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Abstract: Chronic Obstructive Pulmonary Disease (COPD) is a highly heterogeneous condition 

projected to become the third leading cause of death worldwide by 2030. To better characterize this 

condition, clinicians have classified patients sharing certain symptomatic characteristics, such as 

symptom intensity and history of exacerbations, into distinct phenotypes. In recent years, the growing 

use of machine learning algorithms, and cluster analysis in particular, has promised to advance this 

classification through the integration of additional patient characteristics, including comorbidities, 

biomarkers, and genomic information. This combination would allow researchers to more reliably 

identify new COPD phenotypes, as well as better characterize existing ones, with the aim of 

improving diagnosis and developing novel treatments. Here, we systematically review the last decade 

of research progress, which uses cluster analysis to identify COPD phenotypes. Collectively, we 

provide a systematized account of the extant evidence, describe the strengths and weaknesses of the 

main methods used, identify gaps in the literature, and suggest recommendations for future research.  

Keywords: chronic respiratory disease, subtypes, statistical analysis   

Introduction 

Chronic Obstructive Pulmonary Disease (COPD) is a group of lung diseases, such as emphysema, 

chronic bronchitis, and asthma, that cause breathing difficulties due to inflammation of the lungs and 

narrowing of the airways. Typical symptoms of COPD include breathlessness, a persistent cough with 

phlegm, frequent chest infections, and wheezing. Its main causes are smoking, which accounts for 

almost 90% of cases, occupational exposure to dust and fumes, and air pollution [1]. COPD 

represents one of the most common respiratory diseases, and it is projected to become the third 

leading cause of death worldwide by 2030 [2], principally because of difficulties in early, accurate 

diagnosis.  

To better characterize COPD and improve diagnosis, the extant research has identified 

different patient phenotypes (i.e., the common clinical characteristics shared by patients affected by 

COPD). These phenotypes are usually assessed through clinical examinations, generally following 

the recommendations provided by the Global Obstructive Lung Disease initiative (GOLD) [3]. 

Specifically, GOLD classifies COPD patients into four phenotype-like categories according to a 2x2 

matrix structured along the dimensions of symptoms and history of exacerbations (Table 1).  

[Table 1 about here] 
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Whilst beneficial in guiding clinical practice, this and other forms of COPD classification are 

often in need of stronger statistical support with respect to their predictive ability regarding clinically 

meaningful outcomes, such as mortality and response to treatment [4]. For instance, a large 

prospective study (n=12,108 patients) recently showed that COPD patients receiving maintenance 

therapy were similarly distributed across the four GOLD phenotypes when compared to patients who 

received a target treatment [5]. Likewise, the proportion of comorbidities and rate of exacerbations 

reported across the COPD groups were similar for both cohorts, suggesting a limited discriminatory 

ability of these phenotypes [5].  

To address this issue, research has increasingly called for the integration of other 

determinants, such as physiological characteristics (e.g., age, body mass index, waist circumference) 

[6-16,18], comorbidities (e.g., diabetes, cardiovascular diseases) [6,8,10,13,16,17,19], pulmonary 

function tests [7,8,11-16,19],biomarkers [6,19], and genetic variants [7], as valuable information to 

facilitate a more comprehensive characterization of the distinctive biological nature of COPD 

phenotypes, thereby promising to improve their predictive ability for clinically relevant outcomes. In 

particular, with sustained progress in applying machine learning algorithms to medicine, research has 

recently begun to put forward the powerful method of clustering – a machine learning method, which 

allows researchers to find structures in the data so that the elements of the same cluster (i.e., a 

phenotype) are more similar to each other than to those from different clusters [20], with the aim of 

integrating patients’ information and identifying patterns of association that can characterize COPD 

phenotypes more precisely.  

Yet, at present, there is still little evidence-based information available that both systematizes 

current knowledge on cluster analysis for COPD phenotype characterization and pinpoints the core 

benefits and limitations of the different approaches. Here, we aim to tackle this gap by reviewing the 

last decade of research, which uses cluster analysis to identify clinically meaningful COPD 

phenotypes. In the following sections of this article we describe our search strategy, synthetize the 

characteristics of the articles retrieved (e.g., study design, population, phenotypes’ features), and 

provide recommendations aimed at improving the use and performance of these methods in future 

research and clinical practice. 
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Search strategy and selection criteria 

In keeping with PRISMA guidelines, we conducted our search through a systematic consultation of 

the Medline PubMed, Cochrane Library, Scopus, and Web of Science (Figure 1) databases. 

[Figure 1 about here] 

We also hand-searched the reference lists of the retrieved articles. Additionally, we searched articles 

in leading pulmonary and respiratory medicine scholarly outlets to specifically include journals such as 

The Lancet Respiratory Medicine and The American Journal of Respiratory and Critical Care 

Medicine, among others.  

Briefly, we tailored the search to probe for overarching concepts and relations pertaining to the 

domains of machine learning and COPD phenotypes. Specifically, we searched for studies that used 

cluster analysis to identify COPD phenotypes by using the MeSH keywords “COPD”, “phenotypes”, 

“cluster analysis”, “clustering” and “machine learning” as well as their possible variants and 

combinations. Moreover, we aimed to search for articles in which the COPD phenotypes reported 

were validated by clinically meaningful outcomes, eg, mortality, exacerbations, and response to 

therapy. We also searched for ongoing registered studies relevant to our research question, including 

NOVELTY [21], SPIROMICS [22] and the BigCOPData [23] project, which, whilst informative to the 

overall picture, were not individually retained in our analysis because their final results have yet to be 

fully disclosed. 

Our search resulted in 117 articles published mainly in English and covering the period between 2003 

and 2019. After excluding duplicates, we screened 113 papers to select unambiguous publications of 

relevant research. Hereby, 65 articles were excluded because they were not relevant to COPD 

phenotypes and/or machine learning methods, while 34 studies were excluded because the COPD 

phenotypes reported had not been validated with clinically meaningful outcomes.  

Fourteen studies that satisfied our inclusion/exclusion criteria were retained in this review. Next, we 

present the entire body of retrieved studies, focusing in particular on the population characteristics, 

study design, sample size, the derived COPD phenotypes, and the clinical outcomes against which 

the phenotypes were validated of the articles respecting our inclusion criteria (Table 2). Moreover, we 

highlighted important inputs that we appreciated from the studies excluded from our systematic 

analysis, as well as specific phenotypes observed in the Evaluation of COPD Longitudinally to Identify 

Predictive Surrogate End-points (ECLIPSE) [24] study. 
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[Table 2 about here] 

Findings   

Studies respecting inclusion criteria for review  

Populations  

The sample size varied considerably across studies, spanning from 65 [18] to 30,961 patients [6].The 

majority of the retrieved works involved multi-centre, observational cross-sectional cohorts across the 

world (e.g., Italy, France, Spain, Belgium, United Kingdom, Korea, Japan, New Zealand, China). Data 

were collected from university hospitals, tertiary care, and pulmonary rehabilitation settings. This 

variability may explain the high variation in sample sizes. For instance, the largest study [6] (ie, 

CALIBER) covered a longitudinal cohort for a period of 18 years. This cohort comprised the data of 

electronic health records from three UK national resources: the Clinical Practice Research Datalink 

(CPRD), the Hospital Episode Statistics (HES), and information on cause-specific mortality from the 

Office for National Statistics (ONS). The second largest study [7] was based on the Genetic 

Epidemiology of COPD (COPDGene) and aimed to investigate the genetic factors responsible for 

COPD development. Moreover, similar to CALIBER [6], Burgel et al [8] combined three national 

COPD cohorts from France and Belgium as well as one independent cohort from the COPD Cohorts 

Collaborative International Assessment (3CIA) initiative. Two other relatively large studies, each with 

over 1,000 patients, were carried out in Asia. One was based on the Korean COPD subgroup multi-

centre cohort [9] and the other one [10] included out-patients of universities’ pulmonary clinics and 

referral hospitals in 13 Asian cities.  

Importantly, despite the diverse ethnic backgrounds of the populations of these studies, the identified 

COPD phenotypes were rather consistent across studies, including elements of asthma-COPD 

overlaps, comorbidities, and obesity, amongst others. 

Clinical Outcomes 

A core characteristic shared among the reviewed studies is that all COPD phenotypes were validated 

by clinically meaningful outcomes, such as exacerbations, health-related quality of life, mortality rate, 

and responses to therapy. These phenotypes were cross-validated in a large (n=2,746) three-year 

observational multi-centre international study – the Evaluation of COPD Longitudinally to Identify 
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Predictive Surrogate End-points (ECLIPSE) [24]. In this study, a cross-sectional analysis of the 

baseline data showed that patients with COPD had more frequent comorbidities, especially 

cardiovascular ones, when compared to controls [25]. It also showed that males with COPD were 

more susceptible to cardiovascular comorbidity than females; moreover, in Pikoula et al [6], patients 

with comorbid cardiovascular disease and diabetes were characterized by high hospital admission 

rates for acute exacerbations of COPD (AECOPD) and were reported as being more likely to die of 

cardiovascular disease.  

Building on these results, subsequent works [26,27] identified phenotypes of patients with frequent 

(i.e., two or more per year) exacerbations as well as patients with a rapid decline in their lung function. 

The latter evidence [27] was further extended by a five-year longitudinal study that classified patients 

into three groups: fast decline, slow decline, and stable patterns [28]. The latter work showed that the 

only factor significantly associated with a fast decline of FEV1 (Forced Expiratory Volume in 1 

second) was the severity of the emphysema. Moreover, 25% of the cohort was represented by the so-

called “asthma-COPD overlap,” or ACO, in which patients are characterized by having more 

exacerbations and more frequent comorbidities than in other rapid-decline COPD types [29].  

Features of COPD Phenotypes 

We found substantial heterogeneity in both the numbers and features of phenotypes presented in the 

literature. The number of COPD phenotypes identified varied from two to five, the most frequently 

reported being three [10,11,13-15] and five [6,8,16,17,19].   

Intriguingly, the features pertaining to the three most reported phenotypes varied across studies. For 

instance, phenotypes were characterized by patients having frequent exacerbations and a fast decline 

in lung function and in quality of life [10], but also by patients of a young age with fewer symptoms 

and exacerbations [11], or patients with severe respiratory disease but a low rate of comorbidities and 

older patients with a high rate of comorbidities (e.g., cardiovascular diseases and diabetes) but lower 

airway limitation and less obesity [12,13].    

Two studies [14,15] reported similar phenotypes with respect to COPD severity. Peters et al [14] 

identified three phenotypes in which patients were characterized by moderate COPD and a low 

impact on overall health status, moderate COPD with a high impact on health status, or severe COPD 

with a moderate impact on health status. Similarly, the three phenotypes identified by Garcia-
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Aymerich et al [15] were characterized by moderate, severe, and systemic COPD; the latter 

phenotype also had a high rate of cardiovascular comorbidities.  

When four phenotypes were reported, they also differed in terms of the severity of symptoms. 

Specifically, Yoon et al [9] clustered patients both according to their COPD severity (ie, mild, 

moderate, severe) and by identifying the ACO phenotype. A related work [7] classified patients 

according to the severity of emphysema (i.e., minimal, moderate, severe). Moreover, two studies 

[12,13] emphasized the distinction of two key population groups: a younger group of patients with 

moderate to severe respiratory disease but few comorbidities, and an older group with mild to severe 

airflow limitations but a high rate of cardiovascular comorbidities. 

In those articles that identified five phenotypes, the reported features were more homogeneous than 

those identified in studies reporting fewer phenotypes. For instance, almost every study reported 

similar comorbidities, namely cardiovascular and metabolic diseases (e.g., diabetes), obesity, and 

ACO, as possible confounding factors. In Burgel et al [8], the derived phenotypes confirmed other 

existing findings [12,13], suggesting the identification of an older group of patients with a high rate of 

cardiovascular comorbidities and diabetes but with less severe respiratory impairments. Similarly, 

Chen et al [16] acknowledged a group of young patients with mild airflow obstructions, few symptoms, 

and infrequent severe exacerbations vis-à-vis older patients with more symptoms, frequent severe 

exacerbations, and a high mortality rate.         

