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ABSTRACT
Background  Treatment and preventative advances 
for chronic obstructive pulmonary disease (COPD) have 
been slow due, in part, to limited subphenotypes. We 
tested if unsupervised machine learning on CT images 
would discover CT emphysema subtypes with distinct 
characteristics, prognoses and genetic associations.
Methods  New CT emphysema subtypes were 
identified by unsupervised machine learning on only 
the texture and location of emphysematous regions on 
CT scans from 2853 participants in the Subpopulations 
and Intermediate Outcome Measures in COPD Study 
(SPIROMICS), a COPD case–control study, followed by 
data reduction. Subtypes were compared with symptoms 
and physiology among 2949 participants in the 
population-based Multi-Ethnic Study of Atherosclerosis 
(MESA) Lung Study and with prognosis among 6658 
MESA participants. Associations with genome-wide 
single-nucleotide-polymorphisms were examined.
Results  The algorithm discovered six reproducible 
(interlearner intraclass correlation coefficient, 0.91–1.00) 
CT emphysema subtypes. The most common subtype 
in SPIROMICS, the combined bronchitis-apical subtype, 
was associated with chronic bronchitis, accelerated 
lung function decline, hospitalisations, deaths, incident 
airflow limitation and a gene variant near DRD1, which 
is implicated in mucin hypersecretion (p=1.1×10−8). 
The second, the diffuse subtype was associated with 
lower weight, respiratory hospitalisations and deaths, 
and incident airflow limitation. The third was associated 
with age only. The fourth and fifth visually resembled 
combined pulmonary fibrosis emphysema and had 
distinct symptoms, physiology, prognosis and genetic 
associations. The sixth visually resembled vanishing lung 
syndrome.
Conclusion  Large-scale unsupervised machine 
learning on CT scans defined six reproducible, familiar 
CT emphysema subtypes that suggest paths to specific 
diagnosis and personalised therapies in COPD and pre-
COPD.

INTRODUCTION
Chronic obstructive pulmonary disease (COPD) 
was the third-leading cause of death globally in 
2019.1 Despite identification of hundreds of genetic 
loci for COPD,2 which is defined by chronic airflow 
limitation,3 personalised therapies are lacking 
for most patients due, in part, to a lack of robust 
subphenotyping.

Historical attempts to subphenotype COPD 
included pulmonary emphysema, defined by 
enlargement and destruction of alveoli, and chronic 
bronchitis, defined by chronic cough and phlegm.4 5 
However, many patients with COPD have neither 
subphenotype and targeted treatments are limited.

Paradoxically, many individuals who do not have 
COPD have emphysema or chronic bronchitis,6–8 
which has recently been termed ‘pre-COPD.’3 
Emphysema on CT is predictive of morbidity and 
mortality independent of lung function,6 9–11 yet it 
remains uncertain which ‘pre-COPD’ phenotypes 
progress to COPD.3

Emphysema itself was subdivided into centrilob-
ular, panlobular and paraseptal emphysema based 
on 142 autopsies12 13; yet these subtypes are read 
with limited reproducibility by radiologists,14 15 
ignored or altered in guidelines,3 16 and little-used 
in practice. Hence, traditional subtypes do not 
provide gold standards and new approaches are 
warranted.

WHAT IS ALREADY KNOWN ON THIS TOPIC
	⇒ Chronic obstructive pulmonary disease (COPD) 
and emphysema have long been recognised as 
heterogeneous, overlapping diseases and some 
patients with non-obstructive emphysema, or 
‘pre-COPD,’ may progress to COPD; yet modern 
unsupervised machine learning methods have 
not been applied at scale to the vast amount of 
imaging data in contemporary chest CT scans in 
order to subphenotype emphysema.
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Chronic obstructive pulmonary disease

Unsupervised machine learning is a machine learning approach 
used to discover naturally occurring clusters without reference 
to preassigned gold standards.17 Attempts to subphenotype 
COPD using unsupervised clustering of symptoms,18 lung func-
tion,19 20 ‘omics21 and standard CT measures22 23 have generally 
not yielded robust, familiar subtypes, possibly due to use of 
limited variables and samples. Unsupervised machine learning 
is most powerful when applied at scale to high-dimensional data 
like research chest CT scans, which provide 20–30 megavoxel, 
3-dimensional representations of the entire lung at submilli-
meter resolution. Lung CT images have not, to our knowledge, 
been used to learn completely new emphysema subtypes at scale.

