current/former smokers and individu-
als with COPD; pulmonary fibrosis excluded). From this cohort, we
profiled146 lunglobes obtained from 141 study participants, generating
1,516,727 high-quality cell transcriptomes. The median age was 63 years
(interquartile range (IQR) = 10.5), smoking exposure 40 pack-years
(IQR =40) and years since quitting 5.7 (IQR = 9.8); 53.9% were female;
median body mass index (BMI) was 26.07 kg m (IQR = 7.12); 13 were
never-smokers and 11 were current smokers. Clinical traits (Table 1)
included the percentage predicted forced expiratory volumeinls
(FEV,), theratio FEV,/forced vital capacity (FEV,/FVC), diffusing capac-
ity of the lung for carbon monoxide (DLCO) and Global Initiative for
Chronic Obstructive Lung Disease (GOLD) stage. Emphysemaburden
was quantified in the sampled lobe by computed tomography (CT; %
voxels Hounsfield units (HU) of <950) and by semiquantitative radiolo-
gist scoring. Symptoms were assessed using multiple questionnaires,
including the St. George’s Respiratory Questionnaire (SGRQ). Com-
posite symptom scores for dyspnea, cough, infection, wheezing and
exacerbations were derived using principal component analysis (PCA)
ofresponses to questionnaires across the full LTRC, anchoring traits to
alarger and more representative population (Supplementary Fig.1la-e).
Unsupervised clustering of snRNA-seq data resolved major cell
types, annotated by automated label transfer and refined with marker
genes fromthe humanlung cellatlas and LungMAP (Extended DataFig.1
and Supplementary Table 1)*'°. Endothelial subsets included the fol-
lowing: arterial (GJAS, DKK2), venous (ACKRI), systemic/bronchial
(COL15A1), lymphatic (PROXI, LYVEI) and two capillary subsets—
gas-exchange aerocytes (HPGD, EDNRB) and general capillaries (FCN3,
IL7R)". Alveolar epithelial clusters comprised alveolar type 2 (AT2) cells
(SFTPC, LAMP3) and alveolar type 1 (AT1) cells (SCEL, RTKN2). Airway
epitheliumsegregatedinto secretory/club (SCGB1A1, SCGB3A2), goblet
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(MUCSB, SPDEF), ciliated (CFAP47, DNAH9) and basal cells (TRPC6,
TP63). The mesenchyme featured alveolar fibroblasts (COL13A1, PDG-
FRA, NPNT) and adventitial fibroblasts (COLI4A1, MFAPS, TWIST2)'. All
majorimmune populations were represented, including alveolar mac-
rophages (AM; SLCIIA, INHBA), B cells (MS4A1) and T cells (THEMIS, ITK).

We hypothesized that shiftsin canonical cell-type proportions and
the emergence of discrete disease-associated cell states underlie COPD
heterogeneity. We quantified cell and cell-state proportions within
parent lineages (Supplementary Table 2) and correlated them with
clinical metrics, accounting for compositional constraints and adjust-
ing for age, sex, smoking status and BMI"”. Analyses were performed
on an individual basis, except for emphysema, which was assessed
per lobe, withan additional adjustment for anatomical location. Only
samples with >10 cells in the parent population (or 210 nonepithe-
lial alveolar cells when the parent population included alveolar epi-
thelial cells) were included to ensure robust proportion estimates.
Quality-control (QC) thresholds are shownin Supplementary Figs. 2-4.
Findings were validated or extended using four approaches on matched
tissue—Xenium spatial transcriptomics (2-mm? tissue microarrays,
38 matched formalin-fixed paraffin-embedded (FFPE) samples, 99
cores), immunofluorescence staining, label-free ECM proteomics
(72 matched samples) and plasma proteomics (Olink Explore HT, 64
matched samples)—and a fifth approach in an independent Baylor
cohort (n=37;Supplementary Table 3) using GeoMx spatial transcrip-
tomic deconvolution®. QC metrics for both spatial datasets are shown
inSupplementary Figs.5and 6.

Inflamed nonimmune cell states in COPD

Beyond canonical cell identities, weidentified disease-associated cell
states within nonimmune lineages that resolved into the two following
broad transcriptional archetypes: inflamed nonimmune cell states and
repair/remodeling cell states. Below, we first define the transcriptional
features of these cell states and validate their expansion in COPD. We
thenassess their relationships with clinical features before applying a
similar analytic framework toimmune cells. Finally, we integrate clini-
cal, multi-omic and spatial datato construct a unified framework that
connects these cell states to each other and disease.

Inflamed nonimmune cell states were identified across endothe-
lial, epithelial and fibroblastlineages. Inflamed endothelial states (arte-
rial, gCap;and aerocyte;) showed increased expression of inflammatory
mediators (NFKBI, IRF1, IL6, IL32, CXCL10, CSF3) and enrichment for
tumor necrosis factor (TNF), interferon-y (IFNy) and interleukin-1 (IL-1)
signaling (Fig. 1a-c). Similar pathways were upregulated in inflamed
epithelial and fibroblast states (Fig. 1c). Inflamed epithelial states
included AT2,, AT1, and secretory; cells, marked by elevated SGPP2,
CSF3and IL4R in AT2,,/L32 and IRF1 in AT1, and CXCL1/CXCL3/CXCL8
in secretory; (Fig. 1d,e and Extended Data Fig. 2a). Inflamed fibro-
blast states (alveolar fibroblast;and adventitial fibroblast;) expressed
NF-kB subunits, IRF1, PLAUR, ADAMTS4, VEGF and CD44, suggesting
roles in angiogenesis and tissue remodeling in addition to inflamma-
tion (Fig. 1f-h)**2, Immunofluorescence staining of matched FFPE
samples showed colocalization of NF-kB and/or SOD2 with endothe-
lial, alveolar epithelial and secretory markers in samples with higher
proportions of inflamed cells (Fig. 1i-k, Extended Data Fig. 2b—e and
Supplementary Fig. 7). Spatial deconvolutionin theindependent Bay-
lor cohort similarly revealed increased inflamed nonimmune cells in
tissue from study participants with more severe airflow obstruction
and emphysema (Fig. 11-n and Extended Data Fig. 2f-h).

Reparative and remodeling cell states in COPD

We identified reparative and remodeling states across epithelial and
endothelial lineages. Secretory/club cells comprised the following
three subsets: proximal SCGB1A1'SCGB3A1" cells; SCGB3A2" cells resid-
ing distally with capacity to differentiate into alveolar epithelium; and
proliferating secretory cells (Extended Data Fig. 3a,b)> ™. AT2 cells

resolved into the following five populations (Fig. 1c-e): (1) homeostatic
AT2, enriched for surfactant genes, HHIPand LAMP3; (2) inflamed AT2;;
(3) AT2 with a transcriptional program suggesting AT2-to-AT1 transi-
tion potential (TEADI, TEAD4, YAPI) and enrichment for adhesion,
migrationand wound-healing pathways®; (4) proliferative AT2,, and (5)
AT 25ccp3n, COEXPressing SCGB3A2 and canonical AT2 markers (Fig.10)"
Reparative endothelial populationsincluded angiogenic gCaptip cells
(gCapy,; KCNE3, ANGPT2) and proliferating endothelium (Endog,),
consistent with vascular repair (Fig. 1a,b)** 2.

We also identified CTHRC1" fibroblasts, defined by CTHRCI and
high ECM gene expression (for example, COLIAI) and aberrant basa-
loid cells (ABCs) expressing KRT17, MMP7, GDF15 and CDKNIA but not
KRTS, distinguishing them from basal cells"*"*® (Fig. 1d-g). These cell
states, previously associated with idiopathic pulmonary fibrosis (IPF)
and other fibrotic lung diseases, were detected in samples from lobes
without radiographic evidence of fibrosis and immunofluorescence
costaining confirmed their colocalizationin remodeling areas without
fibroblastic foci (Fig.1p,q and Extended Data Fig. 3c,d). CTHRCI' fibro-
blasts werealsoincreased in participants with greater disease severity
in the Baylor cohort (Fig. 1r and Extended Data Fig. 3e). Whether the
population we termed ABCs in COPD are transient intermediate cell
states or persist as in IPF remains unknown®, but their co-occurrence
with CTHRCI" fibroblasts in COPD suggests convergent processes
across diseases.

Loss of alveolar gas exchange and increased goblet

cellsin COPD

We then assessed how epithelial and endothelial composition varied
with disease severity (Supplementary Table 4). Aerocytes were reduced
in GOLD stage IV disease (false discovery rate (FDR) = 0.014) and in lungs
with >75% emphysema (FDR = 0.031), and were inversely correlated
withlobe-specificemphysema. In contrast, nonpulmonary endothelial
populations were increased; systemic endothelial cells of the bronchial
circulation were increased with >75% emphysema (FDR = 0.046) and
correlated positively with lobe-specific emphysema, and lymphatic
endothelial cellswereincreased in GOLD stage IV disease (FDR = 0.069;
Fig. 2a-c). Among alveolar epithelial cells, AT1 cells were depleted
in GOLD stage I/ll and GOLD stage IV (FDR = 0.01, 0.02) and in >75%
emphysema (FDR = 0.008), with abundance positively correlating with
DLCO (Fig. 2c-e). Airway remodeling was also evident—goblet cells
expanded in former and current smokers (FDR =0.018, 0.017) and in
GOLDstage Il disease (FDR = 0.065; Fig. 2f), ciliated cells declined with
falling FEV; and SCGB3A2" secretory cells decreased with increasing
emphysema (Fig. 2c and Extended Data Fig. 3f,g). These findings outline
acellular trajectory in COPD consistent with goblet-cell hyperplasia
and loss of ciliated cells, SCGB3A2" secretory cells and cells involved
in gas exchange (aerocytes, AT1)**%2,

Inflammatory, reparative and fibrotic cell-state dynamics
Inflammatory nonimmune populations were increased in COPD and
expanded progressively with advancing GOLD stage and greater
lobe-specific emphysema (Fig. 2g). Their proportion correlated posi-
tively with airflow limitation, DLCO, emphysema and symptom scores
(Fig. 2h). Notably, their abundance varied widely among individuals
with severe disease (Extended Data Fig. 3h), highlighting interindi-
vidual heterogeneity in inflamed nonimmune cells. No associations
were observed with pack-years or quit-years, suggesting a cause for
persistentinflammation in former smokers despite tobacco cessation.
Reparative epithelial states (AT2s, AT24cgp3p20 AT24:, SECTELO-
ryq,) were enriched in current and former smokers compared with
never-smokers (Fig. 2i), consistent with their emergence after injury.
These populations peaked in early COPD but declined with disease
progression (Fig. 2j), and AT2;, and AT2¢.sz;4, abundance inversely
correlated with multiple measures of disease severity (Fig. 2k).
Reparative endothelial states (Endoy;,, gCap,,) were also reduced in
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Fig. 1| Cellular shifts in endothelial, epithelial and fibroblast populations in
COPD. a, UMAP of endothelial cells (left) and cell states (right), including artery
(n=2,891), vein (n =2,171), systemic circulation endothelial cells (systemic,
n=1,523), lymphatic (n =7,925), cycling endothelial cells (Endo,, n =127), gCap
(n=9,131) and aerocytes (n = 8,001). Cell states including control (aerocyte,,
gCap,, artery,) and inflamed (aerocyte;, gCap,, artery;) endothelial cells and
angiogenic tip cells (gCapy;,). b, Dot plot of endothelial marker genes. Size
represents the proportion of expressing cells; color denotes scaled expression.
¢, Pathway enrichment analysis across inflamed cell states; x axis shows NES, dot
size shows —log;,(P) and color shows cell state; only pathways with FDR < 0.05
are shown (Benjamini-Hochberg, two-sided permutation tests). d, UMAP of
epithelial populations, including goblet (n = 9,544), basal (n = 2,570), ABCs
(n=5,001), SCGB1A1" secretory (n = 8,655), SCGB3A2" secretory (n =25,704) and
AT2 subtypes—AT2g, (n=1,326), AT2¢ccpsp, (1 =23,375), AT2, (n =148,699), AT2,
(n=330,033) and AT2, (n=98,751). e, Dot plot of epithelial marker genes. Size
represents proportion of expressing cells; color denotes scaled expression.

