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COPD is a heterogeneous syndrome. Many COPD subtypes have been proposed, but there is not
yet consensus on how many COPD subtypes there are and how they should be deﬁned. The COPD
Genetic Epidemiology Study (COPDGene), which has generated 10-year longitudinal chest imaging, spirometry, and molecular data, is a rich resource for relating COPD phenotypes to underlying genetic and molecular mechanisms. In this article, we place COPDGene clustering
studies in context with other highly cited COPD clustering studies, and summarize the main COPD
subtype ﬁndings from COPDGene. First, most manifestations of COPD occur along a continuum,
which explains why continuous aspects of COPD or disease axes may be more accurate and
reproducible than subtypes identiﬁed through clustering methods. Second, continuous COPDrelated measures can be used to create subgroups through the use of predictive models to
deﬁne cut-points, and we review COPDGene research on blood eosinophil count thresholds as a
speciﬁc example. Third, COPD phenotypes identiﬁed or prioritized through machine learning
methods have led to novel biological discoveries, including novel emphysema genetic risk variants and systemic inﬂammatory subtypes of COPD. Fourth, trajectory-based COPD subtyping
captures differences in the longitudinal evolution of COPD, addressing a major limitation of
clustering analyses that are confounded by disease severity. Ongoing longitudinal characterization of subjects in COPDGene will provide useful insights about the relationship between lung
imaging parameters, molecular markers, and COPD progression that will enable the identiﬁcation
of subtypes based on underlying disease processes and distinct patterns of disease progression,
with the potential to improve the clinical relevance and reproducibility of COPD subtypes.
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COPD has many different clinical presentations, and
COPD can be viewed as an umbrella syndrome that
encompasses many distinct diseases.1 Despite recent
efforts to expand the criteria for diagnosing and
staging COPD, the deﬁnitions from expert panels2 do
not fully capture the clinical heterogeneity of the
disease.
The COPD Genetic Epidemiology Study (COPDGene)
has generated detailed, longitudinal clinical phenotyping
and genomic data for thousands of smokers, and these
data are a rich resource for understanding the clinical
and molecular heterogeneity of COPD. Machine
learning methods can be used to identify new subtypes
of COPD, deﬁned by using patterns of clinical and
molecular markers. Dozens of articles using COPDGene
data have addressed this question, but there has been no
comprehensive review of these scientiﬁc contributions.
The current article reviews the most relevant subtyping
articles from COPDGene according to the broad questions
they address: (1) How can clustering methods be used to
discover novel subtypes, and are these subtypes
reproducible? (2) What other machine learning methods
besides clustering can be used to study COPD
heterogeneity? (3) How can cut-points be deﬁned in a
data-driven way to turn continuous COPD measures into
subtypes? (4) How can machine learning on chest CT data
improve our ability to characterize COPD heterogeneity?
(5) Are there distinct trajectories of lung function over the
life course that correspond to molecular subtypes of
COPD? In addition to this review, the contributions of
COPDGene to COPD imaging,3 physiology,4 clinical
epidemiology,5 genetics,6 and biomarker discovery7 have
been covered in separate reviews.
The following sections provide a brief background on
the study of COPD subtypes and the use of unsupervised
machine learning methods for disease subtyping, and we
summarize the most important published results in this
area using COPDGene data.

Historical Perspective on COPD Subtypes
Clinicians and COPD researchers have long recognized
that COPD encompasses multiple different disease

CORRESPONDENCE TO: Peter J. Castaldi, MD, Channing Division of
Network Medicine, Brigham and Women’s Hospital, 181 Longwood
Ave, Boston, MA 02115; e-mail: repjc@channing.harvard.edu
Copyright Ó 2020 American College of Chest Physicians. Published by
Elsevier Inc. All rights reserved.
DOI: https://doi.org/10.1016/j.chest.2019.11.039