We hypothesised that application of a custom-built unsuper-
vised machine learning algorithm24 to cluster the texture and 
anatomical location of emphysematous regions on thousands 
of CT scans, followed by data reduction, would allow robust 
learning in vivo of new CT emphysema subtypes with distinct 
characteristics, prognoses and genetic associations. The learning 
used CT images only so we could examine clinical and genetic 
associations independent of the learning.

METHODS
The machine learning algorithm was applied to the Subpopu-
lations and Intermediate Outcome Measures in COPD Study 
(SPIROMICS), which recruited 2783 COPD cases and controls, 
40–80 years old with ≥20 pack-years and 200 non-smoking 
controls in 2010–2015,25 initially on random 50% subsamples 
to test reproducibility (figure 1).

Data reduction to CT emphysema subtypes was performed in 
SPIROMICS and the population-based Multi-Ethnic Study of 
Atherosclerosis (MESA) Lung Study, which acquired full-lung 
CT scans in 2010–2012 for 3128 MESA participants.26 Results 
were confirmed longitudinally in a subset of 196 MESA Lung 
participants with repeat CT scans (of 317 oversampled for 
COPD and with 10+ pack-years15).

Primary descriptive analyses of clinical characteristics of CT 
emphysema subtypes were evaluated in the MESA Lung Study.

Events analyses were performed in MESA, which acquired 
cardiac CT scans for 6814 whites, blacks, Hispanics and Asians 
in 2000–2002 with follow-up through 2018; incident airflow 
limitation was examined among participants without airflow 
limitation and with repeated spirometry.

Genetic discovery analyses were performed in SPIROMICS, 
given its greater disease severity. Replication was performed in 
the MESA SHARe Study, which composed of MESA plus 1595 
black and Hispanic family members and 257 other participants 
with cardiac CT scans,27 and the Genetic Epidemiology of COPD 
(COPDGene) Study, which recruited 10 192 non-Hispanic white 
and black COPD cases and controls ages 40–81 years with ≥10 
pack-years.28

CT scanning
SPIROMICS and MESA Lung used the same inspiratory high-
resolution full-lung CT protocol: 120 kVp, 0.625–0.75 mm 
slice thickness, 0.5 s rotation time.29 MESA and MESA SHARe 
acquired cardiac CT scans, which imaged the lower two-thirds 
of the lungs.30 COPDGene performed full-lung CTs following 
the COPDGene protocol.28

Unsupervised machine learning and data reduction
Discover of possible emphysema subtypes
The unsupervised machine learning algorithm was designed to 
define possible emphysema subtypes, also called spatial lung 
texture patterns,24 and was applied blinded to all clinical infor-
mation including traditional emphysema subtypes. The target 
number of possible emphysema subtypes was not specified, nor 
additional direction provided in this step.

In brief, 25×25×25 mm regions of lung were selected for 
learning if the percentage of emphysema-like lung (voxels 
<−950 Hounsfield units)31 in the region was above the upper 
limit of normal for per cent emphysema, which accounted for 
variation in body size, demographics, current smoking and 
scanner manufacturer.32 Unsupervised learning was performed 
with two types of image-based features: texture features,33 
using a learnt, dedicated texton codebook to encode patterns of 
emphysematous regions, and spatial features using lung spatial 
mapping.34

Unsupervised discovery was performed at a regional level in 
two stages: (1) K-means with a spatial distance metric24 to group 
emphysematous regions into a selected large number of clusters 
and (2) grouping of similar clusters into possible emphysema 
subtypes via Infomap graph partitioning,35 which uses minimum 
description length optimisation criteria to define the number of 
subtypes. This two-stage approach was more reproducible than 
single-stage approaches.36–38

Data reduction of possible emphysema subtypes to CT emphysema 
subtypes
To infer if sets of possible emphysema subtypes might represent 
different severities of a single CT emphysema subtype or distinct 
subtypes, we used hierarchical clustering and t-distributed 
stochastic neighbor embedding (t-SNE) projection to examine 
for further clustering at a participant level (online supplemental 
file 1).39

Descriptive naming of CT emphysema subtypes
Two board-certified chest radiologists assigned descriptive names 
to the CT emphysema subtypes after reviewing representative 

WHAT THIS STUDY ADDS
	⇒ Unsupervised machine learning (clustering) on the texture 
and anatomical location of millions of emphysematous 
regions on chest CT scans, followed by data reduction, 
revealed six CT emphysema subtypes, several of which closely 
resemble earlier clinical descriptions of COPD subphenotypes. 
A combined bronchitis-apical emphysema subtype was 
characterised by symptoms of chronic bronchitis, accelerated 
lung function decline, increased all-cause mortality and, 
among those with normal lung function, incident airflow 
limitation; it was also associated with a gene variant 
relevant to nicotinic pathways and mucin hypersecretion. A 
diffuse emphysema subtype was associated with wasting, 
respiratory hospitalisations and deaths and, among those 
with normal lung function, incident airflow limitation. An 
obstructive combined fibrosis pulmonary emphysema subtype 
was largely asymptomatic but associated with respiratory 
deaths. The other three CT emphysema subtypes had distinct 
physiological or genetic associations.

