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Bronchial gene expression clustering in COPD

Abstract

Introduction

Chronic Obstructive Pulmonary Disease (COPD) is usually diagnosed, staged, and

Chronic Obstructive Pulmonary Disease (COPD) is primarily diagnosed, staged, and

monitored by clinical features, while it is known that these parameters poorly reflect

monitored by pulmonary function tests and symptom severity [1], even though these

underlying pathology. More insight to distinguish pathophysiological mechanisms,

parameters poorly reflect the underlying pathology [2]. Several COPD studies have

so-called endotyping, is needed to predict disease progression in COPD and improve

focussed on identification of new biomarkers, such as blood neutrophils, CD8+ T-cells,

treatment. Linking genome-wide gene expression profiling to disease pathology has

IL-6 and genetics [3,4]. However, with the exception of α-1-antitrypsin deficiency and

the potential to contribute to this endotyping.

the newly identified rare dominant mutation in protein tyrosine phosphatase nonreceptor type 6 (PTPN6) [5], most biomarkers have fallen short of predicting long-term

The aim of the study was to relate gene expression-based clusters of COPD patients to

outcome in COPD. More insight in the pathologic changes and identification of so-called

physiological and histopathological parameters in COPD to identify new endotypes.

endotypes of COPD, i.e. subgroups with distinct pathologic features, is highly needed.

An existing COPD-associated gene signature was applied on our bronchial biopsy

Combining genome-wide gene expression profiling with clinical outcomes and

RNA-sequencing dataset derived from mild-moderate COPD patients, to perform an

pathological features represents a promising contribution for endotyping of obstructive

unsupervised clustering analysis using ConsensusClusterPlus. The gene expression-

pulmonary diseases [6]. Several unsupervised gene expression cluster analyses have

based clusters of COPD patients were related to cross-sectional clinical and

been performed on sputum samples [7,8] and bronchial biopsies [9,10]. In asthmatics,

histopathological features, as well as longitudinal lung function decline over 7 years.

Baines et al. distinguished three different clusters based on gene expression differences
in asthma linked to distinct clinical features [8]. Additionally, their sputum-derived

We identified two clusters of COPD patients: COPD-associated Airway Gene Expressed

gene signature could predict the clinical response to inhaled corticosteroids (ICS).

1 (CAGE1)-cluster (n = 39) and CAGE2-cluster (n = 17). CAGE2 was characterized by

Unsupervised gene expression clustering in COPD patients has been studied less; Chang

higher baseline sputum lymphocyte percentage, higher biopsy CD4+ and CD8+ T-cell

et al. performed unsupervised clustering in 141 COPD patients and 88 smoker controls

counts, more rapid lung function decline over 7 years and inhaled corticosteroid

using blood microarray gene expression data and identified four distinct endotypes [11].

unresponsiveness compared to CAGE1. The CAGE2 gene signature was associated with

One of the endotypes was associated with severe lung function impairment, respiratory

more severe COPD in the validation cohort.

symptoms and CT-scan characterised emphysema, whereas another endotype was
characterized by a more preserved lung function and less emphysema. These studies

Unsupervised clustering analysis based on an existing COPD gene expression signature

suggest that combining genome-wide gene expression profiling with clinical outcomes

enabled the identification of new COPD endotypes with significant differences in

and pathological features enables us to identify key COPD endotypes that may help in

bronchial T-cell count and acceleration of lung function decline.

determining prognosis, treatment response and in the end novel treatments.
Previously we have shown that a 98-gene signature from airway epithelial brushes can
distinguish COPD patients from healthy controls [12]. This gene expression-signature
was found to be enriched for genes involved in a variety of pathogenic categories,
e.g. glycoproteins, proteins involved in acute inflammation (both up-regulated) and

200
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epidermal growth factor-like domains (down-regulated), suggesting an association

The R package ConsensusClusterPlus was used to identify clusters based on the 93

with inflammatory response and altered epithelial restoration [12].

gene-signature list and its algorithm is described by Wilkerson et al. [18]. In brief, using
this algorithm, a consensus value was calculated per number of clusters, resulting in

In the current study, we performed unsupervised clustering using this COPD-associated

Cumulative Distribution Functions (CDF). The number of clusters with the lowest CDF

gene-signature in RNA-seq data obtained from bronchial biopsies of well-characterized

value (i.e. the least gene expressional overlap between the clusters) was selected for

COPD patients from the Groningen and Leiden Universities Study of Corticosteroids in

further analysis. Subsequently, baseline and longitudinal clinical and histopathological

Obstructive Lung Disease (GLUCOLD) study. We related these clusters to physiological

features were compared between the clusters, using SPSS 23.0.03 software (SPSS Inc.,

and histopathological parameters to identify clinically relevant COPD endotypes.

