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Abstract

Chronic obstructive pulmonary disease (COPD) is a heterogeneous disorder. COPD patients may have different
clinical features, imaging characteristics and natural history. Multiple studies have investigated heterogeneity
using statistical methods such as unsupervised clustering to define different subgroups of COPD based largely
on clinical phenotypes. Some studies have performed clustering using genetic data or limited numbers of blood
biomarkers. Our primary goal was to use proteomic data to find subtypes of COPD within clinically similar
individuals. In the Treatment of Emphysema with a gamma-Selective Retinoid Agonist (TESRA) study, multiplex
biomarker panels were run in serum samples collected prior to randomization. After implementing an algorithm
to minimize missing values, the dataset included 396 COPD individuals and 87 biomarkers. Using hierarchical
clustering, we identified 3 COPD subgroups, containing 267 (67.4%), 104 (26.3%), and 25 (6.3%) individuals,
respectively. The third cluster had less emphysema on quantitative analysis of chest computed tomography scans
(p=0.03) and worse disease-related quality of life based on the St. George’s Respiratory Questionnaire (total score
cluster 1: 45.6, cluster 2: 45.4, cluster 3: 56.6; p=0.01), despite similar levels of lung function impairment (forced
expiratory volume in 1 second (49.2%, 49.2%, 48.2% predicted, respectively). Enrichment analysis showed the
biomarkers distinguishing cluster 3 mapped to platelet alpha granule and cell chemotaxis pathways. Thus, we
identified a subgroup which has less emphysema but may have greater inflammation, which could be potentially
targeted with anti-inflammatory therapies.
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Introduction
Chronic obstructive pulmonary disease (COPD)
is a common, progressive disease defined by

airflow limitation on lung function tests. COPD
is a heterogeneous condition, characterized by
varying symptoms, natural history, and anatomic
processes, which can be visualized on chest computed
tomography (CT) scans.! These differences may be
attributable to the molecular heterogeneity of the
disease.? Starting almost 40 years ago, researchers have
attempted to define the spectrum of heterogeneity in
COPD.® However the underlying pathogenesis for the
heterogeneity of the disease is still under investigation.
Hence, identifying COPD phenotypes with the goal
of achieving individualized treatment remains an
important goal.* To date, studies have identified several
clinical subtypes of COPD as well as a genetic subtype,
alpha-lantitrypsin deficiency, that can be targeted with
specific treatments.””

Statistical techniques such as cluster analysis have
been used to assign COPD individuals to different
groups where individuals within each cluster have more
common characteristics compared to individuals from
other groups or clusters.* These techniques have relied
upon clinical and physiologic variables, chest CT scans,
and gene expression data.*®? A recent COPD subtyping
analysis in the Evaluation of COPD Longitudinally to
Identify Predictive Surrogate Endpoints (ECLIPSE)
study used a limited set of blood biomarkers, including
club cell secretory protein-16, surfactant protein-D,
interleukin-8, tumor necrosis factor, fibrinogen and
white blood cell counts.!® The latter 2 biomarkers may
be the most clinically applicable.!® However, none of
the previous studies have used large-scale proteomics
to find different subgroups of COPD. In this study, we
analyzed a large set of peripheral blood biomarkers in
former smokers with emphysema from a clinical trial.

We hypothesized that unbiased mathematical tools such
as hierarchical clustering will be able to define sets of
biomarkers that delineate the clinical variation among
COPD patients and provide insight into the potential
pathogenic mechanisms behind the subgroups.

Methods

Study Participants

The Treatment of Emphysema with a Selective Retinoid
Agonist (TESRA) trial was a multicenter randomized,
placebo-controlled clinical trial of palovarotene in
COPD (clinicaltrials.gov identifier NCT00413205).}*
Details on the design, methods and the collection of
clinical data of the TESRA study have been previously
described.!?"1? Study participants provided written
informed consent, and the study was approved by
the institutional review boards at all participating
centers. The study enrolled former smokers (abstinent
at least 12 months) with a minimum of 10 pack years
smoking history. Study participants had moderate-to-
severe COPD, defined by post-bronchodilator forced
expiratory volume in 1 second (FEV1) to forced vital
capacity (FVC) ratio <0.7 and FEV: <70% predicted,
with diffusing capacity of the lung for carbon dioxide
(DLCO) <70% predicted. All participants had
emphysema based on visual review of chest CT scans.
Baseline measurements also included assessments
of symptoms and exacerbations, a 6-minute walk test,
and body plethysmography to measure lung volumes.
Disease-related quality of life was assessed using the St.
George’s Respiratory Questionnaire (SGRQ).!® Chronic
bronchitis was defined using the SGRQ per Kim et al.1*
Exacerbations were identified by hospitalization or
treatment with oral steroids or antibiotics. Emphysema
was quantified by the 15th percentile (Perc15) of
lung density histogram.!® Since Percl5 values are
negative, the variable was converted to a positive value
before log-transformation ie., Percl5-transformed =
logio (1000 + Perc15). Therefore, higher values of the
transformed variable correspond to lower quantitative
emphysema. The percent of voxels with attenuation
< -910 Hounsfield units (HU) was also used to assess
emphysema.