Overall, the diversity of phenotypes and populations presented in the current literature should not be 

surprising. Indeed, as we explain in the following, this scenario is largely due to an overarching limited 

reliance on statistical support in validating COPD with clinically meaningful outputs. Confirming our 

argument, for instance, a large study [30] carried out across ten independent cohorts from different 

populations in North America and Europe clearly showed that when identical methods were 

implemented for 17,146 individuals with COPD using common COPD-related characteristics, the 

reproducibility of COPD phenotypes across studies was rather modest. 

Studies excluded from the systematic analysis  

Ninety-nine studies were excluded either because a) they were irrelevant to COPD phenotypes or 

machine learning methods under study or b) the reported COPD phenotypes were not validated 

against clinical meaningful outcomes (Table 3). 

     [Table 3 about here]  
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Twenty one of those studies identified between two [31] and nine [32] phenotypes; however the 

number of phenotypes most frequently reported were either three [33, 34, 35, 36], four [37, 38, 39, 40, 

41, 42, 43, 44] or five [45, 46, 47, 48, 49, 50, 51]. The works were predominantly observational – 12 

were cross-sectional [31, 33, 36, 38, 39, 40, 41, 42, 47, 48, 49, 51], six prospective [34, 43, 44, 45, 

46, 50], two retrospective [32, 37] and one randomised placebo controlled clinical trial [35]. Reported 

samples were comprised between 75 [36] and 3,144 [32] patients. In these studies, there was a 

remarkable heterogeneity among the reported phenotypes. For instance, when three phenotypes 

were reported, patients were characterized as either being young with few symptoms and mild airway 

limitation, or older and highly symptomatic with severe airway limitation or as a combination of both 

[34]. Moreover, de Torres et al. [34] showed that these phenotypes remained stable in most of the 

patients over a two years follow-up period.   

In studies with four phenotypes patients were characterized by the severity of the disease, i.e., 

patients with mild to moderate disease, moderate to severe emphysema, mild to increased dyspnoea, 

low to high exacerbation risk or even an overlap of asthma and COPD [38, 39, 41].  In one of these 

studies, Bafadhel et al [43] classified patients into four biologic clusters: a) bacterial-predominant, b) 

viral-predominant, c) eosinophilic-predominant and d) patients with limited changes in their 

inflammatory profile. 

In clusters of five phenotypes patients were characterized not only by the severity of the disease [45, 

48] but also by the presence of comorbidities [46] as well the asthma and COPD overlap syndrome 

[47, 48, 49]. We also observed a reported distinction between female patients with high body mass 

index, asthma, COPD, and symptom scores but no inflammation, and male patients with asthma and 

COPD with high eosinophil counts and low use of oral corticosteroids [47]. Another salient difference 

was shown between younger-onset asthma patients with severe symptoms and elderly patients with 

high frequency of comorbidities and concomitant COPD [50].     

A list of commonly occurring COPD phenotypes, along with their grouping, is presented in Table 4; it 

summarizes the most frequently reported phenotypes among the studies we reviewed. 

[Table 4 about here]              
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Methods 

Study design 

Generally speaking, the retrieved research based on observational studies [6-8] highlights the 

advantage of capturing large cohorts of patients with COPD as well as the opportunity to showcase 

“real-life” outputs from clinical practice. Moreover, and in contrast to controlled experiments such as 

clinical trials in which patients are selected homogeneously to satisfy certain inclusion and exclusion 

criteria, an observational study allows researchers to appreciate the patients’ heterogeneity, which is 

a defining feature of COPD. Hence, the analysis of and outputs from such studies advance 

knowledge with respect to sample representativeness, covering actual COPD populations from 

different geographical settings.  

On the other hand, the results coming from observational studies may lead to the emergence of 

unstable phenotypes, in turn making treatment decisions more complex. Similarly, because 

observational studies are generally carried out in university hospitals, tertiary care centres or 

rehabilitation settings, they tend to cover only severe COPD patients and may not be fully 

representative of the wider COPD population.      

Validation 

Across the reviewed studies, we acknowledge that the derived COPD phenotypes were often 

validated both internally (i.e., from the same population in terms of clinically meaningful outcomes 

such as exacerbations, mortality, and response to therapy) and externally on a different population 

(e.g., including the rapid lung function decline or the asthma-COPD overlap phenotype in the 

ECLIPSE cohort). This procedure offers strong reliability as it provides evidence for the 

generalizability and robustness of the results. 

Data reduction and clustering 

Most of all, from our analysis of the literature, we can appreciate the recurrent use of statistical 

techniques aiming to reduce the size of the data and group patients with similar characteristics into 

distinct clusters. These approaches have the immediate advantage of utilizing all available 

information, yet in practice they “operationalize” phenotypes as if they were mathematical constructs 

and as a result they may not always be closely relevant to the medical condition.   
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As such, issues such as the handling of missing data or the choice of variables feeding the analysis 

become paramount features to ensure the consistency of phenotype identification in progressing with 

COPD research.  For instance, while the analysis of common features already offers a moderate 

concordance in determining COPD phenotypes [30], their robustness and reproducibility using an 

extended or diverse list of variables remains to be determined.  

We argue that one of the first steps needed to overcome the issue of ensuring the reproducibility and 

alignment of COPD phenotypes is situated, at least to some extent, in the variety of statistical 

methods used to derive them (Table 5). 

[Table 5 about here] 

Most of the reviewed literature used data reduction methods to select the variables to include in the 

cluster analysis [6-8,10-13,16]. These methods vary from Principal Components Analysis (PCA) [52] 

to Multiple Correspondence Analysis (MCA) [53] – a method similar to PCA yet using categorical data 

– and factor analysis. PCA, MCA, and factor analysis [54, 55] share the characteristic that they 

reduce data dimensionality to identify a small number of clinically relevant variables able to explain 

most of the variations occurring in COPD patients’ data. Whilst these approaches are beneficial to 

summarize data with a few variables without losing information, the interpretation of the derived 

variables within a clinical context is rarely straightforward due to their intimate mathematical nature. 

Other studies [9,14,15,17,19] selected variables on either data availability and/or clinical expertise, 

i.e., by including a priori available variables deemed to be relevant to COPD alone. For instance, 

Chubachi et al [17] used only comorbidity data, while others used either a combination of lung 

function and demographic data (i.e., age, BMI, smoking status) [9,12,14,16,18] or a combination of 

lung function, demographic, comorbidity, and biomarker data [6,8,10,19]. Thus far, only a few articles 

combined all the above information with imaging and/or genetic data [7,11,13,15]. The variability in 

the choice of variables can thus lead to the unpredictability of the characteristics of the derived 

phenotypes. 

Noticeably, seven works used hierarchical analysis [8,10,11-13,17,19], which is a method in which 

each cluster is part of a larger cluster and they are all connected to each other like a tree (or 

dendrogram), whereby the number of clusters is determined by visual inspection [56]. Four studies 

[7,9,15,18] used k-means clustering, a method that splits the data into mutually exclusive clusters and 

in which the number of clusters needs to be specified in advance. Finally, two studies [6,16] used a 
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combination of hierarchical and k-means clustering, and one [14] used a combination of hierarchical 

and discriminant analysis, a technique that discriminates the categories of a dependent variable (e.g., 

symptoms) and evaluates the accuracy of this classification.  

 Missing values 

We note that regardless of the method used, an important aspect of these cluster analysis 

approaches is the handling of missing values. Indeed, most of the reviewed studies failed to address 

this issue. Research tended to use non-missing data to form COPD clusters without considering 

which phenotypes might have been formed if patients with missing data had been included in the 

analysis or if only a portion of them had been excluded. Only two studies [6,15] considered alternative 

methods for assessing the impact of excluding patients on the formation of COPD phenotypes. 

Pikoula et al [6] performed a sensitivity analysis by excluding all patients with a diagnostic code for 

asthma and identified four clusters. Notably, the atopic cluster did not present a strong enough 

discriminant ability to form a separate cluster. Thus, atopic patients were categorized as belonging to 

either the anxiety/depression or the not-comorbid phenotype. Garcia-Aymerich [15] instead 

considered the use of multiple imputation when implementing the cluster analysis [57], allowing 

simulated values to replace the missing ones and thereby enabling the use of data from all patients. 

 

Discussion 

There are several implications of clinical and medical relevance in using machine learning methods to 

extract data from different sources, such as radiology, imaging or genetics, to identify clinically 

relevant COPD phenotypes. In sum, these  include a better understanding of the natural history of the 

disease, the opportunity to more accurately identify high risk patient profiles, the prospect of early 

diagnosis and target treatments specific to certain phenotypes - along with the limitation of potentially 

adverse effects of unnecessary treatments, and the ability to make better and more precise 

predictions of treatment outcomes, thereby improving the prognosis of the disease and optimizing the 

use of health care resources.    

Building on the evidence emerging from this review, we can identify several recommendations for 

future research using cluster analysis to identify COPD phenotypes; these are summarized in Table 6. 
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These strategies include the use of large samples to make clinically meaningful associations and the 

handling of missing data to assess the robustness of the results. 

[Table 6 about here] 

Moving forward, in keeping with Bourbeau et al. [58], we suggest that regardless of the clustering 

method chosen, COPD-derived phenotypes should be validated both internally and externally. This 

aspect is central because clustering methods are data-driven techniques, thus the derived clusters 

might be subject to spurious groupings.  

As such, best practices in deriving COPD phenotypes include the utilization of prospective 

longitudinal data, which allows the assessment of variability and stability of features over time, as well 

as the use of cohorts from different settings to obtain the full spectrum of COPD phenotypes. The 

former recommendation implies carrying out large observational longitudinal cohort studies with at 

least a 3-year follow-up, as currently seen in the CALIBER [6] and ECLIPSE [24] studies. The latter 

proposal suggests using cohorts from different populations and settings to fully capture the 

heterogeneity of COPD. In this respect, we also envision the benefit of analysing cohorts including 

genetic information, such as COPDGene [7] or the UK Biobank database [59]. The immediate 

advantages of using such databases will be the opportunity to analytically and jointly assess patients’ 

clinical characteristics (eg, lung functionality), comorbidities, and biomarker data to strengthen the 

robustness of the COPD phenotypes as well as to better understand the underlying biological 

mechanisms of the condition. 

Ensuring clarity in the choice of variables used for identifying COPD phenotypes is another crucial 

recommendation for research using cluster analysis. This selection should always be evidence-based 

through experts’ opinions and/or published works to avoid choosing variables that might not be 

clinically relevant [58]. At the same time, we recognize that this approach may lead to previously 

unidentified patient characteristics being overlooked. Thus, we suggest that a reasonable compromise 

moving forward would be to use available evidence alongside clustering analysis. As such, the 

combination of hierarchical, k-means clustering, and clinical judgment appears to be the most suitable 

approach to specify the correct number of clusters leading to the identification of novel COPD 

phenotypes. 
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Conclusions 

This article reviewed research published in the last decade on COPD phenotypes identified using 

cluster analysis and validated with clinically meaningful outcomes. To the best of our knowledge, this 

is one of the first works addressing such a systematization of the COPD literature. Moreover, it puts 

forward key recommendations to improve the study design, variables selection, external validation, 

and handling of missing data of prospective studies. 

Finally, we believe that future research should be tasked with further investigating COPD 

phenotype(s) whose characteristics have not yet been fully explored. For instance, the “fast decliner” 

phenotype [10,26,27], characterized by young patients with COPD with a fast decline in their lung 

function, as well as the cardiovascular comorbidity [6,13,25] characterized by differences in age, sex 

and high rates of hospital admission for AECOPD represent promising issues which are still largely 

unaddressed. Whichever the phenotype, we are hopeful that the insights presented here will soon 

enable research to better characterize additional patient determinants of COPD phenotypes and 

explore their association with responses to therapy while possibly developing more targeted 

treatments. 
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years old w

ith 
FEV1/FV

C
 < 0.7 

assessed at 
pulm

onary clinics 

1. 
W

orse lung function 
but few

er sym
ptom

s 
2. 