Chicago, IL, USA). When data was non-normally distributed, a log2 transformation was
performed. If these variables remained non-normally distributed, we used the original

Methods

values. Differences in baseline and longitudinal clinical features between clusters were
compared using independent sample T-tests in case of normal distribution, Mann-

Patient inclusion

Whitney U test for non-normally distributed data and chi-square tests for categorical

We included subjects who participated in the GLUCOLD study [13]. Briefly, patients were

variables. Subsequently, a logistic regression was used to correct for smoking status,

45 – 75 years old, had an FEV1/FVC ratio <70%, ≥10 packyears of smoking and no history

age, and sex.

of asthma. COPD patients were characterised with the following tests, i.e. spirometry,
peripheral blood samples (for cell differential), sputum induction (for inflammatory cell

A linear mixed effects model was used to pool treatment arms and analyse annual

percentages) and bronchoscopy with bronchial biopsies, which were immunostained for

FEV1 decline (in millilitres per year). In order to use all subjects for a linear mixed

inflammatory cells (i.e. CD3 , CD4 , CD8+, CD68 , neutrophil elastase, tryptase, EG2 ).

effects model and expel treatment changes during the study as much as possible, the

GLUCOLD was a randomized, double-blind, placebo-controlled study that consisted of

six months’ time point was used as baseline, as described previously [15]. This way, a

four treatment regimens for 30 months, i.e. fluticasone, fluticasone/salmeterol, placebo,

linear mixed effects model was applied between six months and 7.5 years, correcting

or fluticasone the first 6 months followed by placebo for the remaining 24 months of

for smoking status, ICS treatment (i.e. >50% ICS use between 30 months – 7.5 years)

the study. After the end of this 30-month double-blind treatment period, spirometry

and inflammatory cell count as possible confounders.

+

+

+

+

was repeated once yearly for an additional 5 years (7.5 years in total) [14]. After the 30
month trial, ICS treatment was considered ongoing when a subject used ICS for >50% of

Differential expression and pathway analysis

the total follow-up period [15]. The local ethics committee approved the study protocol

To identify genes differentially expressed between the identified clusters whole genome

and all subjects gave written informed consent.

differential gene expression analysis was performed using a linear model correcting
for smoking status, gender, and age (R-package Limma version 3.40.6), using a False

Cluster algorithm and statistical analysis

Discovery Rate (FDR) of <0.05. G-Profiler and Gene Set Enrichment Analysis (GSEA)

Methods for RNA isolation from bronchial biopsies and RNA-seq were described

were used for pathway analysis of genes associated with the different clusters, as

previously [16]. Processing of RNA libraries and RNA sequencing methods were outlined

described previously [19]. For GSEA, genes were ranked based on their T-value statistic,

previously as well [17]. The 98 gene-signature associated with COPD was selected from

comparing the number of clusters.

a previous study [12]. Of the 98 genes in this signature, 93 genes were detected in our
baseline RNA-seq dataset. Genes with an expression value of less than one fragment
per million reads in all samples were excluded.
202
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Results

To determine if the identified clusters could be replicated, we examined the signature
of the differentially expressed genes in a dataset previously published by Steiling et al.,

Of the original 114 randomised COPD patients in the GLUCOLD study at baseline, 89

consisting of bronchial brushings from ever-smokers with and without COPD enrolled

frozen biopsies were available, and 56 had RNA of sufficient quality for RNA sequencing.

in the British Columbia Lung Health Study (BCLHS), using gene set variation analysis

All subjects had longitudinal pulmonary function measurements until 30 months of

(GSVA) between the clusters in a subset of this dataset [12]. We used gene symbols

follow-up and 31 individuals had measurements until 7.5 years. The mean duration of

to match the genes identified by sequencing and affymatrix micro-array. Separate

the follow-up was 5.7 ±2.6 years.

GSVA analyses were performed for the genes that were up- or down-regulated in the
comparison between CAGE1 and CAGE2 (t < or > 0), resulting in separate GSVA scores.

Based on the existing COPD gene signature, CDF clustering analysis showed that a

These two GSVA scores were then projected into the validation dataset and linear

model with two clusters resulted in the lowest inter-consensus value and therefore these

models were used to test whether the GSVA scores were associated with baseline and

two clusters were selected for further analysis (figure 1). One cluster, termed the COPD-

longitudinal lung function tests, correcting for sex, age, packyears, and smoking status.

associated Airway Gene Expressed 1 (CAGE1), consisted of 39 COPD patients. The second
cluster, termed the COPD-associated Airway Gene Expressed 2 (CAGE2) cluster, was
comprised of 17 COPD patients.