Biomarker Measurements

Prior to randomization, blood samples were collected
from 458 participants for biomarker analysis. These
biomarkers were selected based on presumed biologic
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mechanisms in COPD.!? To measure the biomarker
levels,a custom 15-panel assay wasused. Concentrations
of 140 protein biomarkers were measured in
ethylenediamine-tetraacetic acid (EDTA) plasma in
duplicate at Rules Based Medicine (Austin, Texas) and
Quest Diagnostics (Valencia, California). Full details of
the biomarker testing in TESRA, including the list of
biomarkers, have been previously published.!?"1® For
this analysis, biomarker measurements below the lower
limit of quantification were set to missing. Otherwise,
untransformed biomarker values were used.

Cluster Analysis

We implemented a simple optimization (maximization)
algorithm to include the maximum number of
participants and biomarkers, while minimizing missing
data. Details of the algorithm can be found in the online
supplement, Supplemental Figure 1. The maximum
amount of data without missing values is found with
87 biomarkers and 396 participants. We performed an
agglomerative McQuitty hierarchical clustering using
only the biomarker dataset with a Canberra distance
method to identify participant clusters on the basis of
their individual biomarker profiles.!” Canberra distance
issuitableforbiomarkerdatawhich containslargevalues,
outliers and non-normally distributed variables.'® To
evaluate the quality of clusters and to find the optimal
number of clusters, the R package NbClust was used.!®
NbClust provides multiple indices which determine
the optimal number of clusters in a dataset. We used
analysis of variance (ANOVA) to compare the mean
values of phenotypes and biomarkers across different
clusters. When the ANOVA p-value was significant,
Tukey’s test was used for pairwise comparisons between
the groups.

Enrichment Analysis

For the biomarkers that had different mean values
among subgroups of COPD, we utilized enrichment
analysis to find the corresponding molecular pathways
for these biomarkers using Database for Annotation,
Visualization and Integrated Discovery (DAVID) version
6.7 and Reactome gene enrichment tools.?! The
biomarker proteins were mapped to their corresponding
genes. Gene lists were input into GeneMANIA to
create graphical networks.?? GeneMANIA draws edges
between the query genes and extends the set of genes
based on databases of genetic interactions, molecular
pathways, co-expression, co-localization, physical

interactions and shared protein domains.

Results

Based on the majority (12 of 23) of the metrics
implemented in the NbClust package,'® we determined
the optimal number of clusters to be 3 (online
supplement, Supplemental Table 1). Therefore, we used
hierarchical clustering of the biomarker measurements
to divide the COPD participants into 3 subgroups,
containing 267 (67.4%), 104 (26.3%) and 25 (6.3%)
participants (Figure 1, Supplemental Figure 2). The
characteristics of participants in each cluster are listed
in Table 1. According to the ANOVA, the mean values
for emphysema, measured by the 15th percentile of
lung density histogram (transformed, see Methods),
as well as the total score on the SGRQ were different
between the 3 groups. Participants in the third cluster
had higher SGRQ scores, consistent with a lower quality
of life. However, they had less emphysema on chest
CT scans (higher transformed Perc15 values). Cluster
3 showed a trend for the lowest emphysema, based
on untransformed Perc15 and -910HU threshold, but
the difference between clusters was not statistically
significant. SGRQ scores and emphysema were not
significantly different between clusters 1 and 2. Table
2 lists the 18 biomarkers that are significantly different
between the 3 clusters, based on ANOVA p-value<0.05
and p-values<0.05 for all pairwise Tukey tests. Several
of these proteins are known to be important in COPD