W
orse lung function 

w
ith m

ore sym
ptom

s 
and m

ost frequent 
exacerbations, 

Exacerbations and 
quality of life 
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 First author 
and year of 
publication 

Sam
ple size (i.e., 

num
ber of 

patients) 
contributing to 
cluster analysis  

N
am

e of cohort 
and study 
design  

Population 
characteristics and 
setting(s) 

C
O

PD
 phenotypes 

identified 
C

linical outcom
e(s) 

used for validation 

observational 
cross-sectional 
prospective 
cohort   

faster FEV1 decline 
and greatest SG

R
Q

 
decline 

3. 
M

ild severity but 
higher B

M
I 

Kim
 et al. 

(2017) [11] 
272 

C
O

PD
 in dusty 

areas (C
O

D
A) 

observational 
longitudinal 
prospective 
cohort 

Patients over 40 
years old w

ith 
FEV1/FV

C
 < 0.7 

living near cem
ent 

plants w
ho w

ere 
evaluated at 
enrolm

ent and at a 1-
year follow

-up at 
university hospitals 

1. 
Younger patients 
w

ith few
er 

sym
ptom

s and 
exacerbations and 
m

ild airflow
 

obstruction 
2. 

Patients w
ith 

additional sym
ptom

s 
and m

oderate 
airflow

 obstruction 
and m

ore 
exacerbations 
requiring 
hospitalization 

3. 
M

ore fem
ale 

patients, additional 
sym

ptom
s and m

ild 
airflow

 obstruction 
and m

odest 
frequency of 
exacerbations 
requiring 
hospitalization  

Exacerbations and 
quality of life 

Burgel et. al 
(2017) [8] 

2,409 
Three 
French/Belgian 
C

O
PD

 cohorts: a) 
the initiatives 
BPC

O
 

observational 

Patients w
ith stable 

C
O

PD
 assessed at 

university hospitals 

1. 
O

lder patients w
ith 

high rates of 
cardiovascular 
com

orbidities and 
diabetes, but less 
severe respiratory 

3-year all-cause 
m

ortality 
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 First author 
and year of 
publication 

Sam
ple size (i.e., 

num
ber of 

patients) 
contributing to 
cluster analysis  

N
am

e of cohort 
and study 
design  

Population 
characteristics and 
setting(s) 

C
O

PD
 phenotypes 

identified 
C

linical outcom
e(s) 

used for validation 

m
ulti-centre 

prospective cross-
sectional cohort, 
b) the C

PH
G

2 
prospective 
observational 
cohort, c) the 
Leuven 
observational 
cross-sectional 
cohort. An 
independent 
cohort (the 3C

IA3 
initiative) w

as also 
used for 
validation.  

disease 
2. 

M
oderate to severe 

respiratory disease 
and low

 rate of 
com

orbidities 
3. 

O
lder patients w

ith 
high prevalence of 
com

orbidities and 
obesity 

4. 
Very severe 
respiratory disease 
w

ith low
 rates of 

cardiovascular 
com

orbidities and 
diabetes 

5. 
M

ild respiratory 
disease and low

 
rates of 
com

orbidities 
Peters et al. 
(2017) [14] 

619 
Tw

o interventional 
cohorts: a) 1-year 
follow

-up 
treatm

ent as 
usual (TAU

), b) 
12-w

eek 
pulm

onary 
rehabilitation (P

R
) 

program
     

Tw
o groups of 

patients: 160 out-
patients w

ith C
O

PD
 

treated as usual 
(TAU

) and 459 
patients w

ith 
pulm

onary 
rehabilitation (P

R
) at 

a university m
edical 

centre 

1. 
M

oderate C
O

PD
, 

low
 im

pact on health 
status (adaptive 
phenotype) 

2. 
Severe C

O
PD

, 
m

oderate im
pact on 

health status 
(adaptive) 

3. 
M

oderate C
O

PD
, 

high im
pact on 

health status (non-
adaptive) 

R
esponse to treatm

ent 
(TAU

 vs PR
) 
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 First author 
and year of 
publication 

Sam
ple size (i.e., 

num
ber of 

patients) 
contributing to 
cluster analysis  

N
am

e of cohort 
and study 
design  

Population 
characteristics and 
setting(s) 

C
O

PD
 phenotypes 

identified 
C

linical outcom
e(s) 

used for validation 

C
hubachi et al. 

(2016) [17] 
311 

The Keio C
O

PD
 

C
om

orbidity 
R

esearch (K
-

C
C

R
) 

observational, 
prospective 
cohort 

C
O

PD
 patients w

ith 
com

plete 
com

orbidities data 
w

ith a 2-year follow
-

up assessed at K
eio 

U
niversity and its 

affiliated hospitals 

1. 
Less com

orbidity 
2. 

M
alignancy 

3. 
M

etabolic and 
cardiovascular 

4. 
G

astroesophageal 
reflux disease 
(G

ER
D

) and 
psychological 

5. 
U

nderw
eight and 

anaem
ic 

H
ealth-related quality 

of life (e.g. SG
R

Q
, 

C
AT, SF-36) 

Fingleton et al. 
(2015) [19] 

389 
A 3-phase cross-
sectional study; 
phase 1 (sam

ple 
selection), phase 
2 (phenotyping), 
phase 3 
(interventional 
study to assess 
treatm

ent 
responsiveness)   

Patients w
ith 

sym
ptom

s of 
w

heezing and 
breathlessness in the 
last 12 m

onths w
ho 

com
pleted phase 2 

w
ith no m

issing data  

1. 
M

oderate to severe 
atopic asthm

a 
2. 

Asthm
a-C

O
PD

 
overlap 

3. 
O

bese/com
orbid 

4. 
M

ild atopic asthm
a 

5. 
M

ild interm
ittent  

R
esponse to treatm

ent 
(inhaled β-agonist, 
antim

uscarinic, 
corticosteroid) 

C
hen et al. 

(2014) [16] 
332 

O
bservational 

prospective 
longitudinal cohort  

M
en w

ith C
O

PD
 

diagnosed at 
university hospital 

1. 
Young patients w

ith 
m

ild airflow
 

obstruction, few
 

sym
ptom

s and 
infrequent severe 
exacerbations 

2. 
O

lder patients w
ith 

m
ild airflow

 
obstruction, few

 
sym

ptom
s, 

infrequent severe 
exacerbations but 
higher m

ortality 
3. 

O
lder patients w

ith 

M
ortality 
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 First author 
and year of 
publication 

Sam
ple size (i.e., 

num
ber of 

patients) 
contributing to 
cluster analysis  

N
am

e of cohort 
and study 
design  

Population 
characteristics and 
setting(s) 

C
O

PD
 phenotypes 

identified 
C

linical outcom
e(s) 

used for validation 

m
oderate 

respiratory disease, 
dyspnoea, history of 
severe 
exacerbations and 
underw

eight 
4. 

Patients w
ith severe 

airflow
 obstruction, 

m
any sym

ptom
s 

and infrequent 
severe 
exacerbations 

5. 
Patients w

ith severe 
airflow

 obstruction, 
m

any sym
ptom

s 
and frequent severe 
exacerbations and 
high m

ortality 
C

astaldi et al. 
(2014) [7] 

8,288 
The G

enetic 
Epidem

iology of 
C

O
PD

 
(C

O
PD

G
ene) 

study 
observational 
cross-sectional 
prospective 
cohort 

Form
er and current 

sm
okers w

ith or 
w

ithout C
O

PD
  

1. 
N

o/m
ild obstruction 

and m
inim

al 
em

physem
a 

2. 
M

ild upper zone 
em

physem
a 

predom
inant 

3. 
Airw

ay disease 
predom

inant 
4. 

Severe em
physem

a 

Exacerbations, 
dyspnoea, C

O
P

D
-

associated genetic 
variants 

Altenburg et 
al. (2012) [18] 

65 
An interventional 
prospective 
cohort  

Patients w
ith C

O
PD

 
participating in a 
pulm

onary 
rehabilitation (P

R
) 

program
 at a 

university m
edical 

centre  

1. 
W

orse lung function, 
quadriceps force but 
better response to 
exercise training 

2. 
Better lung function 
and exercise 
capacity but less 

Im
provem

ent in 
exercise capacity 
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 First author 
and year of 
publication 

Sam
ple size (i.e., 

num
ber of 

patients) 
contributing to 
cluster analysis  

N
am

e of cohort 
and study 
design  

Population 
characteristics and 
setting(s) 

C
O

PD
 phenotypes 

identified 
C

linical outcom
e(s) 

used for validation 

response to 
exercise training 

Burgel et al. 
(2010) [12] 

322 
The initiatives 
BPC

O
 

observational 
m

ulti-centre 
prospective cross-
sectional cohort 

Patients w
ith stable 

C
O

PD
 assessed at 

17 pulm
onary units in 

university hospitals 

1. 
Young patients w

ith 
severe respiratory 
disease 

2. 
O

lder patients w
ith 

m
ild airflow

 
lim

itation and m
ild 

com
orbidities 

3. 
Young patients w

ith 
m

oderate to severe 
airflow

 lim
itation, 

few
 com

orbidities 
4. 

O
lder patients w

ith 
m

oderate to severe 
airflow

 lim
itation and 

high prevalence of 
cardiovascular 
com

orbidities  

All-cause m
ortality 

Burgel et al. 
(2012) [13] 

527 
Tw

o cohorts: the 
Leuven 
observational 
cross-sectional 
cohort (374 
patients) and the 
N

ELSO
N

 
random

ized lung 
cancer screening 
study (153 
patients)  

Stable C
O

PD
 

patients assessed at 
university hospitals’ 
C

O
PD

 outpatient 
clinics 

1. 
Young patients w

ith 
severe respiratory 
disease and low

 
prevalence of 
cardiovascular 
com

orbidities 
2. 

O
lder patients w

ith 
less severe airflow

 
lim

itation, obese, 
high prevalence of 
diabetes and 
cardiovascular 
com

orbidities 
3. 

M
ild to m

oderate 
airflow

 lim
itation, 

All-cause m
ortality 
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 First author 
and year of 
publication 

Sam
ple size (i.e., 

num
ber of 

patients) 
contributing to 
cluster analysis  

N
am

e of cohort 
and study 
design  

Population 
characteristics and 
setting(s) 

C
O

PD
 phenotypes 

identified 
C

linical outcom
e(s) 

used for validation 

absent or m
ild 

em
physem

a and 
dyspnoea, norm

al 
nutritional status, 
lim

ited com
orbidities  

 
G

arcia-
A

ym
erich et al. 

(2011) [15] 

342 
An observational, 
prospective cross-
sectional cohort 

C
O

PD
 patients 

hospitalized due to 
C

O
PD

 exacerbation 
in teaching hospitals 

1. 
Severe respiratory 
C

O
PD

 
2. 

M
oderate 

respiratory C
O

P
D

 
3. 

S
ystem

ic C
O

PD
 

(high prevalence of 
cardiovascular 
com

orbidities) 

H
ospitalizations and 

all-cause m
ortality 

1C
ALIB

ER
: A database of electronic health records from

 three national sources; The C
linical Practice R

esearch D
atalink (C

PR
D

), H
ospital 

Episode Statistics (H
E

S), and cause-specific m
ortality from

 the O
ffice for N

ational Statistics (O
N

S) 
2C

PH
G

: The French C
ollege of G

eneral H
ospital R

espiratory Physicians  
33C

IA
: C

O
PD

 C
ohorts C

ollaborative International Assessm
ent  

4N
ZR

H
S

: N
ew

 Zealand R
espiratory H

ealth S
urvey  
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 Table 3. Sum

m
ary of studies excluded from

 the system
atic analysis 

First author and year of 
publication 

Type and purpose of study 
M

ain findings 
C

O
PD

 phenotypes 
R

eason for exclusion 

P
ascoe et al. (2019) [60] 

A random
ized parallel group 

clinical trial aim
ed to m

odel the 
relationships betw

een 
eosinophil counts, sm

oking 
and treatm

ent response to 
inhaled corticosteroids (IC

S
), 

and their interactions, including 
outcom

es other than 
exacerbations. 

R
esults show

ed that 
assessm

ent of blood 
eosinophil count and 
sm

oking status has the 
potential to optim

ize IC
S 

use in clinical practice in 
patients w

ith C
O

PD
 and a 

history of exacerbations. 