HOW THIS STUDY MIGHT AFFECT RESEARCH, PRACTICE 
OR POLICY

	⇒ These precise new CT emphysema subtypes have differential 
prognosis and may suggest paths to more specific diagnosis 
and personalised therapies in COPD and in pre-COPD.
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Chronic obstructive pulmonary disease

Figure 1  Schema of unsupervised machine learning, data reduction, primary descriptive analyses, events analyses and GWAS. Unsupervised 
machine learning of possible emphysema subtypes was performed in two independent training sets in SPIROMICS. Both training sets yielded 10 
possible emphysema subtypes, and training was repeated on all of SPIROMICS. The resultant 10 possible emphysema subtypes were labelled on MESA 
Lung CT scans. Data reduction was performed in SPIROMCS and MESA Lung and yielded six CT emphysema subtypes; data reduction was confirmed 
longitudinally on coregistered CT scans in a subset of the MESA Lung Study oversampled for COPD and smoking. Primary descriptive analyses of 
these subtypes were performed in the MESA Lung Study. Cardiac scans in MESA were labelled for the Event Analyses in MESA. GWAS Discovery was 
performed in SPIROMICS; replication of genetic results occurred on labelled cardiac scans in MESA and MESA SHARe and in COPDGene. COPDGene, 
Genetic Epidemiology of Chronic Obstructive Pulmonary Disease; MESA, Multi-Ethnic Study of Atherosclerosis; SPIROMICS, Subpopulations and 
Intermediate Outcome Measures in COPD Study. GWAS, genome-wide association study

1069Angelini ED, et al. Thorax 2023;78:1067–1079. doi:10.1136/thoraxjnl-2022-219158
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Chronic obstructive pulmonary disease

examples and anatomic locations (online supplemental figure 
S1) with consideration of physiological and demographic 
correlates. Fibrosis, and its colocalisation with emphysema, were 
determined qualitatively.

Labelling CT emphysema subtypes on cardiac CT scans
We developed a deep learning method using supervised domain 
adaptation with adversarial learning to label the scanned lung on 

cardiac CT scans (online supplemental file 1)40 to increase power 
for events analyses and genetic replication (figure 1).

Additional measures
Traditional emphysema subtypes and interstitial lung abnormal-
ities (ILAs) were read by board-certified radiologists following 
standardised protocols.15 41

Dyspnoea was assessed using the modified Medical Research 
Council (mMRC) scale. Chronic bronchitis was defined 
following MRC criteria.42

Spirometry was performed at baseline in SPIROMICS and 
in 2004–2006, 2010–2012 and 2017–2018 in the MESA Lung 
Study following American Thoracic Society/European Respira-
tory Society recommendations.43 COPD was defined as post-
bronchodilator, and airflow limitation as prebronchodilator, 
forced expiratory volume in 1 s (FEV1)-to-forced vital capacity 
(FVC) ratio less than 0.7.3

Other lung structure measures of per cent emphysema−950 

HU, total lung volume (TLV), airway wall thickness (AWT), 
small airway count (SAC), dysanapsis, total pulmonary vascular 
volume (TPVV) and, in SPIROMICS, functional small airways 
disease were assessed at a single reading centre.26 29 31 32 44–46

Exacerbations were self-reported in SPIROMICS. Hospi-
talisations and deaths from chronic lower respiratory diseases 
(CLRD) were adjudicated in MESA from 2000 to 2018 with 
98% completeness for mortality.47

Consenting participants were genotyped with genome-wide 
arrays (online supplemental file 1). Genome-wide imputation 
was performed using the Michigan Imputation Server. Colocal-
isation was performed using expression quantitative trait loci 
(eQTLs) from the Genotype-Tissue Expression (GTEx).48

Statistical analysis
Reproducibility of learning was assessed at a regional level on 
random test emphysematous regions in SPIROMICS with a 
regional-level Dice coefficient. Participant-level percentages of 
each subtype were calculated by summing across lung regions 
and dividing by TLV, similar to the calculation for per cent 
emphysema. Participant-level reproducibility of learning was 
calculated with intraclass correlation coefficients (ICCs).