Figure 1. Hierarchical Clustering
of COPD Participants
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Hierarchical clustering of COPD participants based on serum
biomarkers identified 3 participant clusters. Number of
participants in each cluster is shown.
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Table 1. Characteristics of Participants in Each Cluster Within the
TESRA Study

. Cluster 1 Cluster 2 Cluster 3

Characteristic Mean SD Mean SD Mean SD  p-value?
orN or % orN or % orN or %

Number of Participants 267  67.4% 104  26.3% 25 6.3%
Female Gender 90 33.7% 34 32.7% 7 28.0% 0.84
Age, years 66.63 8.51 67.77 7.06 65.40 8.66 0.32
Body Mass Index, kg/m? 26.20 4.70 26.07 4.84 27.36 4.83 0.46
Pack Years of Smoking 45.79 25.12 48.76 25.19 57.19 29.26 0.08
Number of Exacerbations in the Past 12 0.60 0.68 0.52 0.62 0.60 0.65 0.57
Months
Diffusing Capacity (DL.o) % predicted 48.84 13.24 48.24 12.25 49.60 14.44 0.87
FEV;/FVC ratio 0.43 0.08 0.43 0.09 0.43 0.09 0.79
FEV; % predicted 49.21 9.22 49.18 8.76 48.22 9.601 0.87
Emphysema, 15th Percentile of Lung 1.70 0.21 1.64 0.28 1.76 0.19 0.03
Density Histogram (transformedP)
Emphysema, 15th percentile of Lung -945 24 949 24 -937 26 0.10
Density Histogram (untransformed)
Emphysema % at -910HU 40.3 16.1 43.0 16.6 35.8 18.4 0.15
6-minute Walk Distance, m 320.80 106.95 327.60 99.81 281.80 104.54 0.15
BODE Index 3.56 1.53 3.65 1.35 4.08 1.82 0.25
mMRC Dyspnea Score 1.99 0.67 2.04 0.78 2.24 0.78 0.21
Total Lung Capacity % predicted 101.00 16.61 101.40 14.71 102.30 14.22 0.90
SGRQ Total Score 45.55 16.43 45.44 17.90 56.58 16.80 0.007
Chronic Bronchitis 62  23.2% 19 18.3% 6 24.0% 0.57

8Chi-square test for gender; ANOVA for quantitative outcomes.

See Methods. Higher values indicate lower emphysema.
Mean and standard deviation or N and percentage are shown.
P-values <0.05 are in bold.
SD=standard deviation; FEV1=forced expiratory volume in 1 second; FVC=forced vital capacity; HU=Hounsfield units;
BODE-= Body mass index- airflow Obstruction-Dyspnea-Exercise capacity index; mMRC=modified Medical Research Council;
SGRQ=St. George’s Respiratory Questionaire

for platelet-related pathways.

Supplemental Table 2 displays the result of DAVID
enrichment analysis for the genes coding for the
biomarkers listed in Table 2, limited to results with
false discovery rate <0.05. Pathways are presented
in annotation clusters with similar mechanisms and

pathogenesis, such as matrix metalloproteinase
9 (MMP9) and transforming growth factor beta
(TGF-B).2%2%* Many of the biomarkers remained
significant after Bonferroni correction for multiple
testing (p-value <0.05/87=5.7e-4). The biomarkers in
Table 2 were only weakly correlated with pack years of

smoking (absolute value of Pearson r <0.2).
Enrichment analysis using DAVID, GeneMANIA and
Reactome was performed using the list of genes coding
for the biomarkers in Table 2. Figure 2 illustrates the
gene and pathway enrichment analysis methods used,
and the resulting top enriched pathways and the
relevant genes. The Table 2 biomarkers were enriched

similar genes. The second annotation cluster included
platelet granule genes, which are listed in Figure
2. Similar results were seen with GeneMANIA and
Reactome. The GeneMANIA network of genes involved
in platelet alpha granule pathway is displayed in Figure
3. The identified biomarker genes have multiple
network connections in this pathway.
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Table 2. Biomarkers Different Between All Three Clusters

Biomarker C1-C2 C2-C3 C3-C1 Gene(s)