f, UMAP of fibroblast subsets, including alv. (n = 36,968), adv. (n = 6,294),
CTHRCI' fibroblasts (n=2,734), IR (n = 739), FRC (n = 524), PB (n = 953) and
myofibroblasts (n=1,057). Alv. and adv. fibroblasts further stratified into
control (fibroblast.) and inflamed (fibroblast;) cell states. g, Dot plot of
fibroblast marker genes. Size represents proportion of expressing cells; color

denotes scaled expression. h, Heatmap of normalized gene expressionin

adv. and adv. fibroblasts, clustered by cell state and study participant.i-k,
Immunofluorescence of NF-kB (red) and DAPI (blue), with (i) PECAM1 (green)
ininflamed endothelial-enriched tissue (j), pro-SFTPC (pSFTPC; green) in
AT2;richtissue and (k) AGER (green) in AT1;-rich tissue; scale bars =100 pm.
I-n, Proportion of inflamed cell states across GOLD stages identified after
deconvolution of spatial transcriptomic data in the Baylor cohort—(I) gCap,,
(m) AT2;and (n) alv. fibroblast; (no COPD, n =11; GOLD stage I/1l, n =10; GOLD
stage lll/IV,n =12). o, Feature plots of scaled LAMP3 and SCGB3A2 expression in
epithelial cells. p, Immunofluorescence of KRT17 (red), CPA6 (green) and DAPI
(blue); scale bar =100 pm. q, Immunofluorescence of CTHRCI (red), KRT17
(green) and DAPI (blue); scale bar = 50 pm. r, Proportion of CTHRCI' fibroblasts
(proportion of all fibroblasts) across GOLD stages in the Baylor cohort identified
after deconvolution of spatial transcriptomic data (no COPD, n =11; GOLD stage
I/1l, n=10; GOLD stage Ill/IV, n =12). Allimages representative of five participants
per group (i-k,p,q). Group differences tested by Kruskal-Wallis with two-sided
Wilcoxon post hoc tests and Benjamini-Hochberg FDR correction (I-n,r). Box
plots depict the median (centerline), IQR (box) and 1.5x IQR whiskers. UMAP,
Uniform Manifold Approximation and Projection; NES, normalized enrichment
score; IFNy, interferon-y; gCap, general capillaries; alv, alveolar; adv, adventitial;
IR, immune reticular; PB, peribronchial; expr, expression.

advanced disease, and bothinversely correlated with disease severity
(Fig. 2k and Extended Data Fig. 3i,j). In contrast, ABCs and CTHRC1"
fibroblasts expanded with advancing GOLD stages and their pro-
portions correlated with multiple disease metrics (Fig. 2k-m and
Extended Data Fig. 3k,1). Together, these data point to a shift from
early repair to persistentinflammatory and profibrotic responses with
advancing disease.

The following two additional fibroblast subsets were identified:
peribronchial fibroblasts (fibroblast,; LGRS, ENTPDI) and myofibro-
blasts (WNTSA, ASPN, ACTA2, MYH1I; Fig.1f,g)****. They decreased with
increasing GOLD stage and emphysemainvolvement, with loss correlat-
ing with disease severity (Fig. 2k,n,0). The loss of these regionally local-
ized fibroblast populations may limit tissue-specific repair capacity or
simply reflect tissue destruction inadvanced disease.

Immune cells and lymphoid fibroblasts

We then profiledimmune cells and their contributions to COPD progres-
sion. Weidentified AM, monocyte-derived macrophages, monocytes
and twointerstitial macrophage (IM) subsets—IM;, defined by canoni-
calIMmarkers (S§TABI, F13A1) and IM,; expressing profibrotic genes
(CHITI, CHI3L1, PLA2G7, GPNMB, MMP9, SPPI; Fig. 3a,b)***. Overall,
IMswereincreasedin COPD, driven primarily by the profibrotic IM¢m;

subset, which showed the strongest associations with severe airflow
obstruction, high emphysemaburden, smoking and other clinical met-
rics (Fig. 3c-e) and was validated by immunofluorescence staining in
COPD lungtissue (Extended Data Fig. 4aand Supplementary Fig. 8). IM,
also contributed modestly, with enrichment in GOLD stage IV disease
(Extended DataFig.4b).Several myeloid cell states were also associated
with disease. We identified inflammatory AM states (AMcgr;, AMygsa and
AM;,0.m) demonstrating heightened cytokine and chemokine signal-
ing, with each state variably linked to emphysema, GOLD stage and
exacerbations (Fig. 3d-i and Extended Data Fig. 4c). Additional mac-
rophage populationsincluded AM,,, characterized by high expression
of DNA damage response genes (TP53, CDKN1A); AM,,sp enriched in
heatshock protein genes; and AM,;; expressed interferon-stimulated
genes. AM,,; was increased in smokers and in study participants with
<50% emphysema (Fig. 3j,k). Monocyte-derived macrophages were
elevated in smokers and samples from lungs with <50% emphysema,
while proliferative macrophages declined with advanced disease
(Fig. 31,m and Extended Data Fig. 4d,e). B cells and plasma cells were
alsoincreasedin COPD across multiple contexts, whereas CD8" T cells
were positively correlated with pack-years. In contrast, mast cells and
migratory dendritic cells (CCR7, FSCNI) werereduced inadvanced dis-
ease (Fig.3d and Extended Data Fig. 4f-j). We also identified two VCAM*

Fig. 2| Associations between nonimmune cells and cell states with clinical
traitsin COPD. a, Alluvial plots of median endothelial cell proportions stratified
by semiquantitative lobe emphysema (n =128) and GOLD stage (n =123).b, Lobe
emphysema (% attenuation of <950 HU) and proportion of aerocytes (proportion
of endothelial cells; n =101). ¢, Clinical traits and cell proportions; aerocytes

and systemic endothelial cells (proportion of endothelial cells; n =101 for lobe
emphysema; n =123 for other traits), AT1cells (proportion of alveolar epithelial
cells; n=121), ciliated cells (proportion of airway epithelial cells; n =137)

and SCGB3A2" secretory cells (proportion of secretory/club cells; n =108).
Colors denote cell states, dot size reflects enrichment and x axis shows partial
Spearman correlation coefficient. d, Alluvial plots of median alveolar epithelial
cell proportions stratified by semiquantitative lobe emphysema (n =127) and
GOLD stage (n=122). e, AT1 proportion (among alveolar epithelial cells) and
DLCO (% predicted; n=114).f, Goblet cells (proportion of airway epithelial

cells) stratified by smoking status (N, Fand C) and GOLD stage (n =137). g,
Proportions of inflamed nonimmune cell states relative to their respective parent
lineages, stratified by GOLD stage and semiquantitative lobe emphysema—
aerocyte; (n=87,90), artery, (n=71,71), gCap, (n=91,94), AT1,(n =122,127),
AT2,(n=122,127), secretory,; (n =137,142), alveolar fibroblast; (n =117,122) and
adventitial fibroblast; (n =101,103). h, Clinical traits and inflamed nonimmune
cell-state proportions relative to their parent populations. Colors denote cell

states, dot size reflects enrichment and x axis shows partial Spearman correlation
coefficient. ij, Reparative epithelial populations (AT2,, AT2g, secretoryy;,
AT2¢ca3x0; Proportion of all cells) stratified by smoking status (n =127; i) and
GOLD stage (n=127;j).k, Clinical traits and reparative epithelial cell states (AT2,,
AT2g, secretoryg,, AT2sccg3a2; Proportion of all cells), reparative endothelial cells
(Endog,, gCapy,; proportion of allendothelial cells), PB fibroblasts (fibroblast,;,
proportion of all fibroblasts) and myofibroblasts (proportion of all fibroblasts).
Colors denote cell states, dot size reflects enrichment and x axis shows partial
Spearman correlation coefficient.I,m, ABCs (I) and CTHRC1" fibroblasts (m;
proportion of all cells) stratified by GOLD stage (n =127). n,0, Fibroblast,; (n)
and myofibroblasts (0) as a proportion of all fibroblasts stratified by GOLD

stage (n =127). Proportions (range 0-1) were multiplied by 100 for visualization
and plotted on alog,y(scale) (i j,1,m). Differential composition by sccomp
(Bayesian sum-constrained fbinomial), adjusted for age, sex, BMl and smoking;
emphysema analyses additionally adjusted for lobe (a-0). We report posterior
discovery probabilities, FDR-adjusted (Benjamini-Hochberg). *FDR < 0.10,
**FDR < 0.05, **FDR < 0.01. Partial Spearman correlations between continuous
clinical traits and cell-state proportions, adjusted for the same covariates,
illustrate the direction and strength of associations (f,i,j,1 m-0). Box plots depict
the median (centerline), IQR (box) and 1.5x IQR whiskers. N, never; F, former; C,
current smokers; emph., emphysema; Sec, secretory.

Nature Genetics | Volume 58 | February 2026 | 376-391

380


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-025-02480-z

a b A c
erocyte
§ 075 y ;
g 0.50 c Lobe emph. 6 —
S 025 2 }
a O - — § FEV, ! °
I
o Lo 2 Dyspnea o |
GOLD & }
DLCO !
Emphysema O oY ot e® !
W Aerocyte [l Lymphatic [l gCap Artery Vein [l Systemic Emphysema 0‘{30 0’§° © Q‘f’ 0‘,’30
Q7 S
(! 1.00 c 1.00 e ATI Correlation
;% 0.75 -g 0.75 0.8 ® Aerocyte ® FDR<O.1
8 0.50 8 0.50 0.6 AT @ FDR<0.05
S 025 S 025 / -
a o & o0 0.4 @ Ciliated
© SecCscopan
o Lomow e do o do
& (8] e ] 0.2 X
o < N A ® Systemic
GOLD S " P O A
0V 0” o
AT1 AT2 Emphysema DLCO
f g
c = e ——
9 .
b= 1.00 E ATY,
5 8 o7
S s . . B3 A2
5 a
§_ ° 0.50 . ..- E Secretory;
s S o025
N F C 8 © (‘) | ‘” I? Aerocyte;
Smoking B Artery,
$ gCap;
S e
= 1.00 —
9]
c )
g 8 0.75 E Adv. fibroblast;
£ s )
s B 050 B Alv. fibroblast;
2 £ o2s
3 o
o T T T T T
o L v None <50% 50 75% >75% None <50% 50-75% >75% None <50% 50-75% >75%
GOLD Emphysema
h i . AT2, AT250683n2 AT24, Secyy
O)
FDR o —— et + :
8 25.0 — 62 ¥ 0.781 0781 =
Symptoms .‘.‘j. e FDR<0.1 17} é
@ FDR<0.05 o 6.2 0.195 0195
Lobe emph. ® @ FDR < 0.01 k<) 16 :
Infection é g 1.6 0.049 0.049 ?
FEV,/FVC e % Cell "CE) 0.4 0.4 d 0.012
FEV, [ ] Aerocyte; 8_ 0.012
Exacerbations L X © 2th1(Iery‘ o N F C N F C N l; é N F C
Dyspnea QPg o AT2 Smoking
pLco @@ @ Adv. fibroblast. .
» o Alv.fibroblast,  J — AT2, AT20085m AT2,, Secy,
Cough e 0 C. < —
gCap < wx . = 0.781
© S o o o @ Secretory 3 25.0 6217 0.781 :
Q0 Q° Q- . 0195
. o) .
Correlation 3 62 6 0.195
E 1.6 0.049 0.049
2 o4 ) 0.012
k FDR S 04 o 0.012
9
Wheezi e FDR<O0.1 = :
s eiz'"g P ® FDR <0.05 = oL IV 0 LI IV o LIV o LIV
mptoms -
yme ® | °  @FDR<0.01 GOLD
Pack-years °
Lobe emph. ° ° L ABC m Fibroblast, n : i
FEV/FVC @ -0 Cell CTHRCI Fibroblastpg Myofibroblast
! e ABC Q Py
FEV, o | @@ AT24 < 156 { = 0.06 1 = 020 Fry
Exacerbations % @ AT2scc832 @ - )
3 c
Dyspnea . e Endogy D ) 0.15
DLCO ... ~. @ Fibroblastcriger 2 020 ks 0.04 N °
@ Fibroblast,, 5 S 0.10 .
Cough o @ gCapy, ] 0.02 o 0.02 LI
O O & .0 @ Myofibroblast o . o 0.05 %
S O S g s
Q7 K S} o 0 {e 0
" o
Correlation O LIt v O LI v O LIt v O LI nr v
GOLD GOLD GOLD