Generalised linear regression was used to evaluate associations 
of CT emphysema subtypes at a participant level with demo-
graphics, symptoms, lung structure and physiology; mixed linear 
models were used for lung function decline; and Cox propor-
tional hazards models were used for events. The primary models 
included demographic, anthropomorphic and smoking potential 
confounders following a causal framework; CT manufacturer 
was also included as unmeasured site-level confounders would 
likely be blocked by this variable (online supplemental figure 
S1). In a second model, other CT emphysema subtypes that 
might confound relationships were included. Subsequent anal-
yses adjusted for other lung structure measures and lung func-
tion. Analyses were repeated in SPIROMICS with adjustment for 
recruitment strata given its case–control design.

Genome-wide association analyses were performed with 
similar adjustment (online supplemental file 1). Primary repli-
cation of identified single-nucleotide polymorphism (SNPs) was 
performed in the race/ethnic group in which they were discov-
ered. Colocalisation of replicated variants and eQTLs used the 
coloc method (online supplemental file 1).49 50

Statistical significance was evaluated with 95% CIs for 
epidemiological analyses and defined by Bonferroni-corrected 
p<5×10−8 for genome-wide analyses.

Table 1  Characteristics of participants in SPIROMICS and the MESA 
Lung Study

SPIROMICS
(n=2853)

MESA Lung
(n=2949)

Age—years 63.0±9.2 69.4±9.3

Male sex—no (%) 1515 (53.1%) 1417 (48.1%)

Race/ethnicity, no (%)

 � White 2087 (74.1%) 1123 (38.1%)

 � Black 550 (19.3%) 803 (27.2%)

 � Hispanic 148 (5.2%) 631 (21.4%)

 � Asian 33 (1.2%) 392 (13.3%)

Height—m 1.7±0.1 1.65±0.10

Weight—kg 80.9±18.0 78.1±17.4

BMI—kg/m2 28.0±5.3 28.4±5.4

Smoking status—no (%)

 � Never 198 (6.9%) 1341 (45.8%)

 � Former 1609 (56.4%) 1371 (46.8%)

 � Current 1046 (36.7%) 219 (7.5%)

Pack-years, among ever-smokers—median (IQR) 43.0 (31.0–
60.0)

14.5 (3.0–
33.0)

FEV1, per cent predicted 75.1±26.7 94.9±22.9

FVC, per cent predicted 91.7±18.0 97.2±22.5

FEV1/FVC 0.59±0.16 0.74±0.09

COPD—no (%) 1760 (61.7%) 446 (16.9%)

 � GOLD 1 380 (21.6%) 239 (53.6%)

 � GOLD 2 787 (44.8%) 182 (40.8%)

 � GOLD 3 412 (23.5%) 25 (5.6%)

 � GOLD 4 178 (10.1%) 0

Total lung volume—mL 5871±1454 4791±1283

Per cent emphysema—% 7.5±10.1 2.5±3.3

Traditional emphysema subtype—no (%)*

 � Centrilobular emphysema 804 (93.7) 530 (18.0)

 � Panlobular emphysema 44 (5.1) 90 (3.1)

 � Paraseptal emphysema 754 (88.0) 384 (13.0)

Airway wall thickness—mm 1.44±0.42 1.02±0.24

Diasynapsis (CT-assessed airway-to-lung ratio) 0.032±0.004 0.033±0.004

Small airway count (N) -- 30.8±14.9

Interstitial lung abnormalities—no (%)* 252 (25.3) 276 (12.1)

Total pulmonary vascular volume per cent 2.91±0.36 2.70±0.27

*Traditional emphysema subtypes and interstitial lung abnormalities read in 
SPIROMICS for a subset of 804–857 and 999 participants, respectively.
BMI, body mass index; COPD, chronic obstructive pulmonary disease; FEV1, forced 
expiratory volume in 1 s; FVC, forced vital capacity; GOLD, Global Initiative for 
Chronic Obstructive Lung Disease; MESA, Multi-Ethnic Study of Atherosclerosis; 
SPIROMICS, Subpopulations and Intermediate Outcome Measures in COPD Study.
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RESULTS
SPIROMICS participants had a median of 43 pack-years, 62% 
had COPD, 0.4% were PiZZ and the race/ethnic distribution 
was 74.1% white, 19.3% black, 5.2% Hispanic and 1.2% Asian 
(table 1). The MESA Lung Study included 54% participants with 
a smoking history (median 14 pack-years), 16.9% had COPD 
and the race/ethnic distribution was 38.1% white, 27.2% black, 
21.4% Hispanic and 13.3% Asian. MESA and MESA SHARe 

were similarly multiethnic; COPDGene was biracial (online 
supplemental table S1).