1148 CHEST Reviews

processes. However, it has been difﬁcult to precisely
deﬁne the molecular underpinnings of the diverse
phenotypic manifestations of COPD. As a result, the
COPD ﬁeld lacks the information required to develop a
sufﬁciently detailed, comprehensive disease
classiﬁcation. The 1958 CIBA Symposium was a
landmark event in COPD subtyping, and the summary
of this symposium states that the lack of a precise COPD
deﬁnition resulted in “confusion and misunderstanding
between investigators working in different centers and in
different branches of medicine” that limited the
fundamental understanding of COPD.8 The CIBA
Symposium framework remains inﬂuential today,
particularly with respect to: (1) pathologic classiﬁcation
of emphysema based on the anatomy of the secondary
pulmonary lobule; (2) the differentiation of reversible
(asthma-related) from irreversible (COPD-related)
pulmonary obstruction; and (3) the identiﬁcation of
chronic bronchitis and emphysema as the two primary
clinical phenotypes of COPD.
In subsequent work, Charles Fletcher and Benjamin
Burrows expanded on the concept of the chronic
bronchitis and emphysema-predominant subtypes of
COPD by using a variety of clinical measurements to
deﬁne type A (emphysema-predominant) and type B
(bronchial) COPD subtypes.9,10 Notably, this
classiﬁcation also included type X patients who did not
meet criteria for either category, and although the authors
provided general outlines for these subtypes, they
concluded that “ﬁrm deﬁnitions of the syndromes would
be premature” due to lack of understanding of the
etiologic mechanisms of COPD. In subsequent years,
multiple additional COPD subtypes were proposed,
including the frequent exacerbator subtype,11,12 asthmaCOPD overlap,13 and upper lobe-predominant
emphysema.14
With the advent of larger datasets, machine learning
methods were used for COPD subtype discovery,15-20
and a selected list of such studies in included in Table 1.
However, these clustering studies used different methods
and variables, making it challenging to synthesize and
interpret this literature.21
In addition, there are fundamentally different
perspectives on whether COPD is best described by
using distinct subgroups or rather multiple overlapping
disease processes. The term COPD “subtypes” has two
common uses. It refers broadly to the study of COPD
heterogeneity, but in its more speciﬁc meaning it refers
to distinct, nonoverlapping subgroups of subjects. The
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TABLE 1

] Selected Publications Using Machine Learning Methods to Identify Clusters or Disease Axes in COPD

Category
Clustering

Disease
axes

PMID

Year

No. of Subjects

No. of
Clusters/Axes

Method

18248806

2008

415

2 clusters

Fuzzy clustering

19501190

2009

415

2 clusters

Multidimensional scaling
and KHM clustering

20233420

2010

308

4 clusters

K-means

20075045

2010

322

4 clusters

Principal components analysis
and hierarchical clustering

21177668

2011

342

3 clusters

K-means

22154126

2012

102

2 clusters

K-means

23236428

2012

527

3 clusters

Principal components analysis
and hierarchical clustering

23392440

2013

213

5 clusters

Self-organizing maps

23613569

2013

1,543

3 clusters

Tree-based clustering

23536961

2013

157

4 clusters

Factor analysis and k-means

24563194

2014

8,288

4 clusters

K-means

25642832

2015

2,164

5 clusters

Factor analysis and random
forests clustering

26773458

2016

364

4 clusters

Network-based stratiﬁcation

28943279

2017

9,210

3 clusters

Random forests clustering

29097431

2017

6,060

5 clusters

Hierarchical clustering

28637835

2017

17,146

Multiple
solutions

Random forests and k-medoids clustering

29671603

2018

4,606

4 trajectories

Bayesian trajectory modeling

19480658

2009

127

4 disease
axes

Principal components analysis

29771274

2018

8,157

5 disease
axes

Factor analysis

31189730

2019

4,726

6 disease
axes

Weighted logistic regression

term “endotype”22 refers to underlying molecular
processes that deﬁne subtypes, similar to the concept of
T-helper type 2-mediated airway inﬂammation in
asthma.23 Unlike subtypes or endotypes, the term
“treatable traits”24 was proposed as an alternative to the
concept of subtypes in which rigid subgroup boundaries
were replaced by a more ﬂexible characterization based
on overlapping traits, such as bronchodilator
responsiveness, airway wall thickening, and sputum
eosinophilia. In the treatable traits paradigm, subjects

with COPD can have many overlapping disease
processes that may vary in severity, rather than being
classiﬁed into one and only one subtype. A similar
concept has also been proposed in diabetes.25 Finally,
the term “disease axis”26 refers speciﬁcally to continuous
measures that are composed of many contributing
variables. Disease axes are produced by a speciﬁc class of
machine learning methods called dimension reduction
algorithms, and they were proposed as an alternative to
clustering algorithms for COPD subtyping.