Nature Genetics | Volume 58 | February 2026 | 376-391

381


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-025-02480-z

UMAP dimension 2

Monoéyte

AM

AM @ MDM
o™ @ Monocyte

0

IMCHIT1
*k

£33

N
a
o

25.0

3.1

Proportion
(log. scale)
(5]

1T

UMAP dimension 1
AM, . AM,x
. AMcsr ' AMHSP
. AMNRAA AMp2|

pMono
@ cMono

® vom

L

® ™,
. AMmﬂam

Kk *

%%
3.12

0.78
0.20 |
0.05

e\o o\o e

N F C
Smoking

Symptoms
Pack-years 0e®
..
FEV,/FVC o e

9 °

Lobe emph.

FEV,
Exacerb.
Dyspnea

DLCO °

Cough Y
-0.50 -025 O
Correlation

-

Proportion
Proportion

o LI v
GOLD

3.12
0.78
0.20
0.05

Proportion (log. scale) ‘==e
Proportion (log. scale) &=

Smoking

o LIt v

025 050 @ FDR<0.05

0.075
0.050

0.025

&S
‘o

GOLD
Emphysema

€  TNF signaling via NF-kB L]
Inflammatory response
IFNy response e
Cytokine signaling e
IL2 STAT5 signaling
Signaling by interleukins
Response to IL1
Chemotaxis o @
Cholesterol homeostasis °
IL10 signaling [ ]
Vascul. develop. eo ©
Cell-cell adhesion [ 1]
Cell recognition e
1L4/IL13 signaling
IL6 JAK STAT3 signaling
Cell-matrix adhesion e
ERK1/ERK2 cascade
Cholesterol homeostasis e
ECM organization ee ©
Wound healing e e
Cell adhesion [ 1]
@ FDR<0.01 2 3 4 5

NES

-log(Pvalue) ® ® ® @ @
25 50 75 100125

Cell ® AM ® AM
h AM, i

inflam
0.03 * L

o @

@

[ ]

e O
o @
e o
° e
Fibroblast,..
Fibroblast,,
M
IMCHIT1
Macg,
maDC
Mast
B/plasma

[ )
Pathway

°
o
FDR »
e FDR<O0.1

inflam

AMNRAA

CSF

o
w

Proportion
Proportion
o
N

o

[}

oo \o«g\o

o\o oo s
@0 0
g

&S
Emphysema Emphysema

l MDM

Mac,

*k

S
(52}

Proportion
o 9
o o
N w
@

o

<
o
®

o
Proportion (log. scale)

o\o b

63\°

e°°
o LI v
GOLD

Smokmg

Emphysema

® AM

0 0.2 0.4 06 0.8
% emphysema

CDKN1C
CORO1A
PTP4A3

FYN
FCGR3A

=]
8
N
" X

e o

ILTIRN .

LN )

0@ 0000 ¢0000°0
000000 -

iic

oe@o-0
°

@0e@P- - o0

o000

[
CTRRT " YYY B JEY

[ 1)

ce@0-0

‘00 -000Q -0@0 ¢ ¢

o0

@"@cﬁ‘( RS
AaRN v@vsts

Percent
expressed
Average

NR4A expression

Proportion
(log. scale)

‘b@ &
SR

-1 0

Fibroblast
o

O LIt n v

0.195

0.049

0.012

1

Q& D @o\* @0 @&@0«\

e @0 @75 @00

2

Fibroblasty.
ok

GOLD

Fibroblast g

Hk

FHE

Proportion
(log. scale)

0.195

0.049

0.012

oo n\o e

<o° ~°
<

O LIt 1 v

Fibroblastygc

g
() 0
= 0

Emphysema

g b S
oA

5

Nature Genetics | Volume 58 | February 2026 | 376-391

382


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-025-02480-z

Fig. 3| Associations between immune cells and cell states with clinical traits
in COPD. a, UMAP projection of macrophage and monocyte cells (left) and

cell states (right) including AM (n =163,726), IM (n =9,037), MDM (n = 8,325)

and monocytes (n=1,686).b, Dot plot of select marker genes. Size reflects the
proportion of expressing cells; color intensity denotes normalized expression. ¢,
IM¢ir; @s a proportion of all macrophages stratified by smoking status (N, Fand
C; n=140), GOLD stage (n = 140) and semiquantitative lobe-specific emphysema
(n=127).d, Clinical traits and immune cell states expressed as a proportion of
their parent populations. Colors denote cell states, dot size reflects enrichment
(calculated by sccomp) and the x axis shows the partial Spearman correlation
coefficient. Macrophage expressed as a proportion of total macrophages, other
immune cells as a proportion of total cells. e, Pathway enrichment analysis in
inflammatory macrophage populations (AMcgr, AMyg4s and AM; ). The x axis
represents NES; dot size corresponds to —log,,(P); color indicates cell state.
Significance assessed using a two-sided permutation test; FDR was controlled
using the Benjamini-Hochberg correction. f, AMc; expressed as a proportion of
allmacrophages (stratified by GOLD stage; n =140). g,h, AMc; (8) and AM;,gam (h)
stratified by semiquantitative lobe-specific emphysema; n =127) and expressed

asaproportion ofall cells. i, AMyg,4 as a proportion of macrophages and lobe
emphysema (% attenuation of <950 HU; n =111). j-m, AM,,;; k), MDM (I) and
Macg, (m) expressed as a proportion of all cells (stratified by semiquantitative
lobe-specificemphysema; n=127) or as a proportion of all macrophages
(stratified by GOLD or smoking status; n =140). n,0, IR (fibroblast,;) (n) and FRC
(fibroblastc) fibroblasts (o) expressed as a proportion of all cells, stratified

by GOLD stages (n =122) and lobe-specific radiographic emphysema (n =127).
Proportions (range 0-1) were multiplied by 100 for visualization and plotted on
alogyy(scale) (c,j, k,m,n,0). Differential composition by sccomp (Bayesian sum-
constrained Sbinomial), adjusted for age, sex, BMI and smoking; emphysema
analyses additionally adjusted for lobe (¢,d,f-0). We report posterior discovery
probabilities, FDR-adjusted (Benjamini-Hochberg). *FDR < 0.10, *FDR < 0.05,
**FDR < 0.01. Partial Spearman correlations between continuous clinical

traits and cell-state proportions, adjusted for the same covariates, illustrate
the direction and strength of associations (c,f-h,j-0). Box plots depict the
median (centerline), IQR (box) and 1.5 IQR whiskers. MDM, monocyte-derived
macrophages; Exacerb., exacerbation.

fibroblast populations associated with lymphoid structures—CXCL13"
fibroblast reticular cells (FRCs), specialized stromal important for
germinal centers and B cell recruitment/antigen presentation®**’, and
immune-regulating FRCs (IR fibroblasts) with elevated expression of
IRF1,CCL2, CXCL10, CCL19 and IL33, implicating them in T-cell immu-
noregulation (Fig. 1f,2)***°. FRCs and IR fibroblasts were increased
with advanced GOLD stages and radiographic emphysema involve-
ment (Fig. 3d,n,0).

Cell composition across composite phenotypes

Single-trait analyses do not capture the relationships between cell
populations and composite COPD phenotypes. We therefore clustered
110 categorical and 24 continuous variables from the LTRC cohort
(spirometry, radiographic emphysema, smoking history, symptoms
and functional capacity; Supplementary Table 5). We identified seven
clinical clusters (Fig. 4a) representing composite COPD phenotypes and
projected these phenotypes onto snRNA-seq data. The seven clusters
mapped to readily identifiable clinical phenotypes spanning symp-
tom burden and airflow impairment—cluster 7 (never-smokers and/
or normal spirometry); clusters 1and 6 (mild obstruction); clusters 2
and 5 (moderate obstruction); and clusters 3 and 4 (severe obstruction
with substantial emphysema; Fig. 4b). Notably, clusters 2 and 4 had
the greatest symptom burden. All clusters were represented in the
snRNA-seqdataset, with proportions of12.8% (cluster1),5.0% (cluster2),
24.8% (cluster 3),29.1% (cluster 4), 9.9% (cluster 5), 7.8% (cluster 6) and

11.3% (cluster 7). For downstream analysis, we merged clusters1+ 6
and 2 + 5 toyield five categories that balanced phenotypic similarity
with sample size (Supplementary Table 6) and, notably, preserved a
distinction between high and low symptom burden among participants
with severe disease. Using this composite-phenotype framework, we
observed directional shifts in cell composition that were similar to those
observedinsingle-trait analyses. For example, certain cell populations
increased with advanced disease, including CTHRC1" fibroblasts and
IM¢m macrophages, while other populations decreased with advanced
disease, including AT1 cells and aerocytes (Fig. 4c,d). The key distinc-
tion revealed by the composite analysis was the relative specificity
of the inflamed nonimmune cells to be selectively elevated in study
participants withboth severe obstruction and high symptomburden,
whereas other cell populations tracked with physiologic impairment
irrespective of symptoms.