Unsupervised learning and data reduction to CT emphysema 
subtypes
SPIROMICS CT scans had an average of 624±350 emphysema-
tous regions per scan covering most of the lung volume for 2922 

Figure 3  Distributions of the six discovered CT emphysema subtypes in SPIROMICS and the MESA Lung Study. Mean percentages of CT emphysema 
subtypes in SPIROMICS, a COPD case–control study of 2655 participants with 20 or more pack-years of smoking (median pack-years 43.0; 66.2% with 
COPD) and 198 non-smoking controls, and in the MESA Lung Study, a population-based study of 2949 participants, 54.2% of whom had ever smoked 
cigarettes (median pack-years 14.5) and 16.9% with COPD. COPD, chronic obstructive pulmonary disease; CPFE, combined pulmonary fibrosis/
emphysema; MESA, Multi-Ethnic Study of Atherosclerosis; SPIROMICS, Subpopulations and Intermediate Outcome Measures in COPD Study.

Figure 2  Representative visual illustrations of the six CT emphysema subtypes.Coronal views of lungs on CT scans and the corresponding labelled 
masks with the discovered CT emphysema subtypes on predominantly affected sample cases (ie, with proportion of a certain CT emphysema 
subtype being much larger than any other). Colour coding of CT emphysema subtypes is the same across examples; grey labelling denotes non-
emphysematous regions. CPFE, combined pulmonary fibrosis/emphysema.
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participants, which yielded over 1.8 million regions for learning. 
Application of the unsupervised machine learning algorithm to a 
random 50% of scans yielded 10 possible emphysema subtypes 
(online supplemental figure S2). Repeating the learning inde-
pendently on the other 50% also yielded 10 possible emphy-
sema subtypes. Agreement in learning was high: regional-level 
dice=0.82, participant-level ICC 0.89–1.00 (online supple-
mental table S2).

Hierarchical clustering suggested that some subtypes over-
lapped and data dimension reduction suggested that the 10 
possible subtypes clustered into 6 CT emphysema subtypes 
(online supplemental figure S3). For the six CT emphysema 
subtypes, agreement in learning was also high (ICC 0.91–1.00; 
online supplemental table S3) and labelling was reproducible 
(ICC 1.00 for all).

Longitudinal evaluation over 6 years of regions-of-interest 
on co-registered CT scans confirmed, that, at a regional level, 
possible emphysema subtypes clustered by t-SNE tended to 
progress from one to another within the same CT emphysema 
subtype. In contrast, unclustered possible emphysema subtypes 
remained distinct or developed from normal lung (online supple-
mental figure S4).

Qualitative visual description
The resultant six CT emphysema subtypes are illustrated in 
figure  2. The combined bronchitic-apical emphysema (CBaE) 
subtype had a predominantly apical distribution with vascular 
changes. The diffuse subtype had a diffuse distribution with 
less parenchymal destruction and apical sparing. The senile had 
homogeneously reduced attenuation. The restrictive combined 
pulmonary fibrosis/emphysema (CPFE) subtype had distinct 
and discrete small holes at the level of the secondary pulmo-
nary lobule in predominantly apical and posterior but also infe-
rior regions. The obstructive CPFE subtype had diffuse, patchy 
emphysema with intermingled regions of fibrosis. The vanishing 
lung subtype was predominantly apical with bullous emphysema 
when severe; when less severe, it had prominent lobular septal, 
reduced parenchyma and few vessels.

Comparison with traditional emphysema subtypes
In the subset of 317 MESA Lung participants oversampled for 
COPD and smoking, the distribution of CT emphysema subtypes 
was approximately similar to SPIROMICS (online supplemental 
table S4). At a participant level, centrilobular emphysema was 
positively associated and overlapped predominantly with CBaE 
and restrictive CPFE subtypes. Panlobular emphysema was 
associated with CBaE and vanishing lung subtypes. Paraseptal 
emphysema was positively associated with restrictive CPFE 
and vanishing lung subtypes. The diffuse and obstructive CPFE 
subtypes were not independently recognised by radiologists.