 N
ot applicable 

N
ot relevant to 

m
achine learning 

m
ethods under study 

S
ivapalan et al. (2019) 

[61] 

A random
ized controlled non-

inferiority trial aim
ed to 

determ
ine w

hether an 
algorithm

 based on blood 
eosinophil counts could safely 
reduce system

ic corticosteroid 
exposure in patients adm

itted 
to hospital w

ith acute 
exacerbations of C

O
PD

 

R
esults show

ed that 
eosinophil-guided therapy 
w

as non-inferior com
pared 

w
ith standard care for the 

num
ber of days alive and 

out of hospital, and 
reduced the duration of 
system

ic corticosteroid 
exposure, 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

van G
effen et al. (2019) 

[62] 

A system
atic review

 and m
eta-

analysis aim
ed to evaluate the 

effects of volum
e reduction in 

the treatm
ent of severe 

em
physem

a 

R
esults show

ed that lung 
volum

e reduction in 
patients w

ith severe 
em

physem
a on m

axim
al 

m
edical treatm

ent has 
clinically m

eaningful 
benefits 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

S
un et al. (2019) [63] 

A cross-sectional study 
designed to detect proteins 
that w

ere differentially 
abundant in C

O
P

D
 frequent 

exacerbators and assess 
w

hether those expression 
profiles are unique am

ong 
C

O
PD

 patients 

Bioinform
atics analyses of 

proteom
e indicated that the 

im
m

une netw
ork for IgA 

production and the 
phenylalanine m

etabolism
 

pathw
ay w

ere associated 
w

ith frequent 
exacerbations 

 N
ot applicable 

N
ot relevant w

ith the 
m

achine learning 
m

ethods under study 

P
ichl et al. (2019) [64] 

A retrospective observational 
study investigated the 
treatm

ent effect of riociguat 
and analysed the effect of 

D
ata show

ed that riociguat 
m

ay be beneficial for 
treatm

ent of PH
-C

O
PD

 

 N
ot applicable 

N
ot relevant w

ith the 
m

achine learning 
m

ethods under study 
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41 
 

riociguat treatm
ent on 

pulm
onary hypertension (P

H
) 

in single patients w
ith PH

-
C

O
PD

 

P
ragm

an et al. (2019) 
[65] 

A case-control observational 
study aim

ed to determ
ine key 

features that differentiate the 
oral and sputum

 m
icrobiota of 

frequent exacerbators (FEs) 
from

 the m
icrobiota of 

infrequent exacerbators (IE
s) 

during periods of clinical 
stability 

D
ata show

ed that the 
frequent exacerbator 
phenotype is associated 
w

ith decreased alpha 
diversity, beta-diversity 
clustering, and changes in 
taxonom

ic abundance 

 N
ot applicable 

N
ot relevant w

ith 
m

achine learning 
m

ethods under study 

Xavier et al. (2019) [33] 

An observational cross-
sectional study aim

ing to 
investigate C

O
PD

 phenotypes 
according to their levels of 
physical activity and sedentary 
behaviour, as w

ell as body 
com

position and skeletal 
m

uscle strength 

C
luster analysis identified 

three distinct C
O

PD
 

phenotypes 

1) m
ore physically 

active, less sedentary 
and had better body 
com

position and low
er 

AD
O

 index, 2) older, 
less physically active, 
m

ore sedentary having 
a higher dyspnoea and 
obstruction (A

D
O

) index, 
3) w

orse H
R

Q
oL, 

clinical control and body 
com

position, less 
physically active, m

ore 
sedentary having a 
higher A

D
O

 index 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

Incalzi et al. (2019) [45] 
The STO

R
IC

O
 Italian 

observational study aim
ing to 

describe m
ulti-dim

ensional 
C

O
PD

 phenotypes  

M
achine learning m

ethods 
used to identify five C

O
PD

 
phenotypes 

1) M
ild C

O
PD

: no night-
tim

e sym
ptom

s and the 
best health status in 
term

s of quality of life, 
quality of sleep, level of 
depression and anxiety, 
2) M

ild em
physem

atous: 
prevalent dyspnea in the 
early-m

orning and 
daytim

e, 3) S
evere 

bronchitic: nocturnal and 
diurnal cough and 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 
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phlegm
, 4) Severe 

em
physem

atous: 
nocturnal and diurnal 
dyspnea, 5) S

evere 
m

ixed C
O

PD
: higher 

frequency of sym
ptom

s 
during 24h and w

orst 
quality of life, of sleep 
and highest levels of 
depression and anxiety. 

Lainez et al. (2019) [37] 
A retrospective study aim

ing to 
identify asthm

a and C
O

P
D

 
overlap (AC

O
) phenotypes 

C
luster analysis identified 

four AC
O

 phenotypes 

1) overw
eighed heavy 

sm
okers, w

ith an early 
onset and a severe 
disease, 2) sim

ilar 
patients, w

ith a late 
onset, 3) and 4) slighter 
sm

okers, presenting a 
m

oderate disease, w
ith 

early and late onset 
respectively 

AC
O

 phenotypes w
ere 

not validated w
ith 

clinical m
eaningful 

outcom
es 

K
ukol et al. (2019) [66] 

A cross-sectional study aim
ing 

to identify C
O

P
D

 phenotypes 
of elderly patients 

C
luster analysis identified 

different C
O

PD
 

phenotypes for m
en and 

w
om

en 

 N
ot applicable 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

P
ragm

an et al. (2019) 
[67] 

A genetic study aim
ing to 

determ
ine features that 

differentiate the oral, nasal, 
and sputum

 m
icrobiom

e 
am

ong subjects w
ith stable 

C
O

PD
 

D
ata show

ed associations 
betw

een anatom
ic site and 

bacterial biom
ass, 

Shannon diversity, and β-
diversity. 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

H
aghighi et al. (2019) 

[38] 

A m
ulti-center cross-sectional 

study aim
ing to identify C

O
PD

 
phenotypes using Q

uantitative 
com

puted tom
ographic (Q

C
T) 

im
aging  

Im
aging-based cluster 

analysis identified four 
possible C

O
PD

 
phenotypes 

1) asym
ptom

atic and 
show

ed relatively 
norm

al airw
ay structure 

and lung function except 
airw

ay w
all thickening 

and m
oderate 

em
physem

a, 2) obese 
fem

ales show
ed an 

increase of tissue 
fraction at inspiration, 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 
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m
inim

al em
physem

a, 
and the low

est 
progression rate of 
em

physem
a, 3) older 

m
ales show

ed sm
all 

airw
ay narrow

ing and a 
decreased tissue 
fraction at expiration, 
both indicating air-
trapping, 4) lean m

ales 
w

ere likely to be severe 
C

O
PD

 subjects show
ing 

the highest progression 
rate of em

physem
a 

B
ak et al. (2019) [68] 

A retrospective observational 
study aim

ed to assess 
prognostic im

pact am
ong 

identified clusters in patient 
w

ith idiopathic pulm
onary 

fibrosis (IPF) and evaluate the 
im

pact of fibrosis and 
em

physem
a on lung function 

C
luster analysis identified 

distinct phenotypes, w
hich 

predicted prognosis of 
clinical outcom

e 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

K
arayam

a et al. (2019) 
[39] 

A cross-sectional study aim
ed 

to identify novel C
O

PD
 

phenotypes using radiologic 
data 

C
luster analysis identified 

four C
O

PD
 phenotypes 

1) m
ild em

physem
a w

ith 
severe airw

ay changes, 
severe airflow

 lim
itation, 

and high exacerbation 
risk, 2) m

ild em
physem

a 
w

ith m
oderate airw

ay 
changes, m

ild airflow
 

lim
itation, and m

ild 
dyspnea, 3) severe 
em

physem
a w

ith 
m

oderate airw
ay 

changes, severe airflow
 

lim
itation, and increased 

dyspnea, 4) m
oderate 

em
physem

a w
ith m

ild 
airw

ay changes, m
ild 

airflow
 lim

itation, low
 

exacerbation risk, and 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 
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m
ild dyspnea 

K
neppers et al (2019) 

[69] 

A prospective observational 
study aim

ed to assess skeletal 
m

uscle m
olecular responses to 

Pulm
onary rehabilitation (P

R
) 

in C
O

PD
 patients 

C
luster analysis identified 

patient groups w
ith distinct 

skeletal m
uscle m

olecular 
responses to rehabilitation 

 N
ot applicable 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

de Torres et al. (2018) 
[34] 

A prosepctive observational 
study aim

ed to evaluate the 2-
year cluster variability in stable 
C

O
PD

 patients. 

D
ata show

ed that after 2 
years of follow

-up, m
ost of 

the C
O

PD
 patients 

m
aintained their cluster 

assignm
ent 

1) younger age, m
ild 

airw
ay lim

itation, few
 

sym
ptom

s, 2) 
interm

ediate (clinical 
characteristics betw

een 
clusters 1 and 3), 3) 
older age, severe airw

ay 
lim

itation and highly 
sym

ptom
atic 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

G
edebjerg et al. (2018) 

[70] 

A prospective observational 
study aim

ed to establish the 
predictive ability of the G

O
LD

 
2017 classification, com

pared 
w

ith earlier classifications, for 
all-cause and respiratory 
m

ortality 

D
ata show

ed that the new
 

G
O

LD
 2017 A

BC
D

 
classification does not 
predict all-cause and 
respiratory m

ortality m
ore 

accurately than the 
previous G

O
LD

 system
s 

from
 2007 and 2011 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping and to 
m

achine learning 
m

ethods under study 

M
errill et al. (2018) [71] 

D
ata from

 tw
o random

ized 
clinical trials aim

ed to 
investigate the response to 
specific interventions 
according to heart failure (H

F) 
phenotype  

R
esponse to treatm

ents 
such as exercise training 
and spironolactone varies 
am

ong com
plex H

F 
phenotypes  

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping  

E
l B

oueiz (2018) [72] 
A prospective observational 
study aim

ed to im
prove the 

predicted ability in C
O

PD
 

progression 

R
esults show

ed that 
m

achine learning m
ethods 

im
proved the prediction 

accuracy of C
O

PD
 

progression  

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping  

Fang et al. (2018) [73] 
A cross-sectional study aim

ed 
to estim

ate the C
O

P
D

 
prevalence in C

hina 

D
ata show

ed that the 
estim

ated overall 
prevalence of C

O
PD

 in 
C

hina in 2014-15 w
as 

13.6%
 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

K
oo et al. (2018) [74] 

A cross-sectional study aim
ed 

D
ata show

ed that sm
all 

 
N

ot relevant to C
O

PD
 



 
1
 

 
2
 

 
3
 

 
4
 

 
5
 

 
6
 

 
7
 

 
8
 

 
9
 

1
0
 

1
1
 

1
2
 

1
3
 

1
4
 

1
5
 

1
6
 

1
7
 

1
8
 

1
9
 

2
0
 

2
1
 

2
2
 

2
3
 

2
4
 

2
5
 

2
6
 

2
7
 

2
8
 

2
9
 

3
0
 

3
1
 

3
2
 

3
3
 

3
4
 

3
5
 

3
6
 

3
7
 

3
8
 

3
9
 

4
0
 

4
1
 

4
2
 

4
3
 

4
4
 

4
5
 

4
6
 

4
7
 

4
8
 

4
9
 

 

45 
 

to determ
ine w

hether 
destruction of the term

inal and 
transitional bronchioles occurs 
before, or in parallel w

ith, 
em

physem
atous tissue 

destruction 

airw
ays disease is a 

pathological feature in m
ild 

and m
oderate C

O
PD

 

N
ot applicable 

phenotyping 

Liang et al. (2018) [75] 

A sim
ulation study aim

ed to 
develop a novel variable 
reduction m

ethod for joint 
analysis of m

ultiple 
phenotypes in association 
studies 

R
esults show

ed that this 
novel m

ethod can be used 
in analyzing a w

hole-
genom

e genotyping data 

 N
ot applicable 

N
ot relevant w

ith the 
m

achine learning 
m

ethods under study 

R
aherison et al. (2018) 

[46] 

A prospective observational 
study aim

ing to determ
ine the 

association betw
een specific 

com
orbidities and C

O
PD

 
severity. 