Tukey's Tukey's Tukey's

P-value P-value P-value
Brain-derived Neurotropic Factor® 1.8E-45 <2.2E-16 <2.2E-16 4.2E-07 BDNF
Cluster of Differentiation 402 7.3E-19 O7E-05 <2.2E-16 7.7E-10 CD40
CD40 Ligand? 6.6E-51 <2.2E-16 <2.2E-16 <2.2E-16 CD154
Epidermal Growth Factor® 2.9E-50 <2.2E-16 <2.2E-16 1.1IE-09 EGF
Eotaxin 1 1.6E-10 19E-04 5.3E-09 7.5E-04 CCL11
Fibrinogen 7.0E-13 4.1E-02 4.6E-11 <2.2E-16 FGA, FGB, FGG
Growth-related Oncogene Alpha® 1.6E-17 2.7E-07 <22E-16 44E-06 CXCL1
Interleukin-18 1.0E-06 4.5E-02 1.7E-06  1.3E-03 IL18
Matrix Metalloproteinase 10 4.8E-11 2.3E-03 1.9E-10 2.0E-05 MMP10
Matrix Metalloproteinase 9 1.7E-12 1.7E-03 <2.2E-16 2.5E-06 MMP9
Matrix Metalloproteinase 9, total 1.6E-08 1.7E-02 3.3E-08 1.8E-04 MMPO
Myeloperoxidase 1.8E-15 2.5E-02 <2.2E-16 3.1E-10 MPO
Osteoprotegerin 5.8E-10 4.0E-05 82E-08 7.1E-03 TNFRSF11B
Platelet-derived Growth Factor® 4.3E-48 <2.2E-16 <2.2E-16 3.9E-08 PDGFB
Stem Cell Factor 1.1E-23 <2.2E-16 <2.2E-16 1.4E-02 KITLG
Sortilin® 1.5E-43 <2.2E-16 <2.2E-16 2.8E-10 SORT1
Transforming Growth factor Beta® 9.1E-57 <22E-16 <2.2E-16 6.2E-09 TGFB1
Vascular Endothelial Growth Factor® 1.8E-30 1.5E-11 <2.2E-16 <2.2E-16 VEGFA

@Bjomarkers significant based on Bonferroni correction for multiple testing, with p<5.7E-4 for ANOVA and for

Tukey test for all 3 comparisons between clusters.

Shown are biomarkers with ANOVA p<0.05 along with p-values<0.05 for Tukey test for all 3 comparisons

between clusters.

Based on the phenotype differences in cluster 3 seen in
Table 1, we focused on biomarkers that showed different
valuesinthe participants fromthe third cluster compared
with each of the first 2 clusters; these 21 biomarkers are
listed in Table 3. Several of these biomarkers have been
linked to COPD in previous studies. C-reactive protein
(CRP), pulmonary and activation-regulated chemokine
(PARC)/chemokine ligand 18 (CCL18), and interleukin
(IL)-18 are known inflammatory biomarkers relevant to
COPD?%27; all had higher levels in cluster 3. Alpha-1
antitrypsin levels were higher in cluster 3, consistent
with the lower quantitative emphysema values in these
participants. Similar to Table 2, the biomarkers in Table
3 were weakly correlated with pack years (absolute value
of Pearson r <0.2).

Supplemental Table 3 shows the DAVID enrichment

analysis for the genes encoding the biomarkers in Table
3. The top 2 annotation clusters relate to cytokines and
chemotaxis, which was confirmed in GeneMANIA and
Reactome. The GeneMANIA network analysis of these
corresponding genes involved in cytokine/chemotaxis
activities is displayed in Figure 4.

Supplemental Tables 4 and 5 show the mean
levels by cluster for those biomarkers in the platelet
alpha granule and cytokine/chemotaxis annotations,
respectively. Participants from the first cluster have the
lowest values of alpha platelet granule biomarkers while
participants from the third cluster have the highest
values. Participants from the third cluster have the
highest values for the chemotaxis-related biomarkers.

For personal use only. Permission required for all other uses.

journal.copdfoundation.org | JCOPDF © 2017

Volume 4  Number 2 « 2017




102

Subtyping COPD with Blood Proteomics

Figure 2. Gene and Pathway
Enrichment Analysis

Biomarkers’ genes
(with different values among clusters)

Biomarkers’ genes
(with different values in 3" cluster)

DAVID, Reactome, and GeneMANIA

I
! '

Platelet alpha granule, Platelet
activation, signaling, aggregation and
degranulation

Cytokine, chemotaxis and chemokine
activity, inflammatory response

l

CCL24, CCL23, IL8, IL16,
ILIRN, CCL16, IL10, CCL18

FGG, FGA, PDGFB, FGB,
VEGFA, EGF, TGFB1, BDNF

Genes from Tables 2 and 3 were analyzed using DAVID,
GeneMANIA and Reactome. The top enriched pathways along
with the genes from those pathways are shown.