Clinical and physiological characteristics
The CBaE subtype was much more common in SPIROMICS 
than in the MESA Lung Study (figure  3). It was associated 
independently with smoking history (table  2) and symptoms 
of dyspnoea and—unique among subtypes—chronic bronchitis 
(OR 1.9 per 10 percentage point increase in CBaE, 95% CI 1.2 
to 3.0; figure 4; online supplemental table S5). It was charac-
terised by large cross-sectional decrements in lung function (eg, 
−309 mL in FEV1 per 10 percentage point increase in CBaE, 
95% CI −389 to –229) but no difference in TLV. In longitu-
dinal analyses, it was associated with decline in FEV1 (−13.2 
mL/year per 10 percentage point, 95% CI –21.7 to –4.8), the 

FVC and the FEV1/FVC ratio. These findings were little changed 
with adjustment for other measures of lung structure and func-
tion (online supplemental table S6). The CBaE subtype was 
also associated with a 2–3 fold independent increase in risk of 
CLRD hospitalisations, CLRD mortality and all-cause mortality 
and, among participants with normal lung function, incident 
airflow limitation (table 3). These findings were independent of 
AWT, ILAs, per cent emphysema and, for CLRD hospitalisations 
and incident airflow limitation, lung function (online supple-
mental table S7). In SPIROMICS, it was also associated with 
worse symptom scores, reduced exercise capacity, desaturation 
on exertion, increased haemoglobin and exacerbations (online 
supplemental table S8).

The second most common subtype in SPIROMICS, the diffuse 
subtype, was also common in MESA Lung (figure  3). Greater 
age, male sex, white race/ethnicity and lower body mass index 
(BMI) but not smoking were associated with the diffuse subtype 
(table 2). It was associated with few symptoms; the FEV1/FVC 
ratio was lower cross-sectionally; AWT and TPVV were reduced; 
the haemoglobin, FVC and TLV were greater (eg, 487 mL per 
10 percentage point, 95% CI 448 to 526 mL); and differences 
in lung function decline were more modest (figure  4; online 
supplemental table S5). Findings were similar with adjustment 
for other lung structure measures (online supplemental table 
S6). The diffuse subtype was associated with an approximately 
50% increase in risk for CLRD hospitalisations and CLRD 
mortality, lower all-cause mortality and, among participants 
with normal lung function, incident airflow limitation (table 3). 
These findings were independent of AWT and ILAs but atten-
uated by per cent emphysema (online supplemental table S7). 
In SPIROMICS, it was associated with worse symptom scores, 
hypoxaemia, desaturation on exertion and exacerbations (online 
supplemental table S8).

The senile subtype was equally common in the two studies 
(figure 3). Greater age was associated with it (table 2), and it had 
similar physiological changes to the diffuse subtype but not the 
poor prognosis (figure 4, table 3).

The restrictive CPFE subtype was more common in 
SPIROMICS than in the MESA Lung Study (figure  3). It had 
similar symptomatology to the CBaE subtype but was more 
common among women and non-whites and was associated with 
higher BMI, restrictive spirometry, reduced SAC and TLV and 
greater ILAs (table 2, figure 4). Despite its high symptom burden, 
it was not independently associated with hospitalisations or 
mortality (table 3). Findings were similar in SPIROMICS (online 
supplemental table S8).

The obstructive CPFE subtype was equally common in the two 
studies (figure 3). Female sex, black and Asian race/ethnicities, 
and higher BMI were associated independently with it (table 2). 
It was associated with obstructive spirometry, reduced AWT and 
greater TLV cross-sectionally (figure 4). In longitudinal analyses, 
it was associated with significant increases in the FEV1 and FVC 
(figure 4, online supplemental table S5) and an 80% increase in 
risk of CLRD mortality (table 3). The latter finding was indepen-
dent of AWT and ILAs but attenuated by per cent emphysema 
(online supplemental table S7).

The vanishing lung subtype occurred mainly in SPIROMICS 
(figure  3) and was independently associated with dyspnoea, 
desaturation on exertion and large increases in lung volumes 
(table 2 and online supplemental table S6.

There were modest differences for some CT emphysema 
subtypes by CT manufacturer (online supplemental table S9).
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Chronic obstructive pulmonary disease

Genetic associations
In SPIROMICS, no SNP reached genome-wide significance for 
the CBaE subtype; however, rs35563062 was significantly asso-
ciated with the lowest attenuation (most severe) of the three 
possible subtypes that comprise the CBaE subtype in White and 
all participants (p=1.1×10−8; figure 5 and online supplemental 
table S10). Meta-analysis of replication results was statistically 
significant in white and all participants (online supplemental table 
S11). It did not show evidence for colocalisation. The closest 
gene, DRD1, encodes for the dopamine receptor1 (DRD1).