C
luster analysis identified 

five phenotypes of 
com

orbidities 

1) included cardiac 
profile, 2) included less 
com

orbidities, 3) 
included m

etabolic 
syndrom

e, apnea and 
anxiety-depression, 4) 
included denutrition and 
osteoporosis, 5) 
included bronchiectasis 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

K
ilk et al. (2018) [76] 

A pilot study aim
ing to 

characterize patients w
ith 

C
O

PD
, based on the 

m
etabolom

ic profiling of 
peripheral blood and exhaled 
breath condensate (EB

C
) 

w
ithin the context of defined 

clinical and dem
ographic 

variables. 

C
luster analysis did not 

reveal a clinical-
m

etabolom
ic stratification 

superior to the strata set by 
the G

O
LD

 consensus. 

 N
ot applicable 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

de V
ries et al. (2018) [47] 

A m
ulti-centre cross-sectional 

study to capture 
clinical/inflam

m
atory 

phenotypes in patients w
ith 

chronic airw
ay disease using 

an electronic nose (eN
ose) in 

a training and validation set 

C
luster analysis identified 

five com
bined asthm

a and 
C

O
PD

 phenotypes 

1) A
sthm

a and C
O

PD
: 

predom
inantly fem

ales, 
high B

M
I, high sym

ptom
 

scores, low
 FeN

O
, no 

inflam
m

ation m
easured 

in blood, 2) A
sthm

a and 
C

O
PD

: predom
inantly 

m
ales, high circulating 

eosinophil counts, high 
FeN

O
, low

 use of oral 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 
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corticosteroids, 3) 
Asthm

a and C
O

P
D

: 
predom

inately non-
C

aucasian, poor lung 
function, eosinophil 
blood counts of 
0.45±1.3×109 cells·L-1, 
low

est exacerbation rate 
in the past 3 m

onths, no 
O

C
S use, low

 use of 
IC

S, 4) A
sthm

a and 
C

O
PD

: predom
inantly 

atopic, high circulating 
neutrophil blood counts, 
highest num

ber of 
exacerbations per 
person in the past 3 
m

onths, 5) few
er C

O
P

D
 

patients, best 
postbronchodilator 
FEV1, relatively low

 
exacerbation rate per 
person in the past 3 
m

onths 

Le R
ouzic et al. (2018) 

[77] 

A prospective observational 
study aim

ed to confirm
 the 

existence of the frequent 
exacerbator phenotype 

D
ata confirm

ed the 
existence of the frequent 
exacerbator and the 
threshold to define this 
phenotype 

 N
ot applicable 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

V
azquez G

uillam
et et al. 

(2018) [32] 

A retrospective observational 
study aim

ed to identify C
O

PD
 

phenotypes from
 electronic 

m
edical records 

C
luster analysis identified 

nine C
O

P
D

 phenotypes 

1) depression–chronic 
obstructive pulm

onary 
disease, 2) coronary 
artery disease–chronic 
obstructive pulm

onary 
disease, 3) 
cerebrovascular 
disease–chronic 
obstructive pulm

onary 
disease, 4) m

alignancy–
chronic obstructive 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 
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pulm
onary disease, 5) 

advanced m
alignancy–

chronic obstructive 
pulm

onary disease, 6) 
diabetes m

ellitus–
chronic kidney disease–
chronic obstructive 
pulm

onary disease, 7) 
young age–few

 
com

orbidities–high 
readm

ission rates–
chronic obstructive 
pulm

onary 
disease, 8) atopy–
chronic obstructive 
pulm

onary disease, 9) 
advanced disease–
chronic obstructive 
pulm

onary disease 

H
all et al. (2018) [78] 

An observational prospective 
study aim

ed to determ
ine the 

extent to w
hich m

ultim
orbidity 

is associated w
ith long-term

 
survival follow

ing acute 
m

yocardial infarction (AM
I) 

Three m
ultim

orbidity 
phenotype clusters that 
w

ere significantly 
associated w

ith loss in life 
expectancy w

ere identified 
and should be a 
concom

itant treatm
ent 

target to im
prove 

cardiovascular outcom
es. 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

D
as et al. (2018) [79] 

A review
 of m

achine learning 
m

ethods in the diagnosis of 
C

O
PD

 

The application of artificial 
intelligence has produced 
prom

ising results in the 
diagnosis of C

O
PD

 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

M
erchant et al. (2018) [80] 

A prospective observational 
study aim

ed to assess the 
im

pact of digital intervention on 
asthm

a health resource 
utilization 

R
esults show

ed that digital 
health interventions can be 
incorporated into routine 
clinical practice, and their 
use m

ay contribute to 
im

proved outcom
es 

including reduced 
healthcare utilization 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 
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  R

adin et al. (2017) [31] 

A cross-sectional study aim
ed 

to identify novel C
O

PD
 

phenotypes based on 
com

puted tom
ography (C

T) 
densitom

etry 

C
luster analysis show

ed 
the C

T densitom
etry 

identified tw
o distinct 

phenotypes of C
O

P
D

   

C
luster 1 has subjects 

w
ith decreased FE

V1, 
FEV/FVC

, FEF at 25-
75%

 of FV
C

 and B
M

I 
and increased residual 
volum

e and total lung 
capacity com

pared to 
cluster 2 

The derived 
phenotypes w

ere not 
validated w

ith clinical 
m

eaningful outcom
es 

C
hristenson et al. (2017) 

[81] 

A random
ized placebo-

controlled clinical trial aim
ed to 

explore airw
ay epithelial m

ucin 
gene expression heterogeneity 
in C

O
PD

  

C
luster analysis identified 

that 2 C
O

PD
 subgroups in 

w
hich either M

U
C

5AC
 or 

M
U

C
5B gene expression is 

elevated. These subgroups 
are associated w

ith 
specific inflam

m
atory 

patterns 

2 C
O

PD
 subgroups in 

w
hich either M

U
C

5AC
 

or M
U

C
5B gene 

expression is elevated 
The derived 
phenotypes w

ere not 
validated w

ith clinical 
m

eaningful outcom
es 

K
ästle et al (2017) [82] 

A genetic study aim
ed to 

identify specific m
iR

N
A

s 
im

plicated in controlling Th17 
differentiation 

R
esults show

ed evidence 
of m

iR
N

A
s involvem

ent in 
controlling the 
differentiation and function 
of T helper cells, offering 
useful tools to study and 
m

odify Th17-m
ediated 

inflam
m

ation. 

 N
ot applicable 

N
ot relevant w

ith the 
m

achine learning 
m

ethods under study 

Fouda et al (2017) [83] 

A prospective observational 
study on the association 
betw

een osteoporosis and 
em

physem
a in a m

odel that 
includes these potentially 
confounding factors 

R
esults show

ed that 
em

physem
atous 

phenotype is not a risk 
factor for osteoporosis 
independently of BM

I, 
FEV1, and PaO

2. 

 N
ot applicable 

N
ot relevant w

ith the 
m

achine learning 
m

ethods under study 

C
halm

ers JD
 (2017) [84] 

A review
 on bronchiectasis 

characterization 

Key developm
ents in the 

bronchiectasis field include 
the establishm

ent of 
international disease 
registries and 
characterization of disease 
phenotypes using cluster 
analysis and biological 
data. 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping and 
m

achine learning 
m

ethods under study 

Fingleton et al. (2017) 
A cross-sectional 

C
luster analysis identified 

1) severe late-onset 
C

O
PD

 phenotypes 
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 [48] 

observational study aim
ing to 

com
pare the phenotypes of 

airw
ays disease in tw

o 
separate populations (C

hina 
and N

ew
 Zealand) 

five C
O

P
D

 phenotypes that 
w

ere sim
ilar in both 

populations 

asthm
a/C

O
PD

 overlap 
group, 2) m

oderately 
severe early-onset 
asthm

a/C
O

PD
 overlap 

group, 3) m
oderate to 

severe asthm
a group 

w
ith type 2 predom

inant 
disease, 4 and 5) 
m

inim
al airflow

 
obstruction, 
differentiated by age of 
onset. 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

Zarei et al. (2017) [35] 
A random

ized placebo-
controlled trial aim

ed to identify 
C

O
PD

 phenotypes using 
proteom

ic data 

C
luster analysis identified 

three C
O

PD
 phenotypes 

The third cluster had 
less em

physem
a and 

w
orse disease-related 

quality of life, despite 
sim

ilar levels of lung 
function im

pairm
ent than 

the other tw
o groups 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

H
irai et al. (2017) [85] 

A prospective observational 
study aim

ed to clarify the 
discrim

inant factors for 
assigning the asthm

a-C
O

PD
 

overlap phenotype 

D
ata show

ed that the 
asthm

a-C
O

PD
 overlap 

phenotype w
as 

characterized by peripheral 
blood eosinophilia and 
higher levels of IgE despite 
the Th2-low

 endotype. 

 peripheral blood 
eosinophilia and higher 
levels of IgE despite the 
Th2-low

 endotype 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

Lee et al. (2017) [49] 

A national survey aim
ed to 

identify subtypes in patients 
w

ith m
ild-to-m

oderate airflow
 

lim
itation and to appreciate 

their clinical and 
socioeconom

ic im
plications 

C
luster analysis identified 

five phenotypes w
ith 

different level of health 
care utilization  

1) near-norm
al: oldest 

m
ean age, highest 

FEV1, 2) asthm
atic: 

youngest, low
est 

prescription rate, despite 
the highest proportion of 
self-reported w

heezing, 
3) chronic obstructive 
pulm

onary disease 
(C

O
PD

): m
ale 

predom
inant and all 

current or ex-sm
okers, 

high prescription rate of 
respiratory m

edicine, 4) 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 
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asthm
atic-overlap: high 

prescription rate of 
respiratory m

edicine, 5) 
C

O
PD

-overlap: m
ale 

predom
inant and all 

current or ex-sm
okers, 

high prescription rate of 
respiratory m

edicine. 
 

H
aldar et al (2017) [86] 

A genetic study aim
ed to 

assess w
hether the balance 

betw
een the tw

o dom
inant 

bacterial groups 
(G

am
m

aproteobacteria (G
) 

and Firm
icutes (F)) in C

O
P

D
 

sputum
 sam

ples m
ight reveal 

a subgroup w
ith a bacterial 

com
m

unity structure change at 
exacerbation that w

as restored 
to baseline on recovery and 
potentially reflects effective 
antibiotic treatm

ent. 

R
esults show

ed that the 
G

:F ratio at exacerbation 
can be determ

ined on a 
tim

escale com
patible w

ith 
decisions regarding clinical 
m

anagem
ent 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

Ç
olak et al. (2017) [87] 

A prospective observational 
study aim

ed to investigate the 
prognosis of individuals w

ith 
asym

ptom
atic and 

sym
ptom

atic, undiagnosed 
C

O
PD

 in the general 
population in D

enm
ark. 

Individuals w
ith 

undiagnosed, sym
ptom

atic 
C

O
PD

 had an increased 
risk of exacerbations, 
pneum

onia, and death. 
Individuals w

ith 
undiagnosed, 
asym

ptom
atic C

O
PD

 had 
an increased risk of 
exacerbations and 
pneum

onia. 