Co-occurrence of disease-associated cell states

We then postulated that disease-associated cells co-occur in discrete
patternsindependent of clinical classification. To investigate this, we
generated a similarity matrix of proportional cell-type abundances
across samples and applied spectral clustering to delineate com-
munities of co-occurring cell states (Fig. 4e). Inflamed nonimmune
populations exhibited strong intercorrelations and were positively
associated with inflamed macrophage subsets. CTHRCI" fibroblasts
and ABCs correlated strongly with one another and with reparative and

Fig. 4| Aberrant cells form distinct communities correlating with clinical
features and disease manifestations. a, Heatmap of normalized clinical

trait values for 2,213 study participants grouped into seven clinical clusters.
Clustering used 110 categorical and 24 continuous variables from the full LTRC
cohort. Rows denote clinical trait clusters and columns denote selected traits;
color represents the scaled values of each trait. b, Box plots of selected clinical
variables. Boxes colored by LTRC clinical clusters identified in Fig. 4a. Box plots
depict the median (centerline), IQR (box) and 1.5x IQR whiskers. ¢,d, Median-
centered FC plots across LTRC clinical clusters. Clusters are labeled according
to their predominant clinical features—NS/NS (cluster 7), mild obstruction
(clusters1and 6), moderate obstruction (clusters 2 and 5), severe obstruction
with LS (cluster 3) and severe obstruction with HS (cluster 4). Points represent
the median FCin cell proportionincreased (c) or decreased (d) relative to
cluster 7 (NS/NS); error bars denote the IQR, and color denotes cell type. All
proportions are relative to their level 3 parent lineages—endothelial (n = 122),
alveolar epithelial (n =122), airway epithelial (n =137), fibroblast (n =127) and
macrophage (n =140), except fibroblast; and fibroblast., which are expressed
asaproportionofall cells (n =122). e, Heatmap of the similarity matrix showing
pairwise Spearman correlation coefficients between sample-level proportions
of aberrant cell states relative to their parent populations. Cell states are

grouped into four categories—inflamed nonimmune (red), remodeling (blue),
tissue change (green) and immune (purple). Correlations are shown ona color
scale from -1 (blue) to1(red). An asterisk denotes populations that decrease
indisease; for these states, the correlation sign was inverted. f, Dot plot of
median cell proportions after clustering samples into five cellular communities.
Dot color reflects the cell-state groupings defined in Fig. 4e. Dot size and
colorintensity represent the median proportion zscore. g, Distribution of
clinical traits grouped and colored by the cellular communities identified in f.
Communities are named for their enriched populations—community 1= "‘mixed
inflamed/remodeling’, community 2 = ‘healthy’, community 3 = ‘goblet/AMygsas,
community 4 = ‘immune’ and community 5 = ‘inflammatory’. Box plots depict the
median (centerline), IQR (box) and 1.5x IQR whiskers. Statistical significance was
first assessed using the Kruskal-Wallis test; traits with FDR < 0.05 were further
evaluated using pairwise Dunn’s tests with Benjamini-Hochberg correction
(c,d,g). Dotsize (c,d) and symbols (g) indicate significant pairwise differences,
withan asterisk (*) indicating comparison to community 2 and a hash (#)
indicating comparison to community 3. Significance thresholds are as follows:

* #FDR < 0.05; **, ## FDR < 0.01; ***, ### FDR < 0.001. NS/NS, never-smoker/
normal spirometry; LS, low symptoms; HS, high symptom:s.
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Fig. 5| Aberrant cellular communities observed within spatially resolved
niches. a, Comparison of aberrant cell proportions across snRNA-seq and
Xenium modalities. Cell states were quantified as the fraction of each aberrant
population relative to its parent lineage in both snRNA-seq and Xenium for
matched participants (n = 38). Samples were ordered by the snRNA-seq-

derived fraction and divided into quartiles (Q1-Q4, x axis). The y axis displays
the corresponding Xenium-derived proportions for the same participants.
Shownare inflamed AT2, per AT2 cells, inflamed AT, per AT1 cells, inflamed
fibroblasts (fibro;) per all fibroblasts, inflamed gCap; per gCap cells, inflamed
macrophages (M,) per macrophages, IM,;; per macrophages, ABC per epithelial
cellsand CTHRCI" fibroblasts per all fibroblasts. Box plots show the median,
IQR and 1.5x IQR whiskers. Pairwise differences were assessed using two-sided
Wilcoxon rank-sum tests with Benjamini-Hochberg correction. *FDR < 0.10,
**FDR < 0.05, **FDR < 0.01. b, Dot plot summarizing the distribution of cell
types across spatially defined niches. Columns correspond to cell types and
rows to niches, defined by their enriched populations—airway, large artery, low-
immune parenchymaland2 (LI-parenchymal, LI-parenchyma 2), AM, inflamed,

remodeling, CHIT1/CD4/CD8 and B cell niches. Dot size reflects the relative
proportion of each cell type within each niche, and dot color indicates niche
identity. ¢, Stacked barplots showing the proportion of cells assigned to each
niche across disease severity groups, including NS/NS, GOLD stage I/11, GOLD
stage llland GOLD stage IV. Colors correspond to niche identities as defined inb.
d-f, Spatial localization of canonical and disease-associated cell types, cellular
neighborhoods and gene expression across representative ROIs. Top, cellular
niche maps based on cell-type classification and location. Each color denotes a
distinct population. ROIs include (d) two distinct LI parenchymal and inflamed
niches, (e) remodeling niches and (f) B celland CHIT1/CD4/CD8 niches. Middle,
cell-type overlay showing spatial proximity of cell populations. Cell types labeled
by color. Bottom, spatial gene expression maps highlighting key inflammatory,
remodeling and immune transcripts. Each dot represents a detected transcript
labeled by color. Dot size and color density are scaled for visualization and reflect
relative, not absolute transcript abundance. Scale bars = 200 um (top), 100 pm or
50 pm (middle) and 100 pm or 50 pm (bottom).

inflammatory subsets, consistent with mixed remodeling-inflamma-
tion programs. Adaptiveimmune populations were tightly correlated
with each other and with IM,;; macrophages. Clustering samples by
aberrant cellular composition identified five discrete communities
(Fig. 4f). Community 1 (‘mixed-inflammation/fibrosis’) enriched for
inflammatory and remodeling populations; community 2 (‘healthy’)
contained low abundances of disease-associated states; community
3 enriched for goblet cells and AMyg,, macrophages; community 4
(‘immune’) enriched for CD4", CD8", B cells and IM;r; and community
5 (‘high-inflammatory’) highly enriched for inflamed nonimmune and
inflammatory macrophage populations. Community 2 had the highest
DLCO, FEV, and FEV,/FVC; communities 1 and 5 had the lowest DLCO
and FEV, and the highest SGRQ-symptom scores, with community 5
showingthe greatest wheezing and exacerbations (Fig.4g). These data
pointtoseparable, biology-defined disease programs with overlapping
but nonidentical clinical manifestations in COPD.

Spatially resolved cellular neighborhoods
We then sought to validate these co-occurrence patterns and deter-
mine whether these cells are organized within spatially resolved
neighborhoods. Therefore, we applied the Xenium high-resolution
spatial platform to profile 480 genes encompassing canoni-
cal lung cells, COPD-associated states and signaling mediators
(Supplementary Table 7). Profiling included >2 cores per sample from
3 never-smokers, 3 former smokers with normal spirometry, 6 study
participants with GOLD stageI/11, 8 with GOLD stage Illand 18 with GOLD
stage IV (Supplementary Table 8). Unsupervised clustering deline-
ated canonical cellsand COPD-associated states consistent with those
defined by snRNA-seq, and their relative abundances closely mirrored
paired snRNA-seq measurements (Fig. 5a and Extended Data Fig. 5a-f).
Todelineate spatial microenvironments, we constructed k-nearest
neighbor (k-NN) graphs using Euclidean distances among cells, defining
niches based on physical colocalization (not transcriptomic similarity).
These included airway and large-artery niches and two parenchy-
mal niches with low inflamed nonimmune cells (LI-parenchyma 1

and 2; Fig. 5b). Additional niches recapitulated cellular communi-
ties described above—an inflamed nonimmune niche; a remodeling
niche enriched for CTHRCI' fibroblasts and ABCs; an alveolar and
inflamed macrophage niche; and two immune-rich niches contain-
ing IMc,r; macrophages, T cells and B cells. LI-parenchymal niches
were predominant in never-smokers and individuals with preserved
lung function, whereas increasing COPD severity was associated with
expansion of inflammatory, remodeling and immune niches (Fig. 5¢
and Extended Data Fig. 6). Hematoxylin and eosin overlays of cells
and transcripts or clustering transcripts independent of cell bound-
aries confirmed that these niches were enriched for inflamed non-
immune cells with elevated expression of inflammatory transcripts
that were frequently adjacent to macrophage-rich niches expressing
IL1IB, IL1A, ILIORA and CXCLS (Fig. 5d, Extended Data Fig. 7a-d and
Supplementary Fig.9).Inremodeling niches, CTHRC1" fibroblasts were
oftenadjacentto ABCs, which displayed adistinct elongated morphol-
ogy with characteristic gene expression (Fig. 5¢)*, and commonly
neighbored immune-rich B cell and CD4/CD8/IMyr; (Fig. 5f). These
datademonstrate that aberrant cellsin COPD colocalize within spatially
defined neighborhoods, providing a framework for understanding
how coordinated cell-cellinteractions drive tissue-level pathology.

ECM proteomics links aberrant cell states to remodeling

We then hypothesized that these aberrant cell states influence ECM
composition in distinct ways. We performed proteomic profiling of
matched decellularized lung tissue, clustering proteins into modules
based ontheir co-occurrence across samples and correlated these ECM
modules withaberrant cell states and clinical phenotypes (Fig. 6a). Spe-
cificECM modules were strongly linked to aberrant populations—high
collagen-producing CTHRCI' fibroblasts and inflamed nonimmune
cells correlated positively with module MES (fibrillar collagens], 111, V)
and negatively with modules ME22 (keratins) and ME9 (laminins, type
IV collagens). Inflamed nonimmune cells positively correlated with ME5
enriched forinflammatory signaling and neutrophil degranulation, and
inversely correlated with ME12 (SERPINAL, inhibitors of complement/

Fig. 6 | Proteomic profiling of matched ECM and plasma samples. a, Heatmap
showing Spearman correlations between modules of ECM proteins, detected

by label-free MS, and clinical traits or aberrant cell populations. Modules were
defined using WGCNA. Correlations are represented using a color scale from -1
(blue) to1(red). Only values with Benjamini-Hochberg-adjusted (FDR) Spearman
correlation of <0.05 are displayed. Representative proteins of highlighted
modules are shown. b, PCA plot of ECM protein profiles, with each sample
colored by snRNA-seq-defined cellular communities (Fig. 4f,g). Axes represent
the first two PCs. ¢, Heatmap showing Spearman correlations between modules
of Olink-detected plasma proteins and clinical traits or aberrant cell populations.
Modules defined using WGCNA. Correlations are represented using a color

scale from -1 (blue) to1(red). Only values with Benjamini-Hochberg-adjusted
(FDR) Spearman correlation of <0.05 are displayed. d, Dot plot of enriched
pathways in module 2 (ME2). The x axis shows the NES; dot size corresponds

to -log,,(P). Over-representation was assessed with a one-sided Fisher’s exact
test. All displayed pathways were significantly enriched (FDR < 0.05) after
Benjamini-Hochberg correction. e, Distribution of ME2 eigengene values across
snRNA-seq-defined cellular communities (Fig. 4f,g). Box plots depict the median
(centerline), IQR (box) and 1.5x IQR whiskers. Boxes colored by snRNA-seq-
defined cellular communities, as shown in b. Statistical significance was assessed
using the Kruskal-Wallis test with Dunn’s post hoc correction and Benjamini-
Hochberg (FDR) correction for multiple comparison testing; *FDR < 0.05.
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coagulation), suggesting a bidirectional relationship in which reduced
antiprotease activity may allow excessive injury and inflammation,
while inflamed microenvironments may promote SERPINA1 depletion.
IMs, particularly IM¢,r, positively correlated with modules enriched
for COPD-related proteases (MMP12, cathepsins), implicating IMs as
asource of these enzymes. Full protein lists, correlations and mod-
ule memberships are provided in Supplementary Table 9a,b. PCA of
ECM proteomes independently segregated samples into the same
high-severity communities identified by snRNA-seq (community 1,
‘mixed-inflammation/fibrosis’; community 5, ‘high-inflammatory’),
underscoring the critical relationship between these microenviron-
ments and ECM remodeling proteins (Fig. 6b).