There were no replicated genome-wide significant associa-
tions for the diffuse or senile subtypes.

The SNP most significantly associated with the restrictive 
CPFE subtype in White and all participants (rs113562654, 
p=4.5×10−8) lies in NR2C1 (figure 5 and online supplemental 
table S10). Meta-analysis of replication results was statistically 
significant in white and all participants (online supplemental 
table S11) and it colocalised with eQTL for NR2C1 in GTEx 
lung tissue (online supplemental figure S5).

Two loci were identified for obstructive CPFE subtype 
(figure  5 and online supplemental table S10), of which one 
(rs149784669, p=4.6×10−9), near to EXOSC, was unique to 
and replicated among blacks (online supplemental table S11).

The PI Z variant in SERPINA1 was not significantly associated 
with a CT emphysema subtype.

DISCUSSION
Unsupervised machine learning on over 1.8 million emphy-
sematous regions on CT scans defined 6 reproducible CT 
emphysema subtypes with distinct symptoms, physiology, 
prognosis and, for 3, replicated genetic associations. The two 
most common subtypes predicted incident airflow limitation 
among participants without COPD, improving the specificity 
of ‘pre-COPD.’ All resembled early COPD subtypes, which are 

ignored in contemporary guidelines, and provide precise CT-de-
fined subtypes, some of which suggest avenues to personalised 
medicine.

The most common emphysema subtype in SPIROMICS was 
the CBaE subtype, which was read by radiologists as centrilob-
ular or panlobular emphysema. The CBaE subtype was strongly 
related to smoking and uniquely associated with bronchitic 
symptoms, unchanged TLV and increased haemoglobin—similar 
to the original description of bronchitic, type B (‘blue bloaters’) 
COPD: patients who ‘produced large quantities of sputum, …
had relatively smaller total lung capacities’ and polycythaemia.5 
The CBaE subtype also was associated independently with accel-
erated lung function decline, incident airflow limitation, exac-
erbations, hospitalisations and all-cause mortality. The original 
type B subtype applied to few patients; the machine-learnt CBaE 
subtype appears to be a major subset of smoking-related COPD 
and ‘pre-COPD.’

The CBaE subtype was associated with a gene variant near 
DRD1. DRD1 is relevant to smoking-related disease as nico-
tine has dopaminergic effects.51 DRD1 is present on the airway 
epithelium, where it increases mucin production and specifically 
MUC5AC,52 consistent with the observed bronchitic symp-
toms with this subtype. MUC5AC is hypothesised to contribute 
to COPD53 by causing small airway loss54 and lung function 
decline,55 as observed for this subtype. Dozens of approved 
drugs target DRD1, suggesting paths towards personalised treat-
ments for the CBaE subtype.

The diffuse subtype was associated with few symptoms, lower 
BMI and higher TLV, similar to the original description of emphy-
sematous, type A (‘pink puffers’) COPD who had ‘little sputum, 
and rarely showed hypercapnia or recurrent heart failure; their 
total lung capacities tended to be increased.’5 56 It also was 
associated with incident airflow limitation and CLRD hospi-
talisations and deaths. The diffuse subtype was not recognised 

Figure 4  Multivariable associations of CT emphysema subtypes with symptoms, physiology, lung structure and lung function decline in the 
MESA Lung Study. *β estimates for continuous outcomes show the effect size per 10% increment in CT emphysema subtype, except for per cent 
emphysema, which is per 1% increment in CT emphysema subtype. The β estimates for chronic bronchitis and interstitial lung abnormalities are the 
log(ORs). All results adjusted for age, sex, race/ethnicity, height, weight, smoking status, pack-years, scanner manufacturer and other CT emphysema 
subtypes. CPFE, combined pulmonary fibrosis/emphysema; FEV1, forced expiratory volume in 1 s; FVC, forced expiratory volume in 1 s; MESA, Multi-
Ethnic Study of Atherosclerosis; MRC, Medical Research Council.
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Chronic obstructive pulmonary disease