Discussion

In a study of former smokers with moderate-to-severe
COPD with emphysema on chest CT scans, we were
able to identify 3 subgroups based on cluster analysis
of blood proteomics data. We specifically defined
a small subgroup of participants with increased
inflammatory biomarkers, yet less emphysema on
quantitative analysis of chest CT scans, based on the
15th percentile of lung density histogram, which may
be a better measure of emphysema in COPD than the
-910HU threshold.?® These participants had similar
reductions in lung function, suggesting that airway
disease may be present as well. This subgroup had
reduced disease-related quality of life, exceeding the
minimum clinically important difference of 4 points in
total SGRQ score.?? A previous study had used a panel
of blood and sputum biomarkers to define 4 biologic
clusters of acute exacerbations,>® but our study is the
first to use proteomics to subtype stable COPD patients.

Gene enrichment analysis showed that biomarkers
annotated to the platelet alpha granule pathway were
different between the 3 subgroups of COPD. Platelets
contain different storage granules including alpha
granules, dense granules and lysosomes. Alpha
granules, the main storage granules, contain fibrinogen,
von Willebrand factor, growth factors and protease
inhibitors that enhance thrombin formation at the site of

injury.>! Several of the platelet alpha granule biomarkers
have previously been shown to be associated with
COPD and related phenotypes. Systemic inflammatory
markers such as fibrinogen are associated with COPD
risk, mortality and exacerbations.3%33 Brain-derived
neurotrophic factor (BDNF) is stored in platelets and is
released during an inflammatory response.>* BDNF has
been shown to be elevated in COPD individuals when
compared to controls.3*3° Growth factors, including
platelet-derived growth factor (PDGF), epidermal
growth factor (EGF), and TGF-B, are mitogens for
smooth muscle cells and fibroblasts. PDGF may be
involved in vascular and small airway remodeling in
COPD.?%37 EGF and TGF-B are both upregulated in
airway epithelium and submucosal cells of patients with
COPD.*®3? The role of these growth factors, especially
TGF-B, in airway remodeling in COPD has been well-
documented.23:40-42

The important pro-angiogenic, regulatory protein,
vascularendothelial growth factor (VEGF), isalso housed
in alpha granules. VEGF plays a role in maintaining the
homeostasis of alveoli; decrease in VEGF expression
is associated with pulmonary endothelial cell
apoptosis.43’44 In our study, participants from the third
cluster have the highest mean values for the platelet
alpha granule biomarkers, including VEGF, and the
lowest amount of emphysema on chest CT scans.

In the analysis focusing on differences between the
third cluster and the other 2 clusters, gene enrichment
pointed to genes related to cell chemotaxis and
inflammatory response. The corresponding biomarkers
included PARC, CC chemokine ligand 16 (CCL16),
interleukin-1 (IL-1) receptor antagonist, interleukin-8
(IL-8) and interleukin-10 (IL-10). PARC/CCL-18 is
primarily synthesized in dendritic cells and monocytes
and is highly expressed in the lungs.*>*® Serum PARC/
CCL-18 is elevated in COPD and is associated with
mortality.%®

Balanced secretion of pro- and anti-inflammatory
cytokines is essential in limiting pulmonary
inflammation in the stable state and during respiratory
infections. IL-10, an anti-inflammatory cytokine, was
shown to be decreased in serum and sputum of COPD
participants and healthy smokers compared to non-
smokers.*” On the other hand, pro-inflammatory
cytokinessuchasIL-8,secreted by alveolarmacrophages,
were found to be elevated in COPD patients and were
further increased during exacerbations.*® On average,
participants from the third cluster had the highest mean
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Figure 3. Platelet Alpha Granule Pathway Gene
Network Resulting From GeneMania
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The black nodes (query genes) represent the genes for the biomarkers that were
significantly different across all 3 clusters. The red nodes are query genes involved
in the platelet alpha granule pathway. The edges are color coded as described in

the figure.

values for both pro- and anti-inflammatory biomarkers.