Challenges and Applications of Unsupervised
Machine Learning Methods in COPD
Subtyping

complex datasets. Two major classes of unsupervised machine
learning algorithms are clustering and dimension reduction.
Clustering algorithms such as k-means or hierarchical clustering seek
to assign subjects into groups by some measure of similarity. In this
sense, clustering methods simplify data along the subject dimension
by compressing a large number of subjects into a smaller number of
groups or clusters. When the data do not intrinsically have distinct
clusters, the choice of cluster number can be arbitrary, and highly
dataset- and method-dependent.

Machine learning refers to the design, development, and analysis of
computational algorithms that automatically “learn” from experience
(data) to achieve a speciﬁc task. In COPD, unsupervised learning
algorithms have been used to discover novel subtypes by mining
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Dimension reduction methods simplify datasets along the variable
dimension by combining measured variables into a smaller number
of composite variables that contain as much of the original
information as possible. Dimension reduction is most useful when
there is strong correlation structure in a dataset, because much of
the information can be “compressed” into a smaller number of
composite variables, thereby reducing the dimension of the original
dataset.
With the increasing availability of data-rich measurements such as
CT images and genomic datasets in thousands of subjects with
COPD, machine learning has the potential to discover novel

COPDGene Contributions to the Identiﬁcation
of COPD Subtypes and Disease Axes
COPDGene enrolled a total of 10,192 current and
former smokers across the full spectrum of lung
function at 21 different centers across the United
States.27 At baseline, 43% of subjects had normal
spirometry ﬁndings, and 36% were in Global Initiative
for Chronic Obstructive Lung Disease (GOLD) stage 2,
3, or 4. Two-thirds of the subjects were non-Hispanic
white, and one-third were African American. Fortyseven percent were women, and the average age of
subjects at enrollment was 60 years. Nearly all study
subjects underwent spirometry, questionnaire
assessments, standardized inspiratory and expiratory
chest CT imaging, and genome-wide genotyping. Fiveyear follow-up data were obtained for 6,758 subjects,
and 10-year visits are currently being conducted.
Figure 1 provides an overview of the number of subjects
and data types currently available for each of the three
COPDGene visits, and Figure 2 provides an overview of
the major ﬁndings from machine learning analyses of
COPD subtypes and disease axes in COPDGene data.
How Can Clustering Methods Be Used to Discover
Novel Subtypes, and Are These Subtypes
Reproducible?

To identify COPD subtypes using clinical variables,
Castaldi et al18 analyzed spirometric and imaging
variables using k-means clustering to identify four
clusters of phenotypically distinct subjects in
COPDGene. These clusters were: (1) relatively resistant
to smoking; (2) mild upper lobe emphysemapredominant; (3) airway-predominant COPD; and (4)
severe airﬂow obstruction and emphysema. Although
the average characteristics of the four clusters were
distinct, when we visualized the clusters, there was little
separability between the groups (Fig 3A), indicating that
the subjects in COPDGene are distributed along a
continuous spectrum of phenotypic variability, rather
than forming clearly distinct clusters.
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connections between the physiologic manifestations of COPD and
their underlying biological processes. However, the application of
machine learning to COPD subtyping faces many challenges.
Machine learning algorithms are complex and do not always
produce results that are reliable or readily interpretable. Effective
applications of machine learning often still rely on human
expertise to extract the proper meaning from noisy variables and
to evaluate between multiple possible outputs from the same
algorithm. The current article illustrates the limitations of
machine learning in COPD subtyping and some of the successes
to date.