Figure 5  Manhattan and local association plots for the three genome-wide significant, replicated gene variants for three CT emphysema subtypes 
in SPIROMICS.The red lines show the level of statistical significance (p=5×10–8). The genome-wide significant SNP for the Combined Bronchitis-
Apical Emphysema subtype replicated among Whites (p=0.01) and the entire replication sample (p=0.04). The genome-wide significant SNP for the 
restrictive CPFE subtype replicated among Whites (p=0.01) and the entire replication sample (p=0.04). The first genome-wide significant SNP for 
the obstructive CPFE subtype on chromosome 19 had variance only among black participants and replicated in this sample (p=0.046). The second 
genome-wide significant SNP for the obstructive CPFE subtype on chromosome 16 did not replicate. There were no significant replicated genetic 
associations for the diffuse and senile CT emphysema subtypes (not shown). *Results are shown for the lowest attenuation (most severe) of the three 
preliminary subtypes that comprise the Combined Bronchitis-Apical Emphysema subtype. COPD, combined pulmonary fibrosis/emphysema; CPFE, 
combined pulmonary fibrosis/emphysema; SNP, single-nucleotide polymorphism; SPIROMICS, Subpopulations and Intermediate Outcome Measures in 
COPD Study.
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independently by radiologists but was strongly correlated with 
per cent emphysema (r=0.88). This homogeneous loss of lung 
tissue may relate to microvascular disease57 58 or environmental 
exposures.59 The original type A subtype has largely disappeared 
from the literature; the machine-learnt diffuse subtype appears 
to be a major subset of COPD and ‘pre-COPD’ unrelated to 
smoking.

The senile subtype was age-related but not associated inde-
pendently with morbidity or mortality. The concept of a benign, 
age-related emphysema is long-standing in the literature60–63 but, 
to our knowledge, has not been specifically defined previously.

Two CPFE subtypes were more common among non-white 
participants: one common in participants with a smoking history 
and associated with restrictive physiology; the other common 
in the general population and associated with obstructive phys-
iology. The first was classified by radiologists as centrilobular 
or paraseptal emphysema; the second was not recognised inde-
pendently. Distinct gene variants were identified for each. The 
first is in NR2C1, which is close to FGD6, which is implicated 
in macular degeneration, another smoking-related disease.64 
The other, which was observed only in Black participants, is 
near EXOSC5, which is expressed in the lung65 and codes for 
exosome component 5, which is implicated in lung diseases.66 67 
CPFE tends to have high symptom burden,68 consistent with our 
findings, and restrictive physiology is relevant in COPD.3 69

The last, rare CT emphysema subtype occurred only with a 
smoking history, was bullous, and visually resembled vanishing 
lung syndrome (giant bullous emphysema).70

This is the first report of which we are aware to use large-scale 
unsupervised learning on CT images to define new CT emphy-
sema subtypes. Our preliminary report24 yielded similar possible 
emphysema subtypes but was based on 1/10 the sample size. 
Unsupervised approaches using an autoencoder71 and existing 
CT measures72 on small subsets of SPIROMICS and a prelim-
inary report using standard texture features in a generative 
model73 did not result in familiar subtypes.

Strengths of the current report include automated learning 
of emphysema subtypes on lung images, high reproducibility 
of learning, CT emphysema subtypes that echo the older liter-
ature, biologically relevant genetic associations and multiethnic 
discovery and replication.

Nonetheless, data reduction strategies were not as robust 
as unsupervised machine learning and some CT emphysema 
subtypes might represent a more severe form of another, 
although genetic and longitudinal results support the current 
classification. The distribution of some CT emphysema subtypes 
varied between SPIROMICS and MESA Lung, which was 
expected given study design differences. We did not validate 
the subtypes against histology, preventing cellular-level insights. 
No gold standard was available, but the mirroring of the classic 
literature suggests construct validity. Learning was based on 
cross-sectionally acquired scans, although longitudinal anal-
yses suggested subtypes were relatively stable. CT emphysema 
subtypes are continuous measures; further work is needed to 
define thresholds to categorise individuals. Differentiation of 
CPFE subtypes from traction bronchiectasis and honeycombing 
was not explicit; however, the predominantly upper lobe and 
generalised anatomic distributions of the two CPFE subtypes 
were not typical of them. Events analyses used cardiac CT scans, 
which may underestimate risk for some subtypes. Some epidemi-
ological associations varied by study, but many were consistent 
with the classic literature. Not all genetic results colocalised; 
nonetheless, replicated loci and nearby candidate genes were 
biologically plausible.

In summary, large-scale unsupervised machine learning applied 
to lung CT scans defined six novel, reproducible CT emphysema 
subtypes that bore similarities to previously described but largely 
discarded subtypes. The CBaE and diffuse subtypes were associ-
ated with incident airflow limitation among individuals without 
COPD and poor outcomes among those with COPD. Additional 
studies are warranted to test if implicated genes are causal and 
drugs targeting identified pathways yield personalised strategies 
for ‘pre-COPD’ and COPD.
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