Plasma proteomics identifies aberrant cell-state biomarkers
To assess whether aberrant states are reflected in circulation, we
profiled matched plasma from 64 study participants using the
Olink Explore HT panel (5,420 protein biomarkers) and applied
a module-based approach. Plasma module ME2 correlated with
inflamed arterial and gCap endothelial cells (Fig. 6¢), was enriched
forinflammation-related pathways (including C-type lectin receptor,
TNF and IL-17 signaling; Fig. 6d), and included NF-kB regulators (CHUK,
SIRT6, LRRFIP1), lymphoid and myeloid transcription factors (NFATCI,
NFATC3, CEBPB), cytokine signaling mediators (TNF, STAT2, STATSB),
innate immune effectors (CLEC6A, TRAF3) and apoptosis-related
proteins (CASP8, CASP10, PDCDS5; Supplementary Table 10a,b).
The ME2 eigenscore was higher in samples from community 5
(‘high-inflammatory’) compared to other communities, suggesting
that ME2 may represent anoninvasive biomarker of high-inflammatory
tissue states (Fig. 6e).

Cell-autonomous and cell signaling pathways in COPD

We hypothesized that disease progressionis sustained by dysregulated
cell-autonomous programs and aberrant cell-cell signaling. To test
this, we derived cell-specific gene expression modules and assessed
their associations with clinical traits, adjusting for sex, BMI, age and
smoking exposure (Extended Data Fig. 8a). Smoking exposure was
summarized using principal components (PCs) from pack-years,
quit-years and smoking status (Supplementary Fig.10). We then applied
mediation analysis to determine whether the effects of smoking and
age on clinical outcomes were transmitted through these expression
programs or cell-type abundance (Fig. 7a-c). Modules mediating or
associated with disease were enriched for inflammatory signaling,
growth and repair (WNT, TGF/BMP, growth factors), and aging path-
ways (telomere maintenance, DNA damage response, mTOR signaling,
autophagy, stress responses), along with cell migration, ECM interac-
tions, cell death, cell cycle regulation and protein metabolism (Fig. 7d
and Extended Data Fig. 8b). Mediation analysis of cell-state abundance

revealed IM,r; mediate the negative effects of smoking on dyspnea,
FEV,and FEV,/FVC, whereas AT1 cells protect against dyspnea (Fig. 7c).

To delineate signaling that sustains aberrant states, we performed
ligand-receptorinference on snRNA-seq, treating aberrant cellsasboth
recipients and sources of inflammatory/remodeling cues. We then vali-
dated these interactions using spatial transcriptomic data by quantify-
ing spatial autocorrelation with local Moran’s I, which showed greater
ligand-receptor colocalization with aberrant cells or with increasing
disease severity. Inflamed nonimmune cells received increased IL4R,
IL33, IL6, IL-1, IFN and TNF signaling relative to noninflamed counter-
parts, while IM¢,,; macrophages received greater SEMA3A, CSF1, IL4R
and TNF signaling than IM, (Fig. 7e and Supplementary Table 11a). As
signal-producing cells, inflammatory endothelial cells were promi-
nent sources of CXCL10, CXCLI11 and CSF3; inflammatory fibroblasts
(alveolar and reticular) expressed high levels of CCL2, VEGF, IL15 and
IL33; CTHRCI' fibroblasts expressed FGF7 and TGFBI; and inflamed
macrophages expressed CXCL3, CXCLS, IL1B, IL1A and CCL2 (Fig. 7f
and Supplementary Table 11b). Collectively, these findings delineate
cell-type-specific, spatially organized signaling networks that likely
sustaininflammatory or remodeling microenvironments and promote
disease progression.

Discussion

This study delineates an evolving cellular landscape in COPD that is
closelylinked to clinical features, disease progression and ECM remod-
eling. We identify shifts in canonical cell types and the emergence of
pathologic cell states that assemble into spatially organized microenvi-
ronments. Thisincludes an ‘inflammatory microenvironment’ enriched
innonimmune cell states with pro-inflammatory transcriptional pro-
grams and a ‘remodeling microenvironment’ composed of reparative
and profibrotic cells. Quantifying the abundance of these populations
across disease severity revealed that early reparative responses give way
to persistent inflammatory and fibrotic states, with inflamed nonim-
mune cells strongly associated with increased symptoms and higher
exacerbationscores. These findings provide amechanistic framework
linking disease-associated cell states to clinical phenotypes, while the
incorporation of matched plasmabiomarkers suggests opportunities
for patient stratification and targeted therapy.

The inflammatory landscape of COPD emerges as a spatially
organized, multicellular network in which structural cells adopt
pro-inflammatory transcriptional programs and engage in reciprocal
signaling with macrophages and other immune cells. Both individual
inflamed states and the broader inflammatory microenvironment were
increasedin severe disease, particularly among participants with high
symptom burden and exacerbation scores. Mechanistically, pathway
analyses indicate that these inflammatory niches are sustained by a
combination of cell-autonomous dysfunction, including activation

Fig. 7| Cellular pathways associated with clinical outcomes and aberrant
cell states in COPD. a, Mediation analysis model. b, Sankey plot depicting
cell-specific transcriptional modules mediating the effect of smoking or age on
clinical traits. ¢, Sankey plot depicting cell proportion changes mediating the
effect of smoking on clinical traits. d, Dot plotiillustrating pathway enrichment
of gene modules identified through marginal-effect analyses (circles) or
mediation analyses (triangles) across key clinical traits in COPD. Clinical traits
arerepresented along the panels on the x axis, where the direction of the

effect estimate is multiplied by —108(Peqrichmend)- Clinical traits grouped into
spirometry (FEV,, FEV,/FVC), emphysema (emph), exacerbations (wheezing,
infections) and symptoms (cough, dyspnea, SGRQ symptoms). Pathways are
displayed on the y axis. Pathways grouped into biologic themes represented

by y-axis color labels (dark blue, inflammatory; orange, remodeling and repair;
pink, aging hallmarks; light blue, other; yellow, cell migration and cell-ECM
interactions). Significance assessed using a two-sided permutation test.
Thessize of each dot indicates the degree of pathway enrichment, and colors
correspond to specific cell types. All displayed pathways were significantly
enriched within corresponding cell types after Benjamini-Hochberg correction

(FDR < 0.05). e,f, Aberrant ligand-receptor signaling. e, Receiver-focused
analysis. Rows represent ligand-receptor pairs (or ligands alone when the
cognate receptor was not profiled with Xenium). Columns indicate either
ligand-expressing (left) or receptor-expressing (right) cell types. Color intensity
inthe left reflects normalized ligand expression across sender populations
measured by snRNA-seq. Right, the normalized difference in hotspot prevalence
between inflamed and noninflamed neighborhoods, calculated as (hotspot %
ininflamed - hotspot % in noninflamed)/(hotspot % in inflamed + hotspot % in
noninflamed). For IM¢,;, contrasts were computed relative to IM,. f, Sender-
focused analysis. Rows represent ligand-receptor pairs (or ligands alone if the
receptor was not profiled with Xenium). All ligands shown were significantly
upregulated ininflamed versus noninflamed senders, IMr, versus IM, or
Fibrocrype; Versus other fibroblasts (Wilcoxon rank-sum test, FDR < 0.05). Left,
thelog,(FC) inligand expression relative to the matched control population.
Right, the normalized difference in hotspot prevalence using the same formula
asine. Only ligand-receptor interactions with significant differences in both
hotspot prevalence (two-proportion z test; FDR < 0.05) and hotspot intensity
(Moran’slzscore, Wilcoxon rank-sum test; FDR < 0.05) are shown.
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of aging-related pathways, and paracrine signaling between structural
and immune cells. Defining this subtype of COPD pathobiology as a
spatially organized inflammatory network provides a basis forimprov-
ing therapeutic targeting by revealing the cell states and microenvi-
ronments most relevant to disease biology. For example, IL4R, which
is clinically targetable with dupilumab, was elevated across multiple
celltypesand correlated withabroad inflammatory cytokine program
ratherthanatype-2-restricted milieu. Although prior studies identify a
history of exacerbations as the strongest predictor of future events*,
our cross-sectional design did not allow us to determine whether the
inflammatory microenvironment’s association with exacerbation
scoresis causal.

Asecond key finding is a population shift consistent with aberrant
repair. While COPDis widely recognized as a disease ofimpaired regen-
eration, direct evidence in human lung tissue has been limited>****.
We observed an expansion of regenerative epithelial populations
in early disease that plateaued or declined with progression, while
ABCs and CTHRCI" fibroblasts increased, suggesting a transition from
regeneration to maladaptive remodeling. These observations position
COPD as a disorder of impaired regeneration, highlight conserved
mechanisms that may be therapeutically targetable and support a
biology-driven disease classification. The overlap of populations in
COPD and IPF implies shared injury-repair programs but does not
explainthe divergence between IPF and COPD. Oneclear differenceis
their relative abundancein disease, butactivation state, spatial organi-
zation or microenvironmental cues may also have arole. Italso remains
unclearif ABCsin COPD are transitional intermediates that resolve or
nonproductive cells that accumulate and drive disease. Interestingly,
ABCswere predominantly parenchymal and their relative scarcity near
airways may reflect alveolar specificity, but this may have occurred
duetoundersampling of airway regions or an airway intermediate not
captured by our Xenium panel'*%,

Several limitations warrant consideration. First, snRNA-seq
detects similar numbers of unique genes as single-cell RNA sequenc-
ingbutisless sensitive for cytoplasmic transcripts and low-abundance
celltypes,including T cells, potentially underestimating their contribu-
tions*. While we captured certain T-cell subsets, further associations
were deferred pending independent validation. Second, integration
across samples, inherent to snRNA-seq workflows, may obscure rare
or participant-specific features. Third, technical variability (nuclear
isolation, ambient RNA, tissue quality, processing time) can intro-
duce bias despite our efforts to mitigate these through a standard-
ized single-operator protocol, ambient RNA removal and enrollment
fromalarge National Institutes of Health (NIH)-sponsored study with
uniform procedures. Fourth, sample representativeness is limited by
parenchymal sampling (under-representing airway compartments),
the absence of precise anatomic coordinates within lobes and theinclu-
sion of early-stage samples from lobectomies for malignancy. While
prior reports describe an increase in AT2SCGB3A2 cells in COPD, we
observed amodest declineinadvanced disease'". This may have arisen
from methodological differences, such as the narrow transcriptional
window captured by snRNA-seq compared to protein detection by
immunostaining, differences in cohort composition, smoking status
or disease severity. Finally, snRNA-seq of samples from the same lobe
yielded consistent cellular compositions, whereas we identified dif-
ferences between lobes suggestive of regional heterogeneity even
within participants. While the study was underpowered to confirm this,
correlations between inflammatory plasmabiomarkers and inflamed
endothelial cells suggest participant-level inflammatory pathways
transcend regional variation, meriting validationin larger cohorts.

Despite these limitations, this study advances abiology-anchored
framework for COPD. Clinically, it highlights the potential for
mechanism-guided stratification, in which aberrant cell states and
their surrounding tissue microenvironments can be used to define
therapeutictargets. The findings also support more precise clinical trial

design by enabling participant enrichment based on tissue or plasma
biomarkers, allowing treatments to be aligned with the dominant bio-
logical processes present in each patient. Furthermore, the ability to
track cell-state shifts as pharmacodynamicreadouts, together with lon-
gitudinal monitoring through serial biomarker trajectories, provides a
roadmap for moving COPD care toward a precision medicine approach.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41588-025-02480-z.
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Methods

Compliance with ethical regulations

This study complied with all relevant ethical regulations. Lung tissue
and plasma were obtained from the National Heart, Lung, and Blood
Institute-sponsored LTRC". The LTRC protocol was approved by local
institutional review boards; all participants provided written informed
consent; and the study was approved by the Yale Institutional Review
Board (protocols 200003839 and 2000039474). Deidentified clinical
dataandtissue samples were obtained from the Biologic Specimen and
DataRepository Coordinating Center (BioLINCC).