When genetic association testing was performed for
these clusters, the severe obstruction/emphysema and
the upper lobe-predominant groups exhibited a strong
association with several known COPD-associated
variants, whereas the airway-predominant groups had a
much weaker pattern of genetic association. The
observation of strong genetic associations to the mild
upper lobe-predominant groups led to subsequent
articles examining the genetic basis of apico-basal
emphysema distribution. A genome-wide association
study for emphysema distribution identiﬁed ﬁve
genome-wide signiﬁcant associations,28 and subsequent
cell-based functional studies identiﬁed an emphysemaassociated functional variant altering the expression of
ACVR1B, a signaling receptor in the transforming
growth factor-b (TGF-b) superfamily.29 In a separate
clustering analysis focused speciﬁcally on measures of
emphysema distribution, the upper lobe-predominant
group was observed to have more rapid 5-year
progression of emphysema in both unadjusted and
multivariate adjusted analyses.30
To determine whether blood gene expression data can be
used to stratify smokers according to systemic
inﬂammation state, Chang et al31 applied a networkbased stratiﬁcation method to gene expression data from
subjects from COPDGene and Evaluation of COPD
Longitudinally to Identify Predictive Surrogate Endpoints
(ECLIPSE) studies. This analysis identiﬁed reproducible
gene expression signatures that distinguished four
subtypes of smokers. These signatures distinguished
subjects with moderate airﬂow obstruction from those
without obstruction; in addition, the signatures of some
subgroups were enriched for inﬂammatory pathways
such as IL6-JAK-STAT signaling, in which the expression
of this pathway was increased in the cluster with the
lowest average FEV1 relative to the cluster with the
highest FEV1. Other gene functional categories such as
lymphocyte activation, wound healing, and protein
catabolism were also associated with subtype signatures.
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5 years

10 years

COPDGene Visit 1

COPDGene Visit 2

COPDGene Visit 3

• Total subjects = 10,192
• Data:
• Spirometry
• Chest CT imaging
• Whole-genome
sequencing
• Serum proteomics

• Total subjects = 6,758
• Data:
• Spirometry
• Chest CT imaging
• Blood RNA
sequencing
• Serum proteomics

Baseline

• Ongoing enrollment
• Data:
• Spirometry
• Chest CT imaging

Figure 1 – Overview of data gathered at the baseline, 5-year, and 10-year visits of the COPD Genetic Epidemiology Study (COPDGene).

When we compared the overlap between the clustering
assignments for 120 COPDGene subjects included in
both the Castaldi et al18 and Chang et al31 articles, the
clusterings were different (Table 2).
Because the studies by Castaldi et al18 and Chang et al31
used different input variables, it is not surprising that the
clusters differed. However, for studies evaluating similar
variables, one would expect that clustering studies across
different cohorts would produce similar results. In fact,
when comparing the average characteristics of clusters,
the subtypes identiﬁed by Castaldi et al do show some
similarity to those reported in other studies. In 342

Subtypes

COPD subtypes have
distinct patterns of
systemic
inflammation31

subjects with COPD hospitalized for respiratory
exacerbation,16 three clusters were identiﬁed, two of
which resembled the airway-predominant COPD and
severe airﬂow and emphysema clusters. The upper lobepredominant emphysema cluster was not identiﬁed in
this study, which was expected because it did not include
CT-quantiﬁed emphysema. In another study of 415
subjects with COPD recruited from outpatient clinics,15
two clusters were identiﬁed that again resembled the
airway-predominant COPD and severe airﬂow and
emphysema groups. In the only systematic review
conducted of COPD clustering studies, Pinto et al21

Upper lobe-predominant
emphysema subtype has
distinct genetic associations18
and more rapid emphysema
progression29

Lung function trajectory
subtypes have up to 80%
estimated genetic
heritability43

Biological Discovery
• GWAS of emphysema distribution
identifies genetic variant altering
ACVR1B expression28,29
• GWAS of local histogram
emphysema identifies genetic
variant altering TGFB2 expression41
• COPD subtype associated with
increased IL6-JAK-STAT signaling31