11
Figure 1: cluster quantity and least inter-cluster consensus. The red line represents the cluster quantity (red
is two clusters, yellow is three, green is four, etc.) with the least inter-cluster consensus, which is based on
Cumulative Distribution Functions (CDF on y-axis).

CAGE2 is associated with higher lymphocyte levels
Baseline demographics, clinical and histopathological characteristics for CAGE1 and
CAGE2 are presented in table 1. There was no significant difference in gender, age,
smoking status, pack years and baseline pulmonary function tests between the CAGE1
204
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206
$

Treatment arm: placebo (n, %)

Treatment arm: fluticasone ≥6 months (n, %)

Treatment arm: fluticasone ≥0 months (n, %)

Treatment arm: fluticasone/salmeterol (n, %)

Treatment arm: placebo (n, %)

Mean SGRQ, symptom score

Median CCQ, total score

PC20 methacholine ≤8 mg/ml (n, %)

PC20 methacholine mg/ml

Mean TLCO % predicted

Mean RV/TLC ratio (%)

Mean FEV1/IVC ratio (%)

Mean FEV1 % predicted Post-BD

GOLD II to III Classification ratio (n, %)

Reversibility (≥12% and >200ml improvement)

Median pack years

Current smoking (n, %)

Mean BMI in kg/m2

Mean age in years

P=0.006, figure 2B-D). After correcting for either smoking status or age, both bronchial

4 (23.5%)
1 (5.9%)
6 (35.3%)

9 (23.1%)
12 (30.8%)
8 (20.5%)

29 (±15)

31 (±14)

6 (35.3%)

1.4 (0.9 – 1.8)

1.2 (0.8 – 1.8)

6 (35.3%)

16 (94.1%)

36 (94.7%)

8 (20.5%)

0.5 (0.1 – 1.6)

0.7 (0.2 – 2.8)

10 (25.6%)

63.9 (±14.5)

63.9 (±22.6)

-

-

.32

47.9 (±8.9)
46.9 (±6.6)

45.3 (±9.0)

¶

48.8 (±8.3)

-

-

61.5 (±8.7)

.46 ¶

15 (88.2%)
64.9 (±9.0)

36 (92.3%)

-

#

-

-

¶
¶

.21#

-

-

-

.68 ¶

-

§

.75

-

-

1.0 #

.46

1.0

-

-

.42 ¶

.63

1.0

#

4 (23.5%)

-

8 (20.5%)

-

-

.13

.45 §

9 (52.9%)

#

36.5 (31.5 – 51.9)

-

29 (74.4%)

-

-

.59

.83 ¶

60.3 (±9.1)
25.5 (±4.6)

61.5 (±7.1)
25.2 (±3.1)
42.0 (31.9 – 55.6)

-

PA
-

correcting for smoking or age.
¶

P=0.044, respectively), but significance was lost after correcting for both. Bronchial
1.0 #

CD3+ and CD8+ T-cell count remained significantly associated with CAGE2 (P=0.035 and

15 (88.2%)

mm2 (IQR 25 – 76), P=0.02, CD8+: 30/0.1 mm2 (IQR 20 – 37) vs. 17 /0.1 mm2 (IQR 8 – 28),

35 (89.7%)

PS

vs. 103.4/0.1 mm2 (IQR 64.0 – 169.5), P=0.01, CD4+: 68/0.1 mm2 (IQR 57 – 97) vs. 44/0.1

Sex, male (n, %)

CD4+ T-cell count was not significantly different between CAGE1 and CAGE2 when
P

CD3+, CD4+ and CD8+ T-cell counts in biopsies (CD3+: 153.8/0.1 mm2 (IQR 107.8 – 211.3)

CAGE2
n = 17

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

PSSA

and CAGE2 clusters. Sputum lymphocyte percentage was higher in CAGE2 compared

CAGE1
n = 39

Table 1: baseline characteristics of COPD patients in CAGE1 and CAGE2
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to CAGE1 (2.2% (IQR 1.8 – 3.5) vs. 1.8% (IQR 1.2 – 2.2), P=0.045, figure 2A), as well as
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CD4 T-cells, Count / 0.1mm

2$
2$

EG2 eosinophils, Count / 0.1mm
0.4 (0.3 – 0.7)

8.4 (5.0 – 13.5)

27.2 (20.5 – 37.0)

3.9 (2.5 – 8.0)

17.0 (8.0 – 28.0)