 N
ot applicable 

N
ot relevant to 

m
achine learning 

m
ethods under study 

M
addocks et al. (2016) 

[88] 

A random
ized placebo-

controlled trial aim
ed to assess 

the effectiveness of 
neurom

uscular electrical 
stim

ulation (N
M

E
S) as a 

hom
e-based exercise therapy 

D
ata show

ed that N
M

E
S 

im
proves functional 

exercise capacity in 
patients w

ith severe C
O

PD
 

by enhancing quadriceps 
m

uscle m
ass and function. 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

Lange et al. (2016) [89] 
A prospective observational 

D
ata show

ed that the 
 

N
ot relevant to C

O
PD
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study aim
ed to investigate the 

long-term
 prognosis of 

individuals w
ith different types 

of chronic airw
ay disease and 

asthm
a-C

O
PD

 overlap 

prognosis of individuals 
w

ith asthm
a-C

O
PD

 overlap 
is poor and seem

s to be 
affected by the age of 
recognition of asthm

a, 
being w

orst in those w
ith 

late asthm
a onset (after 40 

years of age) 

N
ot applicable 

phenotyping 

P
api et al (2016) [24]  

A prospective observational 
study aim

ed to define C
O

P
D

 
phenotypes and identify 
biom

arkers and/or genetic 
param

eters that help to predict 
disease progression 

The study highlights som
e 

of the progress in 
phenotyping the 
heterogeneity of the 
disease 
that have been m

ade 
thanks to the analyses of 
this longitudinal study 

 N
ot applicable 

N
ot relevant to 

m
achine learning 

m
ethods under study 

N
ing et al. (2016) [40] 

A cross-sectional analysis 
aim

ed to identify distinct 
C

O
PD

 phenotypes  

C
luster analysis identified 

four phenotypes 

1) C
O

PD
 patients w

ith 
m

oderate to severe 
airflow

 lim
itation, 2) 

asthm
a and C

O
PD

 
patients w

ith heavy 
sm

oking, airflow
 

lim
itation and increased 

airw
ays reversibility, 3)  

patients having less 
sm

oking and norm
al 

pulm
onary function w

ith 
w

heezing but no chronic 
cough, 4) chronic 
bronchitis patients w

ith 
norm

al pulm
onary 

function and chronic 
cough 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

R
ootm

ensen et al. (2016) 
[41] 

A cross-sectional study aim
ed 

to identify C
O

P
D

 phenotypes 
in an outpatient population 

C
luster analysis identified 

four C
O

PD
 phenotypes 

1) patients w
ith a history 

of extensive cigarette 
sm

oking, airw
ay 

obstruction w
ithout signs 

of em
physem

a, 2) 
patients w

ith features of 
the em

physem
atous 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 
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type of C
O

PD
, 3) 

patients w
ith 

characteristics of allergic 
asthm

a, 4) patients w
ith 

features suggesting an 
overlap syndrom

e of 
atopic asthm

a and 
C

O
PD

 

S
ekiya et al. (2016) [50] 

A prospective observational 
study aim

ed to exam
ine the 

clinical characteristics and 
heterogeneity of patients w

ith 
severe or life-threatening 
asthm

a exacerbation.  

C
luster analysis identified 

five distinct asthm
a 

phenotypes 

1) younger-onset 
asthm

a w
ith severe 

sym
ptom

s at baseline, 
including lim

itation of 
activities, a higher 
frequency of treatm

ent 
w

ith oral corticosteroids 
and short-acting beta-
agonists, and a higher 
frequency of asthm

a 
hospitalizations in the 
past year, 2) 
predom

inantly 
com

posed of elderly 
fem

ales, w
ith the 

highest frequency of 
com

orbid, chronic 
hyperplastic 
rhinosinusitis/nasal 
polyposis, and a long 
disease duration, 3) 
allergic asthm

a w
ithout 

inhaled corticosteroid 
use at baseline. Patients 
in this cluster had a 
higher frequency of 
atopy, including allergic 
rhinitis and furred pet 
hypersensitivity, and a 
better prognosis during 
hospitalization 
com

pared w
ith the other 

N
ot relevant to C

O
PD

 
phenotyping; not 
validated w

ith clinical 
m

eaningful outcom
es 
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clusters, 4) elderly 
m

ales w
ith concom

itant 
chronic obstructive 
pulm

onary disease 
(C

O
PD

), 5) very m
ild 

sym
ptom

s at baseline 
according to the patient 
questionnaires, 41%

 
had previously been 
hospitalized for asthm

a 

Sato et al. (2016) [90]  

A retrospective study aim
ing to 

identify phenotypes of patients 
w

ith idiopathic interstitial 
pneum

onia (IIP) w
ith 

pulm
onary em

physem
a (P

E) 

C
luster analysis identified 

three phenotypes; 
idiopathic pulm

onary 
fibrosis (IPF) w

ith P
E is a 

distinct phenotype w
ith 

poor prognosis 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

M
orélot-P

anzini et al. 
(2016) [91] 

An observational prospective 
study testing the 
M

ultidim
ensional D

yspnea 
Profile (M

D
P) in C

O
PD

 
patients 

The M
D

P can identify an 
affective/em

otional 
dim

ension of dyspnea and 
contribute to phenotypic 
description of patients 

 N
ot applicable 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

R
oche et al. (2016) [92] 

A cross-sectional study 
investigating the genetic 
variability of C

O
PD

 and 
obstructive sleep apnea 
patients 

The study identified 
genetic variants m

apping 
to hypoxia response 
elem

ents 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

M
artínez-G

arcía et al. 
(2016) [93] 

An observational cohort study 
aim

ed to identify phenotypes 
for non-cystic fibrosis 
bronchiectasis  

U
sing cluster analysis, it 

w
as possible to identify 

distinct phenotypes 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

Batista-N
avarro et al. 

(2016) [94] 

A cross-sectional qualitative 
study that com

pared a m
anual 

perform
ing task of C

O
PD

 
phenotype curation to that of a 
text-m

ining algorithm
  

Text-m
ining algorithm

s 
w

ere m
ore efficient in 

facilitating the curation of 
C

O
PD

 phenotypes  

 N
ot applicable 

N
ot relevant to 

m
ethods under study; 

not validated w
ith 

clinical outcom
es 

Labuzzetta et al. (2016) 
[95] 

A genetic cross-sectional study 
that uses m

achine learning 
m

ethods to predict C
O

P
D

 
phenotypes 

M
achine learning m

ethods 
show

ed that isoform
 

expression data have high 
accuracy in predicting 
phenotypes 

 N
ot applicable 

Predicted phenotypes 
not validated w

ith 
clinical outcom

es 
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 Kaluarachchi et al. (2016) 
[96] 

A case-control study aim
ed to 

determ
ine perturbed 

biochem
ical functions 

associated w
ith tobacco 

sm
oking 

R
esults show

ed that 
com

bining m
ultiplatform

 
m

etabolic phenotyping w
ith 

know
ledge-based m

apping 
gives m

echanistic insights 
into disease developm

ent 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

O
beidat et al. (2015) [97] 

A genom
e-w

ide association 
study aim

ed to investigate 
m

olecular m
echanism

s 
underlying variations in lung 
function 

The system
 genetics 

approach identified lung 
tissue genes driving the 
variation in lung function 
and susceptibility to C

O
PD

 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

K
im

 et al. (2015) [98] 
A cross-sectional study aim

ed 
to identify novel lung disease 
phenotypes using m

ulti-om
ics 

data   

C
luster analysis identified 

subclusters w
ith distinct 

clinical and biom
olecular 

characteristics 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping; not 
validated w

ith clinical 
m

eaningful outcom
es 

H
übenthal et al. (2015) 

[99] 

A case-control study that used 
genetic profiling and m

achine 
learning m

ethods to accurately 
predict inflam

m
atory diseases 

The proposed m
iR

N
A

 
signature is of relevance 
for the etiology of 
inflam

m
atory bow

el 
disease (IBD

) 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

Lee et al. (2014) [100] 

An observational genetic study 
aim

ed to investigate the 
clinical and genetic 
heterogeneity in subjects w

ith 
m

ild airflow
 lim

itation in 
spirom

etry grade 1 defined by 
the G

lobal Initiative for C
O

PD
 

R
esults show

ed that G
O

LD
 

1 subjects show
 

substantial clinical 
heterogeneity, w

hich is at 
least partially related to 
genetic heterogeneity. 

 N
ot applicable 

The derived 
phenotypes w

ere not 
validated w

ith clinical 
m

eaningful outcom
es 

U
zun et al. (2014) [101] 

A random
ized placebo-

controlled trial aim
ed to 

investigate w
hether patients 

w
ith C

O
PD

 w
ho had received 

treatm
ent for three or m

ore 
exacerbations in the previous 
year w

ould have a decrease in 
exacerbation rate w

hen 
m

aintenance treatm
ent w

ith 
azithrom

ycin w
as added to 

standard care 

D
ata show

ed that 
m

aintenance treatm
ent 

w
ith azithrom

ycin 
significantly decreased the 
exacerbation rate 
com

pared w
ith placebo 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

B
rightling et al. (2014) 

[102] 
A random

ized placebo-
controlled trial aim

ed to 
R

esults show
ed that 

com
pared w

ith placebo, 
 N

ot applicable 
N

ot relevant to C
O

PD
 

phenotyping 
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establish w
hether 

benralizum
ab reduces acute 

exacerbations of C
O

PD
 in 

patients w
ith eosinophilia and 

C
O

PD
 

benralizum
ab did not 

reduce the rate of acute 
exacerbations of C

O
PD

 

K
on et al. (2014) [103] 

Three prospective 
observational studies aim

ed to 
assess the he m

inim
um

 
clinically im

portant difference 
(M

C
ID

) for the C
O

PD
 

Assessm
ent Test (C

AT) in 
patients w

ith C
O

PD
 

The m
ost reliable estim

ate 
of the m

inim
um

 im
portant 

difference of the C
AT is 2 

points 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

K
öhnlein et al. (2014) 

[104] 

A prospective random
ized 

controlled clinical trial aim
ed to 

investigate the effect of long-
term

 non-invasive positive 
pressure ventilation (N

P
P

V
), 

targeted to m
arkedly reduce 

hypercapnia, on survival in 
patients w

ith advanced, stable 
hypercapnic C

O
PD

 

R
esults show

ed that the 
addition of long-term

 N
PPV

 
to standard treatm

ent 
im

proves survival of 
patients w

ith hypercapnic, 
stable C

O
PD

 w
hen N

PP
V 

is targeted to greatly 
reduce hypercapnia.  

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

Jones et al. (2014) [105] 

A retrospective study aim
ed to 

investigate patterns of health-
care use and com

orbidities 
present in patients in the 
period before diagnosis of 
chronic obstructive pulm

onary 
disease (C

O
PD

) 

D
ata show

ed that 
opportunities to diagnose 
C

O
PD

 at an earlier stage 
are being m

issed, and 
could be im

proved by 
case-finding in patients 
w

ith low
er respiratory tract 

sym
ptom

s and concordant 
long-term

 com
orbidities. 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

Zheng et al. (2014) [106] 

A random
ized placebo-

controlled trial aim
ed to assess 

w
hether N

-acetylcysteine 
could reduce the rate of 
exacerbations in patients w

ith 
C

O
PD

 

D
ata show

ed that in 
C

hinese patients w
ith 

m
oderate-to-severe 

C
O

PD
, long-term

 use of N
-

acetylcysteine 600 m
g 

tw
ice daily can prevent 

exacerbations, especially 
in disease of m

oderate 
severity. 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

C
orhay et al. (2014) 

A cross-sectional study aim
ed 

C
luster analysis can help 

 
C

O
PD

 phenotypes 
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 [107] 

to sum
m

arize the current data 
available about the 
phenotypes of this disease  

to identify m
ore precise 

definition of C
O

PD
 

phenotypes 

N
ot applicable 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

M
oore et al. (2014) [108] 

A cross-sectional study aim
ing 

to understand the interactions 
betw

een inflam
m

ation and 
clinical asthm

a subphenotypes 

C
luster analysis identified 

four phenotypes 
associated w

ith asthm
a 

severity 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

Q
iao et al. (2014) [109] 

A sim
ulation study 

investigating the association 
betw

een genetic loci and 
com

plex phenotypes 

C
luster analysis can be 

useful in genom
e 

sequencing studies for 
pairing genom

ic regions 
w

ith com
plex phenotypes 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

D
iS

antostefano et al. 
(2014) [110] 

Baseline data of tw
o clinical 

trials w
ere used to identify risk 

groups for pneum
onia 

C
luster analysis can 

identified distinct patient 
groups at risk of 
pneum

onia 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

V
ogelm

eier et al. (2013) 
[111] 

A random
ized parallel group 

trial aim
ed to com

pare the 
efficacy, safety, and tolerability 
of Q

VA149 versus salm
eterol-

fluticasone (SFC
) over 26 

w
eeks in patients w

ith 
m

oderate-to-severe C
O

PD
 

R
esults suggested the 

potential of dual 
bronchodilation as a 
treatm

ent option for non-
exacerbating sym

ptom
atic 

C
O

PD
 patients 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

Franciosi et al. (2013) 
[112] 

Four clinical trials aim
ed to 

assess the efficacy and safety 
of a novel inhaled dual 
phosphodiesterase 3 (P

D
E

3) 
and PD

E4 inhibitor, R
PL554 

for its ability to act as a 
bronchodilator and anti-
inflam

m
atory drug 

D
ata show

ed that inhaled 
R

PL554 is an effective and 
w

ell tolerated 
bronchodilator, 
bronchoprotector, and anti-
inflam

m
atory drug 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

D
ecram

er et al. (2013) 
[113] 