Disease
Axes

Disease axes more
reproducible than
clusters in an
analysis of 10
independent
cohorts32

Disease axes track
with airway and
emphysema
predominance and
are associated with
mortality26

Local histogram emphysema
measures are more strongly
associated with spirometry findings
and symptoms than traditional CT
emphysema measures39

Clinical Translation
• Exacerbation risk models
suggest threshold value
of 300 cells/µL35

Disease axes learned from
subtypes are more
predictive of FEV1 decline
and emphysema progression
than original subtypes34

Peripheral eosinophil
counts are linearly
associated with
exacerbation risk35

Figure 2 – Summary of contributions from COPDGene to machine learning approaches to COPD subtyping. GWAS ¼ genome-wide association study.
See Figure 1 legend for expansion of other abbreviation.
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Figure 3 – Scatterplot matrices show the distribution of clustering-deﬁned subtypes (Castaldi et al18) in principal component space for 500 subjects from
COPDGene (A), and the same subjects projected along the dimensions of FEV1 % predicted, CT quantitative emphysema, and CT airway wall thickness
with points colored by Global Initiative for Chronic Obstructive Lung Disease spirometric categories (B). AP ¼ airway predominant; AWT, % ¼ airway
wall thickness as a percentage of total luminal area for segmental airways; G0-G4 ¼ Global Initiative for Chronic Obstructive Lung Disease spirometric
stages 0 to 4; PC ¼ principal component; PRISm ¼ preserved ratio impaired spirometry (ie, FEV1 < 80% of predicted, FEV1/FVC > 0.7); RRS ¼
relatively resistant smokers; SEO ¼ severe emphysema and obstruction; UEP ¼ upper lobe emphysema predominant. See Figure 1 legend for expansion
of other abbreviation.

found two recurring clusters that seem to share
characteristics with the airway-predominant COPD and
severe airﬂow and emphysema clusters. However, Pinto
et al also noted that it was not possible to perform a
quantitative comparison of clustering results because the
methods and variables used across studies were
dissimilar, and thus quantitative assessment of the
reproducibility of clustering results could not be
performed.

TABLE 2

] Comparison of K-Means Clustering and NBS
Clustering Results Shows Little Overlap

Variable
Relatively resistant
smokers
Upper lobe predominant
emphysema

NBS1

NBS2

NBS3

NBS4

20

10

3

2

5

9

1

1

Airway predominant

15

11

0

3

Severe COPD

15

13

1

11

For 120 COPDGene subjects analyzed in both the Castaldi et al18 phenotype
clustering article and the Chang et al31 gene expression clustering article,
the overlap between clustering assignments was modest. Network-based
stratiﬁcation (NBS) clusters are ordered as in the original manuscript by
average level of FEV1 (ie, NBS1 has highest average FEV1).
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To directly address the question of the reproducibility of
clustering in COPD, a collaborative study in the
International COPD Genetics Consortium (ICGC) was
performed to assess the subject-level similarity of
clustering results from multiple methods applied across
multiple cohorts.32 This study showed that clustering
results were only modestly reproducible. However, the
principal component axes derived from these same
datasets were very stable. This suggests that, for the set
of variables studied, the COPD “phenotypic space” is a
continuum rather than a group of discrete clusters.
Figure 3B shows the continuous nature of the COPD
phenotypic space for different sets of variables in
COPDGene. This continuous phenotypic space is more
amenable to dimension reduction than clustering.
A subsequent clustering reproducibility study33 from the
COPD Cohorts Collaborative International Assessment
(3CIA) reported greater agreement, although the metrics
of reproducibility differed between the two studies. In
the ICGC study,32 clustering reproducibility was
assessed by comparing the results of clustering analyses
performed de novo in each of the participating cohorts.
In the 3CIA study, clustering was performed in a single
cohort, and the reproducibility of cluster-speciﬁc

[

157#5 CHEST MAY 2020

]

In summary, these studies highlight that clustering is
useful for identifying novel connections between clinical
phenotype and molecular measures. However, the
reproducibility of clustering across datasets may not be
high, because COPD clinical datasets often do not have a
strong clustering structure. Thus, for any clustering
result, demonstration of reproducibility of the clustering
process itself is essential for any claims about the
generalizability or clinical translation of the cluster
assignments.
What Other Machine Learning Methods Besides
Clustering Can Be Used to Study COPD
Heterogeneity?