44.2 (25.0 – 75.5)

103.4 (64.0 – 169.5)

1.8 (1.2 – 2.2)

25.2 (15.0 – 34.5)

70.0 (59.7 – 81.5)

1.1 (0.3 – 2.0)

28.3 (±7.6)

8.8 (7.5 – 9.5)

60.2 (±9.3)

0.5 (0.3 – 0.7)

1.9 (1.3 – 3.2)

9 (29.0%)

31 (79.5%)

CAGE1
n = 39

0.2 (0.5 – 0.8)

9.8 (9.0 – 13.5)

26.1 (23.0 – 32.8)

4.6 (3.5 – 6.5)

29.7 (20.3 – 36.5)

67.4 (56.5 – 96.5)

153.8 (107.8 – 211.3)

2.2 (1.8 – 3.5)

21.7 (18.5 – 25.7)

72.0 (64.0 – 75.0)

0.9 (0.3 – 2.5)

29.8 (±10.6)

8.3 (7.4 – 10.6)

57.7 (±10.1)

0.4 (0.3 – 1.1)

2.4 (1.2 – 4.4)

2 (15.4%)

11 (64.7%)

CAGE2
n = 17

¶

.24
.49

§

.022

¶

.55
.78
.94

§

.49 ¶

¶

.006 ¶

¶

.013 ¶

.045

.68

§

.98 §

.96
¶

.55 ¶

.99
§

.38 ¶

¶

.46 #

.32 #

P

-

-

-

-

.042

.094

.037

.176

-

-

-

-

-

-

-

-

-

-

PS

-

-

-

-

.040

.063

.022

.027

-

-

-

-

-

-

-

-

-

-

PA

BMI: body mass index, ICS: inhaled corticosteroids, BD: bronchodilator (salbutamol 400mcg), PC20: substance dosage needed for a 20% FEV1 drop, CCQ: COPD Control Questionnaire,
SGRQ: St. George Respiratory Questionnaire, NE: neutrophil elastase, # : Fisher’s Exact Test, ¶ : Independent T-test, § : Mann-Whitney U Test. $: log2 transformed and presented in
geometric mean (IQR). S: logistic regression corrected for smoking status, A: logistic regression corrected for age, SSA: logistic regression corrected for sex, smoking status, and age.

+

2

CD68+ macrophages, Count / 0.1mm2 $

+

Tryptase mast cells, Count / 0.1mm

+

NE neutrophils, Count / 0.1mm

CD8+ T-cells, Count / 0.1mm2 $

+

2$

CD3+ T-cells, Count / 0.1mm2 $

Median % lymphocytes

Median % macrophages

Median % neutrophils

Mean % eosinophils
$

Mean % lymphocytes

Median % monocytes

Mean % neutrophils

Mean % basophils
$

Mean % eosinophils
$

>50% ICS use of the period 2.5-7.5 years (n, %)

ICS use until 30 months (n, %)

Table 1: (continued)

Bronchial gene expression clustering in COPD

PSSA

CAGE2 is associated with faster lung function decline and ICS unresponsiveness

.071

.144

.051

.086

-

-

-

-

-

-

-

-

-

-

Chapter 11

To investigate the association between CAGE status and the longitudinal decline of lung

function, we analysed the change in FEV1 over 7 years in both groups. Between 6 months

and 7.5 year follow-up, patients in the CAGE2 cluster showed a faster decline of FEV1
compared to patients in CAGE1 (-69.9 ml/year (95% CI -55.7 to -84.0 ml) versus -44.0

ml/year (95% CI -30.3 to -57.7 ml/year), P=0.002), after correcting for smoking status,

ICS treatment and biopsy CD4+ and CD8+ T-cell counts (figure 2E). In addition, CAGE2patients responded less after 30 months of ICS treatment compared to CAGE1-patients

as reflected by the change in 11 (-29.1ml/year (95% CI -89.2 – 30.9ml) versus 24.4ml/

year (95% CI -30.9 – 79.8ml) (P=0.048, corrected for smoking status and, biopsy CD8+
T-cell count; P=0.146 when additionally corrected for CD4+ T-cell count, figure 2F). In

addition, we investigated whether patients with high or low CD4+ or CD8+ T-cell counts

at baseline numbers (i.e. high >50th percentile versus low <50th percentile) showed

differences in FEV1 decline, but found no significant difference (P=0.94 and P=0.92
respectively), corrected for smoking status, supplementary figure 1A). No correlations

were found between baseline FEV1 % predicted with either biopsy CD4+ or CD8+ T-cell

count (Pearson’s R=-0.036, P=0.79 and R=0.13, P=0.33 respectively). Finally, since

the CD4+ and CD8+ T-cells were different between clusters, which could be a possible

confounder for findings related to lung function decline, we also analysed their direct

association, which was not significant (CD4+ Spearman’s R=0.139, P=0.34 and CD8+
R=0.062, P=0.67).