Our study has several limitations. The biomarker
panel used was selected from available assays, based on
possible mechanisms in COPD. The panel was heavily
weighted towards inflammatory markers, which may
explain why these pathways were prominent in our
results. Unbiased proteomic assays would be required
to identify novel pathways in COPD subgroups. Based
on enrollment criteria in the TESRA trial, which
included moderate-to-severe COPD with emphysema,
study participants tended to be more homogeneous

than the general COPD patient population, which
may limit the ability to identify subgroups (as
demonstrated in Supplemental Figure 2) and may also
limit generalizability. Despite these limitations, we
were able to identify 3 subgroups of COPD participants
using clustering and network analysis of a large panel
of serum biomarkers. We found participants in the
smallest subgroup to have the highest levels of platelet
alpha granule biomarkers and inflammatory cytokines.
These participants had less emphysema and a lower
quality of life, despite similar levels of lung function
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Table 3. Biomarkers Specific to the Third Cluster

ANOVA C1-C2 C2-C3  C3-C1
Tukey's  Tukey's
P-value  P-value

Biomarker Gene(s)

P-value Tukey's
P-value

Alpha-1 Antitrypsin® 8.8E-05 6.0E-01 1.7E-04 5.9E-05 SERPINA1
Apolipoprotein C-III 1.2E-03 5.9E-01 24E-03  8.2E-04 APOC3
Chromogranin A 3.9E-02 9.1E-01 42E-02 3.5E-02 CGA
Creatine Kinase-MB 1.7E-02 8.4E-01 2.0E-02 1.4E-02 CKM

C-reactive Protein® 1.7E-12 6.5E-01 <2.2E-16 <2.2E-16 CRP

Eotaxin 2 1.4E-03 9.3E-01 1.4E-03  1.5E-03 CCL24
Fatty-acid-binding Protein 1 2.7E-02 9.8E-01 2.5E-02 2.8E-02 FABP1
Hemofiltrate CC-Chemokine-4* 5.8E-07 2.2E-01 4.6E-06 2.7E-07 CCL16
Hepatocyte Growth Factor® 74E-06 7.3E-01 3.5E-06 8.2E-05 HGF
Haptoglobin® 7.5E-07 8.2E-01 8.9E-07 9.2E-07 HP
Interleukin-10 3.8E-03 6.6E-01 0.4E-03  2.7E-03 IL10
Interleukin-16 1.3E-10 7.8E-01 3.2E-11 53E-09 IL16
Interleukin-1 Receptor Antagonist?® 2.1E-07 9.9E-01 1.2E-07 9.3E-07 IL1IRN
Interleukin-2 Receptor Antagonist?® 4.8E-10 b5.2E-02 3.8E-10 2.8E-06 IL2RA
Interleukin-82 3.9E-12 1.8E-01 <2.2E-16 7.6E-09 IL8
Myeloid Progenitor Inhibitory Factor-1 7.0E-04 2.9E-01 34E-03 4.1E-04 CCL23
Prostatic Acid Phosphatase 2.0E-04 9.0E-01 1.1E-04 7.7E-04 ACPP
Pulmonary and Activation-Regulated Chemokine® 7.0E-10 6.9E-01 1.2E-09 9.8E-10 CCL18
Tenascin C? 1.1IE-04 1.0E+00 7.0E-05 23E-04 TNC
Tumor Necrosis Factor Receptor 1? 6.6E-08 9.8E-01 34E-08 4.1E-07 TNFRSF1A,
TNFRSF1B
Tumor Necrosis Factor-related Apoptosis-inducing 3.3E-02 9.5E-01 3.1E-02  3.1E-02 TNFRSF10C

Ligand Receptor 3

Listed are the biomarkers with ANOVA p<0.05 and Tukey test p<0.05 for comparisons between clusters 1 and 3 and clusters 2 and 3.
“Biomarkers significant based on Bonferroni correction for multiple testing, with p<5.7E-4 for ANOVA and for Tukey test for
comparisons between clusters 1 and 3 and clusters 2 and 3.

impairment. Thus, these individuals may have more
airway inflammation compared to the other groups.
Future studies measuring similar biomarkers in a
broader range of COPD participants will be required to
validate and to expand upon these results. The ultimate
goal is to use serum biomarkers to define clinically-
relevant COPD subgroups which may have different
outcomes and could potentially be treated with different
therapies.
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Figure 4. Cell Chemotaxis Pathway Gene
Network Resulting From GeneMania
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The black nodes (query genes) represent the genes for the biomarkers that were
significantly different in the third cluster. The red nodes are query genes involved
in cell chemotaxis pathways. The edges are color coded as described in the figure.
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