Mortality (%)

mortality rates was assessed across multiple cohorts by
using this single clustering solution. Although both
studies are valid, the deﬁnition of clustering
reproducibility is not the same. The ICGC results
provide information on the reproducibility of the
clustering process itself, whereas the 3CIA study reports
the reproducibility of average characteristics and event
rates of a single clustering solution.
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Figure 4 – The y-axis represents the predicted probability of all-cause
mortality ranging from 4% (shown in dark blue), 5% to 10% (shown
in purple), 10% to 15% (shown in blue), 15% to 20% (shown in green),
20% to 25% (shown in orange), 25% to 30% (shown in yellow), 30% to
35% (shown in red), to > 35% (shown in dark red) for each decile of
loading score for factors 1 (Emphysema Axis) and 2 (Airway Axis) in a
Cox proportional hazards model including age, sex, current smoking,
pack years of smoking, BMI, high BP, each of the ﬁve factors, the
interaction between factors 1 and 2, and a quadratic term for factor 2.
The x and z axes represent deciles of each axis, ranging from 1 (representing a small loading score) to 10 (representing a large loading score).

As an extension of the ﬁnding that disease axes were
more reproducible than clusters, Kinney et al26 applied
another dimension reduction method (factor analysis) to
28 chest CT and pulmonary function measures in
COPDGene to identify COPD disease axes. In factor
analysis, the contribution of the original variables to
each factor can be quantiﬁed through the factor loadings
for each axis. Pulmonary function measures contributed
strongly to the ﬁrst two factors: the ﬁrst was labeled as
the emphysema disease axis based on contributions
from multiple CT emphysema measures, and the second
was labeled as the airway disease axis due to
contributions of CT measures of the thickness of the
segmental airway walls. Three other factors were
identiﬁed: two represented both gas trapping and
hyperinﬂation, and one captured CT measurement
variability associated with BMI. These factors were then
incorporated into predictive models of mortality and
clinical outcomes in COPD. Both the airway and
emphysema disease axes were related to mortality, with
a statistically signiﬁcant, synergistic interaction between
the airway and emphysema disease axes (Fig 4).

practice, this is done by building a logistic regression
model to discriminate between the two subtypes or
subgroups, with the predicted values from this model
constituting a subtype-deﬁned disease axis. We applied
this method to build a chronic bronchitis disease axis.
We observed that, relative to the presence or absence of
chronic bronchitis at baseline, the disease axis provided
better prediction for 5-year change in FEV1
(6.4% vs 6.0% variance explained) and emphysema
(12.8% vs 7.5% variance explained), and disease axis
values at baseline were predictive of persistent chronic
bronchitis symptoms at the COPDGene 5-year followup visit (Fig 5).

Chen et al34 developed an approach to generate more
clinically interpretable disease axes that would allow
users to have a greater level of control in determining
the orientation of a disease axis. The concept of this
method is to create disease axes that are oriented or
“anchored” at either end by known COPD subtypes. In

How Can Cut-Points Be Deﬁned in a Data-Driven
Way to Turn Continuous COPD Measures Into
Subtypes?

chestjournal.org

In summary, COPD clinical variability is typically
distributed along a continuum, and continuous disease
axes generated by dimension reduction methods are
more natural representations of this continuum that are
also more likely to be reproducible than clusters. A
direct comparison between subtypes and disease axes
showed that disease axes often provide more accurate
prediction of future COPD-related events.

If continuous disease axes are more accurate and
reproducible than clusters, how could such continuous
phenotypes be used to help make clinical decisions?
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CB Disease Axis

2

P < .001

P < .001

1

according to criteria based on assessment of risk for
COPD-related outcomes. This article shows how
predictive models can be used to identify speciﬁc
subtype cutoffs, although this method also raises the
possibility of having different sets of COPD subtypes
corresponding to different clinical outcomes.
How Can Machine Learning on Chest CT Data
Improve Our Ability to Characterize COPD
Heterogeneity?