11
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Gene expression differences between CAGE1 & CAGE2 and pathway analyses
Given that the CAGE1 and CAGE2 patients clusters differed in COPD-related phenotypic
variables such as T-cell counts, and lung function decline, we next examined differences
in genome-wide gene expression profiles between the 17 patients in CAGE1 and 39
patients in CAGE2. We identified 200 genes that were differentially expressed between
the two groups with fold change FC>|2| and FDR<0.05, with 186 higher expressed in
CAGE2 as compared to CAGE1, and 14 genes whose expression levels were lower in
CAGE2 as compared to CAGE1 (table 2). Pathway analysis using G-profiler on the 186
higher expressed genes showed an enrichment in pro-inflammatory pathways (e.g.
antigen binding, humoral immune response mediated by circulating immunoglobin
and B-cell mediated immunity, table 3). No pathways were associated with the 14 lower
expressed genes.
Table 2: top 20 genes differentially expressed in CAGE2 compared to CAGE1
Increased

Figure 2: inflammatory level parameters in CAGE1 and CAGE2. 2A: sputum lymphocyte percentage of total
amount of cells per cluster, presented in median with IQR, 2B: log2-transformed biopsy CD3+ T-cell count in
0.1mm2 per cluster, presented in geometric mean and SD, 2C: log2-transformed baseline CD4+ T-cell count
count in 0.1mm2 per cluster, presented in geometric mean and SD, 2D: log2-transformed baseline biopsy
CD8+ T-cell count in 0.1mm2 per cluster, presented in geometric mean and SD, 2E: annualized FEV1 change
(ml per year, 95% CI) between 6 months and 7.5 years of follow-up per cluster, corrected for smoking status,
ICS treatment and log2-transformed CD4+ and CD8+ T-cell biopsy count variance from geometric mean, 2F:
FEV1 change in ml (and 95% CI) between 0 and 30 months of ICS treatment per cluster, corrected for smoking
status and log2-transformed CD8+ T-cell biopsy count variance from geometric mean.

210

FDR

Decreased

FDR

1.

NXPE2

2.05E-24

SCEL

2.57E-05

2.

LYZ

7.58E-21

CLCA4

8.80E-05

3.

LTF

8.37E-18

CAPN14

2.51E-04

4.

AZGP1

8.81E-22

TGM3

3.24E-04

5.

DMBT1

5.26E-16

NMRAL2P

1.07E-04

6.

ZG16B

5.07E-19

SERPINB2

4.12E-04

7.

MGAM2

8.00E-17

A2ML1

4.24E-04

8.

PPP1R1B

1.19E-18

MUC21

3.88E-04

9.

CRISP3

2.91E-15

HS6ST2

1.46E-06

10.

CA2

5.75E-18

CYP3A5

4.59E-04

11.

PRR4

1.09E-17

SLC7A11

3.27E-04

12.

PIP

7.90E-15

FGFBP1

1.02E-03

13.

CCDC129

2.68E-15

KLK13

1.46E-03

14.

GP2

3.20E-14

LYPD3

1.44E-03

15.

TTYH1

1.27E-14

-

-

16.

LINC02009

1.09E-13

-

-

17.

C6orf58

3.26E-13

-

-

18.

MYCN

8.00E-17

-

-

19.

LPO

9.81E-13

-

-

20.

NPY1R

4.08E-15

-

-

11
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Increased

Table 3: clusters gene-expression pathways (G-profiler)
Term ID

Common Corrected P

Term

Query

genes

genes

genes

(N)

(N)

(N)

REACTOME_INTERFERON_GAMMA_SIGNALING

189

164

19

6.07 x 10

2.

Complement activation, classical pathway

G0:0006958

133

164

15

1.08 x 10-9

3.

Immune response-activating signal transduction

G0:0002757

576

164

27

1.10 x 10

4.

Activation of immune response

G0:0002253

638

164

28

1,91 x 10-9

5.

Immune response-regulating signalling pathway

G0:0002764

605

164

27

3.48 x 10-9

6.