A random
ized parallel group 

study aim
ed to com

pare the 
efficacy and safety of 
indacaterol and tiotropium

 in 
patients w

ith C
O

PD
 

D
ata show

ed that 
Indacaterol and tiotropium

 
provided clinically relevant 
im

provem
ents in lung 

function w
ith com

parable 
safety profiles. 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

D
ransfield et al. (2013) 

[114] 

Tw
o parallel group random

ized 
controlled trials aim

ed to 
investigate w

hether fluticasone 

R
esults show

ed that 
addition of fluticasone 
furoate to vilanterol w

as 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 
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furoate and vilanterol w
ould 

prevent m
ore exacerbations 

than w
ould vilanterol alone 

associated w
ith a 

decreased rate of 
m

oderate and severe 
exacerbations of C

O
PD

 in 
patients w

ith a history of 
exacerbation, but w

as also 
associated w

ith an 
increased pneum

onia risk 

W
edzicha et al. (2013) 

[115] 

A random
ized parallel-group 

study aim
ed to evaluate the 

effect of dual, longacting 
inhaled bronchodilator 
treatm

ent on exacerbations in 
patients w

ith severe and very 
severe chronic obstructive 
pulm

onary disease (C
O

PD
) 

R
esults suggested 

potential of dual 
bronchodilation as a 
treatm

ent option for 
patients w

ith severe and 
very severe C

O
P

D
. 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

R
abe et al. (2013) [116] 

A random
ized parallel-group 

study aim
ed to establish 

w
hether A

D
R

B
2 

polym
orphism

s differentially 
affected C

O
PD

 exacerbation 
outcom

es in response to 
tiotropium

 versus salm
eterol. 

D
ata show

ed lim
ited 

evidence for the use of 
AD

R
B2 polym

orphism
s for 

predicting LA
B

A treatm
ent 

response  

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

S
iedlinski et al. (2013) 

[117] 

A case-control study aim
ed to 

estim
ate direct and indirect 

effects of genetic loci on 
C

O
PD

 developm
ent using 

m
ediation analysis 

This study confirm
s the 

existence of direct effects 
of the AG

PH
D

1/C
H

R
N

A3, 
IR

E
B2, FAM

13A
 and H

H
IP 

loci on C
O

PD
 

developm
ent. 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping and 
m

achine learning 
m

ethods under study 

G
ouzi et al. (2013) [118] 

A cross-sectional study aim
ed 

to test w
hether m

uscle fiber 
atrophy and increased 
oxidative stress constitute the 
attributes of validated C

O
P

D
 

phenotypes 

D
ata show

ed that 
dem

onstrates that the 
m

uscle heterogeneity is 
the translation of different 
phenotypes of the disease. 

 N
ot applicable 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

Fens et al. (2013) [42] 

A cross-sectional study aim
ed 

to identify subphenotypes of 
C

O
PD

 in a com
m

unity-based 
population of heavy (ex-) 
sm

okers 

C
luster analysis identified 

four C
O

PD
 phenotypes 

1) m
ild C

O
PD

, lim
ited 

sym
ptom

s and good 
quality of life, 2) low

 lung 
function, com

bined 
em

physem
a and chronic 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 
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bronchitis and a distinct 
breath m

olecular profile, 
3) em

physem
a 

predom
inant C

O
PD

 w
ith 

preserved lung function, 
4) highly sym

ptom
atic 

C
O

PD
 w

ith m
ildly 

im
paired lung function. 

S
haykhiev et al. (2013) 

[119] 

A genetic study investigating 
the association betw

een 
C

X
C

L14 gene, cancer and 
C

O
PD

  

D
ata show

ed that sm
oking-

induced gene expression is 
a potential link betw

een 
sm

oking-associated airw
ay 

epithelial injury, C
O

PD
, 

and lung cancer.  

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 

C
arolan et al. (2013) 

[120] 

A review
 that discusses 

advances in describing 
phenotypic variability in 
asthm

a and C
O

PD
 

The authors suggest that 
better understanding of the 
heterogeneity of the 
disease through 
phenotyping w

ill im
prove 

care and reduce potential 
adverse effects from

 
unnecessary therapies 

 N
ot applicable 

N
ot relevant to 

m
ethods under 

study.i.e. a review
 - not 

original research study 

 B
asagaña et al. (2013) 

[39] 

In this article the authors 
developed a fram

ew
ork of 

applying im
putation to m

issing 
values of a cluster analysis 

The proposed fram
ew

ork 
deals w

ith uncertainty in 
definine the num

ber of 
clusters, the variable 
selection and allocation of 
patients to clusters 

 N
ot applicable 

N
ot relevant to the 

studies under review
 

Toraldo et al. (2012) 
[121] 

A review
 article that discusses 

and refines the concept of 
desaturator phenotypes in 
C

O
PD

 w
ith pulm

onary 
hypertension (PH

) 

C
luster analysis can 

identify a pattern of 
phenotypic m

arkers that 
could be used as a 
fram

ew
ork for future 

diagnosis and research 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping and 
m

achine learning 
m

ethods under study 

Travers et al. (2012) 
[122] 

In a letter to the editors the 
authors discuss the possibility 
of re-exam

ining the 
classification of airw

ays 
disease to identify disease 
subgroups that m

ay respond to 

The authors conclude that 
classification analysis can 
be used to derive 
allocation rules that allow

 
disease groups identified 
through cluster analysis to 

 N
ot applicable 

N
ot relevant to 

m
achine learning 

m
ethods under study 
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treatm
ents in different w

ays. 
be prospectively identified 
in the real w

orld. This w
ill 

enable trials to test 
interventions in putative 
phenotypes, a necessary 
step tow

ards personalised 
m

edicine for airw
ays 

disease. 

Toraldo et al. (2011) 
[123] 

A cross-sectional study aim
ed 

to discuss and refine the 
concept of phenotyping 
desaturators in C

O
PD

 and 
show

s a possible pattern 
w

hich could be used as a 
fram

ew
ork for future research. 

The study suggests that 
C

O
PD

 phenotyping can 
facilitate our understanding 
and m

anagem
ent of C

O
PD

 

 N
ot applicable 

N
ot relevant to 

m
achine learning 

m
ethods under study 

 B
afadhel et al. (2011) 

[36] 

A cross-sectional study aim
ed 

to study the application of C
T 

im
aging in the 

m
ultidim

ensional approach to 
phenotyping patients w

ith 
C

O
PD

 

C
luster analysis identified 

three clusters, tw
o of w

hich 
w

ere em
physem

a 
predom

inant and the third 
characterized by a 
heterogeneous 
com

bination of 
em

physem
a and 

bronchiectasis 

1) em
physem

a (E
M

) 
predom

inant, 2) 
bronchiectasis (B

E) 
predom

inant, 3) 
heterogeneous 
com

bination of EM
 and 

BE
 

The derived 
phenotypes w

ere not 
validated w

ith clinical 
m

eaningful outcom
es 

B
afadhel et al. (2011) 

[43] 

A prospective observational 
study aim

ed to investigate 
biom

arker expression in C
O

PD
 

exacerbations to identify 
biologic clusters and determ

ine 
biom

arkers that recognize 
clinical C

O
PD

 exacerbation 
phenotypes 

C
luster analysis identified 

four distinct biologic 
exacerbation clusters 

1) bacterial-
predom

inant, 2) viral-
predom

inant, 3) 
eosinophilic--
predom

inant, 4) lim
ited 

changes in the 
inflam

m
atory profile 

C
O

PD
 phenotypes 

w
ere not validated w

ith 
clinical m

eaningful 
outcom

es 

Fingleton et al. (2011) 
[124] 

In a letter to the editors the 
authors discuss the tailoring of 
treatm

ent regim
ents to patients 

w
ith different C

O
PD

 
phenotypes 

The author acknow
ledge 

the challenge to determ
ine 

distinct phenotypes and 
suggest that if these 
phenotypes are validated 
w

ith response to treatm
ent 

then can be potentially 
used to target treatm

ents 

 N
ot applicable 

N
ot relevant to 

m
ethods under study, 

i.e. a review
 - not 

original research study 
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specifically to patients 

S
hirtcliffe et al. (2011) 

[125] 

This review
 aim

ed to a better 
understanding of the distinct 
disorders of airw

ays disease 
w

ith the potential to inform
 on 

underlying m
echanism

s, risk 
factors, natural history, 
m

onitoring and treatm
ent. 

The authors conclude that 
by further defining the 
distinct phenotypes that 
m

ake up the syndrom
es of 

asthm
a and C

O
PD

 could 
lead to treatm

ents 
specifically targeted for 
defined phenotypic groups. 

 N
ot applicable 

N
ot relevant to 

m
ethods under study, 

i.e. a review
 - not 

original research study 

S
harm

a et al. (2010) 
[126] 

A study used data from
 tw

o 
clinical trials aim

ed to identify 
subject clusters in one study 
and replicate the findings in 
the second study 

C
luster analysis identified 

three subjects clusters in 
one study that w

ere 
replicated in the second 
study 

 N
ot applicable 

The derived 
phenotypes w

ere not 
validated w

ith clinical 
m

eaningful outcom
es 

Jo et al. (2010) [127] 

A cross-sectional 
observational study aim

ed to 
classify the phenotypes in 
elderly subjects w

ith 
obstructive lung disease (O

LD
) 

C
luster analysis identified 

three phenotypes in elderly 
patients w

ith O
LD

  

 N
ot applicable 

The derived 
phenotypes w

ere not 
validated w

ith clinical 
m

eaningful outcom
es 

C
ho et al. (2010) [44] 

An observational genetic study 
aim

ed to identify subtypes of 
severe em

physem
a 

C
luster analysis identified 

four phenotypes in a group 
of sever em

physem
a 

patients 

1) em
physem

a 
predom

inant, 2) 
bronchodilator 
responsive, w

ith higher 
FEV1, 3) discordant, 
w

ith a low
er FEV

1 
despite less severe 
em

physem
a and low

er 
airw

ay w
all thickness, 4) 

airw
ay predom

inant. 

The derived 
phenotypes w

ere not 
validated w

ith clinical 
m

eaningful outcom
es 

S
obradillo et al. (2010) 

[128] 

In this article the authors 
review

 the know
ledge in the 

topic of C
O

PD
 phenotypes 

  
 N

ot applicable 
N

ot relevant to the 
purpose of the review

 
under study 

 W
eatherall et al. (2010) 

[129] 

In this article the authors 
discuss the advantages and 
disadvantages of cluster 
analysis to characterize 
different types of airw

ays 
disorders 

The author conclude that 
cluster analysis can help to 
better understanding the 
true patterns of airw

ay 
disorders and could lead to 
different pharm

acological 
treatm

ents and other 
interventions directed at 

 N
ot applicable 

N
ot relevant to 

m
achine learning 

m
ethods under study 
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specific phenotypic group 

P
aoletti et al. (2009) 

[130] 

A cross-sectional study aim
ed 

to assess the presence of 
hidden structures in data 
corresponding to the different 
C

O
PD

 phenotypes observed in 
clinical practice 

D
ata show

ed that using 
cluster analysis can 
identify phenotypes for 
understanding the results 
of pharm

acologic trials; 
clinician’s approach to 
patient treatm

ent and 
C

O
PD

 natural history. 