0

–1

CB [0,0]

CB [1,0]

CB [1,1]

Figure 5 – Distribution of chronic bronchitis disease axis values at the
COPDGene baseline visit according to presence of chronic bronchitis
symptoms at the baseline and 5-year study visit. Subjects with persistent
chronic bronchitis symptoms (ie, present at both visits, CB [1,1]) had
disease axis values that were higher than subjects without chronic
bronchitis (CB [0,0]) and subjects with intermittent symptoms (CB [1,0]
for chronic bronchitis at baseline but not at the 5-year visit). P values
were calculated by using the Mann-Whitney U test. See Figure 1 legend
for expansion of abbreviation.

Yun et al35 addressed this question by examining the
relation between peripheral blood eosinophil
measurements and risk of COPD exacerbations. In
COPDGene subjects in GOLD spirometric stages 2, 3, or
4, the number of respiratory exacerbations was linearly
related to the number of eosinophils in the peripheral
blood, and this relation was stronger with absolute
eosinophil counts rather than with eosinophil
percentage. To determine a reasonable cutoff, prediction
models for exacerbations were made using a range of
cutoffs on absolute eosinophil count, with a value of 300
cells/mL having the best performance. These models
were validated in subjects from the ECLIPSE study.
These ﬁndings are consistent with other reports,
including an analysis of 7,225 subjects with COPD in the
Copenhagen General Population Study, which also
found that absolute eosinophil counts provided superior
prediction of respiratory exacerbations relative to
eosinophil percentages.36 This study used a similar
count threshold of 340 cells/mL. Another analysis of
7,245 subjects with COPD conﬁrmed that a cutoff of 300
cells/mL was associated with exacerbation rate in
multivariate models, and the exacerbation rate increased
with higher cutoff thresholds.37
The study by Yun et al35 provides a roadmap for how to
turn continuous COPD phenotypes (in this case,
peripheral eosinophilia) into clinically relevant subtypes
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Semi-automated classiﬁcation of emphysema patterns
and airway wall thickness from thousands of
COPDGene CT scans has improved our ability to divide
COPD into distinct subgroups. Mendoza et al38 used
k-nearest neighbor clustering to quantify distinct CT
emphysema patterns by comparing local lung density
histograms vs a set of manually curated reference
patterns of pathologic emphysema in > 9,000 CT scans
from COPDGene. The resulting local histogram
emphysema quantiﬁcations had stronger associations to
a range of spirometric and functional measures than
standard measures of CT emphysema,39 and genomewide association study of these measures identiﬁed
known and novel genetic associations.40 One of the
genetic regions identiﬁed by the genome-wide
association study was subsequently shown using
CRISPR gene editing to contain a ﬁbroblast-speciﬁc
enhancer element that increases the expression of
TGFB2 in ﬁbroblasts; this ﬁnding provides additional
genetic evidence of the link between emphysema and
TGF-b signaling in human COPD.41
Are There Distinct Trajectories of Lung Function
Over the Life Course That Correspond to Molecular
Subtypes of COPD?

COPD subtypes are usually deﬁned based on crosssectional data, but subtypes learned in this manner can be
confounded by differences in disease severity. For certain
tasks, such as the identiﬁcation of genetic associations to
COPD, it is desirable to identify distinct patterns of disease
progression that are not confounded by these severity
differences. To address this need, Ross et al42 developed a
Bayesian modeling approach that incorporates the concept
of disease trajectories into COPD subtype identiﬁcation.
This study used decades-long longitudinal spirometric
data in the Normative Aging Study (NAS) to identify and
model four distinct patterns of FEV1 decline. Interestingly,
the trajectory with the most rapid rate of decline in mid-life
was also characterized by the lowest maximal FEV1
attained, suggesting this was a low lung growth/rapid
decline trajectory (Fig 6).
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cohorts found that clustering results were poorly
reproducible. The conclusion from this study is that, in
some instances, clustering is poorly suited for COPD
data that are distributed along a continuum without
distinct subgroups.32 Because of these issues of
reproducibility, greater focus has been placed on the
identiﬁcation of continuous measures of COPD-related
disease processes, such as treatable traits and disease
axes. Disease axes have been shown to be more
reproducible than clusters32 and more predictive of
5-year changes in FEV1 and emphysema.34
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Figure 6 – Four lung function trajectories learned from analyzing 1,060
men followed up for > 20 years in the Normative Aging Study. Trajectory 1 was characterized by both a lower maximal FEV1 attained as
well as a more rapid rate of lung function loss in mid-life. The other
trajectories differed primarily in maximal FEV1 attained but not in rate
of decline. See Figure 1 legend for expansion of abbreviation.