Study cohort and clinical data

LTRC clinical center staff conducted standardized face-to-face inter-
views using LTRC forms (https://biolincc.nhlbi.nih.gov/studies/Itrc/)
covering demographics, medical/family history, smoking, therapies,
symptoms, environmental/occupational exposures and validated ques-
tionnaires. Spirometry and DLCO testing were performed in accord-
ance withthe2005 American Thoracic Society/European Respiratory
Society recommendations*s; predicted values for FEV, were based on
ref.49; DLCOreference equations followed the standards without race/
ethnic adjustment®®. DLCO was hemoglobin (Hgb)-adjusted as—cor-
rected DLCO = measured DLCO x (10.22 + Hgb)/(1.7 x Hgb). Of 3,066
participants without primary pulmonary fibrosis, duplicate entries
were removed, prioritizing completeness and proximity to surgery. We
excluded 386 with missing symptom questionnaires, 273 with missing
spirometry and an additional 194 with missing smoking exposure vari-
ables, yielding a final cohort of 2,213. Missing Hgb was imputed with
sex-specific means. We imputed ‘99’ for quit-years, ‘0’ pack-years for
never-smokers and ‘0’ quit-years for active smokers. Follow-up ques-
tions related to symptom frequency or severity were imputed ‘0’ if the
primary symptom was absent. For semiquantitative CT variables with
missing lobe-specific/region-specific entries, we applied a hierarchi-
calfill—(1) within-lung/lobe medians across regions; (2) if unavailable,
contralateral-lung same lobe or (3) same-lung median of other lobes.
For missing lobe-specific quantitative emphysema (HU = <950) where
semiquantitative scores indicated no emphysema, we imputed the
median among samples without emphysema.

Quantitative representation of symptoms

Questionnaire items were grouped into clinically relevant domains—
cough, wheezing, exacerbations, infection and dyspnea. To obtain a
single quantitative measure for each domain, we performed PCAonall
LTRC participants (n=2,213). Severity scales were recoded so higher
values always reflected greater severity; binary items were coded 0/1
(no/yes). The first PC of each domain served as the domain score.
Domainscores forinfection and cough were multiplied by -1, so higher
values uniformly indicated worse symptoms.

Clinical-trait-based clustering of the LTRC dataset

We retained 110 categorical and 24 continuous variables present in all
participants (Supplementary Table 5). Continuous features included
FEV,/FVC, % predicted FEV,, % predicted FVC, % predicted DLCO,
smoking metrics (cigarettes/day, pack-years, years since cessation)
and age. Summarized semiquantitative CT features included emphy-
sema, airway inflammation, mosaic attenuation, nodules and ground
glass. Participant-reported symptoms were assessed with the SGRQ
(symptoms, activity, impacts, total) and SF-12, as well as additional
questionnaire items (Supplementary Fig. 1) contributing to dyspnea,
cough, infection, exacerbation and wheezing. Variable clustering
was performed with the ClustOfVar package (v1.1)*.. For categorical
variable clusters, we retained the top five PCs (each explaining >85% of
the varianceinallbut one cluster), yielding 55 PCs; for continuous clus-
ters, weretained the top 12 PCs. Distance matrices (x) were computed
using pairwise Euclidean distances of PC loadings among participants
for categorical and clinical variables separately, which was further

transformed into a similarity matrix w = exp(-x). The categorical and
continuous similarity matrices were fused using similarity network
fusion (k=20 neighbors; T=20 iterations)*>. The fused similarity w’
was converted to a dissimilarity d = —log(2w’) for patient clustering
using the partitioning around medoids method*.

snRNA-seq

Human snap-frozen lung tissue samples were requested from
BioLINCC. Nucleiisolation was performed using the Chromium Nuclei
Isolation Kit (10x Genomics) per the manufacturer’s instructions®.
Aliquots were stained with DAPI, nuclei were counted using the Thermo
Fisher Scientific Countess Il FL, and approximately 20,000 nuclei
per sample were loaded on Chip M and processed on the Chromium
X controller. Libraries were prepared with the Chromium Next GEM
Single Cell 3’ HT kit (v3.1) and QC assessed with the Agilent Bioanalyzer
High Sensitivity DNA chip. Of 164 experiments, 9 did not meet QC for
sequencing. Libraries were sequenced on the NovaSeq 6000 System
(paired end =100 bp), targeting approximately 50,000 reads per cell.
Samples from 146 lobes and 141 participants were sequenced (five
samples from the same participant, different lobes).

Computational processing

Reads were processed with Cell Ranger (v7.1; GRCh38) to generate
feature-barcode matrices™. Ambient RNA was removed with CellBender
(v0.2; false-positive rate = 0.01;150 epochs)**. Six additional samples were
excluded forlow quality. Using Seurat (v5.0.1), datawere log-normalized;
2,000 variable genes (excluding antisense and mitochondrial genes)
were selected; scaling regressed out percent mitochondrial reads and
feature counts”. Mitochondrial thresholds were 2% for all cells except
3% for T cells. PCA was performed, batch effects were corrected with
Harmony (v1.2.0)*® and a shared-nearest-neighbor graph was built for
Louvain clustering, while embeddings were visualized with Uniform
Manifold Approximation and Projection. Doublets were identified with
DoubletFinder (v2.0), and we applied an iterative clustering approach
toremove additional clusters identified as doublets or cellular debris.

Cell-type annotation

Initial annotations were assigned via reference-based label transfer
using Azimuth (v0.5.0)* then refined by manual review of differen-
tial expression and canonical markers curated from the human lung
cell atlas and LungMAP®'®**, Clusters were inspected for technical
artifacts (gene/feature counts, mitochondrial fraction, antisense,
participant-specific). Canonical lineages (alveolar/airway epithelium,
endothelium, fibroblasts and immune populations) were verified by
marker expression obtained using the Seurat FindAlIMarkers function.
Weidentified emergent cell states by increasing clustering resolution,
thenannotated thembased on distinct transcriptomic signatures and
prior literature; inflammatory nonimmune states were labeled by
enrichment of inflammatory pathways and AT 24 g4, (refs. 15,34), AT2g
(refs.12-14), ABC'*", fibroblast populations™'¢?%3338 oCap»**¢* and
IMcym (ref. 35) by marker genes identified in prior studies.

Cell-type proportion and compositional analyses

We quantified COPD-associated shifts in cellular composition using
proportionalabundances of hierarchically annotated states. Cells were
organizedinto the following four levels: level 4 (all cells), level 3 (parent
lineages—alveolar epithelium, airway epithelium, endothelium, fibro-
blasts, macrophages, monocytes, lymphocytes, mast cells, dendritic
cells, mesothelium), level 2 (canonical cell types within each lineage)
and level 1 (intermediate/emergent states). To address the unit-sum
constraint of single-cell proportions, we used scComp (v1.9)". Denomi-
nators were selected to match the biological question. Forinflamed non-
immune states, proportions were computed within the corresponding
level-2 canonical cell type to capture lineage-intrinsic inflammation. For
canonical cell-type comparisons, proportions were calculated within
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the parent level-3 lineage. For reparative/remodeling epithelial states
andimmune populations, wereported tissue-level representationasa
proportionofall cells. For macrophages, we analyzed both all-cell and
level-3 lineage denominators consistently by trait—continuous traits,
smoking and GOLD-used level-3 denominators; emphysema category
used all-cell denominators. Samples were excluded if there were <10
cells in the relevant parent population (or <10 nonepithelial alveolar
cells for analyses involving alveolar epithelium). Partial Spearman
correlations with continuous traits were adjusted for age, sex, BMI,
smoking status (yes/no) and lobe (for emphysema) using ppcor (v1.1).

Pathway enrichment analyses for gene expression profiles and
proteindata

Differential expression used Seurat’s FindMarkers (minimal log, fold
change (FC) = 0.20; minimal expression = 0.075). Gene-set enrichment
used fGSEA (v3.19) with Molecular Signatures Database (MSigDB,
v2023.2), focusing on hallmark, curated and Gene Ontology pathways
gene sets. Ranked lists were based on average log,(FC); normalized
enrichment scores were computed with minimum and maximum
gene-set sizes of 15 and 500. Redundancy was reduced using col-
lapsePathways as well as manual curation. Pathways with FDR < 0.05
were considered significant (figures show unadjusted P values). For
protein-level enrichment, we used g:Profiler (v0.2.3).

Clustering patients by cell-type proportions

Participants were clustered by proportions of aberrant cells. To
ensure stable estimates, we included samples with >5 cells for each
of gCap, aerocyte, alveolar fibroblast, AT2, AT1, secretory/club and
macrophage. Spectral clustering (SNFtools, v2.3.1) was performed
using between-participant Euclidean distances based on cell-type
proportions and the affinity matrix was constructed using 15NNs and
alocal variance of 0.5 (ref. 52).

Mediation analysis

Exposures were smoking and aging. Smoking exposure was sum-
marized by PCA across four variables (ever-smoker, active smoker,
pack-years, quit-years) using the first PC. For each cell type, aggre-
gated gene information was computed as follows: (1) retain samples
with =10 cells per cell type and exclude cell types with fewer than 30
samples after filtering as well as genes expressed in less than 7.5% of
cells; (2) aggregate counts to pseudobulk per sample using Seurat’s
AggregateExpression function and (3) identify coexpression modules
using WGCNA (see below) with the first principal component (module
eigengene) serving as the aggregated gene information. Outcomes
included FEV,, FEV,/FVC, DLCO, symptom domain scores (dyspnea,
cough, infection, exacerbation, wheezing), lobe-specific quantitative
emphysema (HU = <950), lobe-specific semiquantitative emphysema
and SGRQ symptoms. For each module/exposure/outcome, we fit gen-
eralized linear regression, binary probit regression and ordered probit
regression for continuous, binary and ordered outcomes, respectively.
BMIland sex wereincluded as covariates together with smoking or aging
(unless serving as the exposure).

Blood proteomics

Plasma samples from 64 individuals were profiled using the Olink
Explore HT. Relative protein abundance was reported as normalized
protein expression (log, scaled). Internal controls (incubation, exten-
sion (primary normalization) and amplification) and external controls
(plate control, sample control, negative control) were used per Olink
guidelines; allsamples passed QC. Final normalized protein expression
values were generated using Olink Explore software (v6.7.2).

Lung decellularization
Decellularization was optimized for lung tissue®>**. Tissue was rinsed in
PBS + Ca*'/Mg? for 10 min and then for 30 min. Samples were treated

with 0.0035% Triton X-100 for 60 min, washed in Benzonase buffer for
20 min, incubated with Benzonase (20U ml™; Sigma-Aldrich, E1014)
for 60 min, exposed to 1 M NaCl for 20 min and rinsed in PBS for
8 min. Samples underwent graded washes with sodium deoxycholate
(Sigma-Aldrich, D6750) at 0.01%, 0.05% and 0.1% for 30 min each, fol-
lowed by PBS for 20 min. Samples were washed in Benzonase buffer
for 20 min, treated with Benzonase overnight to ensure nucleic acid
removal. The decellularized tissue was then washed in PBS for 20 min,
followed by a 20-min wash in 0.5% Triton X-100, and five PBS washes,
eachlasting 20 min. Benzonase buffer consists of 50 mM Tris—-HCI (pH
8.0),1mM MgCl, and 0.1 mg mI" BSAin deionized water.