Humoral immune response mediated by

G0:0002455

144

164

15

3.50 x 10-9

●

●

●

REACTOME_GPCR_DOWNSTREAM_SIGNALING

-12

REACTOME_GENERATION_OF_SECOND_MESSENGER_MOLECULES

●

●

REACTOME_G_ALPHA_I_SIGNALLING_EVENTS

● 25

●

REACTOME_CLASS_A1_RHODOPSIN_LIKE_RECEPTORS

-9

Number of significant genes

●

REACTOME_DIABETES_PATHWAYS

REACTOME_CHEMOKINE_RECEPTORS_BIND_CHEMOKINES

REACTOME_ANTIGEN_PRESENTATION_FOLDING_ASSEMBLY_AND

G0:0019724

205
207

164
164

17
17

●

●

G0:0050778

775

164

30

6.41 x 10-9

10.

Adaptive immune response

G0:0002250

488

164

24

9.10 x 10 -9

6e−04

●

4e−04

●

KEGG_INTESTINAL_IMMUNE_NETWORK_FOR_IGA_PRODUCTION

●

2e−04

●

KEGG_HEMATOPOIETIC_CELL_LINEAGE
KEGG_GRAFT_VERSUS_HOST_DISEASE

5.28 x 10-9

Positive regulation of immune response

q.value

●

KEGG_VIRAL_MYOCARDITIS
KEGG_TYPE_I_DIABETES_MELLITUS
KEGG_PRIMARY_IMMUNODEFICIENCY

4.51 x 10-9

9.

● 100

●

REACTOME_ACTIVATION_OF_CHAPERONE_GENES_BY_XBP1S

0e+00

●

●

KEGG_CYTOKINE_CYTOKINE_RECEPTOR_INTERACTION
KEGG_COMPLEMENT_AND_COAGULATION_CASCADES

●

●

KEGG_CHEMOKINE_SIGNALING_PATHWAY

●

KEGG_CELL_ADHESION_MOLECULES_CAMS
KEGG_AUTOIMMUNE_THYROID_DISEASE

●

KEGG_ASTHMA

●

KEGG_ANTIGEN_PROCESSING_AND_PRESENTATION

●

KEGG_ALLOGRAFT_REJECTION
●

BIOCARTA_CSK_PATHWAY

●

0.4

GSEA was used to compare the cluster’s pathways. Figure 3A illustrates a pathway
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Figure 3: GSEA pathway analysis of increased and decreased genes. 3A: GSEA pathway analysis of increased
and decreased genes, 3B: GSEA pathway analysis of increased and decreased genes.
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Discussion

Replication of CAGE2 using an independent cohort
Analysis of the BCLHS data was used for replication of CAGE2 in an independent cohort
[12]. Baseline demographics of this study are presented in supplementary table 1. In

In the current study, we identified two COPD subgroups based on bronchial biopsy

brief, the validation cohort consisted of 87 COPD patients. Thirty subjects were current-,

gene expression data, i.e. CAGE1 and CAGE2. The CAGE2 endotype is characterized

and 57 were former-smokers. The mean age was 65 ±6 years and the mean amount of

by a higher sputum lymphocyte percentage, and higher biopsy CD4+ T-cell and CD8+

packyears was 51 ±25. The mean baseline FEV1 % predicted was 60.3% ±13.8 and follow-

T-cell counts, but most importantly, associated with more rapid lung function decline,

up period was four years.

independent of smoking, ICS treatment and baseline CD8+ T-cell counts when compared
to CAGE1. Pathway analysis confirmed that genes who’s expression is associated within

Of the 186 higher and 14 lower expressed genes between the clusters, 143 were expressed

CAGE2 are involved in T-cell immune responses supporting the known relationship

in the validation cohort. Of these 143 genes, 140 were higher expressed and 13 were

between chronic inflammation and lung function decline in COPD patients; these

lower expressed in CAGE2 compared to CAGE1. In the COPD patients, we found that a

signatures now allow the discrimination of slow (CAGE1) and rapid (CAGE2) decline

higher expression of CAGE2 associated genes were associated with more severe COPD,

in lung function.

i.e. a trend for a lower baseline FEV1 % predicted (T=-1.70, P=0.09) and lower FEV1/FVC
ratio (T=-2.74, P=7.44 x 10-3) (table 4). GSVA for genes decreased with CAGE2 were not

We found CAGE2 to be associated with higher CD4+ and CD8+ T-cell numbers in the

associated with severity of COPD. In addition, GSVA for genes increased and decreased

airway wall compared to CAGE1. Several studies found that bronchial CD8+ T-cells are

with CAGE2 were not associated with lung function decline in COPD.

associated with lung function impairment in COPD [20–22]. Using surgically resected
lung tissue, Hogg et al. showed that the percentage of airways containing CD8+ T-cells