These models were then applied to a subset of
COPDGene subjects to infer their lung function
trajectory assignment. In COPDGene, subjects with
severe COPD were overrepresented in the low growth/
rapid decline trajectory. This trajectory seems to be
strongly associated with genetic differences based on a
higher rate of parental COPD and the high genetic
contribution to trajectories identiﬁed from heritabilitybased analysis.43 These ﬁndings are consistent with the
results of other trajectory-based analyses of COPD,44-46
and this is a promising approach for integrating
information between studies that have varying amounts
of longitudinal follow-up available.

Discussion and Future Directions
The main ﬁndings from the studies covered in this
review are as follows: (1) clustering is most useful for
exploratory analyses of COPD subtypes; (2) continuous
disease axes more accurately represent COPD
heterogeneity than clusters; (3) chest CT phenotypes
obtained through machine learning algorithms have
improved our ability to quantify COPD heterogeneity
and have led to novel biological discoveries, including in
the TGF-b pathway; and (4) trajectories of lung growth
and decline show strong genetic inﬂuences and may
enable more powerful biological discoveries in COPD.
Although the use of machine learning with rich COPD
datasets is promising, a strict replication analysis in 10
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Clinical translation of disease axes and treatable traits
requires that clinically relevant cutoffs be identiﬁed for
these continuous measures. The research by Yun et al35
in peripheral eosinophilia shows how support for cutoff
values can be derived from predictive risk models. By
relating eosinophilia to exacerbation risk, standard
statistical methods provided support for a cutoff of 300
cells/mL. Based on many additional studies of stability of
blood eosinophil counts and retrospective analysis of
clinical trial data, the GOLD 2019 criteria also included
the 300 eosinophils/mL threshold for considering ﬁrstline inhaled corticosteroids in subjects with group D
COPD.2 Thus, peripheral eosinophilia is a concrete
example of how a continuous COPD phenotype can be
translated into subtypes for clinical practice through the
development and replication of risk models for a COPDrelated outcome. This implies that different cutoffs and
subgroups may need to be deﬁned for different
outcomes. Thus, rather than asking “What are the
subtypes of COPD?” it may be better to determine which
subtypes are the most useful for a speciﬁc clinical
purpose.
As we discover more COPD-related biomarkers, we can
expect that COPD subtypes will increasingly be deﬁned
by using a combination of clinical features, imaging
characteristics, and molecular markers. As our
knowledge of genetic associations to COPD steadily
increases,47 and the quality of COPD phenotypes
improves, updated COPD subtype deﬁnitions will better
capture the clinical and biological heterogeneity of
COPD.
What are the key areas in which we anticipate
additional contributions from COPDGene? First, when
10-year follow-up data are available, associations to
disease progression will be more apparent, and more
detailed descriptions of lung function trajectories will
be possible. Second, the large-scale generation of DNA
sequencing, RNA sequencing, DNA methylation, and
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proteomic data from blood samples at the 5- and 10year visits will identify key molecular biomarkers of
COPD progression that will lead to improved
deﬁnitions of COPD molecular subtypes. Third,
updated analyses of disease progression can identify the
minimal sets of variables necessary for accurate risk
stratiﬁcation, making subtyping more broadly
applicable in a clinical setting. Finally, advances in
machine learning methods may lead to a more detailed
understanding of the relation between COPD
heterogeneity and disease progression.
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