Label-free mass spectrometry (MS)

Decellularized tissue was denatured in urea containing ammonium
bicarbonate, reduced with dithiothreitol, and alkylated using iodoacet-
amide to prevent disulfide bond formation. Proteins were digested
with PNGase F at 37 °C overnight on a shaker to cleave N-linked gly-
cans. Proteins were then digested with Lys-C for 4 hat 37 °C, followed
by overnight digestion with trypsin. Digestion was quenched with
20% trifluoroacetic acid. Samples were desalted using BioPureSPN
PROTO 300 C18 Macrospin columns (The Nest Group), eluted and dried
using a SpeedVac. The dried peptides were resuspended in MS load-
ing buffer before liquid chromatography-tandem MS (LC-MS/MS).
LC-MS/MS was performed on a Thermo Fisher Scientific Q Exactive
HFX equipped with a Waters ACQUITY M-Class UPLC system using a
binary solvent system. Trapping was performed at 5 ul min” using a
Waters Symmetry C18 trap column (100 A, 5 um, 180 pm x 20 mm).
Peptides were separated at 37 °C usingan ACQUITY UPLC Peptide BEH
C18column (130 A,1.7 um, 75 pm x 250 mm) and eluted at 300 nl min ™.
MS was acquired in profile mode over the m/z range of 350-1,500.
Data-dependent LC-MS/MS were acquired in centroid mode on the
top 20 precursors per MS scan. To monitor instrument performance,
heavy-labeled synthetic peptide standards (Retention Time Calibration
Mix, Thermo Fisher Scientific) were injected into every experimental
sample.Sampleinjection sequences were randomized to minimize the
risk of drift in false-positive or false-negative signals. Approximately
250 ng per sample was loaded onto the LC column, with four blank
runs performed among sample injections to control for carryover.
Data analysis was conducted using Proteome Discoverer software
(v2.5; Thermo Fisher Scientific). For protein identification, datawere
searched using SEQUEST HT (Thermo Fisher Scientific) (UniProt
human). Search parameters included tryptic peptides of <2 missed
cleavages, 10-ppm precursor mass tolerance, 0.02 Da fragment mass
tolerance and variable modifications of oxidation on methionine and
carbamidomethylation on cysteine. A decoy database was searched to
determine the FDR. Label-free quantification used a feature mapper
node, aligned chromatographic features and a precursorion quantifier
node to normalize protein abundances based on total peptide amount.
Only proteins withan FDR of <5% and at least two unique peptides were
included in statistical analyses.

Weighted gene coexpression network analysis (WGCNA) for
proteins

WGCNA (v1.73) was run separately for (1) cell-type-specific pseudobulk
gene expression, (2) decellularized ECM proteomics and (3) blood
proteomics, using the same analysis stages. For each dataset, we com-
puted biweight midcorrelations to build asigned network, selected the
soft-thresholding power to approximate scale-free topology (genes,
data-driventargetR*> 0.9; ECM, 8=12; blood, 8 = 8), converted correla-
tions toanadjacency matrix and thento atopological overlap matrix—a
measure of shared network connectivity among feature pairs that
emphasizes nodes withcommon neighbors. Modules were detected by
dynamic tree cutting with dataset-matched settings (genes—minimum
module size =10, split depth = 1; ECM—minimum module size = 20,
splitdepth =3; blood—minimum module size = 20, split depth = 4) and
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amerge threshold of 0.25. Module eigengenes (first PC per module)
were correlated with clinical traits using Spearman correlation and
per-feature module membership (kME) were calculated.

Immunofluorescence staining

FFPE sections were dewaxed (xylene), rehydrated (graded ethanol)
and subjected to antigen retrieval (Tris-EDTA, pH 9; NB900-62085)
at 98 °C for 20 min. Slides were permeabilized (0.3% Triton/PBS-T)
for10 min, blocked for 10 min (CAS-Block; Life Technologies, 008120)
andincubated with primary antibodies overnight at 4 °C, followed by
fluorophore-conjugated secondary antibodies (1 h, room tempera-
ture), and subsequently mounted in Vectashield with DAPI (H-1800).
Images were acquired with a Leica Stellaris 8 Falcon confocal micro-
scope (x20 objective). Primary/secondary antibody details are pro-
vided in Supplementary Table 12.

Xenium spatial transcriptomics

We performed Xenium in situ analysis (10x Genomics) on tissue micro-
arrays constructed from 38 matched participants (2 mm?, two to three
cores per participant), sampling parenchymaand, where possible, air-
way and/or large vessel regions. Allsamples underwent histopathologic
review. FFPE sections (5 um) were processed on Xenium slides follow-
ing the manufacturer’s protocols (CGO00578, Rev C) with a custom
gene panel. FFPE tissue sections were deparaffinized by incubating
slides at 60 °C, followed by sequential immersion in xylene, ethanol
(100%, 96%, 70%) and nuclease-free water. Slides were then dried,
assembled into Xenium cassettes and treated with a Decrosslinking
Buffer. The assembled cassettes were incubated at 80 °C in a thermal
cycler to release RNA for downstream analyses. After hybridization,
the slides were imaged and processed using the standard pipeline of
the Xenium Analyzer (v3.2.0), with transcript assignment to individual
cells performed using the 10x Genomics multimodal segmentation
algorithm. QC thresholds included Phred Q > 20 for transcripts; cells
required nFeature of >5, nCounts of >9 and nuclear area of 6-80 um?2.
Downstream analysis was performed in Seurat (v5.0.1) including nor-
malization, PCA, neighbor graph construction, clustering and Uniform
Manifold Approximation and Projection. Cell types were annotated by
marker expression. Spatial niche analysis was conducted using Seurat’s
BuildNicheAssay function (kneighbors = 30, kniches =10). The domi-
nant cell types within each niche were explored and visualized, along
with the distribution of these niches across the sample. Images were
generated using Xenium Explorer (v3.2.0).

Deconvolution of the GeoMx spatial transcriptomics
secondary cohort (Baylor cohort) for validation

We reanalyzed data obtained from an independent cohort that
underwent spatial transcriptomic profiling of lung tissue samples
(GSE237120). A fulldescription has been previously described®*. Partici-
pants were recruited at the University of Arizona (2019-2021), and sam-
ples were obtained from lung volume reduction surgery, transplant for
severe emphysemaor resection of asolitary peripheral nodule (resec-
tion samples of >10 cm from the nodule), no active respiratory infec-
tion at surgery. GeoMx Digital Spatial Profiler Whole Transcriptome
Atlas 18,753 RNA probes was used with structural markers (SYTOX13,
Pan-CK-Alexa-532, CD45-Alexa-594). Regions of interest (ROIs) were
selected by freehand annotation. Libraries were prepared per the
manufacturer’s instructions and sequenced (Illumina NextSeq 500).
FastQfileswere converted to DCCfor analysis with GeoMxTools (v3.8.0;
defaultsettings). ROIs were excluded if they failed any of the following
criteria: raw reads of <1,000; trimming rate of <80%; stitching rate of
<80%; alignment rate of <80%; sequencing saturation of <50% (com-
putedas1- deduplicated reads/aligned reads x 100); negative-control
geometric mean (nontargeting probes) of <1; no-template control
countof >1,000; nuclei count of <100; segmented area of <5,000 um?
and <1% genes detected. The deletion rates, from highest to lowest,

were as follows: vessel (61%), airway (55%), follicle (47%) and paren-
chyma (32%). A total of 467 ROIs from these four tissue locations passed
QCandwereincluded in downstream analyses, resulting in the exclu-
sion of samples (33 samples retained). Cell-type deconvolution was
conducted using spatialDWLS® implemented in the giotto R package
(v1.1.2) with default parameters®® with our snRNA-seq data as reference.
Reference sample criteria were total cells 0of 210,000, >10 cellsineach
parent lineage and =5 cells for each cell state. Four reference samples
met criteria and were downsampled to 100 cells per cell type, with
final reported proportions averaged across references. Differences
in cell-type proportions across GOLD and emphysema categories
were assessed.

Ligand-receptor interaction inference

Ligand-receptor signaling was inferred using NicheNet (v2.1)*".
Ligand activity was quantified as the area under the precision-recall
curve (AUPR), measuring how well each ligand’s downstream regula-
tory network predicted the expression of differentially expressed
genes in receiver cells. We implemented two complementary
analytical strategies:

1. Receiver-oriented analysis (sender-agnostic mode)—structural
cell types, as well as AM and IM, were treated individually as re-
ceiver populations. Within each, differentially expressed genes
between the inflamed versus noninflamed cells (for structural
cells and macrophages), IMcyr, versus IM, or CTHRCI" fibro-
blast versus non-CTHRCI" fibroblasts were identified using
Seurat v5’s FindMarkers function (min.pct = 0.05, [log,(FC) | > 1,
FDR < 0.01) and defined as the target gene set for NicheNet
analysis. Ligand activity was computed in sender-agnostic
mode, and the top 30 ligands per receiver based on AUPR were
retained for further evaluation.

2. Sender-oriented analysis (sender-specific mode)—the same
structural populations were then designated as sender cells,
with all other cell types considered potential receivers. Up-
regulated ligands between inflamed and noninflamed sender
cells were identified using the same approach (min.pct = 0.05,
log,(FC) = 0.25, FDR < 0.01). To evaluate the association be-
tween inflamed sender cell frequency and gene expression in
each receiver cell populations, we fit negative binomial general-
ized linear mixed models with inflamed sender cell proportion
as afixed effect and participants as a random effect, adjusting
for age, sex, BMI and smoking status. The models were imple-
mented using the iDESC function (iDESC, v0.1.0)*®, without
including a term for dropout rate. Genes with regression coef-
ficient 8 >1and FDR < 0.01 were used as the target gene set for
sender-specific ligand activity scoring. The top 30 ligands per
receiver population were retained based on AUPR. For both
strategies, analyses were restricted to samples containing >5
cells per structural cell type. Because lymphoid fibroblasts (IR
fibroblasts and FRCs) were not identified specifically in our
spatial dataset, they were incorporated into the fibroblast;
population.

Spatial validation of ligand-receptor interactions using
Xenium dataset

To validate predicted ligand-receptor interactions in situ, we per-
formedbivariate local Moran’s | analysis on matched spatial transcrip-
tomic data to quantify spatial co-enrichment. Cell coordinates were
used to construct a spatial weight matrix based on k-NN with k=30,
using the spdep package (v1.2-8) with row-standardized weights. The
list of ligand-receptor pairs identified from our initial analysis was
further refined by cross-referencing with the curated ligand-receptor
database in CellChat (v2.0)*’, and excluding ECM-related interactions.
Spatial colocalization was assessed under two conditions:
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1. Ligand-receptor analysis—if the receptor for a given ligand was
expressed in >10% receiver cells, ligand and receptor expression
vectors were z-score normalized (with ligand and receptor ex-
pression masked to their specific cell type) and their spatial as-
sociation quantified with the bivariate local Moran’s | statistic.

2. Ligand-cell-type analysis—if the receptor for a given ligand was
not part of the 480 Xenium gene panel, a binary indicator of
receiver cell identity was used in place of receptor expression
if that receiver cell was known to express the receptor in >10%
participants.

Bivariate local Moran’s | assumes that closely related variables
tend to show similar spatial patterns in neighboring regions. For each
celli, we define the statistic as:

0 _ 5 . L7
I _zx,,ZwyzyJ
J

where IE*” isthebivariatelocalMoran’slindex for cell i, which quantifies
the spatial association between the expression of ligand xin celliand the
expression of receptoryor cell-typeindicator yinits neighboring cells;
z,,is the z-score normalized ligand x expressionin cell ;; z,; is (1) either
z-score normalized receptor y expression in neighboring cellj, or (2) a
binary indicator indicating whether cell j belongs to a specific receiver
celltype, whichwas subsequently z-score normalized across all cells; w;
is the spatial weight between cells i and j, derived from the k&-NN graph.
Cell-type pairs withthe same sender and receiver were excluded. Sender
cells with bivariate local Moran’s  z scores of >2 were defined as spatial
hotspots. Differences among groups were assessed by comparing hot-
spot prevalence with a two-proportion z test and hotspot intensity
(Moran’slzscores) withaWilcoxon rank-sumtest. Interactions meeting
significanceinbothtests (FDR < 0.05) were considered spatially enriched.