Table 4: validation of CAGE2 signature in British Columbia Lung Health Study
T
GSVA of up-regulated

was higher in the higher COPD stages [22]. CD8+ T-cells play a dominant role in airway
inflammation [23–25] and have been associated with increased epithelial apoptosis

T
P-value

genes in CAGE2 vs. CAGE1

GSVA of down-regulated

P-value

genes in CAGE2 vs. CAGE1

as is often observed in COPD [26]. Whereas CAGE2 when compared to CAGE1 shows
differences in T-cell profile, it is important to note that the association between CAGE2

COPD only
ΔFEV1 COPD only (ml per year)

-0.35

0.73

0.15

0.88

COPD and more rapid loss of lung function remained significant after adjusting for

Baseline FEV1 % predicted (%)

-1.70

0.09

-1.42

0.16

baseline bronchial CD8+ and CD4+ T-cell counts. Therefore, other pathways defined by

FEV1/FVC ratio (%)

-2.74

7.44 x 10

-0.04

0.97

the CAGE2 signature are likely to be involved in decline of FEV1. The latter is supported

Corrected for sex, age, pack years, and smoking status.

-3

by the finding that bronchial CD8+ and CD4+ T-cells themselves were not associated with
either FEV1 impairment or decline between 6 months and 7.5 years follow-up.
The CAGE2 endotype may be useful as a biomarker for the following reasons. First, it is
associated with greater lung function decline, and could potentially be used to identify
COPD patients who are at risk for rapid lung function deterioration. Second, we found
that CAGE2 patients show less improvement in FEV1 after ICS treatment than patients
with CAGE1 COPD. Thus, these clusters potentially distinguish between patients who
are responsive and unresponsive to ICS therapy, and perhaps other (future) treatments.
So far, a limited number of studies have been performed that applied unsupervised
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clustering on COPD patients based on gene expression signatures. Chang et al. analysed

The CYP3A5 protein is a well-known member of the cytochrome P450 superfamily of

genome-wide blood gene expression from 229 former smokers in the ECLIPSE study

enzymes, which metabolize (inhaled) toxicants, such as tobacco smoke, resulting

[11], and identified four distinct clinical subtypes of COPD, which were successfully

activation or inactivation [32,33]. Therefore, altered expression of CYP3A5 may contribute

reproduced in an independent sample. The four groups were well differentiated

to the risk of developing lung diseases [32]. While a CYP3A5 gene polymorphism was

by baseline FEV1/FVC and FEV1, and had significant differences in emphysema and

associated with a faster FEV1 and FVC decline in current smokers [33], Hukkanen et

symptom severity. Blood sampling would be easier in terms of clinical application

al. found a decreased CYP3A5 expression level in alveolar macrophages from current-

and be more patient friendly compared to taking bronchial biopsies. Nevertheless, our

smoking patients with respiratory diseases [32]. Our data suggest that lower expression

current analyses of parameters tested indicate that the baseline identified CAGE2 gene

of the CYP3A5 gene in CAGE2 might be linked to a more rapid lung function decline

expression cluster is linked to prospective lung function decline rather than associated

in COPD.

with existing lung damage, thus yielding more prognostic value. For a biomarker that
can predict future risk of rapid lung function loss, a more invasive diagnostic method

The SERPINB2 gene enables transcription of the plasminogen activator inhibitor-2,

such as bronchoscopy might be justified as this also is a better representation of the

a coagulation factor that is present in most cells, especially in monocytes and

activity of all the cells involved in the disease process, whereas analysis of white blood

macrophages. A negative correlation was found between SERPINB2 expression by PCR

cells is limited to (off-site) inflammatory cells only.

in respiratory epithelial cells and FEV1/FVC ratio, FEV1 % predicted, and disease severity
in asthmatic adults [34]. The high expression of this gene is also included in a signature

Amongst the 20 most significantly higher and lower expressed genes in CAGE2

that enabled identification of the TH2-high, ICS responsive asthma endotype [35]. In

compared to CAGE1, the following were previously found to be associated with

line with this, CAGE2 subjects, who have a lower expression of the SERPINB2 gene

obstructive pulmonary disease: lactotransferrin (LTF) and Chromosome 6 Open

compared to CAGE1, were unresponsive to ICS treatment.

Reading Frame 58 (C6orf58) were higher, while Cytochrome P450 Family 3 Subfamily
A Member 5 (CYP3A5) and Serpin Family B Member 2 (SERPINB2) were lower expressed.