 N
ot applicable 

The derived 
phenotypes w

ere not 
validated w

ith clinical 
m

eaningful outcom
es 

W
eatherall et al. (2009) 

[51] 

A cross-sectional study aim
ed 

to explore clinical phenotypes 
in a com

m
unity population w

ith 
airw

ays disease 

C
luster analysis identified 

five distinct phenotypes of 
airflow

 obstruction 

1) severe and m
arkedly 

variable airflow
 

obstruction w
ith features 

of atopic asthm
a, 

chronic bronchitis and 
em

physem
a, 2) features 

of em
physem

a alone, 3) 
atopic asthm

a w
ith 

eosinophilic airw
ays 

inflam
m

ation, 4) m
ild 

airflow
 obstruction 

w
ithout other dom

inant 
phenotypic features, 5) 
chronic bronchitis in 
nonsm

okers 

The derived 
phenotypes w

ere not 
validated w

ith clinical 
m

eaningful outcom
es 

P
istolesi  et al. (2008) 

[131] 

A cross-sectional study aim
ed 

to ascertain w
hether C

O
PD

 
phenotypes reflecting different 
m

echanism
s of airflow

 
lim

itation could be clinically 
identified 

R
esults show

ed that 
patients w

ith C
O

PD
 can be 

assigned a clinical 
phenotype reflecting the 
prevalent m

echanism
 of 

airflow
 lim

itation 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping and 
m

achine learning 
m

ethods under study 

P
atel et al. (2008) [132] 

An observational study aim
ing 

to assess the association 
betw

een airw
ay w

all thickening 
and em

physem
a at the 

severity of C
O

PD
  

Airw
ay w

all thickening and 
em

physem
a m

ake 
independent contributions 
to airflow

 obstruction in 
C

O
PD

. 

 N
ot applicable 

N
ot relevant w

ith 
m

achine learning 
m

ethods under study 

K
odavanti et al. (2006) 

[133] 

An anim
al study investigating 

w
hether spontaneously 

hypertensive (S
H

) rats m
ay 

offer a better m
odel of 

experim
ental bronchitis and 

D
ata show

ed that sulfur 
dioxide (SO

2) exposure 
SH

 rats m
ay yield a 

relevant experim
ental 

m
odel of bronchitis 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 
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subsequent C
O

PD
 phenotypes 

W
ardlaw

 et al. (2005) 
[134] 

An article that discusses the 
use of a new

 taxonom
y for 

m
utli-dim

ensional phenotyping 

The authors suggest that 
developm

ent of this 
taxonom

y w
ill require a 

m
uch m

ore com
plete and 

sophisticated correlation of 
the m

any variables that 
uses com

plex statistical 
tools such as cluster 
analysis 

 N
ot applicable 

N
ot relevant m

achine 
learning m

ethods under 
study 

H
ackett et al. (2003) 

[135] 

A genetic study investigating 
the association betw

een 
antioxidant-related genes and 
sm

oking-induced chronic 
bronchitis 

D
ata show

ed that 
antioxidant-related genes 
m

ay be useful genetic 
m

arkers in assessing 
susceptibility to sm

oking-
induced chronic bronchitis 

 N
ot applicable 

N
ot relevant to C

O
PD

 
phenotyping 
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 Table 4. List of all potential C

O
PD

 phenotypes by group of clinical relevance 
Phenotypes 

G
roups 

M
ild C

O
PD

 
M

oderate C
O

PD
 

Severe C
O

PD
 

Physician defined 
severity 

Lung function-based 
severity including poor 
lung function and 
sym

ptom
s  

Atopy 
Asthm

a phenotype 
M

ild asthm
a 

M
oderate to severe asthm

a 
Severity of asthm

a 

C
ardiovascular disease 

D
iabetes 

Anxiety 
D

epression 
G

astroesophageal reflux disease 
(G

ER
D

) 

C
om

orbidities 

W
orse lung function but few

er 
sym

ptom
s 

Lung function-based severity 

W
orse lung function w

ith m
ore 

sym
ptom

s, m
ore exacerbations, faster 

FEV1 decline and greatest SG
R

Q
 

decline 

Lung function-based 
severity 

H
ealth-related quality 

of life including 
breathlessness 

Patients w
ith additional sym

ptom
s and 

m
oderate airflow

 obstruction and m
ore 

exacerbations requiring hospitalization 

Lung function-based severity 

Bacterial-predom
inant 

C
linical severity 

Viral-predom
inant 

Eosinophilic--predom
inant 

N
o/m

ild obstruction and m
inim

al 
em

physem
a 

U
nderlying disease processes for C

O
PD

 

Em
physem

a predom
inant (EM

) 
Bronchiectasis predom

inant (B
E) 

H
eterogeneous com

bination of EM
 and 

BE
 

M
ild em

physem
atous: prevalent 

dyspnea in the early-m
orning and 

daytim
e 

Severe em
physem

a 
Severe em

physem
atous: nocturnal and 

diurnal dyspnea 
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 C

hronic bronchitis patients w
ith norm

al 
pulm

onary function and chronic cough 
Severe bronchitis: nocturnal and diurnal 
cough and phlegm

 
Asthm

a and C
O

P
D

 overlap 
D

istinct phenotype 
M

ild to m
oderate airflow

 lim
itation, 

absent or m
ild em

physem
a and 

dyspnea, norm
al nutritional status, 

lim
ited com

orbidities 

D
istinct phenotype 

O
besity  

D
istinct phenotype 

Younger patients w
ith few

er sym
ptom

s 
and exacerbations and m

ild airflow
 

obstruction 

D
istinct phenotype 

Young patients w
ith m

ild airflow
 

obstruction, few
 sym

ptom
s and 

infrequent severe exacerbations 

D
istinct phenotype 

Young patients w
ith m

oderate to severe 
airflow

 lim
itation, few

 com
orbidities 

D
istinct phenotype 

O
lder patients w

ith severe airw
ay 

lim
itation and highly sym

ptom
atic 

D
istinct phenotype 

O
lder patients w

ith high rates of 
cardiovascular com

orbidities and 
diabetes, but less severe respiratory 
disease 

D
istinct phenotype 

O
lder patients w

ith high prevalence of 
com

orbidities and obesity 
D

istinct phenotype 

O
lder patients w

ith m
ild airflow

 
obstruction, few

 sym
ptom

s, infrequent 
severe exacerbations but higher 
m

ortality 

D
istinct phenotype 

O
lder patients w

ith m
oderate respiratory 

disease, dyspnea, history of severe 
exacerbations and underw

eight 

D
istinct phenotype 

Very severe respiratory disease w
ith low

 
rates of cardiovascular com

orbidities 
and diabetes 

D
istinct phenotype 

M
ild respiratory disease and low

 rates of 
com

orbidities 
D

istinct phenotype 

O
verw

eighed heavy sm
okers, w

ith an 
D

istinct phenotype 
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 early or late onset and a severe disease 
Patients having less sm

oking and 
norm

al pulm
onary function w

ith 
w

heezing but no chronic cough 

D
istinct phenotype 

Patients w
ith a history of extensive 

cigarette sm
oking, airw

ay obstruction 
w

ithout signs of em
physem

a 

D
istinct phenotype 

Asym
ptom

atic w
ith relatively norm

al 
airw

ay structure and lung function 
except airw

ay w
all thickening and 

m
oderate em

physem
a 

D
istinct phenotype 

O
bese fem

ales w
ith an 

increase of tissue fraction at inspiration, 
m

inim
al em

physem
a, and the low

est 
progression rate of em

physem
a 

D
istinct phenotype 

O
lder m

ales w
ith sm

all airw
ay narrow

ing 
and a decreased tissue fraction at 
expiration, both indicating air-trapping 

D
istinct phenotype 

Lean m
ales w

ere likely to be severe 
C

O
PD

 subjects show
ing the highest 

progression rate of em
physem

a 

D
istinct phenotype 
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 Table 5. D

ata characteristics and m
ethods for the identification of C

O
PD

 phenotypes in the review
ed studies 

Study 
D

ata used in the clustering analysis 
D

ata reduction and clustering m
ethods 

Yoon et al. (2019) 
[9] 

Age, B
M

I, sm
oking status, history of asthm

a, C
O

PD
 

assessm
ent test (C

AT) score, pre-bronchodilator 
FEV1 %

 predicted, diffusing capacity of carbon 
m

onoxide %
 predicted 

K-m
eans 

Pikoula et al. 
(2019) [6] 

BM
I, sm

oking status, atopy, G
IN

A1 classification, 
eosinophilia, com

orbidities 
M

ultiple correspondence analysis (M
C

A),   
k-m

eans, and hierarchical clustering 
Kim

 et al. (2018) 
[10] 

BM
I, C

harlson com
orbidity index, SG

R
Q

2 total score, 
FEV1 

Factor analysis and hierarchical clustering 

Kim
 et al. (2017) 

[11] 
C

linical, physiological and im
aging data 

PC
A

 and hierarchical cluster analysis 

Burgel et. al. (2017) 
[8] 

Age, B
M

I, FEV1 %
 predicted, m

M
R

C
3 dyspnea 

scale, exacerbation in the past 12 m
onths, 

com
orbidities 

Factor analysis for m
ixed data (FA

M
D

) and 
hierarchical clustering 

Peters et al. (2017) 
[14] 

FEV1 %
 predicted, BM

I, exercise capacity, subjective 
sym

ptom
s, fatigue, quality of life 

H
ierarchical and discrim

inant cluster 
analysis 

C
hubachi et al. 

(2016) [17] 
C

om
orbidity data (e.g., cardiovascular diseases and 

diabetes)  
H

ierarchical cluster analysis 

Fingleton et al. 
(2015) [19] 

R
espiratory history and com

orbidities, lung function, 
reversibility testing, biom

arkers, disease control and 
health status  

H
ierarchical cluster analysis 

C
hen et al (2014) 

[16] 
Age, lung function (FEV

1 %
 predicted), BM

I, history 
of severe exacerbations, m

M
R

C
, SpO

2, C
harlson 

Index 

PC
A

, hierarchical, and k-m
eans clustering 

C
astaldi et al. 

(2014) [7] 
D

em
ographic and clinical characteristics, spirom

etry, 
genom

e-w
ide SN

P genotyping data, inspiratory and 
expiratory C

T scans 

Factor analysis and k-m
eans clustering 

Altenburg et al. 
(2012) [18] 

Age, B
M

I, quadriceps force, body plethysm
ography, 

exercise testing  
K-m

eans cluster analysis 

Burgel et al. (2010) 
[12] 

Age, sym
ptom

s, spirom
etry, BM

I, exacerbations, 
health and psychological status 

PC
A

 and hierarchical cluster analysis 

Burgel et al. (2012) 
[13] 

Age, sym
ptom

s, health status, body 
plethysm

ography, D
LC

O
4, C

T scan, com
orbidities 

PC
A

 and hierarchical cluster analysis 

G
arcia-A

ym
erich et 

al. (2011) [15] 
S

ym
ptom

s, health status, body com
position, 

plethysm
ography, C

T scan, saliva and serum
, 

exercise testing 

K-m
eans cluster analysis 

1G
IN

A: G
lobal Initiative for Asthm

a; 2SG
R

Q
: St G

eorge’s R
espiratory Q

uestionnaire; 3m
M

R
C

: M
odified M

edical R
esearch C

ouncil;  
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 4 D

L
C

O : D
iffusing capacity of the lungs for carbon m

onoxide 
 Table 6. B

est practices recom
m

ended for the identification of clinically validated C
O

PD
 phenotypes using clustering analysis 

Prospective 
longitudinal data 

External validation 
Large sam

ples 
H

andling of m
issing 

data 
C

hoice of variables and 
cluster analysis 

U
se longitudinal 

prospective data over 
a long period of tim

e 
from

 a large database 
(e.g., C

ALIB
ER

, U
K 

Biobank) 

C
ross-validation w

ith 
different databases 
from

 m
ultiple settings 

(in different parts of 
the w

orld), and 
validation against 
clinically m

eaningful 
endpoints (e.g., 
exacerbations, 
response to therapy, 
m

ortality) 

U
se large sam

ples, 
ideally w

ith m
ore 

than 1,000 patients 

M
ultiple im

putation 
m

ethods and 
sensitivity analysis 

Through a com
bination of expert 

opinions, evidence-based data 
and literature review

s, data 
reduction m

ethods, and cluster 
analysis  
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 Figure 1. PR

ISM
A diagram

 for the system
atic review

  

R
ecords identified through database 

searching 
(n = 83) 

Screening Included Eligibility Identification 

A
dditional records identified through 

other sources (e.g., hand-searching) 
(n = 34) 

R
ecords after duplicates w

ere rem
oved 

(n = 113) 

A
rticles screened for title 

and abstract 
(n = 113) 

A
rticles excluded 

(n = 65) 

Full-text articles assessed for 
eligibility 
(n = 48) 

Full-text articles excluded  
(n = 34) 

A
rticles included in this 

review
 

(n = 14) 