Statistics and reproducibility

Sample sizes were determined by sample availability. No statistical
method was used to predetermine sample size. Studies were nonran-
domized and unblinded, but samples were randomized to sequencing
or processed in balanced analytic batches, grouped by GOLD when
possible. Data were excluded only by prespecified QC (failed libraries/
runs, assay-specific metrics and minimum cells per parent lineage).
Immunofluorescenceimages are representative of tissue samples from
five participants per group. Differential cell composition was modeled
with sccomp, adjusting for age, sex, BMI and smoking status, with
emphysema-related analyses additionally adjusted for anatomiclobe;
partial Spearman correlations (adjusted for the same covariates) sum-
marized direction and strength of associations with continuous traits
(Figs. 2a-o and 3¢,d,f-0). Exact P values of compositional testing are
providedin Supplementary Table 4. Groupwise comparisons of varia-
blesacross clinical clusters or cellular communities were assessed using
Kruskal-Wallis tests with post hoc Dunn’s tests (Fig. 4c,d,g; Fig. 6g),
while pairwise comparisons used two-sided Wilcoxon rank-sum tests
(Figs. 11-n,r and 7e,f). Pathway enrichment analyses used gene set
enrichment-based methods (Figs. 1c, 3e, 6d and 7d). Correlations with
WGCNA modules and across aberrant cell populations were assessed
using Spearman correlations (Figs. 4e and 6a,c). All inferential sta-
tistical tests were two-sided, with multiple testing controlled using
Benjamini-Hochberg correction; exact nis reportedin the legends.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Raw and processed data are deposited in the NCBI SRA under Bio-
Project PRINA1301244 and in GEO under accessions GSE310058 and

GSE313006. Data from the Baylor cohort are available with accession
GSE237120.

Code availability

Custom scripts for this project are available on GitHub (https://
github.com/SaulerLab/COPD_snRNA-seq) and Zenodo (https://doi.
org/10.5281/zenodo.17635478)°.
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Extended Data Fig. 1| Single-nuclear RNA sequencing of lung tissue samples
from LTRC study participants with and without COPD. a, UMAP showing
1,516,727 nuclei across 31 lung cell types. b, Heatmap displaying normalized
expression levels of key markers across various cell types. Rows represent specific
genes, while columns are hierarchically clustered by cell type and sample. Gene

expression values are unit normalized (0-1) across rows. ABC = aberrant basaloid
cell; AT1 = alveolar type 1 pneumocyte; AT2 = alveolar type 2 pneumocyte;

gCap = general capillary cell; DC = dendritic cell; NK = natural killer cell;
ccMyeloid = myeloid cellsin cell cycle.
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Extended Data Fig. 2| See next page for caption.
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Extended Data Fig. 2 | Inflamed structural cell states in COPD. a, UMAP of
epithelial cells, highlighting inflamed AT1 (ATL). b, Immunofluorescence for
SOD2 (red), PRX (green), and DAPI (blue) in representative fields (representative
of 5subjects/group) from samples with high versus low gCap;/aerocyte;
abundance. ¢, Immunofluorescence for NF-kB (red), AGER (green), and
DAPIfrom samples with high versus low AT1; (representative of 5 subjects/
group).d, Immunofluorescence for NF-kB (red), pro-SFTPC (green), and DAPI
(representative of 5 subjects/group) from samples with high versus low AT2..

e, Immunofluorescence for SOD2 (red), SCGB3A2 (green), and DAPI
(representative of 5 subjects/group) from samples with high versus low secretory:.
Scale bars,100 pm (b-e). f-h, Proportion of inflamed cell states (gCap;, AT2;,

and alveolar fibroblast;) within their parent populations, stratified by lobe-
specific radiographic emphysema (% voxels <950 HU) in the Baylor cohort

(low <5% emphysema, n =20; high >5% emphysema, n =13), asidentified after
deconvolution of spatial transcriptomic data. Box-and-whisker plots show the
median (centerline), interquartile range (box), and whiskers extending to 1.5 IQR.
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Extended Data Fig. 3 | See next page for caption.
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Extended Data Fig. 3| Aberrant cell states in COPD. a, UMAP of airway
epithelial cells. b, Dot plot of selected marker genes. ¢, Immunofluorescence

for CPA6 (green), KRT17 (red), and DAPI (blue). Scale bars, 100 um (top) and

50 um (bottom). d, Immunofluorescence for CTHRCI (red), KRT17 (green), and
DAPI (blue). Scale bars, 100 pm. e, Proportion of CTHRC1* fibroblasts among

all fibroblasts, stratified by lobe emphysemain the Baylor cohort (low <5%
emphysema, n =20; high >5% emphysema, n =13). f-h, Per-subject associations
between cell-type abundance and clinical features: (f) ciliated epithelial cells
(proportion of airway epithelial cells) vs. FEV; % predicted (n =137). (g) SCGB3A2*
secretory (proportion of secretory cells) vs. lobe emphysema (n =108). (h) DLCO
% predicted vs. artery; (n =73), aerocyte; (n=83),gCap (n=87),ATL;(n=122),
AT2;(n=114), adventitial fibroblast; (n = 93), and alveolar fibroblast; (n =110), as
aproportion of their parent population. i-1, Box plots of cell-type abundance:

(i) Endog, (proportion of endothelial cells) by GOLD stage (n =123); (j) gCapy;,
(proportion of gCaps) by semiquantitative lobe emphysema (n =128) and GOLD
stage (n =123); (k) aberrant basaloid cells (ABCs; proportion of all cells) by
smoking status (N: never, F: former, C: current; n =122); (I) CTHRCI* fibroblasts
(proportion of all cells) by smoking status (n = 122) and semiquantitative lobe
emphysema (n =127). ¢,d, Immunofluorescence staining representative of 5
subjects. i-k, Proportions multiplied by 100 and plotted on alog,, scale. f-1,
Differential composition by sccomp (Bayesian sum-constrained S binomial
with posterior probabilities converted to Benjamini-Hochberg adjusted
probabilities), adjusted for age, sex, BMI, and smoking status; emphysema traits
additionally adjusted for lobe (*FDR < 0.10, **FDR < 0.05, ***FDR < 0.01).

e,i-1, Box plots depict the median (centerline), interquartile range (box), and
1.5xIQR whiskers.
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Extended Data Fig. 4 | Associations between immune cell populations and
clinical traits in COPD. a, Immunofluorescence staining for CD3 (red), CD19
(green), and CHIT1 (yellow) in lung tissue from study participants without COPD
and GOLD IV COPD; nuclei are stained with DAPI (blue). Scale bars, 500 pm. b,
Box plots of IM, as a proportion of all macrophages stratified by GOLD stage
(n=140). ¢, Correlation between AM; (proportion of all macrophages) and
exacerbation scores (n=140).d, MDM as a proportion of all cells stratified by
semiquantitative lobe emphysema (n =127). e, Box plots of Macg;, as a proportion
of all cells stratified by semiquantitative lobe emphysema (n =127).f, Mast cells as
aproportion of all cells stratified by lobe-specific semiquantitative emphysema
(n=127).g, B/plasmacells as a proportion of all cells stratified by smoking status
(N: never, F: former, C: current), GOLD stage (n = 122), and semiquantitative lobe

emphysema (n=127). h, Migratory dendritic cells (mDCs) as a proportion of all
cells, stratified by GOLD stage (n = 122) and semiquantitative lobe emphysema
(n=127).i, UMAP of lymphocyte cell populations, including CD4* T cells, CD8*
Tcells, regulatory T cells (T,.g), mucosal-associated invariant T cells (MAIT), B
cells, plasma cells, and natural killer (NK) cells. j, Feature plots of representative
marker genes forimmune cell populations shownini. b,e,f,g,h, Proportions
multiplied by 100 and plotted on alog,, scale. b-h, Differential composition
by sccomp (Bayesian sum-constrained S binomial with posterior probabilities
converted to Benjamini-Hochberg adjusted probabilities), adjusted for age,
sex, BMI, and smoking status; emphysema traits additionally adjusted for lobe.
(*FDR < 0.10, *FDR < 0.05, **FDR < 0.01). b,d-h, Box plots depict the median
(centerline), interquartile range (box), and 1.5x IQR whiskers.
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Extended DataFig. 5| Xenium spatial transcriptomics-defined cell
populations. a, UMAP of 706,966 high-confidence cells profiled by high-

and fibroblast markers; (d) myeloid and lymphoid markers; (e) B cell markers
and inflammatory genes (/L6, CSF3, CXCL1O, IL4R, CCL2, ADAMTS4).f, Dot

resolution Xenium in situ sequencing. Only cells passing quality control and
assigned confident cell-type annotations are shown; an additional 101,907 QC
passed cells lacking high-confidence labels are not displayed. b-e, Feature plots
of selected marker genes: (b) epithelial and related markers; (c) endothelial

plot of marker genes for cell populations identified in the Xenium spatial
transcriptomics analysis. Dot size indicates the proportion of expressing cells;
color denotes scaled expression.
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Extended Data Fig. 6 | See next page for caption.
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Extended Data Fig. 6 | Spatial niche maps of each tissue microarray (TMA) with clinical annotations. Each TMA core is colored according to its assigned spatial
niche. Right-side glyphs annotate each core’s clinical status: semiquantitative emphysema involvement (O = none, 1= <50%, 2 = 50-75%, 3 = >75%; circles) and GOLD
stage (O, I/IL 11, IV; triangles).
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Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7 | Differentially expressed and spatially resolved gene
expression across inflammatory and macrophage niches. a, Heatmap of scaled
differentially expressed genes (rows) across spatial niches (columns), computed
inacell-agnostic manner (no cell labels or boundary stains). Niches include
airway, large vessel (LV), low-immune parenchymaland 2 (LI-parenchymal, LI-
parenchyma 2), alveolar macrophages (AM), inflamed, remodeling, CHIT1/CD4/
CD8T-cell, and B-cell. Rows are cell types. b, Spatial expression maps (arbitrary
units) overlaid on H&E for two pairs of adjacent TMA cores—one enriched
forinflamed niches and the other enriched for low-immune (LI) parenchyma

niches. Dot size and density are scaled for visualization and reflect relative, not
absolute, transcript abundance. Scale bars, 1000 pm. ¢, Cell-type-resolved maps
highlighting macrophage populations (MARCO, MCEMPI) and differentially
expressed genes within macrophage niches (CXCLS, IL1B, IL1A, ILLORA). Scale
bars, 500 um. d, Colocalization of differentially expressed genes identified
within macrophage niches and their spatial proximity to inflamed niches. Dot
size and density are scaled for visualization and reflect relative, not absolute,
transcript abundance. Scale bars, 1000 pm.
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Extended Data Fig. 8 | Cellular pathways and signaling networks associated
with clinical outcomes and aberrant cell states. a, Sankey diagram illustrating
significant correlations between gene expression modules and clinical traits. b,
Dot plotillustrating pathway enrichment of gene modules identified through
marginal-effect analyses (circles) or mediation analyses (triangles) across key
clinical traits in COPD. Clinical traits are represented along the panels on the
x-axis, where the direction of the effect is multiplied by the -log,,(enrichment
P-value), and are grouped into spirometry (FEV,, FEV/FVC), emphysema (emph),
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exacerbations (exacerbations, wheezing, infections), and symptoms (cough,
dyspnea, SGRQ-symptoms). The pathways, categorized into overarching
biological themes (inflammatory, remodeling and repair, aging, cell-migration,
cell-ECM), are displayed on the y-axis. The size of each dot indicates the degree
of pathway enrichment. Colors correspond to specific cell types. All displayed
pathways are significantly enriched in their corresponding cell types after
multiple-testing correction (Benjamini-Hochberg FDR < 0.05).
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