GSEA pathway analysis of the genes down-regulated in CAGE2 showed enrichment for
genes associated with packaging of telomere ends and telomere maintenance, including

The LTF gene encodes lactotransferrin (also called lactoferrin), a globular glycoprotein

a number of histone related genes including many members of the HIST1H2 family.

which is widely present in secretory body f luids, has both direct and indirect

There is evidence that COPD is a disease of accelerated lung aging [36]; the progression

antimicrobial effects [27], and is found to be elevated in non-typeable Haemophilus

of the disease and lung function decline is associated to the failure of the lung to repair

influenzae and seasonal influenza A virus infections [28]. In virus-exposed human

DNA damage by oxidative stress and from telomere shortening, caused by tobacco

bronchial epithelial cells, pre-treated with concentrations of budesonide, levels of LTF

smoke [37]. In agreement with this, factors linked to telomere shortening may play a

expression were significantly higher [28]. CD8+ T-cell subsets in influenza A infected

role in the accelerated lung function decline in the CAGE2 subjects.

mice express LTF as well [29].
In the validation cohort, we saw a trend of more severe COPD in CAGE2 GSVA compared
The function of the C6orf58 gene, apart from being involved in liver development in

to CAGE1. However, GSVA for genes increased and decreased with CAGE2 were not

zebra fish, is unknown [30,31]. Nevertheless, C6orf58 was identified as a differentially

associated with lung function decline in COPD. The latter may be due the fact that we

expressed protein in sputum supernatant of COPD patients compared to asymptomatic

used a bronchial biopsy gene signature including a wider variety of (inflammatory) cells

smokers [31].

and replicated this on a gene set that contains predominantly epithelial cells. Another
possible explanation could be that COPD patients with less severe obstruction have
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more room to deteriorate and experience more rapid decline expressed in ml per year,
as described in previous studies [39,40].
This is the first study to apply an unsupervised clustering method on gene expression
data derived from bronchial biopsies in COPD patients. The validation was limited as it is
difficult to replicate our findings as there is a lack of studies investigating bronchial gene
expression profiles associated with severity of COPD, let alone analysing longitudinal
outcomes. We investigated a composite score of genes up- and down-regulated in our
CAGE2 signature in the British Columbia Lung Health Study, which were derived from
epithelial brushings. Not all genes were present on the array of expressed genes that
was used for the validation study, which could be due to the different cell populations
represented in bronchial brushings versus biopsies.

Conclusion
In conclusion, our gene expression profile based clustering approach we identified a
new COPD endotype, i.e. CAGE2, that is characterized by a higher bronchial CD8+ and
CD4+ T-cell level, and most notably, a more rapid lung function decline, compared to
the CAGE1 endotype. The identity of genes linked to the expression signatures of the
CAGE2 and CAGE1 endotypes confirm underlying immune responses driving COPD, but
as such do not explain the difference in lung function decline. These results show that
unsupervised clustering analysis based on an existing COPD gene expression signature
enables the identification of a new COPD endotype, which in turn could be relevant for
diagnosis, staging and treatment of this complex and heterogeneous disease.
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Supplementary figure 1: S1A: effect of CD8+ T-cell high/low level (i.e. cut-off at median) on FEV1 decline per
year (95% CI) between 6 months and 7.5 years of follow-up, corrected for smoking status, S1B: correlation
between baseline FEV1 % predicted and baseline log2-transformed biopsy CD8+ T-cell count (white circle is
CAGE1 and black triangle is CAGE2), S1C: correlation between individual FEV1 ml slope per year between 6
and 7.5 years and baseline log2-transformed biopsy CD8+ T-cell count (white circle is CAGE1 and black triangle is CAGE2), S1D: FEV1 ml change per year (95% CI) between 0 and 6 months of ICS treatment per cluster,
corrected for smoking status and log2-transformed CD8+ T-cell biopsy count variance from geometric mean.
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Supplementary table 1: baseline demographics of the validation cohort
BCLHS

GLUCOLD

N

87

56

Mean age

65 ±6

61 ±8

Mean pack years

51 ±25

45 ±18

Current/former smoking ratio (n, %)

30 (34.5%)

38 (67.9%)

Male ratio (n, %)

35 (40.2%)

50 (89.3%)

Inhaled medications (n, %)

23 (26.4%)

Placebo: 14 (25.0%)
Fluticasone/salmeterol: 16 (28.6%)
Fluticasone 6 months: 13 (23.2%)
Fluticasone 30 months: 13 (23.2%)

Baseline FEV1 % predicted

60.3% ±13.8

62.5% ±8.9

ΔFEV1 (ml/year)

-40.0 ±50.0

-66.1 [-59.6 - -72.7]

4

5.7 ±2.6

Follow up time (years)
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